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A B S T R A C T

Classification of spoken word-evoked potentials is useful for both neuroscientific and clinical applications in-
cluding brain-computer interfaces (BCIs). By evaluating whether adopting a biology-based structure improves a
classifier’s accuracy, we can investigate the importance of such structure in human brain circuitry, and advance
BCI performance. In this study, we propose a semantic-hierarchical structure for classifying spoken word-evoked
cortical responses. The proposed structure decodes the semantic grouping of the words first (e.g., a body part vs.
a number) and then decodes which exact word was heard. The proposed classifier structure exhibited a con-
sistent ∼10% improvement of classification accuracy when compared with a non-hierarchical structure. Our
result provides a tool for investigating the neural representation of semantic hierarchy and the acoustic prop-
erties of spoken words in human brains. Our results suggest an improved algorithm for BCIs operated by de-
coding heard, and possibly imagined, words.

1. Introduction

When we listen to speech sounds, our brains process the information
from the sound over multi-level hierarchies (Hickok and Poeppel,
2007). Past studies have revealed anatomical structures corresponding
to the neural representation of spoken words using various techniques
including functional magnetic resonance imaging (Hickok and Poeppel,
2007), electroencephalography (EEG) (Khalighinejad et al., 2017;
Vanthornhout et al., 2018), and electrcorticography (ECoG) (Chang
et al., 2011; Khoshkhoo et al., 2018). Recent studies have demonstrated
that it is possible to use cortical neural responses to “decode” what
speech sound (e.g., which word of a closed set) was heard (Crosse et al.,
2016; Di Liberto et al., 2018; Overath et al., 2015; Pasley et al., 2012).

Spoken word decoding is a useful tool for investigating the neu-
roscience of speech processes. By finding what structures of the brain
decoder and which features of cortical responses affect the accuracy of
the decoding, it is possible to reveal information about the crucial cir-
cuitry and mechanisms underlying brain processing of speech sounds.
Because spoken-word decoders can also be used in brain-computer in-
terfaces (BCIs), improving their accuracy could provide clinical

benefits, for example in decoding the intent of paralyzed patients.
Recently, Huth et al. (2016) concluded that a human brain se-

mantically processes spoken words with a broadly distributed but well-
conserved network of semantic classification areas in the human cortex.
de Heer et al., (2017) demonstrated that the superior temporal sulcus
area reveals the semantic class of a spoken word, whereas medial pri-
mary auditory cortex represents low-level speech characteristics such as
phonetic features.

We hypothesized that a spoken-word decoder that adopts a se-
mantic-hierarchical structure may yield better decoding performance
than a non-hierarchically structured classifier. In this study, we propose
a novel two-step approach for decoding ECoG signals based on semantic
hierarchy of speech. By testing whether and to what extent the de-
coding accuracy is improved by adopting this sematic hierarchical
structure, we can provide empirical evidence of the importance of se-
matic processing in the human brain, and its potential application in
BCIs.
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2. Materials and methods

2.1. Subjects and data collection

All study procedures were reviewed and approved by the Asan
Medical Center Institutional Review Board, and all work was performed
in accordance with the Code of Ethics of the World Medical Association.
Six subjects diagnosed with epilepsy participated in this study
(Table 1). These subjects underwent clinically-indicated ECoG mon-
itoring using implanted subdural electrodes to localize a seizure focus.
The electrode grids were placed over either the left hemisphere (for
subjects S3, S4, and S5) or right hemisphere (subjects S1, S2, and S6).
Fig. 1 shows the cortical maps representing the electrode locations for
each subject. The electrode positions were identified in Talairach co-
ordinates using Curry Software (Compumedics Neuroscan Ltd., Aus-
tralia) based on CT and MRI images. These positions were then marked
on the MNI (Montreal Neurological Institute, Canada) average brain
using the Matlab Surfstat toolbox (The Mathworks, Inc., USA) (Worsley
et al., 2009). Each grid placed in a subject included 20–126 electrodes,
the optimal positions of which were determined using clinical criteria.
This led to 530 available electrodes from 6 subjects. Due to limitations
on the complexity of data analysis, we selected only ECoG signals from
the primary auditory cortex, Broca’s area, or Wernicke’s area, as iden-
tified through cortical stimulation mapping by a neurosurgeon. The
clinically-mapped electrodes are shown in green in Fig. 1 and listed in
Table 1.

