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Abstract 34 

Modulation of neuronal oscillations holds promise for the treatment of neurological disorders. 35 

Nonetheless, conventional stimulation in a continuous open-loop manner can lead to side effects 36 

and suboptimal efficiency. Closed-loop strategies such as phase-locked stimulation aim to 37 

address these shortcomings by offering a more targeted modulation. While theories have been 38 

developed to understand the neural response to stimulation, their predictions have not been 39 

thoroughly tested using experimental data. Using a mechanistic coupled oscillator model, we 40 

elaborate on two key predictions describing the response to stimulation as a function of the phase 41 

and amplitude of ongoing neural activity. To investigate these predictions, we analyze 42 

electrocorticogram recordings from a previously conducted study in Parkinsonian rats, and extract 43 

the corresponding phase and response curves. We demonstrate that the amplitude response to 44 

stimulation is strongly correlated to the derivative of the phase response (𝜌 > 0.8) in all animals 45 

except one, thereby validating a key model prediction. The second prediction postulates that the 46 

stimulation becomes ineffective when the network synchrony is high, a trend that appeared 47 

missing in the data. Our analysis explains this discrepancy by showing that the neural populations 48 

in Parkinsonian rats did not reach the level of synchrony for which the theory would predict 49 

ineffective stimulation. Our results highlight the potential of fine-tuning stimulation paradigms 50 

informed by mathematical models that consider both the ongoing phase and amplitude of the 51 

targeted neural oscillation. 52 

  53 
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Significance Statement 54 

This study validates a mathematical model of coupled oscillators in predicting the response of 55 

neural activity to stimulation for the first time. Our findings also offer further insights beyond this 56 

validation. For instance, the demonstrated correlation between phase response and amplitude 57 

response is indeed a key theoretical concept within a subset of mathematical models. This 58 

prediction can bring about clinical implications in terms of predictive power for manipulation of 59 

neural activity. Additionally, while phase dependence in modulation has been previously studied, 60 

we propose a general framework for studying amplitude dependence as well. Lastly, our study 61 

reconciles the seemingly contradictory views of pathologic hypersynchrony and theoretical low 62 

synchrony in Parkinson's disease. 63 

  64 
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1. Introduction 65 

Application of brain stimulation techniques has gained momentum over the past few decades 66 

owing to their therapeutic potential (Lozano et al., 2019; Krauss et al., 2021). Neural oscillations 67 

can act as anchor points in modulation of brain circuitry (Bergmann and Hartwigsen, 2021; 68 

Sullivan et al., 2021). The association of particular network oscillations with different brain 69 

functions, as well as their implication in many neurological and psychiatric disorders, renders them 70 

suitable targets for stimulation (Strüber and Herrmann, 2020; Oswal et al., 2021; Basu et al., 71 

2023; Zaaimi et al., 2023). Successful manipulation of neural oscillations for the desired outcome 72 

requires clear answers to where, how, and when to stimulate (Polanía et al., 2018; Cagnan et al., 73 

2019; Hollunder et al., 2022). The first question has been extensively researched to identify the 74 

target site based on the engaged networks (Drobisz and Damborská, 2019; Li et al., 2020; Figee 75 

and Mayberg, 2021; Kübler et al., 2021; Rajamani et al., 2024). To address how and when 76 

stimulation should be applied, a variety of closed-loop strategies have been proposed, where 77 

features of the ongoing oscillation serve as feedback (Brittain et al., 2013; Scangos et al., 2021; 78 

Mondragón-González et al., 2024). 79 

 80 

Among closed-loop techniques, phase-locked stimulation has shown promise in achieving a 81 

controlled modulation (Brittain et al., 2013; Cagnan et al., 2017; Mansouri et al., 2018; Krugliakova 82 

et al., 2024). In this approach, stimulation pulses are triggered at certain phases of the ongoing 83 

oscillatory activity. Neuromodulation and plasticity effects obtained through precise timing of the 84 

pulses have been shown to be bidirectional (Huerta and Lisman, 1995; Zanos et al., 2018; 85 

Nieuwhof et al., 2022; Li et al., 2023). This feature not only results in higher control and in turn 86 

more efficient stimulation policies but may also explain the heterogeneity observed in many open-87 

loop stimulation paradigms. Additionally, due to interactions between different brain rhythms 88 
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through mechanisms such as phase amplitude coupling, phase-based modulation of an activity 89 

can bring about cross frequency changes (Salimpour et al., 2022; Duchet and Bogacz, 2024). 90 

 91 

Despite growing interest in phase-locked stimulation, two main bottlenecks of completely different 92 

natures have hindered further application of this strategy. Firstly, real-time tracking of signal 93 

properties at the resolution of milliseconds is challenging. Thanks to recent technological 94 

advancements and developed algorithms, several studies have demonstrated the implementation 95 

of such fast brain-machine interactions in rodents (Siegle and Wilson, 2014; McNamara et al., 96 

