
Investigating brain network dynamics in state-dependent stimulation: A 
concurrent electroencephalography and transcranial magnetic stimulation 
study using hidden Markov models

Saeed Makkinayeri a, Roberto Guidotti a,b , Alessio Basti h, Mark W. Woolrich c,d,  
Chetan Gohil c,d, Mauro Pettorruso a,b, Maria Ermolova f , Risto J. Ilmoniemi e,  
Ulf Ziemann f,g , Gian Luca Romani b, Vittorio Pizzella a,b,1 , Laura Marzetti b,h,*,1

a Department of Neuroscience, Imaging and Clinical Sciences, G. d’Annunzio University of Chieti-Pescara, Chieti, Italy
b Institute for Advanced Biomedical Technologies, G. d’Annunzio University of Chieti-Pescara, Chieti, Italy
c Oxford Centre for Human Brain Activity, Wellcome Centre for Integrative Neuroimaging, University of Oxford, Oxford, United Kingdom
d Department of Psychiatry, Warneford Hospital, Oxford, Oxford, United Kingdom
e Department of Neuroscience and Biomedical Engineering, Aalto University, Espoo, Finland
f Department of Neurology & Stroke, University of Tübingen, Tübingen, Germany
g Hertie Institute for Clinical Brain Research, University of Tübingen, Tübingen, Germany
h Department of Engineering and Geology, G. d’Annunzio University of Chieti-Pescara, Pescara, Italy

A R T I C L E  I N F O

Keywords:
Resting state networks
Electroencephalography
Transcranial magnetic stimulation (TMS)
Motor evoked potential (MEP)
Corticospinal excitability
Network-based stimulation

A B S T R A C T

Background: Systems neuroscience studies have shown that baseline brain activity can be categorized into large- 
scale networks (resting-state-networks, RNSs), with influence on cognitive abilities and clinical symptoms. These 
insights have guided millimeter-precise selection of brain stimulation targets based on RSNs. Concurrently, 
Transcranial Magnetic Stimulation (TMS) studies revealed that baseline brain states, measured by EEG signal 
power or phase, affect stimulation outcomes. However, EEG dynamics in these studies are mostly limited to 
single regions or channels, lacking the spatial resolution needed for accurate network-level characterization.
Objective: We aim at mapping brain networks with high spatial and temporal precision and to assess whether the 
occurrence of specific network-level-states impact TMS outcome. To this end, we will identify large-scale brain 
networks and explore how their dynamics relates to corticospinal excitability.
Methods: This study leverages Hidden Markov Models to identify large-scale brain states from pre-stimulus source 
space high-density-EEG data collected during TMS targeting the left primary motor cortex in twenty healthy 
subjects. The association between states and fMRI-defined RSNs was explored using the Yeo atlas, and the trial- 
by-trial relation between states and corticospinal excitability was examined.
Results: We extracted fast-dynamic large-scale brain states with unique spatiotemporal and spectral features 
resembling major RSNs. The engagement of different networks significantly influences corticospinal excitability, 
with larger motor evoked potentials when baseline activity was dominated by the sensorimotor network.
Conclusions: These findings represent a step forward towards characterizing brain network in EEG-TMS with both 
high spatial and temporal resolution and underscore the importance of incorporating large-scale network dy
namics into TMS experiments.

1. Introduction

Systems neuroscience studies have shown that baseline brain activity 
involves a coordinated interplay among different regions within various 

brain networks. These networks have primarily been identified with 
functional Magnetic Resonance Imaging (fMRI) [1–4], but also with 
Near Infrared Spectroscopy [5,6], Magnetoencephalography (MEG) [7,
8], and Electroencephalography (EEG) [9]. In fMRI, baseline brain 
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networks have been denoted as Resting State Networks (RSNs) [1,4,10], 
and have been shown to support a broad range of cognitive functions 
[11,12]. Alteration or disruptions in RSNs are frequently linked to 
clinical symptoms observed in conditions such as depression [13,14], 
schizophrenia [15,16], neurodegenerative diseases [17,18], aging [19,
20], and stroke [21–24]. These findings have also played a crucial role in 
the design of rehabilitation protocols and in assessing behavioral re
covery [25,26].

Along this line, recent advances in brain stimulation have relied on 
fMRI defined RSNs for target selection for both invasive [27,28] and 
non-invasive procedures [29–31] with high spatial resolution. This 
precision seems critical for enhancing the effectiveness of Transcranial 
Magnetic Stimulation (TMS) [30,32]. In parallel, concurrent EEG and 
TMS (EEG-TMS) have provided evidence that treatment efficacy is also 
linked to temporal aspects of the stimulation [33,34].

