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Abstract
The goal of this project is to study the neurological bases of
language using intracranial electroencephalography (iEEG) sig-
nals recorded from drug-resistant epilepsy patients. In particu-
lar, we aim to address two current clinical challenges. Firstly,
we intend to individually identify the brain regions involved
in the production and understanding of language, in order to
preserve these regions during brain surgery for epilepsy treat-
ment. Secondly, this project also aims to develop novel pattern
recognition algorithms that can decode speech from iEEG sig-
nals obtained from participants performing language production
tasks. The ultimate goal is to evaluate the feasibility of a neuro-
prosthetic device that could restore oral communication in per-
sons that cannot speak following a neurodegenerative disease
or brain damage. For both goals, a series of experimental tasks
will be developed in order to thoroughly evaluate language pro-
duction and comprehension. Furthermore, data derived from
these tasks will be analyzed using state-of-the-art multivariate
statistical methods and machine learning techniques (e.g., deep
learning). In addition to having a social impact, the results of
this project will also help in advancing the knowledge about the
neural substrates that underpin language production and com-
prehension.
Keywords: Comprehension, Deep neural networks, Epilepsy,
Intracranial electrocorticography, Imagined speech, Language,
Machine learning, Production, Speech restoration, Speech syn-
thesis.

1. Introduction
Language is the ability to communicate through written and
spoken symbols (e.g., reading and listening). Some pathologi-
cal conditions can affect language and communication abilities,
leading to deficits in day-to-day activities and social interac-
tions. Some of these conditions are neurodegenerative diseases,
brain damage or spinal cord injuries. In this project, we focus
on two particular conditions which may affect oral communi-
cation: epilepsy and neurological diseases such as amyotrophic
lateral sclerosis (ALS).

Epilepsy is the most common serious neurological condi-
tion, affecting approximately 70 million people worldwide [1].
Despite the introduction of numerous new antiepileptic drugs in
the last two decades, approximately 30-40% of patients with
epilepsy have seizures that cannot be controlled with medi-
cation [2]. In these patients, surgery is an alternative treat-

ment. Epilepsy surgery can be defined as any neurosurgical
intervention performed with the primary objective of reducing
or preventing the occurrence of epileptic seizures, to prevent
side effects, and to improve the quality of life of the patients.
Prior to surgery, some drug-resistant epilepsy patients have in-
vasive electrodes placed in the regions where the epileptogenic
focus is hypothesized to be located. The electrodes are also
placed on other regions of functional interest (generally referred
to as eloquent regions), for example, language-associated re-
gions. The electrical activity of these invasive electrodes is
monitored continuously for approximately a week in order to
observe where the electroencephalography (EEG) alterations
occur when seizures happen. If the focus is located in brain
regions close to language areas, it is of vital importance to de-
termine which brain regions are causally relevant for language,
so that these regions can be preserved, as far as possible, after
resection of the lesion. The precise localization of language ar-
eas is therefore key in minimizing the possible adverse effects of
surgical interventions in these patients, since language disorders
such as aphasia or anomias seriously affect their functionality in
all areas of life (social, occupational, academic, etc.).

ALS, on the other hand, is a neurodegenerative disease that
results in the progressive loss of motor neurons that control
voluntary muscles [3]. ALS is the most common type of mo-
tor neuron disease, with a prevalence of 4.1 to 8.4 persons per
100,000 persons [4]. This disease is expected to increase world-
wide by 69% between 2015 and 2040 due to an ageing popula-
tion and improved public healthcare [5]. Currently, there is no
known cure for ALS [6]. However, treatments can help improve
symptoms, prevent unnecessary complications and make living
with the disease easier. As this disease progresses, individuals
can no longer communicate verbally. Therefore, assistive de-
vices that rely on nonverbal signals, such as gaze, are needed
for communication.

As can be expected, the above diseases have a profound
impact on the quality of life of the affected patients. If lan-
guage is affected, their day-to-day communication routines are
affected too. This, in turn, can led patients to develop feelings of
personal isolation and social withdrawal or even serious mental
health problems [7]. The main economic consequence for most
patients is the limitation they suffer in their academic and work
activities.

