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Abstract

Stimulation to local areas remarkably affects brain activity patterns, which can be

exploited to investigate neural bases of cognitive function and modify pathological brain

statuses. There has been growing interest in exploring the fundamental action mecha-

nisms of local stimulation. Nevertheless, how noise amplitude, an essential element in

neural dynamics, influences stimulation-induced brain states remains unknown. Here, we

systematically examine the effects of local stimulation by using a large-scale biophysical

model under different combinations of noise amplitudes and stimulation sites. We demon-

strate that noise amplitude nonlinearly and heterogeneously tunes the stimulation effects

from both regional and network perspectives. Furthermore, by incorporating the role of

the anatomical network, we show that the peak frequencies of unstimulated areas at dif-

ferent stimulation sites averaged across noise amplitudes are highly positively related to

structural connectivity. Crucially, the association between the overall changes in func-

tional connectivity as well as the alterations in the constraints imposed by structural con-

nectivity with the structural degree of stimulation sites is nonmonotonically influenced by

the noise amplitude, with the association increasing in specific noise amplitude ranges.

Moreover, the impacts of local stimulation of cognitive systems depend on the complex

interplay between the noise amplitude and average structural degree. Overall, this work

provides theoretical insights into how noise amplitude and network structure jointly modu-

late brain dynamics during stimulation and introduces possibilities for better predicting

and controlling stimulation outcomes.
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Author summary

Despite the extensive application of local stimulation in cognition research and disease

treatments, how regional perturbations alter brain-wide dynamics has not yet been fully

understood. Given that noninvasive stimulation is associated with changes in the signal-

noise relationship, we assume that noise amplitude is one of the plausible factors modulat-

ing the stimulation effects. Using a whole-brain biophysical model under different stimu-

lation sites and noise amplitudes, we explore the influence of noise amplitude on

stimulation effects and, more importantly, the interplay between noise amplitude and net-

work structure. From a regional perspective, noise amplitude reduces the peak frequencies

in unstimulated areas during stimulation. Moreover, we find a high similarity between the

noise-averaged peak frequency matrix and the structural network. From a network per-

spective, we show that the changes in functional connectivity are decreased by noise

amplitude, while the alterations in structural constraints display nonmonotonic trends.

Intriguingly, increasing the noise amplitude in specific ranges can improve the association

between network-level effects and structural degree, promoting better predicting and con-

trolling therapeutic performance. Finally, the behaviors of cognitive systems quantified by

network-level effects are jointly modulated by the noise amplitude and average structural

degree.

Introduction

Complex interactions among brain areas elicit the rich spatiotemporal profiles of neural activ-

ity that underlie human cognition and behaviors [1, 2]. Because the brain is an open system,

typical brain activity patterns are highly influenced by local perturbations, yielding various

dynamical states [3]. For example, sensory inputs can be viewed as local stimulation that

induces neural activity changes in primary areas. These changes subsequently affect the asso-

ciative cortex through neural circuits, enabling sophisticated cognitive processes such as learn-

ing, decision-making and memory [4–6]. In addition, aberrant statuses caused by certain

brain disorders are associated with local perturbations. Specifically, some generalized epileptic

seizures are caused by stimulus-induced abnormal activity in focal areas spreading throughout

the brain [7, 8]. Despite the critical role of local perturbations, how regional stimulation modu-

lates the underlying neural processes has not yet been fully established [9].

Since their inception, artificial stimulation techniques have served as efficient tools that

allow researchers to directly investigate responses to experimentally altered local neural activ-

ity. These methods have been widely used to explore the causal relationship between select

brain regions and cognitive processes or task behaviors [10]. Moreover, they are promising for

the treatment of psychiatric and neurological disorders. Deep brain stimulation (DBS) and

transcranial magnetic stimulation (TMS) are two commonly used techniques. DBS involves

implanting electrodes in specific brain regions and is frequently used for patients with Parkin-

son’s disease, Alzheimer’s disease and dementia [11–13]. The non-invasive TMS utilizes mag-

netic fields to stimulate specific brain areas and is often employed for treating epilepsy, autism

and schizophrenia [14–16]. Revealing the effects of local stimulation may improve our under-

standing of the neurodynamic bases of human cognition and behaviors and facilitate the devel-

opment and utilization of stimulation techniques.

It has been widely accepted that local perturbations not only induce regional modifications

near stimulation sites but also provoke broad system-level impacts [10, 17, 18]. Researchers

have focused on how anatomical connectivity constrains global stimulation effects, given that
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neural activity propagates along white matter bundles. They have found the vital contribution

of macroscale structural properties such as degrees and modules [19, 20]. Moreover, recent

studies have demonstrated that stimulation effects rely on physiological and cognitive states

[21, 22]. Sleep or working memory states generate specific neural activity patterns that differ

from the resting state. These patterns alter the transmission of local stimulation, leading to

changes in the regional power spectra, interregional functional coupling and behavioral per-

formance [23, 24]. Despite these advances, our understanding of brain stimulation remains

incomplete, such as the high variability of stimulation outcomes across subjects [25, 26]. This

suggests that further research is required to understand the fundamental mechanisms underly-

ing how regional activity changes influence brain-wide dynamics. Activity patterns elicited by

stimulation should be jointly modulated by multiple neurophysiological factors. For example,

recent research showed that the response to local perturbations depends on both the stimula-

tion sites and oscillatory states of brain network activity [27]. Nevertheless, most studies have

tended to examine the impact of single elements, thus overlooking other factors that may have

vital influences on network communication and ignoring the essential interplay among these

factors.

Neural noise, including multiple sources such as sensory, cellular and electrical noise,

affects all aspects of the behaviors of the nervous system [28]. On the one hand, neural noise is

thought to hinder information processing and transmission. On the other hand, neural noise

has been found to help maintain and promote brain function, including shaping resting-state

functional networks [29, 30], enhancing neural synchronization [31, 32] and affecting task per-

formance [33, 34]. In addition, previous research has indicated that the brain, as a noisy

dynamical system, manifests subject-specific parameters at various scales, thus producing

diverse outputs [28, 35]. Moreover, a recent study has linked local stimulation to noise ampli-

tude, demonstrating that noninvasive brain stimulation could be viewed as a neural activity

modification that alters the signal-noise relationship [36]. Based on this evidence, we assume

that neural noise is a crucial factor that influences stimulation-induced brain states. However,

how the noise amplitude is related to the global consequences of local stimulation remains

unknown. In particular, despite the previously revealed contribution of network structure, the

interplay between noise amplitude and network structure remains unexplored.

Experimentally examining the effects of local stimulation across different parameters is

impractical, time-consuming and potentially detrimental to participants; however, model-

based numerical simulation offers a powerful approach to investigating these unknown situa-

tions [27, 37–41]. Thus, in the present work, we utilize a whole-brain biophysical model com-

posed of Wilson-Cowan neural masses to systematically explore dynamic brain states at

different stimulation sites under various noise amplitudes. We first select an appropriate global

coupling strength independent of the noise amplitude before stimulation. Then, we evaluate

the stimulation effects by examining the frequencies associated with the maximum values in

the regional power spectrum (peak frequencies), the changes in the functional configurations

(functional effects) and the alterations in the structural constraints on function (structural

effects) [37].

From the regional perspective, we show that the noise amplitude influences the peak fre-

quencies of unstimulated brain areas, shifting the frequencies from higher to lower values.

Moreover, we find a high positive association between the peak frequencies of unstimulated

areas at different stimulation sites averaged across noise amplitudes and the corresponding

structural connectivity, underlining the antagonistic effects of the direct connection strength

and noise amplitude. From the network perspective, we show that functional effects are nonli-

nearly weakened by noise amplitude, while structural effects exhibit trends of first increasing

and then decreasing under specific amplitude ranges. As a result of the heterogeneous impact
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of noise amplitude on stimulation sites, increasing the noise amplitude in specific ranges can

enhance both the Pearson correlation coefficient and the adjusted coefficient of determination

between the functional or structural effects and the structural degree of stimulation sites. The

changes in the noise amplitude can even turn the correlation of structural effects from negative

to positive. Finally, we show that the noise amplitude and system-level average degree jointly

modulate the performance of cognitive systems in terms of functional and structural effects.

The subcortical system with a high average degree exhibits distinct behaviors under various

noise amplitudes from the sensory and association system with a low average degree. In sum-

mary, our study highlights the significance of the coupling between noise amplitude and net-

work structure in modulating the effects of regional stimulation. It provides valuable insights

into the fundamental principles of brain dynamics, potentially facilitating the development of

personalized stimulation techniques and the optimization of therapeutic outcomes.