As all subjects were native Korean speakers, eight monosyllabic
Korean words / gui/ (meaning ear), / nun/ (eye), / ko/ (nose), /
mog/ (neck), / sam/ (three), / o/ (five), / gu/ (nine), and / sib/
(ten) were used. These words were all naturally spoken words by a
professionally-trained voice actor. The words were categorized into two

semantic groups: the first four words are parts of the face, while the
latter four words are numbers. Word durations ranged from 275 to
498ms. The durations of number words were 386, 498, 483, and
275ms (mean 410 ± 103ms) and those of face words were 405, 419,
338, and 370ms (mean 383 ± 36ms), respectively. To evaluate the
differences between the low-level features of number and face words, a
3×3-window spectrogram and the mean harmonic-to-noise ratio of
words were compared. No significant acoustical differences (p > 0.05)
between number words and face words were observed (De Lucia et al.,
2010).

Each word was presented using a loudspeaker 1m away from the
subject at 60 ± 10 dBA. The eight words were presented in a random
order, with 80–110 repetitions of each word. The inter-stimulus interval
was 2 s as shown in Fig. 2A. To sustain the subject’s attention during the
task, subjects were asked to look at a fixation cross on a monitor and
repeat the heard word 3 times. The ECoG signals were measured from
20 to 126 subdural electrodes, with electrode diameter and inter-elec-
trode distance of 4.0 and 10.0mm, respectively, using the EEG-
1200system and JE-125AK amplifier (Nihon-Kohden, Japan) at a sam-
pling rate of 1000 Hz. The reference for the recordings was set to the
scalp electrode at location Pz. The ECoG signals were epoched from
0.2 s before to 1.0 s after the sound-stimulus onset (Fig. 2A), and then
were manually inspected to remove artifact epochs based on the
threshold of± 300 μV. No epochs were rejected in this study.

2.2. Decoding with a semantic-hierarchical model

The event-related spectral perturbation (ERSP) was used to measure
stimulus-related cortical activity as opposed to spontaneous activity
(Makeig, 1993). Our ERSP computation represented the significance of
permutation statistics compared to a baseline-normalized power

Table 1
Demographic information.

Subject Age Sex Language dominancy Grid location Seizure duration
(years)

Diagnosis Analysis
area

S1 42 M R R-frontal 8 Right frontal tumor Broca
S2 19 M L R-parietal 6 Right parietal Auditory
S3 35 M L L-temporal 18 Left temporal Wernicke
S4 26 M L L-frontal 12 Left frontal Broca
S5 38 M L L-temporal,

L-posterior-superior-temporal,
L-posterior-inferior-temporal

26 Left frontal, Left temporal Broca,
Wernicke

S6 33 M L R-temporal 24 Right frontal,
Right temporal

Auditory

Fig. 1. The red circles indicate electrode locations for the six subjects. At least one language area was covered by the thirteen electrodes shown in green, as
determined intraoperatively.
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spectrum in a -200 to 0ms interval, in which there was no word stimuli.
An ERSP was constructed from twenty-five epochs. Thus, from 80 to
110 epochs of each heard word, we obtained four unique ERSPs.

Fig. 2B shows an example ERSP in response to the stimulus / gui/
(ear). The decoding features, used to classify ECoG signals in response
to word stimuli, were calculated by averaging ERSPs in each frequency
band of delta (2–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta
(13–30 Hz), low-gamma (30–50 Hz), high-gamma I (70–110 Hz), and
high-gamma II (130–170 Hz), within various time windows (20, 30, 40,
50, 100, and 200ms, all with 50% overlap). The number of features for
each 1000ms ERSP ranged from 693 (for 20ms time window and 7
frequency bandwidths) to 63 (for 200ms time window and 7 frequency
bandwidths). To select effective features, first, candidate lists of fea-
tures were calculated separately for the semantic-hierarchical model
and the non-hierarchical model using the minimal-redundancy-max-
imal-relevance criterion (mRMR) (Peng et al., 2005). Then, the features
for each of the two models were optimally selected by computing de-
coding performance as shown in Table 2.