Indeed, EEG-TMS studies have shown that the brain states at the time 
of stimulation have a significant impact on the TMS outcome [35,36]. 
For instance, the amplitude of motor-evoked potentials (MEPs) evoked 
by the stimulation of the primary motor cortex, a measure of cortico
spinal excitability, is closely linked to both power [34,37] and phase 
[35,36,38] of the μ-rhythm. Nevertheless, most of what has been said on 
the relation between brain state and stimulation outcome derives from a 
definition of brain state that relies on local/regional properties, i.e., 
signals from specific regions or EEG channels, usually near the stimu
lation site. This narrow focus restricts our ability to grasp the broader, 
more complex interactions occurring across large-scale brain networks.

Functional connectivity approaches with EEG have only very 
recently been used as brain-state indicators for stimulation timing [39,
40]. Nevertheless, EEG functional connectivity studies have been 
limited to sensor-level data with focus on few a priori selected elec
trodes, thus exhibiting limited spatial accuracy compared to fMRI 
network-based stimulation studies.

To leverage the high temporal resolution of EEG-TMS, and, at the 
same time to exploit the network-based stimulation approach, studies 
based on high-density EEG and data-driven network analysis approaches 
are desirable. A promising strategy is to adopt a Hidden Markov Model 
(HMM) approach [8,41] to extract large-scale brain states and examine 
their role in modulating TMS responses.

HMMs have been applied across various neuroimaging modalities, 
including, MEG [7,8], fMRI [2,42] and EEG [43,44] to characterize 
large-scale brain network dynamics. So far with EEG-TMS data, HMMs 
applied to the EEG part have been used to extract the burst of neuronal 
oscillations within motor areas [45] as well as to transfer large-scale 
brain states from resting-state EEG into EEG-TMS data [46]. Addition
ally, these studies have explored state-locked modulations of brain os
cillations, as a proxy for cortical excitability. While these studies have 
importantly shown the feasibility of using an HMM-based approach to 
investigate states-locked modulations of cortical excitability, none of 
them extracted whole-brain HMM derived brain states from EEG-TMS. 
More importantly, none of them related HMM output to brain net
works and, specifically, to fMRI defined RSNs in order to fill the gap 
between what is currently known of network-based stimulation target
ing and of stimulation timing based on brain-state dynamics.

In this study, we extracted broadband large-scale transient brain 
states, using HMM, from high density EEG data recorded simultaneously 
to TMS in the time interval prior to the stimulation of the left primary 
motor cortex, while measuring Motor Evoked Potentials (MEPs) at the 
contralateral hand. For this purpose, we identified brain states from 
source reconstructed pre-stimulus segments of EEG-TMS data. The as
sociation between the inferred states and RSNs was explored using the 
Yeo atlas as a reference. Moreover, we examined how the occurrence of 
HMM derived large-scale networks before the stimulation relates to 
corticospinal excitability, comparing the temporal and spectral charac
teristics of states to understand the relationship between brain dynamics 
and modulations of MEP amplitude.

2. Material and methods

A schematic version of the materials and methods is provided in 
Fig. 1 and a detailed description in Supplementary Material S1.

2.1. Participants and experiment

EEG-TMS data were acquired at the University of Tübingen in a 
group of 20 right-handed individuals (12 females, 8 males; age: 27 ± 4 
years, M±1SD). None of the participants had any prior history of 
neurological and/or psychiatric disorders. All participants gave written 
informed consent and completed the protocol. The study was approved 
by the ethical committee of the Medical Faculty of the University of 
Tübingen (716/2014BO2) and was conducted in accordance with the 
Declaration of Helsinki.

In a EEG-TMS setup, EEG data were acquired with a 128-channel cap 
with a sampling rate of 5 kHz. Biphasic pulses were delivered through a 
figure-of-eight-coil to the hand representation of left primary motor 
(M1) area with posterior-lateral to anterior-medial orientation. EMG 
signals were recorded simultaneously at 5 kHz from the abductor pollicis 
brevis (APB) and the first dorsal interosseous (FDI) muscles of the right 
hand in a bipolar belly-tendon montage.