Methods

General workflow

We utilize a three-step investigation procedure that consists of input data, computational

model and analysis scheme (Fig 1). Briefly, the input data of the procedure include the group-

level structural connectivity matrix, group-level distance matrix and stimulation protocol (Fig

1A–1C). The computational model is illustrated by a single trial involving local perturbation

to the brain network (Fig 1D), the Wilson-Cowan dynamics between brain regions (Fig 1E)

and the main simulations under different combinations of noise amplitudes and stimulation

sites (Fig 1F). Finally, the firing rates of all excitatory populations during 1–2 s and 2–3 s are

extracted as time series before and during stimulation (Fig 1G). The regional power spectra

and functional connectivity matrices are estimated to evaluate the effects of local stimulation

(Fig 1H and 1I).

Input data

We utilize a group-level anatomical brain network mentioned in a previous study [27], which

is derived by implementing deterministic tractography algorithms for diffusion-weighted MRI

of 30 healthy subjects (mean age 26.2 years, the standard deviation 5.7 years, 14 female sub-

jects) [42, 43]. The weighted and undirected structural connectivity matrix of each subject was

generated according to a relatively coarse-grained atlas, which contains 68 cortical areas and

14 subcortical areas [44]. The connection weights are fixed as the number of white matter

streamlines between brain regions normalized by the geometric mean of their volumes and

capture the strength of interactions between brain areas to some extent. The group-level struc-

tural network (Fig 1A) was then constructed by combining all subject-level structural networks

using a consistency-based thresholding method [42, 45]. The generated network shows the

same binary connection density as the average across subjects and approximately the same dis-

tributions of edge length and weight as each subject [42].

Utilizing the same dataset, subject-level distance matrices were obtained by calculating the

Euclidean distance between centers of brain region pairs. The group-representative distance

matrix (Fig 1B) used to estimate the time delays associated with interareal communication was

generated by averaging all subject-level distance matrices. More detailed information about

the acquisition and preprocessing steps of diffusion-weighted MRI data is presented in [27].

Our work aims to demonstrate how noise amplitude influences the effects of local stimula-

tion from a general perspective. Therefore, we chose a simple stimulation protocol (Fig 1C).

The stimulation is applied to the brain during the third second with a constant intensity of
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Fig 1. Workflow consisting of Input data, Computational model and Analysis scheme. (A) Group-level structural connectivity matrix

based on 82-node brain parcellation. (B) Group-averaged distance matrix characterized by the same parcellation. (C) External stimulation

protocol, with an intensity of 0 for the first two seconds and an intensity of 1.25 for the third second. (D) An example of local stimulation in

the structural brain network. The purple dots and blue lines represent the centers of the brain regions and the strongest 20% of connections

between them. The line darkness is positively related to the connection weight. The stimulated brain region indicated by the yellow

lightning bolt and its unstimulated neighbor are circled to demonstrate the dynamics. (E) Schematic of two brain regions with Wilson-

Cowan dynamics linked by excitatory connections. Each region includes coupled excitatory and inhibitory populations disturbed by noise

with amplitude σ. An external perturbation Pi is applied to region i to increase the excitatory input. (F) Simulation experimental design.

Different brain regions are stimulated under various noise amplitudes. (G) Time series of excitatory activity for each brain region

generated by the computational model. (H) Power spectrum estimation to quantify the stimulation outcomes from a regional perspective.

(I) Functional connectivity matrix used to evaluate network-level effects.

https://doi.org/10.1371/journal.pcbi.1010866.g001
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1.25 but is absent for the first two seconds. This setting is consistent with previous theoretical

research [27, 37].

Computational model

In each trial, the stimulation indicated by the yellow lightning bolt in Fig 1D is applied to a sin-

gle brain region. The stimulated area and one of its neighboring areas are surrounded by a

gray dotted line and their dynamics are shown in Fig 1E. To simulate brain activity, we employ

a nonlinear neural mass model, which has been widely exploited to investigate brain functions

[46, 47]. Each brain region is composed of both excitatory and inhibitory neural populations

and is governed by the Wilson-Cowan dynamics [48]. Brain regions are coupled through the

structural connectivity described above, with distance-dependent time delays. In accordance

with previous works [27, 37, 49], anatomical connections link only excitatory populations in

different brain areas.

The activity of the ith brain region is controlled by the following equations:

t
dEiðtÞ

dt
¼ � EiðtÞ þ ½SEmax � EiðtÞ�SE½cEEEiðtÞ � cIEIiðtÞ

þ c
X

j

AijEjðt � tijÞ þ PiðtÞ� þ swiðtÞ
ð1Þ

t
dIiðtÞ
dt
¼ � IiðtÞ þ ½SImax � IiðtÞ�SI½cEIEiðtÞ � cIIIiðtÞ� þ sviðtÞ ð2Þ

where Ei(t) and Ii(t) represent the firing rates of excitatory and inhibitory pools in brain region

i, and τ is a time constant for both populations. The sigmoidal transfer functions SE and SI of

the excitatory and inhibitory populations are described by

SEðxÞ ¼
1

1þ eð� aEðx� yEÞÞ
�

1

1þ eaEyE
ð3Þ

and

SIðxÞ ¼
1

1þ eð� aI ðx� yI ÞÞ
�

1

1þ eaIyI
: ð4Þ

The fixed parameters aE and aI determine the maximal values of the slope, while θE and θI

represent the positions of the maximum slope of the activation functions for each pool [48].

In each brain region, the excitatory pool receives local excitation from itself with strength

cEE, local inhibition from the inhibitory pool in the same region with strength cIE, and long-

range excitation from excitatory pools in other regions through group-level anatomical con-

nectivity with connection strength Aij and global coupling strength c. If region i is stimulated,

its excitatory pool receives external input with strength Pi. Due to the long distance between

brain areas and the limited transmission speed, we also consider the time delay between

regions i and j as τij, which is given by
Dij
v . Dij indicates the group-representative Euclidean dis-

tance between regions i and j and v is the velocity of signal conduction. The inhibitory pool

receives only local excitation from the excitatory pool in the same region with strength cEI and

local inhibition from itself with strength cII. In addition, the excitatory and inhibitory popula-

tions are disturbed by Gaussian noise σwi(t) and σvi(t). The probability density functions of

wi(t) and vi(t) follow standard Gaussian distributions. σ scales the standard deviations of noise

realizations and is set as noise amplitude.
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To systematically explore the role of noise amplitude in modifying the stimulation out-

comes, we perform multiple trials under different combinations of noise amplitudes and stim-

ulation sites (Fig 1F).

Model parameters. The values of the model parameters used in this study are shown in

Table 1 and are consistent with those used in previous research [37]. The local perturbation Pi

is set as a persistent excitation during 2–3 s with an intensity of 1.25 for stimulated region i
and 0 for other areas. For an isolated brain area with the parameters shown in Table 1, external

stimulation causes a transition from the fixed point to the limit cycle regime [27, 37, 50]. The

frequency of rhythmic activity for the stimulated region is approximately 20 Hz, which is

essential in oscillatory neuronal dynamics [51, 52]. By tuning the strength of the excitatory

input from other regions in the brain network, the global coupling strength c can affect the sys-

tem state, as reflected in the sudden increase in the mean firing rates of most regions, indicat-

ing the dynamic transition from a low-activity steady state to a high-amplitude oscillatory state

[27, 37]. Note that noise amplitude σ is the parameter of interest. Therefore, we consider the

global coupling strength c 2 [0.01, 0.3] in steps of 0.005 and the noise amplitude σ 2 [10−9,

10−2] in a log manner such as 10−9, 2 × 10−9, � � �, 9 × 10−9, 10−8, 2 × 10−8, � � �.

Simulation details. Due to the broad range of noise amplitude σ, we integrate the set of

stochastic differential equations described above using the Euler-Maruyama scheme with a

sufficiently small step (dt = 5 × 10−6s). We select a constant initial condition for all regions fol-

lowing previous work [37, 50]. The simulations are first performed for 2 seconds without stim-

ulation under different global coupling strengths and noise amplitudes to determine the

appropriate global coupling strength c. Then, we run the main simulations for 3 seconds under

different noise amplitudes and stimulation sites, with the local perturbation applied for 2–3 s.

We perform each simulation 30 times and discard the first second of neural activity due to the

initial instability. We mainly focus on the excitatory firing rate Ei (t) in each region [37, 46, 47,

49] and downsample these time series to a resolution of 1 × 10−3 s.

Analysis metrics

We use the time series of excitatory activity in the before- (1–2 s) and during-stimulation

(2–3 s) periods to evaluate the impacts of local stimulation (Fig 1G). First, from a regional

Table 1. Values of model parameters.

