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Abstract
Objective. Disorders of consciousness (DoC) remain a significant challenge in neurology, with
traditional brain stimulation therapies showing limited and inconsistent efficacy across patients.
This study presents a novel computational approach grounded in neural field theory for
constructing personalized stimulus signals designed to induce healthy-like neural activity patterns
in individuals with DoC. Approach.We employ a simplified brain model fitted to the
electroencephalogram (EEG) power spectrum of a DoC patient, simulating the individual’s neural
dynamics. Using model equations and fitted parameters, we mathematically derive stimuli time
series that cause the model to generate power spectra typical of healthy individuals. These stimuli
are tailored for brain regions typically targeted by neuromodulation therapies, such as deep brain
stimulation and repetitive transcranial magnetic stimulation.Main results. In silico simulations
demonstrate that our method successfully induces healthy-like EEG power spectra in models fitted
to DoC patients. Furthermore, when the model parameters were near a stability boundary,
stimulation led to a bifurcation and lasting changes in the model’s activity beyond the stimulation
period. Significance. By inducing healthy-like neural activity, this approach may effectively activate
plasticity mechanisms during long-term treatment, potentially leading to sustained improvements
in a patient’s condition. While further clinical adjustments and validation are needed, this method
holds promise for improving therapeutic outcomes in DoC. Moreover, it offers potential extensions
to other neurological conditions that could benefit from personalized brain stimulation therapies.

1. Introduction

1.1. Disorders of consciousness
Disorders of consciousness (DoC) encompass a range
of conditions characterized by impaired awareness
and wakefulness resulting from severe brain damage.
These conditions include coma, unresponsive wake-
fulness syndrome (UWS), and minimally conscious
state (MCS). Collectively, these conditions disrupt

the intricate neural processes that underlie human
consciousness irrespective of arousal, challenging our
fundamental understanding of how the brain forms
awareness, and cognition, thereby prompting pro-
found scientific, clinical, and ethical inquiries [1, 2].

DoC can originate from a variety of causes, such
as traumatic brain injuries, anoxia, strokes, and intox-
ication. These conditions lead to impairments in a
persons’ awareness and in their ability to respond
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Figure 1. Example of various brain stimulation methods applied to a patient. Deep brain stimulation (DBS) involves the
implantation of electrodes into specific brain areas that deliver controlled electrical impulses. Transcranial magnetic stimulation
(TMS) utilizes magnetic pulses that are directed through the patient’s skull. Transcranial alternating current stimulation (tACS)
transmits alternating electrical current between two electrodes (or more) positioned on the patient’s scalp. (This figure includes a
hospital background image by Upklyak from Freepik.).

to the external environment [1]. However, in clin-
ical practice, the assessment of a patient’s state of
consciousness is primarily based on their responsive-
ness. For DoC assessment of the level of conscious-
ness, the Coma Recovery Scale-Revised (CRS-R) is
typically used. It assesses auditory, visual, motor, oro-
motor, communication, and arousal functions. Each
function contributes points to a total score ranging
from 0 (coma) to 23 (emergence fromMCS), reflect-
ing overall severity. Diagnosis of specific DoC states
relies on achieving specific response levels within each
item category, such as visual pursuit or command
response, or by using a CRS-R index based on the
highest item in every category [3, 4].

The consciousness state of DoC patients can be
enhanced through various therapeutic approaches.
These approaches include neurorehabilitation
strategies, surgical procedures, pharmacological
interventions, brain stimulation, and emerging
experimental treatments such as stem-cell therapy
[5–7]. In this context, our focus is on brain stimu-
lation, specifically the use of electrical or magnetic
stimulation to modify brain activity, in order to

promote neural plasticity and to re-activate damaged
brain circuits [8–10].

1.2. Brain stimulation therapies
Various stimulation therapies have been explored as
potential interventions to improve outcomes in indi-
viduals with DoC, focusing particularly on those
with UWS or MCS. Techniques such as deep brain
stimulation (DBS), transcranial magnetic stimula-
tion (TMS), transcranial direct current stimulation
(tDCS), transcranial alternating current stimulation
(tACS), and vagus nerve stimulation (VNS) have been
applied to DoC patients to increase cortical excitabil-
ity and, consequently, to enhance consciousness (see
figure 1) [6, 9, 11].

Among invasive therapies,DBS requires surgically
implanting electrodes into specific brain regions to
deliver controlled electrical impulses, showing prom-
ise in improving consciousness among individuals
with DoC. Stimulation of various thalamic nuclei
has demonstrated significant success rates, with sus-
tained improvements observed in numerous patients
[12–16]. VNS therapy, involving stimulation of the
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vagus nerve, offers a less invasive alternative, poten-
tially modulating consciousness by influencing cor-
ticothalamic networks and the reticular activation
system via connections with the brainstem [17].
Despite limited spatial precision, VNS has shown a
sustained improvement in the level of consciousness
in MCS patients [9, 18].

TMS is a non-invasive technique that involves
delivering magnetic fields through the skull to induce
electrical currents in specific brain regions. Repetitive
TMS (rTMS) [19] has demonstrated efficacy in
enhancing behavioral scores among DoC patients.
However, its efficacy varies among individuals, and
long-term benefits remain uncertain [9, 11, 20]. In
both tDCS and tACS, mild electrical current is trans-
mitted through the scalp, with the former aiming to
modify cortical excitability and the latter seeking to
synchronize with brain oscillations. Evidence indic-
ates that tDCS can lead to significant improvements
inCRS-R scores, but like rTMS, the long-term efficacy
and effects of tDCS are subjects of ongoing research
[6, 9, 11]. As for tACS, there is not enough research to
draw conclusions about its effectiveness for the treat-
ment of DoC [21]. Notably, all of these non-invasive
techniques typically target the dorsal prefrontal cor-
tex, which is part of a network associated with con-
sciousness in the brain [9, 20–22].

Despite the potential of these brain stimulation
methods, their adoption as reliable therapies for DoC
faces challenges due to the considerable variability
in treatment outcomes, attributed to factors like the
patient’s condition, the extent of brain damage, and
individual biological characteristics [9, 16]. In turn,
this leads to a large variability in the patients’ need
in stimulation, from the most appropriate technique
(e.g. transcranial, or more invasive DBS), to stim-
ulation parameters in terms of e.g. location, fre-
quency, and duration. With the large heterogeneity
and low sample sizes, finding a common, effect-
ive stimulation paradigm has major feasibility chal-
lenges. Computational modeling is an outstand-
ing tool in overcoming these shortcomings, because
without increased burden for the patient, a search for
optimal stimulation could be conducted. To address
this issue, we aim to provide a road to improvement
in these issues bymodeling an abstract representation
of the discussed stimulation techniques and focus-
ing on tailoring the electromagnetic signal for specific
patients. This stimulation approach is coupled to a
physiologically-inspired brain model capable of rep-
resenting the patient’s own brain activity. By tailoring
the stimulation to each patient’s unique profile, we
hope to demonstrate how modeling could be utilized
in the future to deal with the DoC population’s het-
erogeneity that could affect treatment effectiveness.

1.3. Multiscale brain modeling
Over the past half-century, significant progress has
been made in the development of brain activity

models that address various phenomena across dif-
ferent brain regions and spatial scales. In particular,
efforts have been directed toward creating compre-
hensivemultiscalemodels ofwhole-brain activity that
are capable of simulating various phenomena and
generating realistic signals. One noteworthy model-
ing framework, ‘The Virtual Brain’, employs neural
mass models to represent brain regions interconnec-
ted based on connectome data. This model demon-
strates the capacity to simulate diverse phenom-
ena, including epilepsy and sleep stages. Nevertheless,
fitting it to experimental data remains challenging
because the use of non-linear differential equations
is required to generate the activity of each region [23,
24]. Another approach, the ‘Multiscale Neural Model
Inversion’ framework, focuses on effective connectiv-
ity. It constructs interregional networks based on
structural connectivity and fits their activity to func-
tional magnetic resonance imaging data through
functional connectivity correlation, ultimately gen-
erating blood-oxygen-level-dependent signals sim-
ilar to those that are observed in pathologies like
major depression and Alzheimer’s disease. However,
the output aligns only with the first and second
moments of the experimental data, thereby captur-
ing only the fundamental properties of the simu-
lated phenomena [25]. In contrast, neural field the-
ory (NFT) modeling offers an efficient approach to
building networks of interconnected brain regions
that interact through physiologically-based wave
equations, thereby capturing both stationary and
transient neural activity. NFT has demonstrated suc-
cess in representing consciousness-related phenom-
ena like sleep stages and epilepsy and has presen-
ted substantial capabilities of classifying states of
consciousness [26–30]. Furthermore, theNFT frame-
work provides convenient tools for fitting and sim-
ulating neural activity using standard computing
equipment [28, 31].