In 12 subjects, the experiment was divided into four sessions with a 
total of 300 pulses delivered in each session (i.e., 1200 in total per 
subject) and the interstimulus interval was set to 3.00 ± 0.50 s; whilst, 
in the rest of the cohort, used also in Refs. [40,47], the experiment was 
done all at once by delivering either 1000 or 1200 pulses (in 3 and 5 
subjects, respectively) with interstimulus interval of 2.00 ± 0.25 s. The 
stimulation intensity was set at 110 % of resting motor threshold [48] 
for each participant (see supplementary S1.1).

2.2. Preprocessing EEG and EMG

This step involved preprocessing of pre-stimulus part of EEG-TMS 
data (from − 1500 to − 10 ms time-locked to TMS) and extracting 
peak-to-peak MEP amplitudes from the EMG data (see supplementary 
S1.2).

2.3. Source reconstruction

The source model corresponded to a three-dimensional 6-mm-spaced 
grid in the Montreal Neurological Institute (MNI) space (9270 vertices). 
Spatial filters were obtained through the solution of the inverse problem 
using a scalar array-gain Linearly Constrained Minimum Variance 
(LCMV) beamformer [49]. The estimated spatial filters were applied to 
the EEG sensor data to obtain the source activity for an isotropic grid of 
dipoles spaced 6 mm apart (see supplementary S1.3).

2.4. Parcellation, leakage correction and dipole alignment

To reduce the dimensionality of dipole time courses, a parcellation 
scheme was applied using the AAL atlas [50]. Seventy-eight parcels were 
used to cover the entire cortical surface (Supplementary Material Table 
S1) [53,54]. Principal component analysis was applied to the dipole 
time courses assigned to a parcel. A symmetric orthogonalization tech
nique [51] was then applied to the parcel time courses to reduce the 
possibly artefactual zero-lag coupling among them.

Moreover, a random search algorithm [55] was used to align the sign 
of the parcel time courses across subjects (see supplementary S1.4).

2.5. State inference through hidden markov models

An HMM approach was used to characterize the brain states at group 
level by isolating distinct spatiotemporal patterns of neuronal oscilla
tions in the parcel signal [56].

For each subject, we concatenated data across trials and then 
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standardized (z-transformed) the parcel-level pre-stimulus time courses. 
We used the time-delayed embedded (TDE)-HMM, which is capable of 
detecting fast transient brain states that are characterized by distinct 
spectral properties [8]. Moreover, we used stochastic variational infer
ence to train the HMM on the TDE data [57] (see supplementary S1.5).

After training, the Viterbi algorithm was used to obtain the brain 
state time series indicating the brain state occurring at each time-point 
[7]. Temporal summary measures of the states, such as fractional oc
cupancy (FO), lifetime, and interval time were extracted from the 
inferred state time series [7]. FO was determined by calculating the 
proportion of time a state was observed, whereas lifetime and interval 
time quantify the consecutive occurrences of a state and the duration 
between its reappearance after transitioning to another state. States 
identified by the TDE-HMM approach will be, in the following, termed 
Fast-Dynamic Large-Scale Brain States (FLBSs) in line with Marzetti 
et al., 2024b [58].

2.6. Identification of the number of FLBSs and their robustness

Choosing the optimal number of FLBSs is a fundamental preliminary 
step. Two metrics, reproducibility of HMMs [8,42,44] and avoidance of 
sporadic FLBSs [42], were used to assess this number. The former means 
that the same FLBSs can be observed across different repetitions, while 
the latter favors FLBSs that appear more often over time and subjects.

Furthermore, control analyses were performed to check subject- 
dependency of the detected FLBSs, since this dependency could affect 
the inference process [8,42] (see supplementary S1.6).

2.7. Spectral analysis

Spectral features of FLBSs were analyzed by employing a multi-taper 
approach (see Ref. [55] for details) to calculate the power spectral 
density (PSD) and orthogonalized coherence magnitude, referred to as 
coherence (COH) in following, spectrum across a frequency range of 
3–30 Hz. We then averaged these values within specific frequency bands 
of interest—broadband (3–30 Hz), theta (3–8 Hz), alpha (8–13 Hz), and 

beta (13–30 Hz)—to determine the power and coherence characteristics 
of the FLBSs in these bands.

2.8. Correspondence of FLBSs to canonical Resting State Networks

To quantify the similarity between our FLBSs and canonical RSNs, we 
used the Dice Overlap Coefficient (DOC), ranging from 0 (no spatial 
correspondence) to 1 (total spatial correspondence) as implemented in 
the Network Correspondence Toolbox [59]. The Yeo atlas [52] served as 
the reference template (see supplementary S1.8).