As shown in Fig. 3, ECoG signals were decoded using a multilayer-
linear support vector machine (SVM) (Kecman, 2001) with linear kernel
function and sequential minimal optimization method. Three of four
data sets were used to train the SVM and the remaining set was used to
test a decoding strategy. The key feature of this study is an additional
classification step using semantic-hierarchical structure. The semantic-
hierarchical model has a sub-model which classifies the ECoG signal to
one of two semantic groups (face group or number group) prior to
decoding the ECoG signal to one of 4 words (two-layer classification);
the non-hierarchical model directly decodes ECoG signals to one of 8
words without any sub-model (i.e., single-layer classification). Four-
fold cross-validation was employed to calculate the overall decoding
accuracy for both the semantic-hierarchical and non-hierarchical
models. The performance of each decoding method was evaluated using
correct decoding rate (CDR). The CDR was calculated by counting the
number of correctly decoded test sets over all 4-fold cross-validations

for all 8 words (i.e., 32 total tests). Fig. 4 shows an example of CDR
calculation for subject S3 at the recording site 3. The CDRs of the se-
mantic-hierarchical model (CDRsh) and non-hierarchical model (CDRnh)
were directly computed for each word and were averaged across 32
combinations (i.e., 8 words x 4 folds of each word).

To investigate the possibility overfitting could lead to false positive
results as well as true negative results in this high-dimensional de-
coding, ‘wrong-labeled’ ECoG signals and ‘shuffled-clustered’ ECoG
signals were also tested using a hierarchical model. The ‘wrong-labeled’
case disrupted the word-ECoG relationship by randomly labeling the
words associated with the ECoG signals. The ‘shuffled-clusteed’ case
disrupted the semantic labeling by misclustering one or two ‘face’
words as ‘number’ words, and vice versa, while still maintaining an
accurate word-to-ECoG signal relationship. Although the 8 words could
be shuffled with 52 different cases (i.e., 16 for the single-word shuffle
and 36 for 2-word shuffles), in this study, we provided 10 shuffled cases
(5 for the single-word shuffle and 5 for 2 word shuffles) as seen in
Fig. 7.

3. Results

3.1. Spatial distribution of decoding accuracy

The CDRs of 13 ECoG recording sites, pooled across all subjects from
those sites which were labeled as being associated with language in-
traoperatively, are shown on the MNI average brain model in Fig. 5. In
the case of the semantic-hierarchical model, the highest CDR of 81%
was observed at electrode 3, which had been clinically defined as
covering Wernicke’s area during electrode placement. This is sig-
nificantly greater than the highest CDR using the non-hierarchical
model, which was 50%.

Fig. 6A compares the CDRs across all subjects for the semantic-
hierarchical model, non-hierarchical model, and semantic-hierarchical
model using randomly wrong-labeled ECoG signals. The decoding
performance of the semantic-hierarchical model was significantly
higher than that of the non-hierarchical model (p < 0.001, signed
rank sum test), and both of these models performed significantly better
than the wrong-labeled dataset average CDR, which was close to the
random chance level of 12.5%. This shows that the semantic-hier-
archical model is not flawed by an overfitting of machine learning to
this specific data set. Table 3 details the CDRs for the semantic-hier-
archical and non-hierarchical models. The CDRs of the semantic-hier-
archical model are higher than the non-hierarchical model at all the
recording sites.

The upper panel of Fig. 6B compares the CDRs between the se-
mantic-hierarchical model and non-hierarchical model for each subject.
Paired t-test was performed for subjects S3, S5, and S6 for whom the
numbers of recording sites were greater than 2 (i.e., 3 sites for S3 and
S6, 4 sites for S5). The p-value was 0.034, 0.011, and 0.002 for subjects
S3, S5, and S6, respectively. This statistical test was not performed for
subjects S1, S2, and S4, for whom only one recording site could be
obtained. The effect sizes for all individual subjects, as computed as
(CDRsh-CDRnh)/CDRnh, are represented at the bottom panel of Fig. 6B.
The mean CDR benefit of the semantic-hierarchical model was 61%,
ranged from 39% (subject S6) to 73% (subject S2).