Moreover, it is important to note that NFT has
previously been employed to model various stimu-
lation techniques and their impacts on both healthy
and pathological brains. For instance, Wilson et al
used NFT to model the effects of TMS on calcium-
dependent synaptic plasticity in long-term potenti-
ation and depression processes [32, 33]. Müller and
Robinson applied NFT to model the effects of DBS
on Parkinson’s disease, including a detailed model of
the corticothalamic-basal ganglia system that replic-
ated key clinical features of the disease, such as high
beta-activity. They explored different DBS protocols
and successfully demonstrated their ability to reduce
beta-activity in the model [34, 35]. Müller et al also
investigated consciousness modulation through DBS
by simulating the expression of propofol anesthesia in
a corticothalamic system and introducing a stimulus
to the matrix thalamus. Their model demonstrated
arousal from anesthesia, characterized by wake-like
dynamics that facilitated high information transfer
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Figure 2. Simulated vs. experimental EEG time series of waking and sleeping states. In the left panels: NFT-generated time series
of (a) resting state—open eyes, (b) resting state—closed eyes, (c) quiescent sleep (non-REM) stage 2, and (d) quiescent sleep stage
3. In the right panels: corresponding time series from human subjects. The time series were scaled and displayed in arbitrary units
(AU) for visualization purposes [48, 49]. Reproduced with permission from [26]. © 2005 The Royal Society.

[36]. Thus, NFT appears to be a suitable framework
for developing personalized stimulation signals for
DoC patients. Furthermore, it offers the capability to
incorporate these signals into the modeled stimula-
tion techniques mentioned here or those that may be
modeled in the future.

1.4. Proposed approach
Aspreviouslymentioned, our approach aims to estab-
lish a systematic method for constructing patient-
specific and region-specific stimulation signals. The
core idea involves utilizing a corticothalamic NFT
model (CTM) capable of simulating both healthy-
like and DoC-like neural activity, while allowing for
targeted stimulation of the modeled regions. We fit
this model to a specific DoC patient, and then we
mathematically derive the stimulus signal required to
induce typical healthy-like neural activity within the
model. The fitting of the model and the construc-
tion of the stimulus signal rely on the correspond-
ing electroencephalogram (EEG) power spectra, aim-
ing to generate a healthy-like power spectrum. We
apply the constructed signal to brain regions typic-
ally targeted by DBS, rTMS, and tACS, and success-
fully demonstrate the effectiveness of our method in
silico.

Our approach holds promise for application in
DBS, rTMS, and tACS, as they demonstrated the
ability to influence various bands of DoC patients’

power spectrum [13, 21, 37]. Conversely, tDCS is not
well-suited for our approach because it only allows
for amplitude adjustment, which is insufficient for
independently controlling the power of different fre-
quencies. Moreover, since the brainstem and vagus
nerve are not included in the CTM, we did not con-
struct a signal for application in VNS in this study.
Generally, with appropriate adaptations and clinical
verifications, this method has the potential to signi-
ficantly advance a wide range of brain stimulation
therapies, offering a personalized approach that could
lead to more effective and longer-lasting treatments
for DoC.

2. Materials andmethods

2.1. Neural field theory
Neural-field theory [26, 38, 39] is a family of large-
scale brain models rooted in physiological principles,
that can replicate a wide range of brain activit-
ies across multiple scales. This methodology mod-
els a continuum of corticothalamic activity by incor-
porating population-specific local dynamics and
employing wave equations to characterize interac-
tions between these populations [40]. Consequently,
it effectively replicates and integrates numerous phe-
nomena observed in EEG data, including spectral
peaks observed during waking and sleeping states,
event-related potentials, measures of connectivity,
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Figure 3. Schematic representation of the corticothalamic NFT model (CTM). Shown are the four neural populations: cortical
excitatory e, and inhibitory i, thalamic relay nuclei s, and thalamic reticular nucleus r. The connection strength from population b
to population a is represented by the parameter νab. Excitatory connections are represented by pointed arrowheads, and
inhibitory connections by round arrowheads.

and spatiotemporal structure, and even the dynam-
ics of epileptic seizures (see figure 2) [27, 41–47].
Model parameters have biophysical meaning and
include synaptic strengths, excitatory and inhibit-
ory gains, synaptic and dendritic time constants,
propagation delays, and axonal ranges. NFT’s whole-
brain modeling is a bottom-up method, effectively
complementing cellular and local network analyses by
averaging microstructure into mean-field equations.
Additionally, NFT’s strength lies in its dynamic ana-
lysis, which explores the model’s states and their sta-
bility in relation to changes in model parameters
[28, 45, 46].

The neural field, denoted as ϕ(r, t) [s−1] repres-
ents a spatiotemporal neural activity that propag-
ates among neural populations when averaged over
scales of approximately 0.1 millimeters. The CTM

comprises four neural populations, interconnected
as illustrated in figure 3. These populations include
excitatory (e) and inhibitory (i) cortical neurons,
thalamic relay nuclei neurons (s), thalamic reticu-
lar nucleus neurons (r), and sensory inputs (n). The
soma potential of each population, Va(r, t) [V], is
influenced by contributionsϕb frompresynaptic pop-
ulations and ultimately generates outgoing neural
activity ϕa(r, t).

The dendritic spatiotemporal potential Vab [V]
relates to the input ϕb via equation (1). Connection
strength from population b to a is defined by νab =
sabNab; [V · s], whereNab represents the mean number
of synapses per neuron a originating from neurons
of type b, and sab [V · s] is the mean time-integrated
strength of the soma response for each incoming
spike. The parameter τab [s] specifies the one-way
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corticothalamic time delay, while Da(t) is a differen-
tial operator, as defined in equation (2). The quantit-
ies 1/α and 1/β indicate the decay time and rise times
of the soma response in the corticothalamic system,
respectively.

Dendritic component:

Da (t)Vab (r, t) = νabϕb (r, t− τab) (1)

Da (t) =
1

αβ

d2

dt2
+

(
1

α
+

1

β

)
d

dt
+ 1 (2)

The soma potential, Va, emerges as the aggregate
of its dendritic potentials, as detailed in equation (3).
This potential undergoes some smoothing due
to synaptodendritic dynamics and soma capacit-
ance. Additionally, the population generates spikes
at an average firing rate Qa [s−1], which is linked
to the soma potential via a sigmoid function
S(Va) (relative to the resting state), as specified in
equation (4). Within this equation, Qmax repres-
ents the maximum firing rate. The quantities θ and
σ ′ ·π/

√
3 correspond to the mean and the stand-

ard deviation (SD), of the firing threshold voltage,
respectively.

Soma component:

Va (r, t) =
∑
b

Vab (r, t) (3)

Qa = S(Va) =
Qmax

1+ e−(Va−θ)/σ ′ (4)

The field ϕa approximately adheres to a wave
equation with dampening, incorporating a source
term Qa, as specified in equation (5). The differen-
tial operator Da(r, t) defined in equation (6), incor-
porates parameters: va [m · s−1] capturing the wave’s
propagation velocity, ra [m] indicating the mean
propagation range, and γa = va/ra [s−1] representing
the damping rate.

Axonal component:

Da (r, t)ϕa (r, t) = Qa (r, t) (5)

Da (r, t) =
1

γ2a

∂2

∂t2
+

2

γa

∂

∂t
+ 1− r2a∇2 (6)

In the CTM, only re exhibits sufficient mag-
nitude to generate significant propagation dynam-
ics. As a result, the fields of other populations
can be approximated as ϕa(r, t) = S[Va(r, t)].
Additionally, it is assumed that the only non-
zero time delays between populations are τ es, τ is,
τ se, and τre = t0/2, with t0 representing the total
traversal time through the corticothalamic loop.
Notably, equation (5) inherently captures corti-
cocortical time delays through its wave equation
formulation. To streamline the model, we adopt
an assumption of random intracortical connectiv-
ity, which establishes Nib = Neb across all b [50].
This premise implies that the connection strengths

are symmetric, resulting in νee = νie, νei = νii, and
νes = νis [26, 28]. Utilizing numerical integration
[31] or analytical integration when possible [51],
the NFT equations generate a spatiotemporal
activity signal that propagates across the cortical
surface.