2.9. Statistical analyses

Statistical differences between lifetime, interval time and FO of the 
brain FLBSs were investigated separately using one-way repeated mea
sure of ANOVA (rmANOVA).

The FLBSs duration at the time of stimulation was divided into two 
groups based on the median value: short- and long-lasting FLBSs. A two- 
way rmANOVA was conducted to examine the effects of FLBSs (nine 
levels: FLBS1-FLBS9) and the duration of FLBSs (two levels: short-lasting 
and long-lasting) on MEP amplitude. The aim was to determine whether 
significant differences in MEPs existed due to the occurrence of specific 
FLBSs and the duration of FLBSs at the time of stimulation, as well as to 
explore interactions between the FLBS visit durations and occurrences 
(see supplementary S1.9).

3. Results

Our approach to estimate the number of FLBSs, based on having a 
reproducible model alongside limiting visits to sporadic FLBSs, resulted 
in inferring nine FLBSs (Supplementary Fig. S1). Further, subject-de
pendency analysis confirmed that the extracted FLBSs are robust to 
subject variability (Supplementary Fig. S2).

Fig. 1. Diagram of the analysis pipeline. First, the pre-stimulus part of EEG-TMS data was extracted and then preprocessed. Source time series were obtained using 
the Linearly Constrained Minimum Variance (LCMV) beamforming technique [49]. Parcellation was applied to the source dipoles using the Automated Anatomical 
Labelling (AAL) atlas [50]. To compensate for volume conduction effects, a symmetric orthogonalization approach [51] was employed. Afterwards, source polarities 
were aligned across subjects. HMM was trained with a pre-defined number of states, and state sequences were extracted. States power topographies were compared to 
RNSs of the Yeo atlas [52]. A unified measure of corticospinal excitability was derived from MEP amplitudes of both the right FDI and APB muscles using the first 
principal component. Finally, the effects of pre-stimulus brain states on corticospinal excitability were assessed using rmANOVA.
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3.1. TDE-HMM identifies distinct resting-state networks in pre-stimulus 
EEG-TMS

The large-scale spatial distributions of broadband power and 
coherence, for six out of the nine estimated FLBSs (i.e. brain states) are 
displayed in Fig. 2. Supplementary Fig. S3 provides information on the 
power and coherence of the remaining FLBSs.

The six FLBSs exhibit distinct and bilaterally symmetric patterns of 
power and coherence across cortical areas, except for FLBS1. FLBS1 
represents a network predominantly activated in the right hemisphere, 
including the superior medial frontal, inferior frontal, middle frontal, 
and superior temporal regions. This topography aligns with Default 

Mode Network (DMN) and Control Network (CN). FLBS2 encompasses 
the medial and inferior frontal regions (IFG), middle temporal gyrus 
(MTG), temporal pole (TPO), and the anterior and posterior cingulate 
gyri (ACG and PCG), overlapping with DMN.

FLBS3 is characterized by bilateral precentral (PreCG) and post
central gyrus (PoCG) nodes, aligning with the Sensorimotor Network 
(SMN). FLBS4, dominated by activation in the precuneus (PCUN), su
perior parietal gyrus (SPG), and middle visual cortex, is associated to 
Visual Network (VN). FLBS5 includes contributions from the parietal 
regions, PreCG, and PoCG, suggesting similar pattern to Dorsal Attention 
Network (DAN). Finally, FLBS6 captures activation in the visual cortex 
and overlaps with VN.

Fig. 2. Spatial broadband power and coherence of the six FLBSs (i.e. brain states). The positive values in the power map indicate values above the FLBS average 
power across parcels, while negative values are below this average. For visualization, only the top 40 % of positive and negative values are shown. For coherence, the 
strongest FLBS connections were identified using a two-component Gaussian mixture model and the top 1 % of FC values from the higher mean Gaussian are shown. 
The thickness of the lines indicates the relative strength of the connections, while the size of the nodes is the relative degree measure (see supplementary S2). FLBS1 
represents DMN and CN; FLBS2 overlaps with DMN; FLBS3 corresponds to SMN. Both FLBS4 and FLBS6 are associated with VN, while FLBS5 overlaps with DAN. 
DMN = Default mode network, CN = Control network, VN Visual network, DAN = Dorsal attention network.
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3.2. Differences in temporal characteristics of FLBSs highlight a short- 
lived and reoccurring nature of brain dynamics