Parameter Description Value

τ Time constant 8 ms

cEE Local excitatory-to-excitatory coupling strength 16

cIE Local inhibitory-to-excitatory coupling strength 12

cEI Local excitatory-to-inhibitory coupling strength 15

cII Local inhibitory-to-inhibitory coupling strength 3

aE Proportional to the excitatory maximum slope 1.3

aI Proportional to the inhibitory maximum slope 2

θE Position of the excitatory maximum slope 4

θI Position of the inhibitory maximum slope 3.7

SEmax Maximum of the excitatory activity function 0.9945

SImax Maximum of the inhibitory activity function 0.9994

c Global coupling strength 0.01–0.3

v Velocity of signal conduction 10 m/s

Pi External stimulation intensity 1.25

σ Noise amplitude 10−9 − 10−2

https://doi.org/10.1371/journal.pcbi.1010866.t001
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perspective, one crucial effect of local stimulation is altering neural oscillations in various

brain areas, which are commonly related to brain functions and behaviors [51, 52]. Thus, we

evaluate the brain state based on the characteristics of the frequency domain. We subtract the

corresponding mean value from each excitatory time series and apply Welch’s method with a

window length of 0.5 s with 50% overlap to estimate the power spectrum density of each area

(Fig 1H). Unless explicitly stated, the power spectrum density shown in this paper represents

the average of 30 realizations to improve the signal-to-noise ratio. The frequency at which the

regional power reaches its maximum value (peak frequency) reflects the main pattern of neural

oscillations [53, 54] and is the measure of interest. The peak frequency (fpeak) is given by

fpeak ¼ arg max
f

Pðf Þ; ð5Þ

where P (f) represents the power spectrum density of a specific area. In this work, due to the

general low peak frequency of brain areas before perturbation, the peak frequency of 2–3 s cap-

tures the effects of local stimulation.

Second, the dynamic information of the brain is stored not only in individual regions but

also in interactions between areas. Thus, we examine the brain state from a network viewpoint

based on functional connectivity (Fig 1I), which is derived by calculating the maximum nor-

malized cross-correlation [55, 56] between time series with a time window of 1 s and a maxi-

mum lag of 250 ms. The stimulation effects are quantified as the difference in the network-

level behaviors before (1–2 s) and during (2–3 s) stimulation, namely, the functional and struc-

tural effects [37]. The functional effect (fe), which indicates the influence of local brain regions

on the interregional coupling configuration, is calculated as

fe ¼ jFCd � FCbj; ð6Þ

where FCd and FCb are the functional connectivity matrices during and before stimulation,

respectively, and || represents the average of the absolute values of elements in the upper trian-

gle of the matrix. Functional effects reflect the average changes in functional networks induced

by stimulation. The structural effect (se), which indicates how local changes in brain activity

affect the structural constraints on brain dynamics, is given by

se ¼ FCd � SC � FCb � SC; ð7Þ

where SC is the structural connectivity matrix and � indicates calculating the Pearson correla-

tion coefficient between two matrices. Structural effects also represent the alterations in the

correspondence between structural and functional connectivity.

In addition to the basic metrics, various integrated measures were used in this study to

characterize the dynamic behaviors of the brain. These measures are listed in Table 2 for ease

of review.

Results

The effects of the noise amplitude and global coupling strength on brain

states without stimulation

To select the optimal global coupling strength c and provide prior knowledge about the brain

state under different noise amplitudes σ, we perform 2-second simulations without stimulation

and investigate system behaviors under various combinations of σ and c. We change σ from

10−9 to 10−2 and c from 0.01 to 0.3.

In Fig 2A, we present the time-averaged excitatory activity E ðtÞ as a function of the global

coupling strength at a single noise amplitude (σ = 10−5). The results show that there exists a
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threshold of c, above which the E ðtÞ values in most regions change sharply. Fig 2B shows how

the time- and network-averaged activity hE ðtÞi varies with the noise amplitude and global

coupling strength. The threshold remains constant and is unrelated to the noise amplitude.

We next examine the network-averaged peak frequency and peak power (hfpeakiandhppeaki).

Fig 2. The effects of noise amplitude and the global coupling strength on brain states without stimulation. (A)

Time-averaged excitatory activity (E ðtÞ) in each brain region under different global coupling strengths when σ = 10−5.

(B) Time- and network-averaged excitatory activity (hE ðtÞi) under different combinations of global coupling strengths

and noise amplitudes. (C) Network-averaged peak frequency of the excitatory activity (hfpeaki) under different

combinations of global coupling strengths and noise amplitudes. (D) Network-averaged peak power of the excitatory

activity (hppeaki) under different combinations of global coupling strengths and noise amplitudes.

https://doi.org/10.1371/journal.pcbi.1010866.g002

Table 2. Summary of integrated measures.

Measure Description

E ðtÞ Time-averaged excitatory activity

hE ðtÞi Time- and network-averaged excitatory activity

hfpeaki Network-averaged peak frequency of the excitatory activity

hppeaki Network-averaged peak power of the excitatory activity

f peak
sti Peak frequency of stimulated brain regions

f peak
unsti Peak frequency of unstimulated brain regions

hf peak
unsti i Average peak frequency of 81 unstimulated regions

hf peak
unsti is Peak frequency of one unstimulated region averaged over all noise amplitudes

hfei Mean of the functional effects induced by stimulating regions in a single cognitive system

std (fe) Standard deviation of the functional effects induced by stimulating regions in a single cognitive system

hsei Mean of the structural effects induced by stimulating regions in a single cognitive system

std (se) Standard deviation of the structural effects induced by stimulating regions in a single cognitive system

https://doi.org/10.1371/journal.pcbi.1010866.t002
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We find the same threshold in Fig 2C and 2D. Below this threshold, the results show that

hfpeaki is less than 10 HZ and hppeaki is relatively low. Note that a larger noise amplitude leads

to a larger hppeaki. Moreover, slightly above the threshold, hfpeaki and hppeaki are both consider-

ably enhanced. Consistent with previous studies, our results indicate that crossing the thresh-

old triggers bifurcations in most brain regions [27, 37, 41]. These systemic changes shift nodes

from low-activity steady states with noise-driven fluctuations to high-amplitude oscillatory

states.

Overall, Fig 2B–2D reveals that a noise-independent threshold separates the two dynamical

regimes. According to previous research [37, 41], we choose the value just below the threshold

as the optimal global coupling strength (c = 0.1). This approach aligns with the widely accepted

assumption that the fluctuation regime best captures empirical brain function, providing opti-

mal information processing flexibility [38, 57, 58]. At the chosen value, σ has little effect on

hE ðtÞi and hfpeaki, except for hppeaki. This result indicates that the noise amplitude does not

produce qualitative changes in brain states, providing a relatively uniform baseline. Note that

there are several high hfpeaki values at large σ when c = 0.1 in Fig 2C. This is because large noise

amplitudes combined with the initial values of simulations may induce oscillations in some

regions with a limited number of realizations, which has little impact on the following analyses.

We also show the distributions of hfpeaki and hppeaki in all brain regions under the chosen c and

different σ in S1 and S2 Figs to provide additional information.

The regional peak frequency during stimulation depends on the interplay

between the noise amplitude and structural connectivity strength

In this section, we explore the peak frequency in both stimulated and unstimulated brain

regions at a global coupling strength of 0.1. We mainly focus on the following problems: How

does noise amplitude affect the regional peak frequency during stimulation? Moreover, given

the important role of the anatomical network in shaping neural dynamics [59], how do the

noise amplitude and structural properties jointly modulate the regional peak frequency?

Fig 3A presents the peak frequencies in stimulated brain areas (f peak
sti ) as a function of the

noise amplitude and stimulation site. The external perturbation drives the stimulated region to

an oscillatory state, leading to higher f peak
sti values than the case without stimulation. The results

show that f peak
sti is related to the stimulation site but is rarely affected by the noise amplitude.

Note that different stimulation sites influence the transmission pathways for the altered neural

activity and are assumed to reflect properties of the structural brain network.