2.2. EEG power spectrum generated from the CTM
In instances of spatially uniform steady-state activ-
ity, an analytical computation of the model’s power
spectrum becomes feasible, circumventing the need
for numerical integration. Achieving the steady state
involves setting all temporal and spatial derivatives to
zero. By utilizing the first term of the Taylor expan-
sion, a linear approximation of all potential steady-
state perturbations can be derived. Under these con-
ditions, a Fourier transform of the model equations
yields equation (7) for the dendritic component
and equation (8) for the axonal component. Within
these equations, ω = 2π f represents the angular fre-
quency, k= 2π/λ indicates the wave vector (λ is

the wavelength), and V(0)
a denotes the steady-state

potential [28].
The dendritic component in the frequency

domain:

Vab (k,ω) = νabϕb (k,ω)L(ω)e
iωτab

L(ω) =

(
1− iω

α

)−1(
1− iω

β

)−1

(7)

The axonal component in the frequency domain:

Da (k,ω) ·ϕa (k,ω) = ρaVa (k,ω)

Da (k,ω) = k2r2a +

(
1− iω

γa

)2

ρa =
dS

(
V(0)
a

)
dVa

(8)

Utilizing equation (3), we can present
equation (8) as:

Da (k,ω) ·ϕa (k,ω) = ρa
∑
b

Vab (k,ω) =
∑
b

Jabϕb (k,ω)

Jab = ρaνabL(ω) e
iωτab = GabL(ω) e

iωτab (9)

Then we can represent the interactions between the
different CTM populations in matrix notation:


De 0 0 0

0 Di 0 0

0 0 Dr 0

0 0 0 Ds

 ·


ϕe

ϕi

ϕr

ϕs

 =


Jee Jei 0 Jes

Jie Jii 0 Jis

Jre 0 0 Jrs

Jse 0 Jsr 0

·


ϕe

ϕi

ϕr

ϕs

+


0

0

0

Jsnϕn


(10)

Equation (10) admits an alternative, more con-
cise representation, where J⋆ϕ⋆ denotes the external
input to the CTM:

Dϕ= Jϕ+ J⋆ϕ⋆ (11)
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ϕe (k,ω) =
GesGsnL2e

iωt0
2

(1−GsrsL2)(1−GeiL)(k2r2e + q2r2e)
ϕn (k,ω) ≡ Ψ(k,ω)ϕn (k,ω)

q2r2e =

(
1− iω

γe

)2

− 1

1−GeiL

{
LGee +

[
L2Gese + L3Gesre

]
eiωt0

1− L2Gsrs

}
(12)

By solving equation (10), taking into account
all the previously established assumptions regard-
ing Da, νab, and τ ab, we can derive equation (12).
In this framework, the quantities Gese = GesGse,
Gesre = GesGsrGre, and Gsrs = GsrGrs represent the
overall gains for the excitatory corticothalamic,
inhibitory corticothalamic, and intrathalamic loops,
respectively. The firing rate of sensory inputs
to the thalamus, ϕn, is modeled as white noise.
For computational convenience, ϕn(ω) can be
set to 1, while only Gsn is subject to variation
The excitatory field ϕe is considered a good approx-
imation of scalp EEG signals [28]. The EEG power
spectrum P(ω) (equation (13)) is derived by integ-
rating |ϕe(k,ω)|2 across k with the cortex modeled as
a rectangular sheet of dimensions Lx × Ly. Under
periodic boundary conditions, this integration

transitions into a summation across spatial modes
with discretized k. The filter function F(k) provides a
computational approximation of the low-pass spatial
filtering resulting from volume conduction through
cerebrospinal fluid, skull, and scalp layers

P(ω) =
∞∑

m=−∞

∞∑
n=−∞

|ϕe

(
kx,ky,ω

)
|2F(k)∆kx∆ky

kx =
2πm

Lx
,ky =

2πn

Ly
,k=

√
k2x + k2y

F(k) = e−k2/k20 (13)

By merging equation (13) with equation (12), we
can formulate the expression for the power spec-
trum of the CTM. Given that ϕn is equal for every
k, we can write it as ϕn(ω) outside the summation

P(ω) =
∞∑

m=−∞

∞∑
n=−∞

|Ψ(k,ω)ϕn (k,ω)|2 F(k)∆kx∆ky ≡ |ϕn (ω) |2 ·U(ω) (14)

2.2.1. Model fitting and signal generation
The analytical form of the CTM power spectrum, as
expressed in equation (14), can be fitted to the exper-
imental EEG power spectrum. This fitting process is
carried out through a Monte-Carlo Markov-Chain
optimization procedure applied tomodel parameters,
a method implemented in the braintrak toolbox [28].
Here, we optimize the following model parameters:
Gee,Gei,Ges,Gse,Gsr,Gsn,Gre,Grs, α, β, t0, and EMGa.
To support multi-electrode fitting, we assumed that
Gee, Gei, Gsn, α,β, and t0 exhibit a cosine-like vari-
ation over the scalp [40]. Subsequently, time series
were generated from the fitted model by numerically
integrating its partial differential equations over time,
incorporating the NFTsim toolbox [31]. An illustrat-
ive example showing an experimental EEG Cz elec-
trode power spectrum, a power spectrum derived
from the fitted model, and a simulated EEG Cz elec-
trode power spectrum is depicted in figure 4. The Cz

electrode was specifically chosen to illustrate spectra
of simulated data throughout this work, as its activity
effectively represents the overall EEG activity gener-
ated by the CTM.

2.3. Stimulus construction workflow
We recruited NFT equations and a framework to
derive a stimulus signal that would cause a CTM fit-
ted to a specific DoC patient to produce a power spec-
trum similar to that of a healthy individual. Here is an
outline of the proposed workflow:

1. Compute the EEG power spectra of a typical
healthy subject PhltEXP(ω) and a specific DoC
patient PdocEXP(ω).

2. Fit CTMs to both the healthy subject and DoC
patient, determine models’ parameters, and
obtain the corresponding power spectra, Phlt(ω)
and Pdoc(ω).

3. Compute the stimulus time series ϕstim(t) by solv-
ing Phlt(ω) = Pdoc+stim(ω). (The solutions for the

7
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Figure 4. Experimental, fitted, and simulated power spectra. Example of a Cz electrode EEG power spectrum of a healthy subject
(black curve), a fitted CTM power spectrum (green dashed curve), and a Cz electrode power spectrum of a simulated EEG
(purple curve).

stimuli applied to the different populations of the
CTM are provided further in table 2). Present the
time series as a Fourier series to support continu-
ous stimulation.

We evaluate the effectiveness of the calculated
stimulation signal by generating EEG time series from
models with ‘Healthy-fitted’ and ‘DoC-fitted with
stimulation’ parameters. We then compare PhltSIM and
Pdoc+stim
SIM both visually and by computing the Pearson

correlation between their power spectra. It is worth
noting that we can also choose to skip the fitting of the
model to the healthy subject and use the experimental
power spectrum PhltEXP(ω) directly, as the stimulus-
specific equations do not rely on the healthy-fitted
CTM. We present both approaches in our results,
providing flexibility in the experimental design.

2.3.1. Experimental data
In our research, we utilized a dataset consisting
of open-eyes resting-state EEG recordings acquired
from DoC patients, as well as from healthy controls.
Each participant’s EEG activity was recorded using a
Hydro-Cel GSN high-density electrode net (Electric
Geodesics, EGI) equipped with 256 electrodes, with
a sampling rate of 250 Hz. Data collection took place
in a controlled environment, characterized by dark-
ness and minimal sensory stimuli, with EEG record-
ing sessions lasting approximately 30 min. Behavioral
assessments using the CRS-R were performed several
times within a few days, including just before the EEG
acquisition [52].

We chose an MCS patient (a 29-year-old male
with a history of traumatic brain injury, CRS-R score
of 9, and 181 months since the injury) and a UWS
patient (a 31-year-old female with a history of brain
hemorrhage, CRS-R score of 6, and 45 months since
the injury) along with four healthy subjects (#1: a
62-year-old male; #2: a 19-year-old male; #3: a 40-
year-old female; #4: a 53-year-oldmale) to present the
application of ourmethod. It is important to emphas-
ize that these subjects were chosen for illustrative pur-
poses only, and our approach is applicable to any pair
of subjects, as shown further [53].

Each subject’s EEGdatawent through several pro-
cessing steps. First, we kept only 137 central electrodes
and removed the rest in order to focus only on scalp-
based electrodes. The signals from these electrodes

were high-pass filtered above 0.2 Hz and notched
at 50 Hz to eliminate line noise. Subsequently,
to streamline computational processes, they were
down-sampled to 125 Hz. The 30 min recording
was then partitioned into nearly stationary sections
(required for CTM fitting, which is performed
through steady-state activity power spectrum), with
durations varying from 2.5 to 10 min. Detecting
potential onsets of stationary sections involved split-
ting the electrode signals into 10 s segments and
identifying when the segment’s SD deviated by two
SDs compared to the preceding segment. Defining
stationary section boundaries required simultaneous
onsets in more than 5% of the electrodes, with at
least 2.5min between onsets. Sections lasting between
10 and 20 min were equally divided into two, while
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those between 20 and 30 min were split into three
sections.