Brain dynamics are characterized by temporal features such as life
time, interval time, and FO (Fig. 3A–C). The average lifetime signifi
cantly differs among the FLBSs (F(3.45,65.7) = 13.50, p < 0.001), ranging 
from 78.9 ms in FLBS7 to 135.4 ms in FLBS9, with the total average 
lifetime of 99.7 ms, indicating that the FLBSs are generally short-lived. 
Differences in the interval times between FLBSs are also significant 
(F(3.09,58.87) = 77.72, p < 0.001). The total average interval time of FLBSs 
is 0.9 s, while they vary from 0.4 s in FLBS1 to 2.9 s in FLBS2, show
casing the reoccurring nature of FLBSs. Additionally, FLBSs exhibit 
significantly different FO (F(3.42,64.98) = 6.82, p < 0.001). FLBS2 displays 
the lowest average FO at 3.7 %, whereas FLBS9 has the highest at 16.7 
%. The distribution of FO across subjects (Fig. 3D) indicates that 
maximum FO ranges from 19.2 % to 50.1 %. Meanwhile, minimum FO 
across subjects range from 1.0 % to 4.5 %, demonstrating that all FLBSs 
are present in all subjects and are not biased by subject differences.

3.3. FLBSs exhibit different spectral and connectivity signatures

Fig. 4A–B illustrate the average PSD and COH across brain regions at 
all the frequencies. The black line and shaded areas represent the mean 
and standard error across all FLBSs. The average PSD and average COH 
of the remaining FLBSs are depicted in Supplementary Fig. S6. Addi
tionally, due to the importance of PreCG, which is the stimulation site in 
our study, a detailed assessment of PSD and total COH in both the left 
and right PreCG are depicted in Fig. 4C–F.

FLBS2, primarily dominated by theta oscillations, stands out with the 
highest average power and coherence across all the frequency bands 
except for coherence in the alpha band. Moreover, FLBS6 demonstrates 
above-average power and the highest coherence in the alpha band. The 
average PSD of FLBS1 characterized by theta frequency, while its 
average COH peaks in the early alpha rhythms (~8Hz). The average PSD 
and COH of the remaining three FLBSs predominantly exhibit alpha 
oscillations. Notably, FLBS5 and FLBS1 have the lowest average power 

and coherence in the three frequency bands, respectively.
FLSB3 demonstrates the highest power within the alpha and beta 

frequency bands bilaterally in PreCG (Fig. 4C–E). Conversely, FLBS2 
exhibits the highest power in the theta band. On the other hand, FLBS6 
displays the lowest power within both regions in the theta and beta 
bands, while FLBS1, FLBS5, and FLBS6 exhibit nearly identical, lowest 
power levels in the alpha band. FLBS2 exhibits stronger total coherence 
in the theta and beta rhythms across both gyri (Fig. 4D–F). However, the 
highest total coherence in the alpha band is observed in FLBS3 within 
the left PreCG and in FLBS6 within the right PreCG. FLBS1 displays the 
lowest total coherence for both regions across all frequency bands.

3.4. Brain states characteristics show relationship with corticospinal 
excitability

For each FLBS (i.e. brain state), we tested the hypothesis that the rate 
of FLBS occurrence and the duration of FLBS visit, impacts MEP 
amplitude at the time of stimulation, using a two-way repeated measures 
ANOVA (rmANOVA). We also tested the impact of the interaction be
tween the rate of occurrence and duration. To test the impact of the 
duration of FLBS visits, we divided all the trials into two groups based on 
the median duration (80 ms): long-lasting (larger than the median) and 
short-lasting (80 ms or less) (Fig. 5A). A significant main effect of FLBSs 
on MEPs is observed (F(8,152) = 2.05, p < 0.01, η2 = 0.10), Although the 
other main effect, the FLBS visit duration, does not yield significant 
difference in MEP amplitude (F(1,19) = 2.01, p > 0.05, η2 = 0.10). The 
interaction effect between FLBSs and the FLBS visit duration is signifi
cant, F(8,152) = 2.06, p < 0.05, η2 = 0.10. The post-hoc analysis (paired- 
sample t-tests) of the main effect of FLBSs (Fig. 5B) indicates that there is 
a significant difference between FLBS3 (M±1SE, 7.24 ± 2.31 %) and 
FLBS4 (M±1SE, − 9.89 ± 2.85 %) (t = 4.75, p < 0.01). No significant 
difference between short-lasting FLBSs is found (Fig. 5C). However, 
MEPs modulated by long-lasting FLBS3 (M±1SE, 14.55 ± 3.99 %) are 
significantly larger in average than the ones modulated by long-lasting 
FLBS4 (M±1SE, − 13.02 ± 3.69 %) (t = 5.24, p < 0.01) (Fig. 5D). The 
other significant difference is seen between long-lasting FLBS3 and long- 