This project aims to address two clinical challenges related
to speech and language at the neurological level. On one hand,
we aim to identify the brain regions involved in the production
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and understanding of language in order to preserve them dur-
ing brain surgery for drug-resistant epilepsy treatment. On the
other hand, we aim to develop novel algorithms that can gener-
ate audible speech from brain activity captured using intracra-
nial electroencephalography (iEEG). The goal of this second
challenge is to evaluate the feasibility of restoring oral com-
munication in individuals who have lost the ability to verbally
communicate due to neurodegenerative diseases or brain dam-
age.

The structure of this paper is as follows. Section 2 presents
the main objective of this project. The methodology followed in
the project to meet those goals is described in Section 3. This in-
cludes the experimental design, participants, tasks, and foreseen
signal processing and machine learning techniques that will be
developed during the project. Finally, the main conclusions are
presented in Section 4.

2. Project objectives
The aim of this project is two-fold:

1. First, we intend to create a tool with clinical validity that
will allow us to localize, with high spatial precision, the
regions involved in language production and comprehen-
sion in patients suffering from drug-resistant epilepsy.
To this end, we will design experimental tasks that al-
low us to measure these cognitive processes (see method-
ology section) while recording brain electrical activity
with invasive electrodes. The analyses performed in the
time and frequency domain will allow us to determine
which electrodes respond with greater amplitude and
power (in different frequency bands), while participants
perform different tasks. We will also apply state-of-the-
art analysis (multivariate pattern analysis) to decode the
representation of these cognitive processes at the differ-
ent electrodes. We aim at creating, for each patient, a
precise map of where the most important cognitive pro-
cesses related to language production and comprehen-
sion are represented in the brain, so that these regions
can be preserved, as far as possible, during surgery.

2. Besides, this project also aims at addressing a second
clinical challenge: developing a neuroprosthetic device
to restore speech in people who have lost the ability to
speak. To do this, we will record large amounts of data
while patients perform various imagined speech produc-
tion tasks, so that we can apply deep learning techniques
to this problem. To decode imagined speech, two alter-
native solutions will be explored. First, we will develop
speech recognition algorithms to transcribe the neural
activity into text. As an alternative solution, speech syn-
thesis algorithms based on deep generative models that
do not require parallel data (i.e., simultaneous recordings
of intracranial recordings and speech) will be developed
to generate speech directly from brain activity.

3. Method
3.1. Participants

We are currently evaluating patients suffering drug-resistant
epilepsy who are implanted with invasive intracranial electrodes
at the “Hospital Virgen de las Nieves” in Granada, Spain. These
patients suffer from frequent epileptic seizures that limit their
daily life. All patients are older than 18 years old and are able
to understand instructions, read, and communicate properly to

Table 1: Basic demographic information, details of the tasks
performed by each patient and the type of invasive EEG elec-
trodes used to capture brain activity.

Id. Gender Age iEEG electrodes Tasks

S01 F 27 ECoG VCV
S05 F 48 sEEG VCV, Picture naming
S06 M 54 sEEG VCV, Picture naming
S07 F 36 sEEG VCV, Picture naming
S08 F 41 sEEG VCV, Picture naming
S09 F 52 sEEG VCV, Picture naming
S10 F 46 sEEG VCV, Picture naming

(a) (b)

Figure 1: Types of invasive EEG (iEEG) techniques used in
our project to capture brain activity: (a) Electrocorticography
(ECoG) [8] and (b) Stereotactic EEG (sEEG).

participate in the study. Written informed consent is collected
before participation. Participants are compensated for their time
and effort (10C/hour). The study was approved by the “Comité
de Investigación de Centro de Granada (CEI-Granada)”, and by
the local Ethics Committee of the University of Granada, in ac-
cordance with the Code of Ethics of the World Medical Asso-
ciation (Declaration of Helsinki) for experiments involving hu-
mans.

So far, data from 7 epilepsy patients have been recorded
(mean age 43.4 ± 9.5 years; 6 female, 1 male), as shown Table
1. For each patient, the table shows some basic demographic
information, the language production tasks performed by the
patient (see Section 3.3 below) and the type of invasive EEG
technology used to capture brain activity during the language
tasks.