The cleaning process for each stationary section
of the data involved several sequential steps. Initially,
noisy channels (electrode signals) were identified by
segmenting the data into 5 s segments and calcu-
lating the SD of each channel within a segment. A
channel within a segment was flagged as noisy if its
SD exceeded seven times the SD of the entire non-
segmented channel, or if it was three times higher
than that of the other channels within the same
segment. Segments with at least one noisy chan-
nel were deemed noisy, and entire channels were
marked as noisy if more than 33% of their segments
exhibited noise. These identified entire noisy chan-
nels were then removed and replaced with chan-
nels generated through a spherical spatial interpol-
ation of the remaining channels. Subsequently, the
data was re-referenced to the average of all chan-
nels and any remaining artifacts were eliminated.
Artifacts were defined as 1 s segments where any
sample’s SD was five times greater than the chan-
nel’s entire SD. To further refine the data, we con-
ducted an independent component analysis to isolate
and remove components associated with eye move-
ments and non-EEG activity. After decomposition,
we employed the IClabel toolbox [54] to retain only

those components identified with at least 50% con-
fidence as originating from genuine neural activ-
ity. The steps involving spatial interpolation, aver-
age referencing, and independent component ana-
lysis were all executed using the EEGLAB toolbox
[55].

From the various stationary sections of each sub-
ject, we retained sections where fewer than 10%of the
channels were flagged as noisy and fewer than 10%
of the independent componentswere removed during
the cleaning process. Among these sections, we selec-
ted the one with the least amount of detected artifacts
per minute of recording. Subsequently, we computed
multi-electrode power spectra for the selected sta-
tionary section using a fast Fourier transform. Then,
we fitted the power spectrum in the frequency range
of 1–40 Hz to a CTM, as described above.

2.3.2. Personalized stimulus derivation
We can easily integrate external stimulation sig-
nals into each of the CTM populations by modi-
fying J⋆ϕ⋆ in equation (11). By representing the
stimulations applied to the cortical excitatory pop-
ulation, cortical inhibitory population, thalamic
reticular nucleus, and thalamic relay nuclei as the
firing rates ϕx, ϕy, ϕz, and ϕw, respectively, we
can express the CTM equations as equation (15)


De 0 0 0
0 Di 0 0
0 0 Dr 0
0 0 0 Ds

 ·


ϕe

ϕi

ϕr

ϕs

=


Jee Jei 0 Jes
Jie Jii 0 Jis
Jre 0 0 Jrs
Jse 0 Jsr 0

 ·


ϕe

ϕi

ϕr

ϕs

+


Jexϕx

Jiyϕy

Jrzϕz

Jswϕw + Jsnϕn

 (15)

The solutions for the stimulation applied to each
CTM population (separately) have a general form of:

ϕe (k,ω) =
[
Cstim (ω)ϕstim (ω)+ϕn (ω)

]
·Ψ(k,ω)

(16)

P(ω) =
∣∣Cstim (ω)ϕstim (ω)+ϕn (ω)

∣∣2 ·U(ω) (17)

when Cstim is a stimulus-dependent function derived
from equation (15). CTM power spectra for different
stimulation targets are presented in table 1.

In scenarios where a broad cortical region is
stimulated, as is common in transcranial tech-
niques such as rTMS or tACS, we assume that
both the excitatory and inhibitory populations
are excited concurrently by ϕxy(ω). In this scen-
ario, the power spectrum P(ω) can be expressed as
follows:

P(ω) =

∣∣∣∣∣∣
(
GeiGiy +

Gex
L(ω) −GeiGex

)(
1−GsrsL2 (ω)

)
GsnGeseiωt0/2

ϕxy (ω)+ϕn (ω)

∣∣∣∣∣∣
2

·U(ω) (18)

It is important to note that both rTMS and tACS
typically target specific brain networks rather than the

entire cortex, focusing on regions such as the dor-
solateral prefrontal cortex that have been observed to
have a greater impact on DoC patients compared to
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other areas [9, 20–22]. However, the CTM does not
possess themulti-regional resolution required to sim-
ulate the cortex at this level of detail. Additionally,
here, we do not consider potential variations in the
response to TMS between inhibitory and excitatory
populations. High-intensity stimulation primarily
triggers firing in excitatory-to-excitatory axons due
to their extensive spatial coverage and alignment with
the electric field generated by TMS. In contrast, lower
stimulation intensities are more likely to elicit fir-
ing events in inhibitory cells due to their lower firing
thresholds [32].

2.3.3. Stimulus equations
As previously mentioned, to derive the stimulus
formula, we need to solve Phlt(ω) = Pdoc+stim(ω).
Therefore, after fitting a CTM to a patient with DoC,
we substitute Pdoc+stim(ω) with equation (17), result-
ing in the following expression:

Phlt (ω) =
∣∣Cstim (ω)ϕstim (ω)+ϕdoc

n (ω)
∣∣2 ·Udoc (ω)

(19)

and

Phlt (ω)

Udoc (ω)
=
∣∣∣|Cstim (ω) |ei∠Cstim(ω) · |ϕstim (ω) |ei∠ϕstim(ω) +|ϕdoc

n (ω) |ei∠ϕdoc
n (ω)

∣∣∣2 (20)

To extract |ϕstim| in equation (20), we need to
set |ϕn|= 1, as previously mentioned. Additionally,
we must determine the stimulus phase ∠ϕstim(ω).
Equation (13) provides information about the amp-
litude at each frequency, but does not impose con-
straints on the phase. Therefore, we allow ourselves
to set the phase in a manner that is instrumental in
solving the equation above. Specifically, we set it as a
function of ∠ϕdoc

n (ω) and add π to introduce a neg-
ative sign in Cstim(ω), as shown in equation (21). For
consistency with the theory, we set ∠ϕdoc

n (ω) to be a
randomnumber with a uniform distribution since ϕn

is approximated by white Gaussian noise

∠ϕstim (ω) = ∠ϕdoc
n (ω)−∠Cstim (ω)−π (21)

and get:

Phlt (ω)

Udoc (ω)
=

∣∣∣(−|Cstim (ω) | · |ϕstim (ω) |+ 1
)
ei∠ϕdoc

n (ω)
∣∣∣2
(22)

∣∣∣ϕstim (ω)
∣∣∣= −1±

√
Phlt(ω)

Udoc(ω)

−|Cstim (ω)| (23)

To obtain a positive power spectrum, we opted for a
negative sign before the square root in the expression.
Additionally, we can set Udoc = Pdoc/|ϕdoc

n |2 = Pdoc,
while keeping in mind that Pdoc(ω) is an analytical
formula. It is important to note that unlike Phlt that
can be either analytical or experimental,PhltEXP,P

doc(ω)
cannot be experimental since there must be consist-
ency between the power spectra and Cstim, which
relies on fitted parameters

|ϕstim (ω) |=
1+

√
Phlt(ω)
Pdoc(ω)

|Cstim (ω)|
(24)

By performing an inverse Fourier transform of
ϕstim(ω), we construct the stimulus time series

ϕstim(t). Table 2 presents the amplitudes and the
phases of stimuli applied to the various populations
of the CTM.

At this point, we can also determine the stimulus
intensity value for practical purposes, as outlined in
the discussion section. This can be achieved by tuning
Gex, Giy, Grz, and Gsw, which were initially set to 1.
However, it is worth noting that the value of Gsn was
determined during the fitting process, as previously
mentioned.

2.3.4. EEG signal generation
We generated artificial EEG signals frommodels with
‘Healthy-fitted’, ‘DoC-fitted’, and ‘DoC-fitted with
stimulation’ parameter sets. These signals were gen-
erated for a duration of 30 s and were sampled at a
rate of 125Hz. Since the generated signal achieves sta-
tionarity after 5 s (which were disregarded), this dur-
ation proves adequate for computing power spectra.
The EEG signals were simulated on a 0.5 m× 0.5 m
square sheet, covering 784 locations. Tomake the sim-
ulated signals comparable to the experimental data,
we interpolated them to match the locations of the
137 experimental electrodes and high-pass filtered
those above 0.2 Hz.

2.3.5. Transient and long-lasting changes
Further, we investigated whether the constructed
stimulus signal could induce a long-lasting change in
the model’s behavior, i.e. a bifurcation. We generated
150 s EEG signals from a model with a ‘DoC-fitted’
parameter set, while the stimulus was active between
the 30th and 60th seconds.We computed the spectro-
gramof theCz electrode signal and examined the time
periods before, during, and after the stimulation.

However, while a CTM fitted to steady-state activ-
ity is generally stable, its susceptibility to perturb-
ations may vary depending on the proximity of its
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Table 1. CTM power spectra for different stimulation targets.

Stimulation Target Population P(ω)

Cortical excitatory Cstim
x , ϕx

∣∣∣Gex(1−GeiL(ω))(1−GsrsL
2(ω))

GsnGesL(ω)eiωt0/2 ϕx(ω)+ϕn(ω)
∣∣∣2 ·U(ω)

Cortical inhibitory Cstim
y , ϕy

∣∣∣GiyGei(1−GsrsL
2(ω))

GsnGeseiωt0/2 ϕy(ω)+ϕn(ω)
∣∣∣2 ·U(ω)

Reticular nucleus Cstim
z , ϕz

∣∣∣−|Grz|GsrL(ω)
Gsn

ϕz(ω)+ϕn(ω)
∣∣∣2 ·U(ω)

Relay nuclei Cstim
w , ϕw

∣∣∣Gsw
Gsn

ϕw(ω)+ϕn(ω)
∣∣∣2 ·U(ω)

Table 2. Stimuli amplitudes and phases.