To investigate the specificity of this hierarchical clustering effect,
the CDRs were also computed using a shuffled-hierarchical clustering
approach, shown in Fig. 7. In the semantic-hierarchical model, the 8
words were clustered into two groups; semantic clustering accuracy was
based on comparing the result of the classifier to the correct group
assignment. In the cases of shuffled hierarchical clusters, altered group
assignments were created by shuffling one word (lower row) or two
words (upper row) with those in the other group. The semantic clus-
tering accuracy for the shuffled hierarchical approach was then com-
puted using this altered group assignment. The CDRs at 13 ECoG re-
cording sites are plotted in Fig. 7. These results reveal that the CDR

Fig. 2. A: The experimental paradigm consists of 640–880 trials. Sound onsets
are separated by 2 s. The subject sees a fixation cross on a monitor until fin-
ishing the paradigm. The data set is combined 20–25 trials for each word. B: An
example of feature extraction from S3 data when the patient hears the word
(/귀/). In the frequency domain, the features were separated into seven fre-
quency bands. In the time domain, the features were dependent on the size of
time windows and overlap windows. For example, if the time and overlap
windows are 200ms and 100ms, respectively, the time domain has 9 bound-
aries within 0–1000ms. The color axis represents the significance of permuta-
tion statistics compared to a baseline-normalized power spectrum in a -200 to
0ms interval.
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using the semantic-hierarchical cluster is significantly higher than those
using shuffled-hierarchical clusters (p<0.001, paired t-test).

4. Discussion

In the present study, a semantic information-based hierarchical
model improved the classification accuracy of spoken word-evoked
cortical responses measured using ECoG. The CDR of the semantic-
hierarchical model was significantly higher than that of either the non-
hierarchical model or the shuffled (not semantically clustered) hier-
archical model.

Table 2
Time window and number of features used at the hierarchical model and non-hierarchical model.

Recording site
num.

Semantic hierarchical model Non-hierarchical model

Semantic decoding Face decoding Number decoding

Time window
(ms)

Number of
features

Time window
(ms)

Number of
features

Time window
(ms)

Number of
features

Time window
(ms)

Number of
features

1 200 53 200 9 50 40 100 113
2 20 69 40 68 30 45 200 3
3 50 95 100 73 200 53 200 37
4 50 68 100 39 100 33 30 68
5 200 28 30 136 100 59 100 86
6 50 68 200 34 40 17 200 53
7 30 45 40 154 100 73 50 27
8 40 34 200 18 50 40 200 15
9 50 13 200 40 200 15 40 17
10 100 6 40 102 40 85 200 28
11 200 15 40 34 40 68 50 28
12 200 28 200 44 50 13 100 6
13 200 15 100 106 100 13 200 15

Fig. 3. Schematic of ECoG data processing of the semantic-hierarchical model
and non-hierarchical model.

Fig. 4. Schematic for computing a correct decoding rate (CDR) for A: the se-
mantic-hierarchical model and B: non-hierarchical model.

Fig. 5. Correct decoding rates at each locus of our ECoG coverage. These ECoG
sites are pooled from all subjects. The number in the brain model denotes the
recording site as shown in Table 3, and the color axis denotes CDR from 0% to
81%.
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4.1. Semantic processing in the human brain

Several studies provide empirical bases for interpreting why the
semantic-hierarchical approach improves classification accuracy of
cortical evoked responses. Huth et al. (2016) and others have demon-
strated that language is semantically represented in the human brain.
Such semantical processing relies on both anatomical and functional
connectivity (Binder and Desai, 2011; Hickok and Poeppel, 2007;
Moseley et al., 2012; Moseley and Pulvermüller, 2014; Yang et al.,
2017). It follows that first classifying brain signals into semantic clus-
ters might have a benefit when decoding heard words. Because the left
inferior frontal cortex is directly involed in word-semantic processing
and the superior temporal gyrus is the classic language semantic pro-
cessor (Binder and Desai, 2011; Poldrack et al., 1999; Pulvermüller,
2013), for the present study we selected 13 electrodes, covering those
areas, from which to decode ECoG signals, as described in Table 3.
Wernicke’s area is known to extract auditory features for recognition
(Hickok and Poeppel, 2007; Rauschecker and Scott, 2009; Recanzone
and Cohen, 2010; Robson et al., 2014; Steinschneider, 2011). This
might explain why ECoG signals from electrode 3 (clinically mapped as
Wernicke’s area) could be decoded well.