We then consider the peak frequency in unstimulated brain regions (f peak
unsti ). Unlike stimu-

lated areas that directly receive external perturbations, these regions are indirectly affected

through interactions with other regions. Fig 3B shows the impact of the noise amplitude at a

fixed stimulation site (R-Precentral). When σ is low, most regions exhibit high f peak
unsti , indicating

that these regions effectively received the activity from the stimulated area. As σ increases,

more regions exhibit low f peak
unsti values, which implies that activity transmission is hindered. The

behaviors of some other stimulation sites are provided in S3 Fig to validate the robustness of

our results. Fig 3C shows the average peak frequency of 81 unstimulated brain regions (hf peak
unstii)

under different combinations of stimulation sites and noise amplitudes. The results show that

σ reduces hf peak
sti i for all stimulation sites, disturbing information transmission. Note that the

effects of the noise amplitude differ at various stimulation sites. Some regions are more

susceptible to noise and exhibit decreased hf peak
sti i at relatively low σ. However, some other

regions show the opposite behavior, indicating the complex interplay between the noise

amplitude and network structure. Additionally, several large values at high σ can be observed
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in Fig 3B and 3C because the system is already in an oscillatory state before stimulation (Figs

2C and S1 Fig). We also provide examples of time series and power spectra of an oscillatory

unstimulated region in S4 Fig. Results show that the local stimulation barely affects the high

peak frequency during stimulation.

To further elucidate the behaviors of unstimulated brain areas, we investigate the time series

and power spectra of the R-Precuneus when stimulating the R-Lateral Orbitofrontal under dif-

ferent noise amplitudes as typical examples (Fig 3D, 3E and 3F). We find that as the noise

amplitude increases, the regional activity becomes increasingly irregular. Moreover, the power

spectrum before stimulation increases and constrains that during stimulation as a lower

bound. To ensure the robustness of our findings, we also present the behaviors of several unsti-

mulated brain regions in S5 Fig.

We further explore the relationship between the noise amplitude and the network structure

by investigating how oscillatory activity propagates from stimulated to unstimulated regions.

In Fig 4A, 4B and 4C, we show three typical examples of f peak
unsti matrices under fixed noise ampli-

tudes (σ = 10−7, 10−5, 10−3). Each element in the matrices represents the peak frequency of an

unstimulated brain region (y-axis) under a specific stimulated area (x-axis). We observe that

Fig 3. The effects of noise amplitude and the stimulation site on the regional peak frequency during stimulation. (A) Peak frequency of stimulated

brain regions (f peak
sti ) under different combinations of noise amplitudes and stimulation sites. (B) Peak frequency of unstimulated brain regions (f peak

unsti ) as a

function of the noise amplitude when stimulating R-Precentral. (C) Average peak frequency of 81 unstimulated regions (hf peak
unsti i) under different

combinations of noise amplitudes and stimulation sites. (D) (E) (F) Time series (upper panels) and power spectra (lower panels) of an unstimulated region

(R-Precuneus) when stimulating the R-Lateral Orbitofrontal under different noise amplitudes (10−7, 10−5, 10−3). The blue and orange lines in the lower

panels indicate the power spectrum before and during stimulation, respectively.

https://doi.org/10.1371/journal.pcbi.1010866.g003
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the f peak
unsti values heterogeneously decrease as σ increases. Thus, we are interested in which node

pairs are more vulnerable to noise and how this behavior relates to structural properties. Fig

4D presents the matrix of f peak
unsti values averaged across noise amplitudes (hf peak

unsti is). Intriguingly,

this matrix is remarkably similar to the structural connectivity matrix, with a positive Spear-

man correlation coefficient ρ = 0.93, p< 0.01 (Fig 4E). Node pairs with strong direct connec-

tions tend to exhibit high f peak
unsti values in a large range of σ, indicating strong activity

transmission capability. This result reveals that the antagonistic effects of the structural con-

nection strength and noise amplitude modulate activity propagation between stimulated and

unstimulated areas in terms of the peak frequency. Note that this result also illustrates the

rather small contribution of multistep paths due to the greater noise disturbance along the

path. S6 Fig shows that oscillations before stimulation induced by large noise amplitudes have

little impact on the positive correlation.

The heterogeneous impact of noise amplitude on structural degree alters

network-level stimulation effects

In this section, we comprehensively investigate the network-level effects of stimulation (func-

tional and structural effects) based on the functional connectivity matrix. Our goal is to explore

how noise amplitude affects these network-level effects. Many previous studies have suggested

that the structural degree of the stimulated region is an important feature for predicting and

Fig 4. The high similarity between the peak frequency of unstimulated areas averaged across noise amplitudes and the structural connectivity. (A)

(B) (C) The peak frequency (f peak
unsti ) of unstimulated brain regions (y-axis) under various stimulated regions (x-axis) at different noise amplitudes (10−7,

10−5, 10−3). The diagonal elements are set to 0. (D) Peak frequency of unstimulated regions (y-axis) under different stimulation sites (x-axis) averaged

across all noise amplitudes (hf peak
unsti is), with the diagonal elements set to 0. (E) The positive Spearman correlation (ρ = 0.93, p< 0.01) between the matrix in

(D) and the structural connectivity network.

https://doi.org/10.1371/journal.pcbi.1010866.g004

PLOS COMPUTATIONAL BIOLOGY Noise improves the association between stimulation effects and structural degree

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010866 May 11, 2023 12 / 30

https://doi.org/10.1371/journal.pcbi.1010866.g004
https://doi.org/10.1371/journal.pcbi.1010866


controlling stimulation effects [19, 37, 60]. How does noise amplitude influence the role of the

structural degree? In particular, how does noise amplitude affect the relationship between the

structural degree and functional or structural effects?

Fig 5 shows the difference in functional networks before and during stimulation under

three noise amplitudes (σ = 10−8, 10−5, 10−2) at three stimulation sites with various degrees

(L-Pars Orbitalis, R-Precentral and L-Caudate). We observe that as the noise amplitude

increases, the changes in the functional networks decrease. When σ = 10−8, most node pairs in

the networks exhibit large alternations. When σ = 10−2, the edge changes are small. Moreover,

stimulating different regions leads to similar results in these two situations. When σ = 10−5,

only some node pairs are influenced. The larger the degree of the stimulated region, the larger

Fig 5. Examples of functional connectivity changes induced by stimulating different regions under various noise amplitudes. The brain regions

L-Pars Orbitalis, R-Precentral and L-Caudate with low, moderate and high structural degrees, respectively, are stimulated at low (10−8), moderate (10−5)

and high (10−2) noise amplitudes. The matrices represent the differences in functional connectivity networks before and during local stimulation for one

realization.

https://doi.org/10.1371/journal.pcbi.1010866.g005
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the range of alterations in the functional network. These results provide an intuitive illustra-

tion of how noise amplitude and structural degree collectively affect network-level effects. The

functional connectivity changes induced under some other stimulation sites and noise ampli-

tudes are provided in S7 Fig to validate the robustness of the trend. We also provide examples

of stimulating the brain in the oscillatory state, as shown in S8 Fig.

In Fig 6, we use the functional effects to quantitatively investigate how functional brain net-

works are affected by external perturbations. We calculate the mean of the absolute values of

the upper triangular elements in the functional connectivity difference matrices induced by

local stimulation. Fig 6A shows the functional effects under different combinations of noise

amplitudes and stimulation sites. The impact of the noise amplitude can be separated into

three distinct regimes. In the first regime (σ< 10−8), large functional effects are independent

of the noise amplitude, and the local stimulation alters the system into a state that differs con-

siderably from the prestimulation situation. In the second regime (10−8 < σ< 10−3), the func-

tional effects gradually decrease as σ increases, showing disturbance effects. In the third regime

(σ> 10−3), the functional effects are approximately 0, and the local stimulation has little

impact on the brain. Moreover, there is obvious heterogeneity among stimulation sites under

specific noise amplitudes, especially in the second regime, indicating the effect of brain struc-

ture. Additionally, note that the stimulation sites exhibit different levels of resistance to noise.

To understand the role of the structural degree and its interaction with the noise amplitudes,

we exhibit the functional effects versus the noise amplitude separately for each stimulation site

and color the effects according to the corresponding degree, as shown in Fig 6B. We found

Fig 6. Noise amplitude and structural degree jointly affect the functional effects of stimulation. (A) Functional effects under different combinations

of stimulation sites and noise amplitudes. (B) Functional effects as a function of noise amplitude for all stimulation sites, ranked by structural degree.

Note that the values in (A) and (B) represent the ensemble averages of 30 realizations of the corresponding measures. (C) Pearson correlation

coefficient (r) and adjusted coefficient of determination (R2) between functional effects and structural degree as a function of noise amplitude. The solid

lines and shaded areas describe the ensemble averages and standard deviations of 30 realizations of the corresponding measures. (D) (E) (F) (G)

Snapshots of the functional effects under different noise amplitudes for one realization. (D) Noise amplitude = 10−9, Pearson’s r = 0.7, p< 0.01. (E)

Noise amplitude = 10−7, Pearson’s r = 0.61, p< 0.01. (F) Noise amplitude = 10−5, Pearson’s r = 0.89, p< 0.01. (G) Noise amplitude = 10−3, Pearson’s

r = 0.93, p< 0.01. The gray lines represent the linear fits of data points estimated by ordinary least squares. FDR correction was performed for p-values

across all noise amplitudes and realizations.

https://doi.org/10.1371/journal.pcbi.1010866.g006
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that the larger the degree of the stimulation site, the larger the functional effects under a fixed

noise amplitude and the stronger the noise amplitude required to reduce functional effects.