Stimulus Target Amplitude Phase

Cortex ϕxy(ω)
(
1+

√
Phlt(ω)

Pdoc(ω)

)
·

GsnGes∣∣∣(GeiGiy+
Gex

L(ω)
−GeiGex)(1−GsrsL2(ω))

∣∣∣
∠ϕdoc

n (ω)+ωt0/2−π −
∠
[
(GeiGiy +

Gex
L(ω)

−GeiGex)

(1−GsrsL
2(ω))

]
Reticular nucleus ϕz(ω)

(
1+

√
Phlt(ω)

Pdoc(ω)

)
· Gsn
Grz|GsrL(ω)| ∠ϕdoc

n (ω)−∠L(ω)

Relay nuclei ϕw(ω)
(
1+

√
Phlt(ω)

Pdoc(ω)

)
· Gsn
Gsw

∠ϕdoc
n (ω)−π

Amplitudes and the phases of ϕstim(ω) applied to the different populations of the CTM. By performing an

inverse Fourier transform, we get the time series ϕstim(t).

fitted parameters to the stability boundary. The sta-
bility of the CTM is determined by the denom-
inator in equation (12). When all the zeros of
equation (25) satisfy Im(ω0)< 0, the model is stable.
Model stability boundaries can be represented in a
three-dimensional space, as defined in equation (26).
The X,Y,Z parameters correspond to corticocortical,
corticothalamic, and intrathalamic loop strengths,
respectively. These parameters offer a qualitative rep-
resentation of the majority of CTM’s dynamics and
provide insights into its stability characteristics across
various parameter values [28]. By adjusting these
parameters, we can move the fitted model closer to
the stability boundary, allowing it to alter its state in
response to stimulation(

1−GsrsL
2
)
(1−GeiL)

(
k2r2e + q2r2e

)
= 0 (25)

X=
Gee

1−Gei
, Y= Ges

Gse +GsrGre

(1−Gsrs)(1−Gei)
,

Z=−Gsrs
αβ

(α+β)
2 (26)

A notable stability region in the CTM is represen-
ted by the equation X+Y< 1 [56]. When a model’s
fitted parameters are near this stability boundary
(e.g. X+Y= 0.9), external stimulation can induce a
(saddle-node) bifurcation. However, in models posi-
tioned in a more stable zone (e.g. X+Y= 0.5),
introducing instability and triggering a bifurcation
requires deliberately shifting the model to a critical
point X+Y= 1. This was achieved by setting the
value of Gee according to equation (27). It is import-
ant to note, however, that since Gee also affects the
power spectra (see equation (12)), this approach can-
not be applied to a fitted model as it will cease to pro-
duce the desired spectrum.

In summary, when the base model is too stable,
it cannot sustain any changes induced by the stimu-
lus. As an alternative path, we chose to modify the fit-
ted parameters (i.e. the parameters that determine the
DoC power spectrum, effectively changing it to the
representation of a different, virtual patient) to illus-
trate that under the right conditions (i.e. X+Y= 1),
our proposed method holds the potential to bring
about lasting changes in a fitted CTM, regardless of
its initial proximity to a stability boundary

GNEW
ee = Gee

1−Y

X
(27)

3. Results

We successfully tested our methodology on subjects
from the dataset. In the following results, we show-
case its functionality using two pairs of DoC patients
andhealthy subjects. As evident from the calculations,
the stimulus derivation procedure is nearly determin-
istic and can be applied to any pair of subjects with
distinct power spectra, as we demonstrate further.
It is important to note that the non-deterministic
component, particularly ϕdoc

n , introduces some white
noise to the output, but it does not alter the spectral
shape [57].

3.1. Power spectra
Figure 5 illustrates the outcomes of stimulation
applied to the thalamic reticular nucleus of the MCS
patient and to the cortex of the UWS patient, as
expressed in the power spectra. We constructed a
stimulus time series for different regions of CTMs
fitted to these patients. Upon applying the stimula-
tion to the models, we observed that the power spec-
tra of the simulated EEG closely resembled those of
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healthy subjects, exhibiting increased power at alpha
and beta bands, characteristic of healthy individuals.
This observation was further validated by computing
the Pearson correlation coefficient between the power
spectra values from 1 to 40 Hz at a 0.25 Hz resolu-
tion. In all cases, we observed a significant increase
in the correlation coefficient from R(Phlt,Pdoc) to
R(Phlt,Pdoc+stim). Notably, all the stimuli construc-
ted for the other CTM populations induced the same
power spectra as the spectra presented in figure 5.
Additionally, we generated stimulations based on
an experimental healthy spectrum (see figure 5(c)).
Although Pdoc+stim

SIM did not match PhltEXP as closely as
PhltSIM, it still produced a satisfactory approximation.
Overall, these outcomes highlight the efficacy of our
approach in obtaining healthy-like EEG spectra in
CTMs fitted to DoC patients.

It can be observed that while the experimental
DoC and healthy EEG power spectra are entirely
different (figure 5(c)), the fine details (small fluc-
tuations) of the model-generated DoC and healthy
spectra appear quite similar (figures 5(a) and (b)).
This can be attributed to the EEG generation pro-
cess, which involves fixed settings during the numer-
ical solution of the model equations [31].

3.2. Phase constraints
In our experimental setup, the random number gen-
erator used for generating sensory inputs during
model simulation was different from the one used
for stimulus construction. This means that phase
∠ϕdoc

n (ω) used in the injected stimulus was differ-
ent from phase ∠ϕdoc:SIM

n that fed the simulator, even
though both followed a uniform distribution. This
setup resembles a stimulation configuration when
the real-time brain signal phases are not accounted
for by the stimulation equipment. However, it con-
tradicts our method’s specific requirement, which
states that the stimulus phase ∠ϕstim(ω) depends
on the thalamic sensory input phase ∠ϕdoc

n (ω) (see
equation (21)). Fulfilling this requirement is excep-
tionally challenging, especially in vivo, where meas-
uring thalamic inputs in real-time poses significant
difficulties. Yet, as long as the condition Phlt(ω)⩾
Pdoc(ω) (equation (19)) is met for every ω (see
figure 5(a), for instance), this disparity does not signi-
ficantly affect the results. To further prove this point
we experimented with creating a stimulus with a lin-
ear phase instead of a random one, while keeping
the sensory inputs as white noise. The stimulus time
series appeared different (see figures 6(a) and (b)),
but the resulting Pdoc+stim in figure 5(a) remained
unchanged.

However, when there are values of ω for which
Phlt(ω)< Pdoc(ω), it becomes crucial to main-
tain the defined relationship between ∠ϕstim

n (ω)
and ∠ϕdoc

n (ω). As shown in equation (19),
Cstim(ω)ϕstim(ω) is added to the DoC power spec-
trum. It can either increase or decrease the power at

different frequencies based on its phase; for example,
adding a phase of π radians is equivalent to multiply-
ing the amplitude by −1. In our experimental setup,
since ∠ϕdoc

n (ω) ̸= ∠ϕdoc:SIM
n , a power decrease does

not occur at frequencies where Phlt(ω)< Pdoc(ω).
An example illustrating this behavior can be seen
in figure 6(c), where we exchanged the roles of the
healthy subject and the MCS patient (stimulating
the healthy subject in the thalamic reticular nuc-
leus) to create a scenario where this issue arises.
In this case, Pdoc+stim followed Pdoc instead of Phlt,
and the stimulation did not yield the desired effect.
It was also reflected in the correlation coefficient,
as R(Phlt,Pdoc+stim) remained low and similar to
R(Phlt,Pdoc).

3.3. Hysteresis and bifurcating effects
Figure 7 illustrates the changes in the CTM-generated
signal spectrum before, during, and after the stim-
ulation. The stimulus was administered to the
thalamic relay nuclei in models fitted to MCS and
UWS patients from the 30th to the 60th second.
Throughout the stimulation period, there was a
substantial increase in power across all frequencies,
reflecting Phlt(ω)> Pdoc(ω). However, after stimula-
tion offset, the MCS patient model exhibited a differ-
ent response compared to the UWS patient model.

In figure 7(a), we observe that the model of the
MCS patient underwent a bifurcation due to the
stimulation, and the model’s activity did not revert
to its initial state upon termination of the stimu-
lation. Instead, the model maintained power levels
observed during the stimulation, which were signific-
antly higher compared to the pre-stimulation period.
The activity pattern in the spectrogram appeared to
combine an increased version of the initial activity
(mostly below 4 Hz) with non-physiological artifacts.

As for the model of the UWS patient, following
the termination of the stimulus, the model exhibited
a hysteresis effect that lasted for a 2 s transient period,
presenting intermediate power values before return-
ing to its pre-stimulation state. Hence, no long-term
changes in the model’s output were observed follow-
ing the stimulation (see figure 7(b)).