2022), non-human primates (Escobar Sanabria et al., 2020; Zaaimi et al., 2023), and humans 97 

(Reis et al., 2021; Gordon et al., 2022). Secondly, theoretical understanding of how the state of a 98 

network oscillation at the stimulation time, i.e. its phase and amplitude, modulates the response 99 

remains incomplete, often resulting in an extensive search during stimulation sessions for the 100 

desired effect. There have been several theoretical studies proposing optimal closed-loop policies 101 

(Holt et al., 2016; Popovych et al., 2017; Weerasinghe et al., 2019, 2021). However, the 102 

predictions made by these studies have not been thoroughly validated with experimental data, 103 

severely limiting their applicability. 104 

 105 

Mathematical models based on coupled oscillators are suitable candidates for bridging this gap 106 

due to their ability to replicate neural oscillations (Velazquez et al., 2015; Guevara Erra et al., 107 

2017; Weerasinghe et al., 2021; Sermon et al., 2024). The Kuramoto model, in particular, offers 108 

a great advantage for studying phase-locked stimulation by adopting a phase-based description 109 

of neural oscillators (Brown et al., 2004; Acebrón et al., 2005). Hence, network dynamics can be 110 

explicitly modeled as a function of individual oscillator’s phases, which evolve over time based on 111 

their natural frequencies and mutual interactions. This model expresses the collective behavior of 112 
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oscillators in terms of a mean phase and network synchrony, directly proportional to the amplitude 113 

of oscillations (Weerasinghe et al., 2019). Given the phase (Cagnan et al., 2017; McNamara et 114 

al., 2022) and amplitude (Weerasinghe et al., 2019; Hebron et al., 2024) dependence of 115 

stimulation effects, predicting the network response as a function of these two quantities 116 

potentially provides clinically translatable predictive power, especially for patients suffering from 117 

Parkinson’s disease (PD) or essential tremor (ET) (Meidahl et al., 2017; Frey et al., 2022). The 118 

gained insight could also pave the way for combining phase-locked stimulation with adaptive 119 

stimulation—a strategy based on ongoing amplitude (Tinkhauser et al., 2017; Smyth et al., 120 

2023)—merging the best of both approaches. 121 

 122 

Here, we aim to expand on the predictions introduced in (Weerasinghe et al., 2019) and test them 123 

using previously collected experimental data from (McNamara et al., 2022). We review the 124 

predictions derived from the reduced (mean-field) Kuramoto model regarding the role of ongoing 125 

oscillations’ phase and amplitude in response to stimulation. Each theoretical prediction is tested 126 

separately against the electrocorticogram measurements of Parkinsonian rats subjected to 127 

phase-locked stimulation. Phase-wise, we first demonstrate a strong correlation between the 128 

amplitude response curve (ARC) and the derivative of the phase response curve (PRC). 129 

Regarding the role of amplitude, we show using the full model that the largest effects can be 130 

attained by stimulation at intermediate values of network synchrony. Below this peak, where most 131 

brain networks operate, the response is characterized by a slight drop and relatively stronger 132 

amplification compared to suppression. Taken together, these findings bridge the gap between 133 

theory and experiments, unveiling an opportunity to manipulate neural activities in the desired 134 

direction more reliably. 135 
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2. Materials and methods 136 

To investigate the effects of stimulation, we introduce our modeling approach and describe the 137 

previously collected dataset used to validate the model’s predictions. We also detail the 138 

techniques employed to link theory and experiments. 139 

2.1. Modeling framework 140 

The Kuramoto model of coupled oscillators was used to model the oscillations arising from the 141 

activity of a neuronal population. In this framework, the network dynamics are described through 142 

phases that reflect self-sustained oscillations of weakly coupled oscillators (Strogatz, 2000). We 143 

employed such a network model to analyze how external stimulation affects the network activity 144 

of a population. In this context, neurons or neural microcircuits with periodic behavior can be 145 

regarded as oscillators that interact with each other (Weerasinghe et al., 2019), collectively giving 146 

rise to the network activity often recorded in experiments as local field potentials (LFPs) or ECoG 147 

oscillations (Fig. 1A,B) (Breakspear, 2017; Bick et al., 2020).  148 

 149 

To assess the impact of external stimulation on these networks, one must make an assumption 150 

about how individual oscillators respond to stimulation. Neurons may vary in their phase response 151 

depending on their type and various regulating factors (Fink et al., 2013; Goldberg et al., 2013; 152 