Fig. 3. (A) Lifetime, (B) interval time, and (C) fractional occupancy (FO). The FLBSs last on average 99.7 ms, while they reoccur every 0.9 s, on average. The average 
FO of the FLBSs vary from 3.7 % up to 16.7 %. (D) indicates that all FLBSs are present in all subjects.

S. Makkinayeri et al.                                                                                                                                                                                                                           Brain Stimulation 18 (2025) 800–809 

804 



lasting FLBS6 (M±1SE, − 7.26 ± 4.42 %), (t = 4.54, p < 0.01). Fig. 5E 
depicts the subject-wise MEP modulations for FLBS3 as a responsive 
FLBS and the average MEPS of FLBS4 and FLBS6 as non-responsive 
FLBSs. In 18 subjects out of 20, FLBS3 indexes larger or equal MEPs 
compared to the average MEPs of FLBS4 and FLBS6, although in two 
subjects, MEP modulations are lower. Additionally, the group-level 
comparison using paired-sample t-tests reveals a significant difference 
between MEPs of long-lasting FLBS3 and the average FLBS4 and FLBS6 
(t = 5.75, p < 0.001).

4. Discussion

Perturbational approaches targeting fMRI-defined networks have 
shown better performance in modulating behavior or symptoms. In 
addition, TMS informed by brain dynamics from EEG has been instru
mental to induce plastic changes in the central nervous system compared 
to non-EEG-informed TMS. Here, we aimed at extracting EEG-networks 
with spatial correspondence to fMRI-networks and with a fast dynamic 
in light of a paradigm shift towards dynamical-network-based stimula
tion. To this end, we delivered TMS to the primary motor cortex, while 
recording high-density-EEG, to investigate peripheral responses in a 
dynamical-network-based stimulation framework. We observe large 
overlap of EEG networks with Default Mode, Dorsal Attention, Senso
rimotor, and Visual networks, and a unique relation to trial-by-trial MEP 
amplitude.

Specifically, we investigated the impact of fast-changing broadband 
large-scale pre-stimulus brain states on corticospinal excitability using 
the TDE-HMM [8]. Our analysis demonstrates that, while there is no 
definitive “correct" number of states - fewer states capture broader as
pects, whereas a higher number reveals more detailed network struc
tures [8,55] - the TDE-HMM could successfully identify nine distinct 
brain states in the pre-stimulus EEG-TMS data with unique spectral, 

temporal, and spatial features. We refer to these brain states as 
Fast-Dynamic Large-Scale Brain States (FLBSs) [58].

The HMM has been used to study brain dynamics in neuroimaging 
contexts, including resting state [2,7,8,57], task-based [55,57,60], sleep 
[42], and burst identifications [43,61]. In this study, TDE-HMM 
revealed transient FLBSs with an average lifetime of 99.7 ms (Fig. 3A), 
which is consistent with MEG studies [8]. Moreover, the average in
terval time of 0.9 s (Fig. 3B), guaranteed the reoccurrence of FLBSs 
throughout the data. The distribution of FO across subjects (Fig. 3D) 
indicates that the identified FLBSs are not biased by between-subject 
differences, suggesting that the model captures dynamic rather than 
static (time-averaged) functional connectivity (FC) patterns [62].

Moreover, each FLBS shows similarities with even more than one 
well-known resting-state networks activity pattern that has been 
observed in fMRI [1,63] (Fig. 2). This might be due to the limiting 
assumption of mutual exclusivity of HMM [8,44,55], positing that only 
one state can occur at any given time. This constraint may amalgamate 
patterns from different networks, preventing the detection of 
co-activation or co-inactivation of multiple states. Alternative methods, 
including Recurrent Neural Networks (RNNs) and Long-Short Term 
Memory, are progressively being applied to capture the intrinsic char
acteristics of brain signals and infer hidden states [80–83]. A recent 
study by Gohil et al. [77] introduced a RNN-based model called DyNeMo 
(Dynamic Network Modes), which relaxes the mutual exclusivity 
constraint and models functional connectivity as a dynamic mixture of 
network modes. Unlike HMM, DyNeMo can capture simultaneous acti
vation of multiple states and long-range temporal dependencies. How
ever, the findings suggest that the assumption of mutual exclusivity 
made by HMM remains valid in practical applications. Future research 
may take advantage of DyNeMo or other approaches to further explore 
alternative state-space models [84], providing deeper insights into the 
temporal dynamics of neural activity and complex brain state 