Inspecting the models’ proximity to the critical
point X+Y= 1, we found that the MCS patient
model was very close to this threshold, with XMCS +
YMCS = 0.93, whereas the UWS patient model exhib-
ited greater stability, with XUWS +YUWS = 0.4. To
investigate the impact of criticality, we deliberately
destabilized the UWS model, shifting it to the critical
point by setting XUWS +YUWS = 1. Under this con-
dition, stimulation induced a similar effect to that
observed in the MCS model, triggering a bifurcation
and altering activity patterns even after the stimula-
tion ended (see figure 7(c)). Interestingly, during the
stimulation period, the spectrogram looked similar to
the stable case, but with a notable decrease in overall
power, particularly above 4 Hz. Moreover, similar to
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Figure 5. Power spectra comparison: examples of the stimulation on different patients and regions. The red curve represents the
average power spectrum of a patient with DoC, the blue curve represents the average power spectrum of a healthy subject, and the
green curve is the average power spectrum of a CTM-generated time series when the CTM is fitted to a patient with DoC and is
stimulated in one of the CTM populations with the derived stimulus. (a) Minimally conscious state (MCS) patient and healthy
subject #1: the stimulus is applied to the thalamic reticular nucleus. The stimulation significantly increased the correlation
between the MCS and the healthy power spectra from R(Phlt,Pdoc) = 0.519 to R(Phlt,Pdoc+stim) = 0.847 (p< 10−38).
(b) Unresponsive wakefulness syndrome (UWS) patient and healthy subject #2: the stimulus is applied to the cortex. The
stimulation significantly increased the correlation between the UWS and the healthy power spectra from R(Phlt,Pdoc) = 0.205 to
R(Phlt,Pdoc+stim) = 0.884 (p< 0.01). (c) Same as b, but the red and blue curves are experimental EEG spectra, and PhltEXP(ω) is
used in the stimulus calculations. The stimulation significantly increased the correlation between the UWS and the healthy power
spectra from R(Phlt,Pdoc) = 0.355 to R(Phlt,Pdoc+stim) = 0.726 (p< 10−5).
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Figure 6. Stimulus phase effects. (a) and (b): Time series of the stimulus applied to the reticular nucleus, constructed for the MCS
patient and healthy subject #1. The stimulus was calculated using ϕdoc

n (ω) with a random phase (a) and a linear phase (b). Despite
phase variations, the resulting signal power spectra remained consistent with figure 5(a). In (c), we swapped between healthy
subject #1 and the MCS patient before stimulus construction to demonstrate that for Phlt(ω)< Pdoc(ω), the stimulation fails due
to a phase mismatch in the experimental setup. Consequently, the increase in correlation between the MCS and healthy power
spectra post-stimulation was minimal: from R(Phlt,Pdoc) = 0.519 to R(Phlt,Pdoc+stim) = 0.532 (p< 10−38).
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the MCS model, activity below 4 Hz remained elev-
ated after stimulus offset. This phenomenon may be
explained by the CTM’s tendency to exhibit critical
slowing down near X+Y= 1 [56, 58, 59].

3.4. Method generality
Additionally, to demonstrate the generality of our
method, we tested it on a pair of healthy subjects. As
shown in figure 8 and supported by the correlation
coefficient, applying a tailored stimulus to healthy
subject #4 induced a power spectrum similar to that
of subject #3. The stimulation was constructed and
applied to the thalamic relay nuclei, but as observed
in previous cases, applying the method to other CTM
populations yielded identical power spectra to those
presented here.

4. Discussion

Our study introduces a computational approach
aimed at generating a signal capable of inducing
healthy-like power spectra in patients with DoC. This
involves fitting a CTM to the power spectrum of a
patient with DoC and then utilizing the power spec-
trum of a healthy subject to derive a personalized
stimulus time series. We applied our method to two
patients withDoC, targeting brain regions commonly
addressed in DBS, rTMS, and tACS. Consequently,
these stimuli drove the CTM to generate EEG power
spectra resembling those seen in healthy brains.

4.1. Potential, challenges and limitations
4.1.1. Clinical feasibility
A central question arises: Will this method be
effective in vivo? As highlighted in the introduc-
tion, various brain stimulation therapies have been
employed in the treatment of DoC, but their suc-
cess has been only partial [9]. Our stimulus con-
struction technique, once integrated into these ther-
apies, aims to enhance their outcomes by inducing
brain activity in patients that closely resembles the
patterns seen in healthy individuals. This is groun-
ded in two key assumptions that warrant further
examination:

• The proposedmodel has the capacity to capture the
brain dynamics of DoC patients and healthy indi-
viduals. In other words, once we apply this stimu-
lation method to a real brain, it will yield an activ-
ity akin to the one produced by the model. If not,
we may need to consider employing a model that is
more complex, as detailed below.

• A healthy-like spectrum increases the likelihood
of regaining consciousness. While this is both a
philosophical and phenomenological query, the

assumption is based on the research of neural cor-
relates of consciousness [60–64]. Numerous stud-
ies have demonstrated significant differences in the
power spectra of DoCpatients compared to healthy
controls [65–68]. While a state of consciousness
frequently results in a power spectrum akin to that
of a healthy individual, the opposite is not always
true, and other factors might also be important
(e.g. integration and segregation [69]).

Nevertheless, even if the above assumptions hold, this
method requires thorough clinical validation before
it can be used routinely. Numerous factors could lead
to failure in vivo, ranging from suboptimal calibra-
tion to unknown physiological variables. Modeling
all the structural and dynamical aspects of a healthy
and pathological brain is inherently challenging, and
there is always the risk of overlooking key elements.
While NFT has demonstrated success across a wide
range of phenomena, datasets, and stimulation mod-
eling in previous studies [27–29, 32, 34, 41–47], there
remains the possibility that it may not be effective in
this particular application. It may even fail at funda-
mental steps, such as the spectrum fitting process, res-
ulting in unstable or physiologically implausible solu-
tions or yielding only a coarse fit that overlooks crit-
ical spectral features [28].

4.1.2. Plasticity and sustained changes
We propose that, beyond improving activity during
stimulation, our personalized stimulation method,
when used consistently over multiple sessions, may
lead to longer-lasting effects compared to current
stimulation approaches. We hypothesize that this
method could more effectively engage the brain’s
natural plasticity mechanisms by inducing activ-
ity patterns similar to those observed in a healthy
brain. Such activation could potentially aid in the
brain’s gradual recovery, helping it regain normal
function without the continuous need for external
intervention.

It has been demonstrated that intervention ther-
apies, including brain stimulation, cognitive train-
ing, physical activity, and pharmaceutical treat-
ments, can trigger plasticity mechanisms that facil-
itate recovery in DoC patients and other conditions
requiring neural rehabilitation. The distinctiveness of
our method, compared to other brain stimulation
approaches, lies in its ability to induce healthy-like
brain activity. This could further promote recovery
by better engaging two key plasticity mechanisms:
use-dependent plasticity and homeostatic plasticity
[10, 70, 71].

Use-dependent plasticity refers to the strength-
ening or weakening of neural connections based
on the recurrence and pattern of their activation.
It is closely tied to long-term potentiation (and
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Figure 7. Transient and long-lasting changes. A 150 s spectrogram of a Cz electrode EEG time series generated from CTMs fitted
to MCS and UWS patients. The models were stimulated in the thalamic relay nuclei from the 30th to the 60th second. (a) MCS
patient model (XMCS + YMCS = 0.93), stimulated using PhltEXP(ω) from healthy subject #1. A sustained change in activity is
observed post-stimulation. (b) UWS patient model (XUWS + YUWS = 0.4), stimulated using PhltEXP(ω) from healthy subject #2.
Activity returns to baseline after a 2 s transient period. (c) Same as (b), but with the CTM brought to the critical point
(XUWS + YUWS = 1) before stimulation. A sustained change in activity is observed, similar to (a).

long-term depression) of synaptic strength, which
is a fundamental mechanism underlying learning
and memory. Repeated induction of the desired

healthy activity in the brain can reinforce synaptic
pathways, potentially sustaining and stabilizing the
activity over time [10, 72, 73]. A clear example
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Figure 8. Power spectra comparison: two healthy subjects. The blue curve represents the average power spectrum of healthy
subject #3, the red curve represents the average power spectrum of healthy subject #4, and the green curve shows the average
power spectrum of a CTM-generated time series when the CTM is fitted to subject #4 and stimulated at the thalamic relay nuclei.
The stimulation significantly increased the correlation between healthy #3 and the healthy #4 power spectra from
R(Phlt3 ,Phlt4 ) = 0.888 to R(Phlt3 ,Phlt4+stim) = 0.956 (p< 10−53).

of this process occurs during motor recovery in
stroke patients, where a paralyzed limb can regain
mobility through repeated externally induced move-
ments. Combining such physiotherapy with TMS has
been shown to enhance recovery by desynchronizing
pathological spike-timing-dependent plasticity and
promoting long-term potentiation [8, 10, 74]. In our
approach, brain stimulation not only desynchronizes
pathological neural activity but also induces patterns
of healthy brain activity, activating and directing use-
dependent plasticity toward the desired outcome.