3.2. Apparatus

We recorded iEEG signals from implanted EEG electrodes
while patients performed a series of language production and
comprehension tasks. Either electrocorticography (ECoG) or
stereotactic electroencephalography (sEEG) was used to cap-
ture brain activity. As shown in Fig. 1a, ECoG uses arrays of
electrodes placed directly on the exposed surface of the brain
to record activity in the cortical surface. On the other hand,
sEEG utilizes localized deep electrodes with the advantage that
brain activity from inner regions can be monitored, as illus-
trated in Fig. 1b. Because the intracranial electrodes had a
diagnostic purpose, their locations depend on the epileptic fo-
cus of each patient. Although scalp EEG was also recorded
using 64 shielded Ag/AgCl electrodes, we did not process these
data further because of the poor signal quality resulting from
the placement of postoperative bandages on the scalp.
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Table 2: List of the 50 vowel-consonant-vowel (VCV) pseu-
dowords used in the VCV task for speech production and imag-
ining speech.

a
˜

efl i ofl u

p APA EPE IPI OPO UPU
m AMA EME IMI OMO UMU
f AFA EFE IFI OFO UFU
t ATA ETE ITI OTO UTU
n ANA ENE INI ONO UNU
R ARA ERE IRI ORO URU
s ASA ESE ISI OSO USU
l ALA ELE ILI OLO ULU
k AKA EKE IKI OKO UKU
x AJA EJE IJI OJO UJU

+
Fixation

(1500 - 2000 ms) 

[APA]
VCV pseudoword 

(1500 ms)

[   ]
ITI 

(1500 - 2000 ms) 

[***]

Read aloud or
Imagine speaking

(1500 ms)
Time

Figure 2: VCV task for language production.

Neural data was recorded using a Natus Quantum ampli-
fier with 256 channels (Natus Medical Inc., Middleton, USA).
Recordings were continuously digitized at a sampling rate of
1024 Hz. In addition to brain activity, speech from the patients
was also recorded using a Blue Yeti cardioid microphone at 44.1
kHz. Lab streaming layer (LSL) [9] was used to synchronize
audio and neural data along with the experiment markers.

3.3. Language tasks

We designed several tasks with the goal of covering some of
the cognitive processes involved in language production and
comprehension. Participants performed these tasks while we
recorded their speech and their brain activity using iEEG. The
details of the tasks are provided below.

3.3.1. Reading VCV pseudowords (aloud/covertly)

Participants were presented with series of vowel-consonat-
vowel (VCV) pseudowords (e.g., ACA, EME, UPU, etc). A
total of 50 VCV pseudowords were created by combining the
5 Spanish vowels [a

˜
efl i ofl u] and the following 10 consonants

[p m f t n R s l k x], as shown in Table 2. Unvoiced consonants
were preferred over voiced ones. Additionally, the consonants
were chosen to have a high coverage of different places of artic-
ulation in the International Phonetic Alphabet (IPA) consonant
chart [10], maximising the number of VCV minimal pairs dif-
fering in the manner of articulation of the consonants.

During the task, participants were instructed to either read

+
Fixation

(1500 - 2000 ms) 

Image 
(700 ms) 

[   ]Time ***

Picture naming
(aloud or imagining)

(2000 ms)

Figure 3: Picture naming task.

aloud or to imagine uttering the pseudowords without actu-
ally moving the mouth (i.e., imagined speaking) in blocks of
10 pseudowords (10 trials). As depicted in Fig. 2, each trial
started with a fixation cross with a random duration between
1500 ms and 2000 ms, followed by the VCV pseudoword (pre-
sented for 1500 ms), an inter-trial interval (ITI) with a random
duration between 1500 ms and 2000 ms and, finally, three as-
terisks were presented for 1500 ms during which the participant
was prompted to read the VCV pseudoword aloud or imagine
speaking it. Each VCV pseudoword was presented 3 to 5 times
for each condition (i.e., read aloud or imagine speaking), de-
pending on the fatigue of the patient.

3.3.2. Picture naming (aloud/covertly)

For this task, participants were presented with total of 30 pic-
tures extracted from the phase II of the bank of standardized
stimuli (BOSS) image dataset [11]. These pictures consist of
photos of both animate and inanimate objects from 6 seman-
tic categories (body parts, animals, food, clothes, kitchen items
and utensil and musical instruments), thus, 5 pictures for each
category in total.

As shown in Fig. 3, each trial started with a fixation cross
with a random duration between 1500 ms and 2000 ms, fol-
lowed by the picture (presented for 700 ms) and, finally, three
asterisks (presented for 2000 ms) that prompted the participant
to either name the picture aloud or imagine naming the picture
(without moving the mouth). Pictures were presented in blocks
of 10 images. Within each block of 10 trials, all pictures were
either the ’name aloud’ condition or ’imagine’ condition. Each
stimulus was presented 3 to 5 times to each patient, depending
on the fatigue.