Fig. 4. (A–B) PSD and COH of the FLBSs averaged across regions. The black line and shaded area denote the overall average and standard deviation. FLBS1 and 
FLBS2 are primarily characterized by theta oscillations (4–8 Hz), while the other four FLBSs predominantly exhibit alpha (8–13 Hz) oscillations. (C–F) PSD and total 
COH of the left and right PreCG are visualized, revealing that FLBS3 shows the highest power in both gyri in the alpha and beta rhythms (13–30 Hz). Additionally, 
FLBS3 demonstrates the highest total coherence in the alpha rhythm of left PreCG.

S. Makkinayeri et al.                                                                                                                                                                                                                           Brain Stimulation 18 (2025) 800–809 

805 



interactions.
Despite this possible limitation, FLBS4 and FLBS6 demonstrate clear 

patterns of activity corresponding to the visual network, characterized 
by alpha rhythm [64,65], while FLBS3 captures SMN alpha and beta 
oscillations, consistent with established studies [66]. FLBS2 exhibits 
behavior akin to DMN, a task-negative network involved in 
self-referential and mind-wandering activities [67,68] with medial 
prefrontal cortex (mPFC) and PCG serving as key regions. This DMN-like 
state is predominantly characterized by theta rhythm, corroborating 
previous research [8]. FLBS5 appears to correspond to DAN, a sym
metric network involving the bi-hemispheric intraparietal sulcus and 
frontal eye fields located in the precentral sulcus [69], oscillating in the 
alpha rhythm. Finally, FLBS1, though less clear, aligns with DMN and 
CN. Given the presence of the right inferior frontal region, it might 
correspond to the inhibitory task of the control executive network [70,
71].

Previous studies have demonstrated that stimulating a region when 
its corresponding large-scale network is active enhances cortical excit
ability. This effect has been observed in large-scale visual, parietal 
networks during TMS [46] as well as in the motor network [72]. These 
studies indicate that stimulation coinciding with the active state of a 
network may lead to increased cortical and corticospinal excitability. 
Our findings corroborate this evidence since we found a statistical de
pendency between large-scale brain networks and corticospinal excit
ability. Specifically, our findings indicate that MEPs are significantly 

larger when the long-lasting SMN (FLBS3) is active at the time of stim
ulation compared to when FLBS4 or FLBS6 are active. This suggests that 
the state of the pre-stimulus neuronal network plays a crucial role in 
modulating corticospinal excitability, highlighting the importance of the 
motor network in enhancing motor responses.

FLBS4 and FLBS6 exhibit enhanced power in visual areas, while 
FLBS3 shows reduced power in the same areas, suggesting an anti
correlation between the motor network and the level of alpha visual 
activity. This is in line with previous studies, showing that alpha power 
in the visual cortex is positively associated with the attention system 
[65], while alpha power decreases with increased attention [66,73], 
potentially explaining the significant difference in MEP amplitudes. 
Additionally, the observed differences in MEPs between short-lasting 
and long-lasting states suggest that the brain may require sufficient 
time to transition into an excitable or inhibitable state. This temporal 
requirement could account for why long-lasting states yield significant 
results in terms of MEP amplitudes.

In a previous proof-of-concept study, we performed an HMM analysis 
in sensor space on eight subjects from this cohort, successfully identi
fying distinct patterns [58]. Among these patterns the sensor-level 
correspondent of the sensorimotor and of the visual networks were 
detected and exhibited a relation to MEP amplitude that is in line with 
the findings reported in the present work. However, given that volume 
conduction may negatively influence sensor-level findings, we here 
pursued a source-level analysis. Given that any approach relying on an 