Homeostatic plasticity is a regulatory mechanism
that stabilizes neural activity by adjusting synaptic
strengths or intrinsic excitability [75]. For instance,
normal sleep-wake cycles play a key role in stabil-
izing synaptic weights [76]. In contrast, in condi-
tions such as DoC, inactive networks often exhibit
pathological plasticity due to abnormal synaptic
strength, which can lead to epileptic activity. Brain
stimulation helps restore homeostatic plasticity by
suppressing epileptic activity and re-establishing fir-
ing rate homeostasis. Additionally, simulations have
demonstrated that when a previously inactive net-
work is re-engaged, healthy brain activity helps nor-
malize homeostatic plasticity. In particular, excitat-
ory corticothalamic activity has been shown to sup-
port this recovery process [76–78]. Our approach
integrates these principles by restoring homeostatic
plasticity through stimulation, which enhances excit-
atory corticothalamic activity (as reflected in the elev-
ated power spectra in figure 5) and regulates NFT fir-
ing rates ϕ(r, t) to induce healthy-like activity.

Modeling these plasticity mechanisms requires
incorporating time-dependent functions into model
parameters and applying specific learning rules to

adjust them, as demonstrated in prior studies [32,
76, 78, 79]. Nonetheless, even in the current model,
which does not support neural plasticity, our results
show that stimulation can induce long-lasting effects.
When the CTM is near (or at) a stability boundary,
the stimulation triggers a bifurcation, leading to sub-
stantial and persistent changes in the generated sig-
nal after stimulation offset. This aligns with previous
studies suggesting that neuromodulation can alter the
brain’s proximity to criticality and even push it bey-
ond a critical point [80]. While these changes differ
significantly from the desired healthy-like activity, a
more complex model could exhibit bifurcations that
lead to the desired sustained activity when subjected
to the constructed stimulation [58].

A deeper analysis of CTM dynamics is neces-
sary to fully understand stimulation effects, particu-
larly by examining trajectories within the XYZ para-
meter space (see equation (26)) [27, 81]. Such analysis
could also help determine the X+Y threshold, bey-
ond which modifications to Gee would be necessary
to induce a bifurcation. Given all that, it is important
to clarify that the limitation of the current model to
present long-lasting effects does not negate the poten-
tial for such effects in our approach in vivo.

4.1.3. Increasing model complexity
As previously mentioned, it may be necessary to use
a more intricate model to refine the stimulation and
control its effects, thus improving the chances of suc-
cess of this method in an in-vivo setting. The CTM,
while capable of replicating various brain states and
phenomena effectively, is inherently simplistic [26].
A more sophisticated model has the potential to offer
a more accurate representation of both DoC and

17



J. Neural Eng. 22 (2025) 036033 D Polyakov et al

healthy brains in terms of the desired bifurcations and
neural plasticity. For instance, whereas the CTM is
adequate for modeling typical sleep stages and wake-
fulness, unconventional arousal conditions like jet
lag or caffeine intake necessitate the incorporation
of additional dynamics and bifurcations. This can
be achieved by establishing connections between the
brainstem and hypothalamus with the CTM to drive
transitions between different states, as demonstrated
by Phillips et al [44, 58].

Furthermore, integrating additional brain regions
into the CTM and enhancing the model resolu-
tion by subdividing its components would expand
the scope of modeled stimulation techniques, facil-
itate targeted stimulation modeling, and potentially
streamline the application of such stimulations more
effectively. Specifically, incorporating the vagus nerve
and the brainstem into the CTM would enable sup-
port for VNS. Segmenting the cortex into multiple
populations would aid in modeling focused stimu-
lation of specific brain networks as commonly prac-
ticed in rTMS and tACS.With detailed networkmod-
eling, which may encompass multiple cortical areas,
various nuclei and ganglia (as in the case of a stimu-
lation model for Parkinson’s disease [34]), the most
effective stimulation sites can be accurately identi-
fied, thereby guiding the placement of electrodes for
a targeted DBS, or instead opting to apply a wide-
angle rTMS [9, 11, 20]. Additionally, it allows for the
simultaneous stimulation of different brain areas and
for exploration of how stimuli propagate through the
brain.

Another important motivation is related to the
etiology of the DoC state. DoC can arise from diverse
causes such as traumatic brain injury, anoxia/hyp-
oxia, ischemic/hemorrhagic stroke, intoxication, and
more [1]. Consequently, each DoC patient may
present with a distinct etiology characterized by brain
lesions, disrupted structural and functional con-
nectivity, spatial variations in the cortex, and other
factors. Given that stimulation is typically applied
to healthy brain regions [82], modeling these spe-
cific pathologies is essential to tailor patient-specific
stimulation.

Finally, to integrate our stimulus-derivation
method into brain stimulation therapies like DBS
or tACS, we must provide a model for them. This is
necessary because these therapies involve construct-
ing and transmitting stimuli in the form of electric
currents or magnetic fields, whereas in our method
the applied stimulus is represented as a firing rate
ϕstim(t). The model needs to encompass paramet-
ers for constructing the signal for different stimula-
tion protocols, modulatory effects of the mediums
it propagates through, its influence on the neural
activity of the target population (i.e. its translation
to ϕstim(t)), and additional side effects like tissue

heating that may impact subsequent stimuli signals.
Constructing such amodel is possible within theNFT
framework, as partially demonstrated in previous
studies for DBS and rTMS [32, 34]. Such a model can
also be created for non-electromagnetic therapies like
low-intensity focused ultrasound pulsation, recently
used as a therapy for DoC [6, 7, 83].

4.1.4. Sample size of participants
This study serves as a proof-of-concept for a novel
method of personalized stimulus signal construction.
We introduced its deterministic mathematical found-
ation and tested it on two DoC patients and four
healthy subjects. However, the CTM is a complex
dynamical system with multiple instabilities (besides
X+Y). CTMs with individually fitted parameters,
when subjected to various perturbations, may exhibit
unexpected behaviors across different patients [27,
28, 56]. Therefore, to ensure robustness, enhance stat-
istical power, and refinemodeling constraints, further
testing on a larger cohort is essential.

Additionally, testing more patients is neces-
sary to determine how the stimulation effects vary
across different DoC states. Here we already evid-
enced that stimulation in an MCS patient model
triggered a bifurcation, whereas the UWS patient
model required destabilization to achieve a similar
effect (see figure 7).However, previous studies suggest
that no single NFT parameter, including individual or
combined XYZ values, reliably distinguishes between
UWS andMCS states [29, 30]. Conversely, it was chal-
lenging to determine whether the spectral correla-
tion results were significantly different between the
two DoC states. Thus, further research with addi-
tional subjects is needed to investigate these aspects
in greater detail.

4.2. Practical adaptations for in-vivo application
4.2.1. Integration with brain stimulation therapies
We plan to incorporate our stimulation approach
into DBS, rTMS, and tACS brain stimulation ther-
apies, however, as mentioned above, we first need to
develop models for them. Then, we can invert these
models to determine the stimulation protocols and
their parameters based on ϕstim(t). The precise mech-
anisms underlying the effects of these stimulation
modalities on neurons are still under investigation
[19, 84, 85]. However, we can broadly model DBS
and rTMS as spike-like signals with a firing rate
of Fr(t) = ϕstim(t) and tACS as an electric poten-
tial V(t) = ϕstim(t). Consequently, in DBS and rTMS,
ϕstim modulates the stimulation frequency (akin to
an FM radio) through the alteration of inter-pulse
intervals, whereas in tACS, it directly determines the
signal.
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The configuration of the stimulation parameters
should be based on both ϕstim(t) and clinical require-
ments. Fine-tuning the stimulation power and fre-
quency to alignwith individual patient needs and spe-
cificmedical conditions is a standard practice in brain
stimulation therapies, aimed at optimizing treatment
outcomes, while minimizing adverse effects [86–89].
In the proposed models, the chosen stimulation fre-
quency in DBS and rTMS (the ‘carrier’ frequency),
and the direct voltage amplitude in tACS correspond
to the average intensity of ϕstim, regulated by Gex, Giy,
Grz, and Gsw. However, as outlined in the methods
section, the stimulus intensity is predetermined and
should be set according to therapy properties, rather
than vice versa. Therefore, we utilize the tuned stim-
ulation power and frequency to determine the values
of Gex, Giy, Grz, and Gsw.

A potential protocol for integrating our method
intoDBS or rTMS therapies in a clinical setting would
involve the following steps:

1. Compute the stimulus signal ϕstim(t) as described
under ‘Stimulus construction workflow’ in the
methods section.

2. Set up the stimulation therapy following standard
clinical procedures. Adjust stimulation paramet-
ers and the stimulation (‘carrier’) frequency Fc in
particular, based on the patient’s condition and
needs.