This result demonstrates the heterogeneous effect of noise on the degree, i.e., regions with

large degrees not only have a high capacity to influence brain dynamics but also show strong

resistance to noise.

In Fig 6C, the Pearson correlation coefficient r between the functional effects and structural

degree as well as the adjusted coefficient of determination R2 estimated via an ordinary least

squares method are presented as functions of the noise amplitude. High absolute values of r
and R2 indicate that the functional effects are highly linearly correlated with and well fitted by

the corresponding degree. FDR-corrected p-values of Pearson correlation coefficients for all

realizations are shown in S9 Fig to provide statistical significance across noise amplitudes. The

results show that noise amplitude nonmonotonically modulates the relationship between func-

tional effects and structural degree. Initially, r shows intermediate values and remains approxi-

mately constant (first regime); r then decreases to a local minimum and increases to a global

maximum (second regime); finally, r rapidly declines to 0 (third regime). R2 shows a similar

trend. We also provide typical snapshots of the functional effects under different noise ampli-

tudes in Fig 6D–6G (σ = 10−9, 10−7, 10−5, 10−3). Snapshots under other noise amplitudes are

shown in S10 Fig. When σ = 10−5, we observe a high positive association for functional effects

(Fig 6F), which is consistent with a previous study [37]. However, only a moderate level of cor-

relation was observed when the noise had little impact on brain dynamics (Fig 6D), indicating

its nontrivial role. Furthermore, increasing the noise amplitude in the second regime could

progressively enhance the correlation and the predictability of functional effects (Fig 6C and

6E–6G).

To better understand these behaviors, we provide further explanations from the perspective

of the underlying dynamical mechanisms. In general, functional effects depend on the inter-

play between network structure and noise amplitude. Under the small noise amplitude which

has little impact on neural activity (Fig 6D), the intrinsic network structure plays a major role.

Stimulation sites with larger degrees tend to have more neighbors with higher connection

weights and shorter transmission delays than regions with smaller degrees [61], thereby facili-

tating more effective information transmission. Therefore, although the functional effects are

all quite high, they are moderately correlated with the structural degree. Stimulation sites with

small degrees limit information transmission, causing the propagation of downstream activity

sensitive to the increased noise amplitude. When the noise amplitude is slightly larger (Fig

6E), the functional effects induced by stimulation to small-degree regions are reduced, while

the functional effects are essentially unchanged for regions with large degrees. This relation-

ship becomes nonlinear and the linearity diminishes. As the noise amplitude gradually

increases (Fig 6F and 6G), the downstream activity transmission is significantly hindered.

However, neighboring areas are less affected due to their direct connections with stimulated

regions. This situation suggests that the structural degree plays a progressively important role

in predicting the response to stimulation, leading to the linearity increasing, although the func-

tional effects decrease.

A crucial feature of the brain is the ability to support complex dynamic functions through a

relatively static network structure. Therefore, the structure-function coupling can reflect the

network-level state. In Fig 7, we study the alterations in the extent to which brain function is

constrained by the network structure through structural effects. We calculate the difference in

the Pearson correlation coefficient between the structural and functional connectivity matrices

before and during stimulation. Fig 7A exhibits the structural effects as a function of the noise

amplitude and stimulation site. We evaluate the structural effects according to the three

regimes shown in Fig 6. In the first regime, the structural effects show moderate values and are
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independent of the noise amplitude. Local stimulation causes a temperate increase in the simi-

larity between the structural and functional connectivity. In the second regime, the structural

effects of each region increase to their peak values under large noise amplitudes, indicating

that functional connectivity is more constrained by the network structure. In the third regime,

all structural effects decrease to small values near 0. Moreover, we observe heterogeneous

behaviors among stimulation sites, especially in the second regime, indicating the crucial role

of the interaction between noise amplitude and network structure. Following previous analy-

ses, we present the structural effects as a function of the noise amplitude separately for all stim-

ulation sites and color the results according to the corresponding degree, as shown in Fig 7B.

We find that the structural degree is not only related to the structural effects under a fixed

noise amplitude but also positively correlated with the noise amplitude required to achieve the

peak values in the second regime. This result indicates that the noise amplitude has a diverse

influence on the degree, leading to the various performance of structural constraints across

stimulated regions.

Analogous to Fig 6C, we show the Pearson correlation coefficient r and the adjusted coeffi-

cient of determination R2 for the structural effects in Fig 7C. FDR-corrected p-values of Pear-

son correlation coefficients for all realizations are shown in S11 Fig to provide statistical

significance. The association between the structural effects and structural degree is nonmono-

tonically affected by the noise amplitude. In the first regime, r and R2 exhibit moderate values

with opposite signs. In the second regime, r remains negative and then rapidly increases to a

Fig 7. Noise amplitude and structural degree jointly influence the structural effects of stimulation. (A) Structural effects under different

combinations of stimulation sites and noise amplitudes. (B) Structural effects as a function of noise amplitude for all stimulation sites, ranked by

structural degree. Note that the values in (A) and (B) represent the ensemble averages of 30 realizations of corresponding measures. (C) Pearson

correlation coefficient (r) and adjusted coefficient of determination (R2) between structural effects and structural degree as a function of the noise

amplitude. The solid lines and shaded areas describe the ensemble averages and standard deviations of 30 realizations of corresponding measures. (D)

(E) (F) (G) Snapshots of structural effects under different noise amplitudes for one realization. (D) Noise amplitude = 10−9, Pearson’s r = −0.53,

p< 0.01. (E) Noise amplitude = 10−7, Pearson’s r = −0.35, p< 0.01. (F) Noise amplitude = 10−5, Pearson’s r = −0.3, p< 0.01. (G) Noise

amplitude = 10−3, Pearson’s r = 0.9, p< 0.01. The gray lines represent the linear fits of data points estimated by ordinary least squares. FDR correction

was performed for p-values across all noise amplitudes and realizations.

https://doi.org/10.1371/journal.pcbi.1010866.g007
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positive value near 1. R2 shows similar behavior but with positive values. In the third regime,

both metrics rapidly decrease. Typical snapshots of the structural effects under different noise

amplitudes are shown in Fig 7D–7G (σ = 10−9, 10−7, 10−5, 10−3). Snapshots under other noise

amplitudes are illustrated in S12 Fig. When σ = 10−5, we find a weak negative association for

the structural effects (Fig 7F), which is consistent with a previous study showing poor predict-

ability [37]. Nevertheless, our results indicate that when the noise amplitude is larger, the

structural effects are highly correlated with and well predicted by the structural degree

(Fig 7G). Specifically, increasing the noise amplitude in the second regime can enhance the

structural effect correlations and even change its sign from negative to positive (Fig 7C and

7E–7G).

To better understand these changes, we offer interpretations based on fundamental dynam-

ical mechanisms. The structural effects reflect the similarity between structural and functional

connectivity, which is modulated by the stimulation site and noise amplitude. Under relatively

low noise amplitudes (Fig 7D–7F), stimulating regions with large degrees produces high func-

tional connectivity in most node pairs, indicating the low correspondence between the struc-

tural and functional connectivity and the reduced structural effects. In contrast, stimulating

regions with small degrees leads to more node pairs showing low functional connectivity. As

the structural connection weights reflect the information transmission ability to some extent,

the low functional connectivity is more likely to be found at node pairs with low connection

weights, therefore inducing higher structural constraints. Consequently, the structural effects

are negatively correlated with the structural degree. As the noise amplitude increases (Fig 7G),

disturbance effects are enhanced. Most functional connectivity shows values near 0 when stim-

ulating small-degree areas, indicating the low correspondence between the structural and

functional connectivity and reduced structural effects. For large-degree stimulation sites, more

functional connectivity shows high values, which is more likely to be found at node pairs with

high structural connection weights, resulting in high structural constraints. Hence, the struc-

tural effects are positively correlated with the structural degree.