Fig. 5. (A) Visits to each FLBS at the time of stimulation are categorized into long-lasting and short-lasting groups based on 80-ms-duration. A two-way rmANOVA 
was conducted to investigate the main effects of FLBSs and their visit durations at the time of stimulation, as well as their interaction. (B) The result indicates that 
MEP amplitudes are significantly influenced by FLBSs. Post-hoc analysis revealed a significant difference among FLBS3 (SMN) and FLBS4 (VN). Additionally, the 
interaction between FLBSs and their visit durations significantly affects MEP variability. (C) Post-hoc analysis shows no significant differences among short-lasting 
FLBSs. (D) However, significant differences between long-lasting FLBS3 and FLBS4, as well as between FLBS3 and FLBS6 are observed (*p < 0.01). (E) Subject-level 
average MEP modulations for FLBS4 and FLBS6 and MEPs of FLBS3 (**p < 0.001).
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inverse solution is inherently subject to uncertainties, our source-level 
approach has been optimized through the use of beamformers, parcel
lation, orthogonalization techniques in line with the robust pipeline 
successfully applied in multiple previous studies [57,76–79].

Finally, it should be noted that brain states extracted using the TDE- 
HMM approach capture both power-envelope co-modulations among 
different brain regions and temporal consistency of phase-locking in 
band-limited oscillatory signals [8]. In essence, TDE-HMM identifies 
states based on the two fundamental brain coupling mechanisms: 
envelope-coupling and phase-coupling [74].

In some scenarios, there might be overlap between local measures 
and TDE-HMM state. For instance, a locally high-power state may co- 
occur with a remote high-power state, creating power co-modulation, 
and a corresponding functional state captured by HMM. In another 
case, a specific phase of local oscillations may be mirrored at a distant 
brain region, creating phase-locking, and a corresponding functional 
state captured by HMM. Thus, while TDE-HMM states are fundamentally 
different from local measures, certain conditions may result in over
lapping observations across approaches, with the HMM approach 
embedding also the local feature. For example, in our results, FLBS3 
exhibited high oscillatory power in L PreCG, suggesting that local power 
fluctuations may contribute to its characterization. This aligns with 
prior findings showing that M1 mu-rhythm power is positively associ
ated with corticospinal excitability [34,35,37,75]. Moreover, it has been 
shown that functional connectivity of M1 correlates positively with MEP 
amplitude [39,40], a relationship also observed in our results, as FLBS3 
was associated with stronger connectivity within the motor network. 
This highlights the advantage of the HMM-based approach over tradi
tional single-region EEG markers by integrating both local power and 
broader network dynamics, offering a broader perspective on brain 
state-dependent stimulation.

Future research can leverage the HMM’s ability to capture fast- 
changing brain states to differentiate neural dynamics between pop
ulations, such as healthy individuals and those with neuropsychiatric 
disorders. HMM has already been applied in major depressive disorder 
(MDD), revealing disruptions in brain dynamics [85,86], as well as in 
infants, where perinatal brain injury was found to prolong state lifetimes 
and reduce sleep state flexibility [44]. Additionally, HMM analysis of 
magnetoencephalographic data in multiple sclerosis has provided in
sights into disease-specific and treatment-related changes in 
task-relevant networks [87]. HMM-derived brain state markers could 
help optimize neuromodulation strategies, addressing the variable effi
cacy of rTMS in neuropsychiatric disorders. State-dependent stimula
tion, such as alpha-synchronized rTMS in MDD [88], has shown 
potential in modulating abnormal neural oscillations [89]. Future 
research could further refine brain state identification, optimize stimu
lation timing, and enhance rTMS protocols for improved therapeutic 
outcomes.

Finally, the use of multimodal techniques would allow for a more 
detailed validation of the spatial and temporal characteristics of the 
HMM-derived states. fMRI would provide high spatial resolution to 
identify the specific brain regions involved, while EEG could capture the 
precise timing of neural activity and dynamic interactions. By inte
grating these data [90–92], we could gain a more comprehensive un
derstanding of brain state dynamics, enhancing the robustness of HMM 
and its application in neuromodulation studies.

5. Conclusions

This study demonstrates that the TDE-HMM technique can effec
tively identify large-scale brain states analogous to canonical fMRI 
resting-state networks in the pre-stimulus part of an EEG-TMS experi
ment. The identified states exhibit distinct spatial, temporal, and spec
tral characteristics. Furthermore, we established a significant 
association between fast transient large-scale brain networks and cor
ticospinal excitability. Our findings reveal that MEPs are larger when the 

motor network is more engaged before stimulation, underscoring the 
critical role of the pre-stimulus neuronal state in modulating cortico
spinal excitability. These findings serve as a foundation for state- 
dependent neurostimulation, helping to fill the gap between what is 
currently known of network-based stimulation targeting and of brain 
state dynamics.
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