3. Calculate the intensity factor B= Fc
⟨ϕstim(t)⟩ . This

step is equivalent to determiningGex,Giy,Grz, and
Gsw (using the equations in table 2).

4. Modulate the stimulation frequency according to
F(t) = B ·ϕstim(t).

For tACS therapy, the protocol is similar, but the
adjusted parameter is the direct voltage amplitudeV0

instead of Fc. Thus, the transmitted stimulation signal
is given by: V(t) = B ·ϕstim(t) = V0

⟨ϕstim(t)⟩ϕ
stim(t).

4.2.2. Sensory input phase acquisition
As outlined in equation (21), the thalamic sensory
input phase ∠ϕdoc

n (ω) is necessary for the calcula-
tion of ϕstim. We demonstrated that when Phlt(ω)⩾
Pdoc(ω), it is possible to set any arbitrary phase
instead of ∠ϕdoc

n (ω) during the stimulus calcula-
tion. However, when this condition is not met, pre-
cise knowledge of the sensory input phase becomes
crucial.

Theoretically, acquiring the sensory input phase
would require measuring the activity of all the
thalamic afferent neurons, which is not feasible with
present technology. Nonetheless, strides have been
made in this direction, such as estimating the phase
from population activity and synchronizing DBS sig-
nals with neural activity formore efficient Parkinson’s

disease treatment [90]. Alternatively, selecting a high-
power Phlt could circumvent this obstacle.

4.2.3. Closed-loop stimulation
Ourmethod can be combined with closed-loop stim-
ulation, a paradigm for personalizing neuromod-
ulation that has made a lot of progress in recent
years. Grounded in control theory, closed-loop brain
stimulation involves the continuous monitoring of
brain activity, providing real-time feedback to adjust
stimulation parameters. This approach has signific-
antly improved therapies like DBS, rTMS, and tDCS,
enhancing response rates and reducing outcome vari-
ability for conditions such as Parkinson’s disease, epi-
lepsy, depression, and DoC [83, 91–93].

In our method, real-time closed-loop feedback
can maintain the patient’s power spectrum at the
desired level during stimulation. Any deviations will
dynamically adjust the intensity of ϕstim through the
parameters Gex, Giy, Grz, and Gsw. These adjustments,
in turn, will regulate the ‘carrier’ frequency or the dir-
ect voltage amplitude, depending on the specific stim-
ulation therapy used.

In order to fully adapt the stimulus for real-time
closed-loop feedback, the model parameters need to
exhibit temporal variability, i.e. representing plas-
ticity effects. Without this adaptation, our current
stimulus construction method does not allow para-
meters to be updated in real-time during stimulation,
as the available feedback biomarker is the resting-
state EEG spectrum, obtained when stimulation is
off, possible only between therapy sessions. Temporal
variability in parameters will transform the power
spectrum into a dynamic equation that integrates
feedback inputs. This also suggests that real-time
closed-loop feedbackwill enhance the performance of
models incorporating plasticity compared to periodic
updates every few minutes.

4.2.4. Brain–computer interface paradigms
A promising way to enhance the proposed stimu-
lation method is by incorporating brain–computer
interface (BCI) paradigms. BCIs capture and inter-
pret neural activity while users engage in spe-
cific tasks, enabling control over external devices
and artificial limbs, or communicate non-verbally.
Common EEG-based BCI paradigms, such as P300
or motor imagery, have proven effective in dia-
gnosing and assessing the prognosis of DoC by
measuring patient communication and engagement
with their environment [94–96]. Performance met-
rics from these paradigms can be used to evaluate
awareness and covert responsiveness during and after
stimulation, providing real-time feedback for adjust-
ing stimulation parameters in a closed-loop system.
This integration also provides a framework for track-
ing long-term progress and ultimately improving
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the prognosis for DoC patients [97]. Furthermore,
BCI-based neurofeedback training can complement
our stimulation method as a rehabilitation strategy,
helping patients gradually regain voluntary control
over brain activity and enhancing neuroplasticity-
driven recovery. A similar approach has demon-
strated substantial success in motor rehabilitation for
stroke patients, where motor imagery training com-
bined with functional electrical stimulation signific-
antly improvedmotor function [98]. Finally, NFT has
previously been applied to enhance motor imagery,
further supporting the feasibility of combining the
proposed stimulation method with BCI [99].

4.3. Further applications and extensions
As we previously mentioned, our proposed approach
offers versatility and can be adapted to various spec-
tra and applied to different brain regions modeled
by NFT. It is evident from the calculations of the
stimulus derivation, that they can be applied to
any two individuals, regardless of their medical
condition. Essentially, with the EEG power spec-
tra of two individuals, we can construct a stimu-
lus signal that will cause person #1 to induce the
power spectrum of person #2, for as long as the
stimulus is applied, as demonstrated in figure 8.
The only constraint is imposed by the availabil-
ity of a sensory input phase, required for cases
when P#2(ω)< P#1(ω). Moreover, NFT models
can be fitted to power spectra acquired through
other neuroimaging techniques such as magneto-
encephalography and intracranial electroenceph-
alography, in addition to electroencephalography
[26]. Therefore, the potential application of our
method extends beyond DoC, making it suit-
able for addressing a broad range of medical con-
ditions across diverse imaging and stimulation
settings.

Furthermore, as stated above, the model can be
expanded by incorporating additional brain regions
and stimulating them as desired [34]. For instance, we
can create personalized stimuli for DBS treatment for
depression, where remission rates are just above 50%.
This extension would involve modeling the limbic
system and stimulating regions like the striatum and
subgenual cingulate cortex. Although the equations
will differ, the core approach remains consistent, with
the use of Pdepression in place of Pdoc. Our method has
significant potential to improve treatment outcomes
by enhancing the longevity of therapeutic effects and
aiding in target selection [100, 101].

Finally, it would be intriguing to investigate
whether, by toggling between Phlt and Pdoc (and
accounting for sensory input phase ∠ϕdoc

n (ω)), one
could induce a reversible anesthesia-like state in a
healthy subject. This exploration could shed light on
the potential for this method tomodulate brain activ-
ity across various physiological and altered states.

5. Summary

In this research, we introduced a novel computa-
tional method aimed at modulating brain activity
in patients with DoC. Our approach focused on
constructing a stimulus signal that could induce a
healthy-like neural activity pattern in these patients.
To achieve this, we utilized a simplified brain model
based on NFT and adapted it to reproduce the
power spectrum of DoC patients. The core idea
of our method involved fitting this NFT model
to the power spectrum of the patients and, sub-
sequently, using the power spectrum of healthy sub-
jects to derive stimulus time series. By applying the
derived signal to brain regions typically targeted by
therapies like DBS, rTMS, and tACS, we demon-
strated that our stimuli induced EEG power spec-
tra resembling those of healthy individuals. We spec-
ulate that once the brain produces a healthy-like
activity, both use-dependent and homeostatic plasti-
city mechanisms are triggered, potentially leading to
long-lasting changes and improvement in a patient’s
consciousness level compared to current stimulation
approaches.

While our results provide promising insights
into the potential of this approach, several critical
considerations and avenues for future exploration
should be noted. Firstly, the development of vari-
ous stimulation therapy models needs to be pur-
sued and integrated with the proposed NFT model
to bridge the gap between theoretical frameworks
and practical applications. Moreover, the implement-
ation of our method in clinical settings requires com-
prehensive validation and a thorough comparison
with the outcomes of existing stimulation proto-
cols to ensure its efficacy and safety. Key questions
include whether the computational model accur-
ately represents the complexity of the DoC brain
and whether the assumption that a healthy-like
power spectrum implies consciousness holds true
in vivo.

Additionally, we discussed the importance of test-
ing more complex models to capture the intricate
nature of DoC and to enable targeted stimulation.
Detailed models could help determine optimal stim-
ulation locations and patterns, thereby enhancing the
efficacy of brain stimulation therapies. Furthermore,
understanding the specific etiology ofDoC in an indi-
vidual patient and modeling those associated patho-
logies may be crucial for personalized stimulation
strategies.

It is important to emphasize the generalizability
of our stimulus derivation technique, as its compu-
tations are deterministic and adaptable to any pair
of subjects with different power spectra. The only
constraint in certain cases is the availability of sens-
ory phase information. Therefore, this technique can
be tailored to address other pathologies treated with
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brain stimulation beyond DoC, opening up a multi-
tude of potential avenues for exploration.

In conclusion, our research provides a proof-
of-concept computational framework for designing
patient-specific brain stimulation therapies. While
further research specifically aiming at clinical trans-
lation is needed, this method holds promise for
improving the outcomes of future neuromodulation
therapies for DoC patients and could be extended to
treat other conditions amenable to brain stimulation
interventions.
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