Behaviors of cognitive systems in the structure-function landscape are

jointly modulated by noise amplitude and the average system degree

In this section, we categorize brain regions according to cognitive systems, stimulate areas

within each system, and study system behaviors based on local stimulation effects. We employ

a coarse-grained classification with four cognitive systems: the sensory and association (SA)

system, higher-order cognitive (HOC) system, medial default mode (MDM) system and sub-

cortical system [62]. The stimulation effects are evaluated according to the functional and

structural effects. Previous research has shown that the cognitive functions of brain systems

are related to their stimulation effects [37, 50]. Here, we focus on the following questions: How

does noise amplitude influence the stimulation effects of different cognitive systems? What is

the association between noise-induced impacts and the system-level network structure?

In Fig 8A and 8B, we present the mean and standard deviation of the functional effects

induced by stimulating regions in single cognitive systems (hfei and std(fe)) as a function of

the noise amplitude. Fig 8A shows that hfei of each system nonlinearly decreases as the noise

amplitude increases. The subcortical system shows the highest noise amplitude required to

reduce hfei, followed by the MDM, HOC and SA systems. Moreover, the hfei of different cog-

nitive systems follow the same order at various noise amplitudes, indicating a relatively consis-

tent pattern in terms of the impacts on the functional configuration. According to Fig 8B, as

the noise amplitude increases, std(fe) first increases to a global maximum and then decreases

to 0. The SA system is the first to reach its peak value, followed by the HOC and MDM
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systems, and finally, the subcortical system, indicating the different levels of flexibility of func-

tional effects in distinct systems at various noise amplitudes.

Fig 8C and 8D shows the mean and standard deviation of the structural effects in each cog-

nitive system (hsei and std(se)). Fig 8C presents that as the noise amplitude increases, hsei ini-

tially shows a moderate value, then increases to a maximum and finally decreases. The noise

amplitude corresponding to the peak value of hsei in the subcortical system is larger than that

in the SA and HOC systems, while the MDM system shows a moderate value. The hsei of the

different systems under large noise amplitudes follow the same order. Nevertheless, the oppo-

site trend was observed under small noise amplitudes, with the SA and HOC systems showing

the largest hsei, indicating the altered profiles of cognitive systems at various noise amplitudes

in terms of structural constraints. The std(se) shows similar trends to hsei with global peaks, as

presented in Fig 8D. The SA and HOC systems reach their global maximums at lower noise

amplitudes than the MDM and subcortical systems, leading to different expressions of the vari-

ability of structural constraints across noise amplitudes.

Fig 8E–8G presents the locations of cognitive systems in the structure-function landscape

under different noise amplitudes (σ = 10−9, 10−6, 10−3). According to Fig 8E, the functional

effects are negatively related to the structural effects. In contrast to the other systems, regions

in the SA and HOC systems have smaller impacts on functional configurations and are more

constrained by the structural network, while stimulating subcortical areas shows the opposite

behavior. Fig 8F shows the nonlinear relationship between functional and structural effects,

which is comparable to the inverted U-shaped curve discussed in previous research [37]. Stim-

ulating regions in the SA and HOC systems results in high variability of functional effects

Fig 8. The associations between behaviors of cognitive systems and noise amplitude and the average system degree. (A) Mean of the functional effects

induced by stimulating regions in a single system (hfei) versus the noise amplitude. (B) Standard deviation of the functional effects induced by stimulating

regions in a single system (std (fe)) versus the noise amplitude. (C) Mean of the structural effects induced by stimulating regions in a single system (hsei)
versus the noise amplitude. (D) Standard deviation of the structural effects induced by stimulating regions in a single system (std(se)) versus the noise

amplitude. (E) (F) (G) Structural effects versus functional effects of cognitive systems at various noise amplitudes (10−9, 10−6, 10−3). Note that the brain

regions are grouped into 4 cognitive systems, as indicated by the different colors. The colored areas represent the convex hulls of data points in the

systems. The lines and points reflect the measures averaged over 30 realizations. (H) Structural properties of each cognitive system. The colored bars

indicate the maximum and minimum structural degree of regions in the systems. The gray dots and error bars represent the mean and standard deviation

of the structural degree in the systems.

https://doi.org/10.1371/journal.pcbi.1010866.g008
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which are highly constrained by the structural network. In contrast, regions in the MDM and

subcortical systems exhibit large functional effects and small structural effects. Fig 8G shows a

positive association between these two measures. Stimulating subcortical areas are more struc-

turally constrained than the SA and HOC systems. Overall, these results indicate that the noise

amplitude not only alters the stimulation effects of different cognitive systems but also their

relations with each other. The locations of different cognitive systems under other noise ampli-

tudes are shown in S13 Fig.

Finally, we present the properties of the structural degree of each cognitive system in Fig

8H. We observe that the subcortical system has the highest average degree, followed by the

MDM, HOC and SA systems. This order is consistent with many cognitive system ranks of

noise-related stimulation effects, such as values and resistance to noise in Fig 8A, the values in

Fig 8C and the noise amplitude corresponding to the peak values in Fig 8B–8D. These results

highlight the mechanism of the mean structural degree as an intrinsic property of cognitive

systems in modulating noise-related effects and indicate that the normal function of cognitive

systems is jointly dependent on the noise amplitude and network structure.

Discussion

Understanding the effects of local stimulation is essential for revealing the causal relationship

between neural activity and cognition and promoting clinical applications for regulating or

restoring brain function [10–16]. Although many efforts have been made in exploring funda-

mental principles, the global response to stimulation is not fully understood. Given the evi-

dence that noise contributes to the variability across subjects and that the modulation of

neural activity induced by noninvasive stimulation may alter the signal-noise relationship [35,

36], we hypothesize that noise amplitude is a crucial factor affecting neural activity patterns

during stimulation.

Inspired by past theoretical work [27, 37, 38, 40], we used a whole-brain biophysical model

to simulate neural activity under different combinations of noise amplitudes and stimulation

sites. We aimed to elucidate the associations between noise amplitude and the impacts of local

stimulation and, more importantly, the interplay between noise amplitude and network struc-

ture. We first determined an optimal value for the global coupling strength before stimulation

and then assessed the effects of regional perturbations. From a regional perspective, local per-

turbations increased the peak frequency of neural activity, similar to previous findings in natu-

ral and experimental stimulation studies [36, 63]. We observed that noise amplitude has little

impact on the peak frequency of stimulated brain regions but reduced that of unstimulated

areas. In addition, we found a high similarity between the peak frequency matrix for unstimu-

lated areas averaged across various noise amplitudes and the structural network. From a net-

work perspective, we quantified the effects of stimulation by examining the overall changes in

functional connectivity (functional effects) and the variations in structure-function coupling

(structural effects). We observed that noise amplitude nonlinearly decreased functional effects

and nonmonotonically modulated structural effects. Crucially, we found that noise amplitude

could enhance both the Pearson correlation coefficient and adjusted coefficient of determina-

tion between the structural degree and functional and structural effects, which has potential

utility in predicting and controlling therapeutic performance. Finally, we showed that the

behaviors of different cognitive systems in the landscape of functional and structural effects

depended on the interplay between the noise amplitude and system-level average structural

degree.

We first provide a discussion on the impacts of noise amplitude. Noise is inevitable and

common in the brain and shows both detrimental effects and potential benefits [28, 64]. We
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showed that under small noise amplitudes, the altered activity pattern of the stimulated area

could spread throughout the network, resulting in high peak frequencies in most brain areas

and strong functional couplings between areas. This behavior is an abnormal manifestation

resembling the state induced by generalized epilepsy, which is often associated with enhanced

interregional synchronization and is not conducive to effective information processing [65,

66]. In contrast, large noise amplitudes disrupted the transmission of neural activity; most

regional peak frequencies and functional couplings could not be enhanced by local stimula-

tion. Previous research has shown that many brain disorders such as autism, schizophrenia

and cognitive dysfunction induced by aging or fibromyalgia are linked to increased neural

noise [67–71]. These decreased signal-to-noise ratios have been shown to contribute to power

spectrum density changes, decreased oscillatory coherence and network communication

errors [72], similar to our findings. Furthermore, stimulation under moderate noise ampli-

tudes tends to cause mild effects, with only part of the brain being affected. This result is con-

sistent with a previous study on the chimera state, emphasizing the importance of the partial

synchronization state in cognition [50]. These findings indicate that neural noise amplitude

may be crucial in affecting widespread changes in regional activity and functional interactions

caused by stimulation. Our results augment the literature on how noise affects neural commu-

nication dynamics from the perspective of local stimulation. Our results also support the

notion that an appropriate noise amplitude is essential for maintaining brain functions such as

receiving external environmental stimuli, performing internal information processing and

executing normal cognitive functions [29–34, 73, 74].