4.2. Speech perception and speech imagery

Generally, BCI systems aim to decode or classify brain signals in
response to speech imagery (covert speech). Speech imagery tends to
produce similar neural representations to those of actual speech per-
ception, as both imagery and perception rely on the same brain func-
tions (Brigham and Kumar, 2010). For proof-of-concept of the im-
plementation of the semantic-hierarchical model, and due to the
technical difficulty of testing speech imagery, this study used ECoG
signals from a speech perception task. This approach yielded accurate
and effective decoding.

4.3. Study limitations and future directions

Although ECoG provides high temporal and spatial resolution, the
spatial coverage of electrodes is limited. In this study, the electrodes,
chosen from 6 subjects, non-symmetrically covered the right hemi-
sphere (5 electrodes) and left hemisphere (8 electrodes). There were no
aligned or spatially-paired electrodes between left and right hemi-
spheres. Therefore, one limitation of this study is that we cannot di-
rectly compare decoding performance across hemispheres, or according
to lateralization of brain function.

Fig. 6. A: Comparison of correct decoding rates (CDRs) of a semantic-hier-
archical model with those of a non-hierarchical model and a semantic-hier-
archical model using a wrong-labeled dataset. B: The highest CDRs (CDRsubject)
of a semantic-hierarchical model (white bar) and non-hierarchical model (grey
bar) for each subject (upper panel) and the percent difference between CDRsh

and CDRnh (lower panel). The circle plots in the bars indicate the individual
CDRs. (*p<0.05, **p<0.01, and ***p<0.001).

Fig. 7. Effect of hierarchical clustering based on semantic information. The clustering conditions are represented in each panel. The white and grey color of
rectangles represents the face (ear, eye, neck, and nose) and number (three, five, nine, and ten) semantic groups, respectively.

Y. Na et al. Journal of Neuroscience Methods 311 (2019) 253–258

257



Several areas of improvement for BCI systems can be suggested
based on our findings. Because of the success of the semantic-hier-
archical model on ECoG signals generated from a speech perception
task, this model should, in the future, be tested with brain signals
evoked by speech imagery. We were unable to use ECoG signals from
multiple electrodes for any individual brain, as the subdural electrode
arrays were implanted for clinical purposes in epilepsy patients, and
therefore the locations of the electrodes were not identical. Thus, we
processed ECoG channels individually in this study. The use of more
channels of data can increase the accuracy of speech perception de-
coding (Kellis et al., 2010; Pasley et al., 2012). Thus, decoding multi-
channel data, for example by including both Wernicke’s and Broca’s
areas from a single subject, combined with the semantic-hierarchical
model, may increase BCI performance. In addition, increasing the
numbers of informative features from machine-learning characteristics
(Setiono and Liu, 1997) and extending semantic classes dependent on
different brain areas (Huth et al., 2016) may also help develop a more
effective and efficient BCI system.
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Table 3
Anatomical and clinical language mapping with correct decoding rate of both semantic-hierarchical and non-hierarchical models at each site.

Recording site num. Anatomical name Clinical
language
mapping

Subject Correct decoding rate (%)

Semantic-hierarchical model Non-hierarchical model

1 Inferior Frontal Gyrus Broca S1 53.1 34.4
2 Superior Temporal Gyrus Auditory S2 54.4 31.3
3 Postcentral Gyrus Wernicke S3 81.2 50.0
4 Precentral Gyrus Wernicke S3 53.7 34.4
5 Inferior Frontal Gyrus Wernicke S3 49.2 37.5
6 Precentral Gyrus Broca S4 48.0 28.1
7 Precentral Gyrus Broca S5 43.8 31.3
8 Precentral Gyrus Broca S5 58.6 34.4
9 Superior Temporal Gyrus Wernicke S5 42.9 34.4
10 Inferior Parietal Lobule Wernicke S5 38.7 25.0
11 Superior Temporal Gyrus Auditory S6 61.0 43.8
12 Postcentral Gyrus Auditory S6 56.5 37.5
13 Superior Temporal Gyrus Auditory S6 53.1 31.3
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