3.3.3. Auditory word repetition (aloud/covertly)

In the third task, participants listened to a word followed by ei-
ther repeating the word aloud or uttering the pseudowords with-
out actually moving the mouth. Each trial started with a fixation
cross with a random duration between 1500 ms and 2000 ms,
followed by the spoken pseudoword played for 1000 ms and, fi-
nally, three asterisks (presented for 2000 ms) that prompted the
participant to either repeat the word they heard aloud or utter-
ing the pseudowords without actually moving the mouth. See
Figure 4 for a pictorial representation of the trial. A total of 30
pseudowords generated from a text-to-speech system [12] were
used as stimuli. They were created by using the Wuggy pseu-
doword generator [13]. Pseudowords started with 30 different
Spanish phonemes, they were orthographically legal in Spanish
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+
Fixation cross

(1500 - 2000 ms) 

[alpeza]
Word audio playing 

(1000 ms)

[***]

Repeat or imagine
speech 

(2000 ms)

[   ]
Pause

(1000 ms)

[***]

Time

Figure 4: Spoken word: repeat and imagine

and they were matched pairwise in length and subsyllabic struc-
ture to 30 words extracted from EsPal Spanish Word Properties
database [14]. The task was performed in 12 blocks with each
block containing all the 30 words. Out of the 12 blocks, 6 were
of the ’repeat aloud’ condition and the other six were the ’imag-
ine’ condition, presented alternately (i.e. repeat aloud, imagine,
repeat aloud, imagine etc). EEG activity was recorded while the
participant read aloud and imagined the words. In sum, we ob-
tained EEG activity corresponding to the participant imagining
the 30 words as well as repeating the 30 words aloud - a total of
6 repetitions per word per condition.

3.4. Data analysis

3.4.1. Localization of language areas in the brain

iEEG data will be analyzed by comparing evoked potentials
and time-frequency maps of the different conditions of interest
at each electrode. Multivariate pattern analysis (MVPA) will
also be performed to indicate which electrodes and which time
points represent the information related to each language pro-
cess of interest. iEEG data from each participant will be sta-
tistically analyzed by using bootstrapping. A random distribu-
tion of the data will be created by permutations, making random
values equally likely. The values obtained will be corrected by
multiple comparisons according to the number of electrodes.

The data derived from the above statistical analyses will
then be plotted on a spatial map of the brain. This will indicate
the iEEG electrodes where the largest differences between ex-
perimental conditions are found for the different cognitive pro-
cesses of interest (see Figure 1).

3.4.2. Speech synthesis from iEEG

Using the brain activity signals captured from the participants,
two alternative approaches to decode speech will be explored.
The first approach will consist of applying automatic speech
recognition (ASR) algorithms to transcribe iEEG data into text.
Classical algorithms based on hidden Markov models as well
as state-of-the-art algorithms based on sequence-to-sequence
models with attention will be used for this task.

In the second approach, speech synthesis algorithms will be
used to generate speech directly from iEEG. One of the prob-
lems encountered when addressing this second approach is the
lack of acoustic correlates associated with imagined speech.

To overcome this problem, recordings from the same patient
during the “read aloud” task will be used. Specifically, dur-
ing the experimental tasks, the participant will silently repeat
a set of stimuli (e.g., words or phrases) for which the corre-
sponding voice recordings are available. From the obtained
data, deep neural network-based algorithms previously devel-
oped by the research team [15, 16] will be applied to transform
the participant’s iEEG data to the donor’s voice. To overcome
the misalignment problem between the participant’s iEEG data
and donor voice, temporal alignment algorithms developed in
our previous work [17, 18] will be applied. Another promis-
ing approach to speech synthesis that we will explore for the
imagined condition is the application of unpaired deep learning
techniques, such as the recently proposed CycleGAN architec-
ture [19].

4. Conclusions
The results of this research will hopefully help in solving two
clinical problems i.e. the post-surgical consequences of re-
fractory epilepsy and the loss of speech following brain le-
sions and/or neurodegenerative diseases. We intend to provide
clinically relevant information for the localization of the brain
regions associated with language in epileptic patients moni-
tored with iEEG, minimizing language-related side effects after
surgery. We also intend to make important contributions on the
neurological basis of imagined speech production, with the final
aim of using these results to rehabilitate speech in people who
have lost this ability. This in turn would open up new therapeu-
tic avenues for speech rehabilitation in diseases such as ALS.
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