Our analyses also demonstrated that noise amplitude nonmonotonically modulates the

dependence of brain function on structure, i.e., structural effects. This finding is reminiscent

of a recent study showing that changes in neural noise in some brain regions drive structure-

function decoupling [75]. In particular, we showed that increasing the noise amplitude in the

second regime could improve the correspondence between structural and functional connec-

tivity induced by stimulation. This result reflects the complex behaviors associated with the

structure-function relationship and may be relevant to normative brain dynamics [76].

The critical role of noise amplitude in neural dynamics during stimulation shows potential

implications for future studies and clinical applications. These results may contribute to a

deeper understanding of the highly variable consequences of brain stimulation [26] by consid-

ering the individual differences in noise amplitude. Our results could also facilitate the devel-

opment of personalized stimulation protocols [25]. In particular, for patients with brain

disorders characterized by abnormal neural noise, such as autism and schizophrenia [67–69],

local stimulation is commonly utilized as a treatment technique. Therapists should carefully

consider the function of noise amplitude and finely adjust the stimulation protocol to achieve

the desired effect.

Recent studies have suggested that ketamine anesthesia increases the randomness of neural

activity and likely reduces the neural signal-to-noise ratio [77, 78]. Furthermore, the effects of

ketamine vary across brain regions [79, 80], resulting in different stimulation impacts. For

example, stimulation to the ventral tegmental area under ketamine anesthesia elicits smaller

network activation than in the awake state [81]. In contrast, stimulation to the parietal cortex

shows similar distal effects in both states [82]. Analogously, in this work, we found a heteroge-

neous effect of noise amplitude on stimulation sites in terms of both regional and network-

level stimulation effects. Here, we conceptualize stimulation sites as structural network proper-

ties and discuss the interaction between the noise amplitude and network structure.

From a regional perspective, the positive correlation between the peak frequency of unsti-

mulated areas under different stimulation sites averaged across noise amplitudes and the struc-

tural connectivity implies an antagonistic effect between structural connection strength and
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noise amplitude. The gradually increasing noise amplitude acts as a high-pass filter on the

structural brain network and is more likely to impede communication between node pairs

with weak weights. The relationship between brain structure and function is one of the most

important challenges in neuroscience [83]. Many studies have focused on predicting brain

function according to network structure [84–87]. In this work, by leveraging noise amplitude

and local perturbations, we could derive information about the structural network based on

the functional data obtained from numerical simulations, which improves our understanding

of structure-function associations in the brain.

It is of great interest to predict and control network-level responses to stimulation [10, 88],

and many studies have proposed the structural degree as an important property [19, 60]. We

observed that under a moderate noise amplitude (10−5), the structural degree showed a strong

positive correlation with functional effects and a weak negative correlation with structural

effects. This result is in accordance with a previous study showing that the structural degree

mainly controls functional effects and that structural effects could not be easily predicted

based on whether an area was a hub or nonhub [37]. Furthermore, we found that the noise

amplitude modulates the association between the structural degree with functional and struc-

tural effects in a nontrivial way. In particular, there was only a moderate level of correlation

when the noise amplitude had little impact on brain dynamics. Thus, the fact that the struc-

tural degree could serve as a good predictor of functional effects is not only an intrinsic prop-

erty of the network structure but also attributed to the noise amplitude. This result deepens

our understanding of the structural degree and emphasizes the significance of considering spe-

cific dynamical processes when investigating the role of structure [89]. Our results also indi-

cate that increasing the noise amplitude within specific ranges of the second regime improves

the association for functional and structural effects. The growing noise amplitude even influ-

ences the sign of the correlation for structural effects, changing it from negative to positive.

These findings shed light on the fundamental action mechanisms of local stimulation and

highlight the importance of coupling multiple neurophysiological factors, including brain

structure and noise amplitude. A recent study supports this notion by showing that both stim-

ulation sites and brain collective oscillatory states can alter the widespread impacts of focal

stimulation [27]. Considering the coupling of other or more factors in the future is a feasible

direction for fully understanding the overall effect of stimulation.

The combined effects between noise amplitude and network structure show potential clini-

cal applications. In particular, by artificially adjusting the noise amplitude, the improved corre-

lation offer possibilities to better predict and control stimulation effects [90, 91] based on

structural connectivity networks. Note that there is a trade-off between functional effects and

their predictability (Fig 6B and 6C). The maximum r and R2 values are achieved under large

noise amplitudes at the expense of functional effects. In this case, local stimulation only

induces a small fraction of changes in functional networks, regardless of the stimulation site.

In contrast, at lower noise amplitudes, local perturbations produce broad changes in func-

tional connectivity. However, the r and R2 values are reduced to some extent. This trade-off

suggests that therapists should carefully tune the noise amplitude according to practical needs

to balance the range of impact and predictability.

Previous research has shown that brain regions exhibit specific trade-offs between func-

tional and structural effects that are linked to their cognitive function [92, 93]. As a result, cog-

nitive systems, which are defined as subgraphs of the brain, occupy various locations in the

structure-function landscape [37, 50]. At a moderate noise amplitude (10−6), we observed that

the nonlinear associations between the functional and structural effects of different systems

were consistent with the findings reported in [37]. Our results further showed that noise

amplitude remarkably influenced the average and variability of functional and structural
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effects of each cognitive system. Moreover, noise amplitude changes could alter the positions

of the systems in the structure-function landscape, which may imply functional disorders.

Abnormalities in the functional connectivity in the default mode and somatomotor networks

and their variability have been found in schizophrenia and autism [94–96], disorders charac-

terized by abnormal neural noise. These abnormalities are associated with motor and cognitive

dysfunction. Furthermore, we observed that cognitive systems express specific organizing

principles at various noise amplitudes. Taking the average functional effect as an example, the

subcortical system showed the highest value and the strongest resistance to noise, while the

sensory and association system exhibited the opposite trend. This result may be explained by

the fact that the subcortical system tends to play a global role in network dynamics, facilitating

communication between brain areas, whereas the sensory and association system tends to play

a specialized role, working in segregation and activating only a small part of the brain [50, 97,

98]. These heterogeneous behaviors at various noise amplitudes were largely attributed to the

system-level mean structural degree, which again emphasizes the important role of both noise

amplitude and network structure in shaping brain dynamics during stimulation.

Finally, we provide several limitations of the present study and prospects for future work.

Following previous studies [27], we used a structural brain network consisting of 82 areas

based on a low-resolution atlas. Although the relatively small number of nodes and connec-

tions is beneficial for computationally dense simulations of key variables, this approach may

ignore important structural information at finer scales. Moreover, the group-representative

connectome precludes the exploration of network differences across individuals. The main

goal of this work is to demonstrate from a general perspective how noise amplitude influences

the effects of local stimulation. Therefore, we chose the canonical Wilson-Cowan neural mass

with a constant excitation stimulation for brain dynamics. We configured the global coupling

strength such that the neural activity lies just before the high-activity oscillatory state, which is

assumed to support empirical brain functions and provides maximal flexibility to perturba-

tions [38, 57, 58]. However, this computational model is a simplification of the empirical situa-

tion and thus cannot perfectly describe the patterns of neural activity [99]. Future work could

consider more realistic improvements, such as incorporating complex stimulation protocols

[100], additional regional heterogeneity [101–103], synaptic plasticity [104] and evolutionary

development [105]. Notably, the results need to be tested experimentally using local stimula-

tion under different noise levels to ensure biological validity. Future studies may use psyche-

delics such as ketamine and LSD to enhance entropy in the brain, leading to more disordered

states and changes in neural noise [106]. When comparing stimulation effects under the psy-

chedelic state to the placebo state, researchers should cautiously exclude effects other than

altered neural noise caused by psychedelics. Moreover, our study could be viewed as an exten-

sion of the state-dependent stimulation, with noise amplitude reflecting brain states. In the

future, the intrinsic activity of other states, such as sleep and working memory, can be consid-

ered to investigate how these states affect the stimulation outcomes.

Supporting information

S1 Fig. Distributions of the peak frequency of excitatory activity in all brain regions under

different noise amplitudes given that c = 0.1. (A) Noise amplitude = 10−7. (B) Noise

amplitude = 10−5. (C) Noise amplitude = 10−3. (D) Noise amplitude = 10−2. Panels (A-C) show

similar distributions, remarkably different from that of panel (D). These results are compara-

ble to Fig 2C.

(JPG)
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S2 Fig. Distributions of the peak power of excitatory activity in all brain regions under

different noise amplitudes given that c = 0.1. (A) Noise amplitude = 10−7. (B) Noise

amplitude = 10−5. (C) Noise amplitude = 10−3. (D) Noise amplitude = 10−2. Noise amplitude

increases the peak power in all brain regions, consistent with the results in Fig 2D.

(JPG)

S3 Fig. Effects of noise amplitude (x-axis) on the peak frequency of unstimulated brain

regions f peakunsti (y-axis) at various stimulation sites. (A) L-Pars Orbitalis (small degree). (B)

R-Superior Frontal (moderate degree). (C) L-Caudate (large degree).

(JPG)

S4 Fig. Examples of time series and power spectra of an oscillatory brain region before and

during stimulation. In this realization, the unstimulated region R-Superior Parietal is already

in the oscillatory state before stimulation. Results show that the high peak frequency is almost

unaffected by stimulation. The upper panels of subfigures show the time series of the R-Supe-

rior Parietal region when stimulating the L-Pars Orbitalis region under a large noise amplitude

(10−2). The lower panels of subfigures show the power spectra of the corresponding time series.

(A) Before stimulation. (B) During stimulation.

(JPG)

S5 Fig. Impact of local perturbations on the time series and power spectra of different

unstimulated brain regions. The upper panels of subfigures show the time series of two unsti-

mulated brain regions at different noise amplitudes when stimulating the R-Lateral Orbito-

frontal region. The lower panels of subfigures show the power spectra before (blue) and during

(orange) stimulation in the corresponding condition. (A) L-Caudate, noise amplitude = 10−7.

(B) L-Caudate, noise amplitude = 10−5. (C) L-Caudate, noise amplitude = 10−3. (D) L-Pars

Orbitalis, noise amplitude = 10−7. (E) L-Pars Orbitalis, noise amplitude = 10−5. (F) L-Pars

Orbitalis, noise amplitude = 10−3.

(JPG)

S6 Fig. Oscillations before stimulation have little impact on the similarity between the

peak frequency averaged across various noise amplitudes and the structural connectivity.

(A) The peak frequency of unstimulated brain regions (f peak
unsti ) (y-axis) under different stimu-

lated brain regions (x-axis) at a large noise amplitude (10−2). The diagonal elements are set to

0. This result corresponds to oscillations before stimulation. (B) The peak frequency of unsti-

mulated brain regions (y-axis) under different stimulation sites (x-axis) averaged across vari-

ous noise amplitudes that do not induce oscillations before stimulation (hf peak
unsti is). (C) The

positive Spearman correlation (ρ = 0.95, p< 0.01) between the matrix in (B) and the structural

network is similar to Fig 4E.

(JPG)

S7 Fig. Another set of examples of functional connectivity changes induced by stimulation.

Different Brain regions R-Pars Orbitalis (low degree), L-Paracentral (moderate degree) and

L-Putamen (high degree) are stimulated at low (10−9), moderate (10−4) and high (10−2) noise

amplitudes. The matrices represent the differences in functional connectivity networks before

and during local stimulation for one realization.

(JPG)

S8 Fig. Examples of functional connectivity changes caused by stimulating different brain

regions under a large noise amplitude (10−2). Note that the brain is already in the oscillatory
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state before stimulation for these examples. Results show small connectivity changes similar to

Fig 5. (A) R-Lateral Orbitofrontal. (B) R-Hippocampus. (C) L-Accumbens.

(JPG)

S9 Fig. P-values of Pearson correlation coefficients between functional effects and struc-

tural degree as a function of noise amplitude. The blue dots at each noise amplitude repre-

sent the 30 realizations of p-values. The red horizontal line indicates the position where the p-

value is equal to 0.05. FDR correction was performed for p-values across all noise amplitudes

and realizations.

(JPG)

S10 Fig. Snapshots of functional effects under other noise amplitudes for one realization.

(A) Noise amplitude = 10−8, Pearson’s r = 0.67, FDR-corrected p< 0.01. (B) Noise

amplitude = 10−6, Pearson’s r = 0.79, FDR-corrected p< 0.01. (C) Noise amplitude = 10−4,

Pearson’s r = 0.94, FDR-corrected p< 0.01. (D) Noise amplitude = 10−2, Pearson’s r = 0.16,

FDR-corrected p = 0.15. The gray lines represent the linear fits of data points estimated by

ordinary least squares. These results are in line with the trend shown in Fig 6C.

(JPG)

S11 Fig. P-values of Pearson correlation coefficients between structural effects and struc-

tural degree as a function of noise amplitude. The blue dots at each noise amplitude repre-

sent the 30 realizations of p-values. The red horizontal line indicates the position where the

p-value is equal to 0.05. FDR correction was performed for p-values across all noise amplitudes

and realizations.

(JPG)

S12 Fig. Snapshots of structural effects under other noise amplitudes for one realization.

(A) Noise amplitude = 10−8, Pearson’s r = −0.56, FDR-corrected p< 0.01. (B) Noise

amplitude = 10−6, Pearson’s r = −0.39, FDR-corrected p< 0.01. (C) Noise amplitude = 10−4,

Pearson’s r = 0.08, FDR-corrected p = 0.52. (D) Noise amplitude = 10−2, Pearson’s r = 0.32,

FDR-corrected p< 0.01. The gray lines represent the linear fits of data points estimated by

ordinary least squares. These results are consistent with the trend shown in Fig 7C.

(JPG)

S13 Fig. Locations of cognitive systems in terms of functional and structural effects under

other noise amplitudes. (A) Noise amplitude = 10−8. (B) Noise amplitude = 10−7. (C) Noise

amplitude = 10−5. (D) Noise amplitude = 10−4. (E) Noise amplitude = 10−2. Note that stimu-

lated brain regions are grouped into 4 cognitive systems with different colors. The colored

areas represent the convex hulls of data points in the systems. The points reflect the measures

averaged over 30 realizations.

(JPG)
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101. Wang P, Kong R, Kong X, Liégeois R, Orban C, Deco G, et al. Inversion of a large-scale circuit model

reveals a cortical hierarchy in the dynamic resting human brain. Science advances. 2019; 5(1):

eaat7854. https://doi.org/10.1126/sciadv.aat7854 PMID: 30662942

102. Wang XJ. Macroscopic gradients of synaptic excitation and inhibition in the neocortex. Nature Reviews

Neuroscience. 2020; 21(3):169–178. https://doi.org/10.1038/s41583-020-0262-x PMID: 32029928

103. Kong X, Kong R, Orban C, Wang P, Zhang S, Anderson K, et al. Sensory-motor cortices shape func-

tional connectivity dynamics in the human brain. Nature communications. 2021; 12(1):1–15. https://

doi.org/10.1038/s41467-021-26704-y PMID: 34737302

104. Shine JM, Müller EJ, Munn B, Cabral J, Moran RJ, Breakspear M. Computational models link cellular

mechanisms of neuromodulation to large-scale neural dynamics. Nature neuroscience. 2021; 24

(6):765–776. https://doi.org/10.1038/s41593-021-00824-6 PMID: 33958801

105. Tripp EA, Fu F, Pauls SD. Evolutionary Kuramoto dynamics. Proceedings of the Royal Society B.

2022; 289(1986):20220999. https://doi.org/10.1098/rspb.2022.0999 PMID: 36350204

106. Carhart-Harris RL, Leech R, Hellyer PJ, Shanahan M, Feilding A, Tagliazucchi E, et al. The entropic

brain: a theory of conscious states informed by neuroimaging research with psychedelic drugs. Fron-

tiers in human neuroscience. 2014; p. 20. https://doi.org/10.3389/fnhum.2014.00020 PMID: 24550805

PLOS COMPUTATIONAL BIOLOGY Noise improves the association between stimulation effects and structural degree

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010866 May 11, 2023 30 / 30

https://doi.org/10.3389/fnhum.2013.00687
http://www.ncbi.nlm.nih.gov/pubmed/24167483
https://doi.org/10.1126/sciadv.aat7854
http://www.ncbi.nlm.nih.gov/pubmed/30662942
https://doi.org/10.1038/s41583-020-0262-x
http://www.ncbi.nlm.nih.gov/pubmed/32029928
https://doi.org/10.1038/s41467-021-26704-y
https://doi.org/10.1038/s41467-021-26704-y
http://www.ncbi.nlm.nih.gov/pubmed/34737302
https://doi.org/10.1038/s41593-021-00824-6
http://www.ncbi.nlm.nih.gov/pubmed/33958801
https://doi.org/10.1098/rspb.2022.0999
http://www.ncbi.nlm.nih.gov/pubmed/36350204
https://doi.org/10.3389/fnhum.2014.00020
http://www.ncbi.nlm.nih.gov/pubmed/24550805
https://doi.org/10.1371/journal.pcbi.1010866