Phillips et al., 2020). We adopted the classic case compatible with the Hodgkin Huxley model, 153 

where a spiking neuron exhibits a biphasic response featuring both phase delay and advance 154 

regions (Goldberg et al., 2013). This response behavior, known as type II, has been observed 155 

experimentally (Netoff et al., 2005; Akam et al., 2012), and characterized by a slow-down region 156 

after the spiking during the refractory period and a speed-up region closely before the spiking 157 
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(Smeal et al., 2010) (Fig. 1C). We used 𝑍(𝜃) = −𝑠𝑖𝑛𝜃 as a simple phase response curve that 158 

satisfies these conditions (Fig. 1D,E). 159 

 160 

The Hodgkin-Huxley model used to demonstrate the concept of a biphasic phase response was 161 

developed using the original conductance values and rate functions (Hodgkin and Huxley, 1952). 162 

The effect of stimulation was incorporated as an injected square pulse of current with a width of 163 

50 µs. Numerical simulations were performed in MATLAB using the Euler method with 0.01 ms 164 

time steps. 165 

 166 

2.2. Full Kuramoto model 167 

Dynamics of a finite number of coupled oscillators with noise are governed by (Sakaguchi, 1988): 168 

 169 

𝜃̇𝑖 = 𝜔𝑖 + 𝐾/𝑁 ∑ 𝑠𝑖𝑛(𝜃𝑗 − 𝜃𝑖) + 𝜉𝑖 + 𝐼(𝑡)𝑍(𝜃𝑖)𝑁
𝑗    for i=1,…,N. (1) 170 

 171 

This set of differential equations describes how the phase of each oscillator, 𝜃𝑖, evolves in time 172 

while interacting with other oscillators through a global coupling constant 𝐾 and subject to external 173 

stimulation 𝐼(𝑡) and independent white noise 𝜉𝑖: 174 

 175 

〈𝜉𝑖(𝑡)〉 = 0 , 〈𝜉𝑖(𝑡)𝜉𝑗(𝑡′)〉 = 2𝐷𝛿(𝑡 − 𝑡 ′)𝛿𝑖𝑗 , (2) 176 

 177 

JN
eurosci

 Acce
pted M

an
uscr

ipt



10 

 

where 𝐷 represents noise intensity. 𝛿 and 𝛿𝑖𝑗 are the delta Dirac and Kronecker delta functions, 178 

respectively.  179 

To investigate macroscopic properties of these networks, an order parameter is defined as 180 

follows: 181 

 182 

𝑟 =
1

𝑁
∑ 𝑒𝑖𝜃𝑗𝑁

𝑗 = 𝜌𝑒𝑖𝜓, (3) 183 

 184 

which describes the network activity in terms of the level of synchrony, 𝜌 (ranging from 0 to 1), 185 

and the mean phase, 𝜓. It can be shown that the experimentally measured oscillation amplitude 186 

is proportional to the value of synchrony (Weerasinghe et al., 2019). 187 

 188 

Numerical simulations were conducted in MATLAB using the Euler-Maruyama method with a time 189 

step 0.5 ms to discretize the system in time. We verified convergence of the numerics for this 190 

timestep value. The natural frequencies of oscillators were randomly sampled from a Cauchy 191 

distribution with a mean frequency of 𝜔0 and a width of 𝛾. To simulate phase-locked stimulation, 192 

conditions similar to those in (McNamara et al., 2022) were applied. In each stimulation block, a 193 

target phase was chosen, and a pulse was delivered when the calculated mean phase crossed 194 

this target and more than 80 % of a beta cycle had elapsed since the previous pulse. 195 

 196 JN
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2.3. Reduced Kuramoto model 197 

In the limit of an infinite number of oscillators and under certain assumptions regarding the 198 

distribution of natural frequencies, the collective behaviour of the network can be described in a 199 

simpler way solely by the time evolution of the order parameter (Ott and Antonsen, 2008; Bick et 200 

al., 2020). The dynamics of the system, assuming 𝑍(𝜃) = −𝑠𝑖𝑛𝜃, are reduced to two differential 201 

equations governing the amplitude (synchrony 𝜌) and mean phase 𝜓 of the network: 202 

 203 

𝑑𝜌

𝑑𝑡
= −𝛾𝜌 +

𝐾𝜌

2
(1 − 𝜌2) +

𝐼(𝑡)

2
(1 − 𝜌2)𝑐𝑜𝑠(𝜓), (4) 204 

𝑑𝜓

𝑑𝑡
= 𝜔0 −

𝐼(𝑡)

2𝜌
(1 + 𝜌2)𝑠𝑖𝑛(𝜓), (5) 205 

 206 

where 𝛾 represents the width of the natural frequency distribution that is centered around 𝜔0. The 207 

last terms in the amplitude and phase equations represent the instantaneous population ARC and 208 

PRC, respectively. The ARC represents changes in amplitude as a function of the stimulation 209 

phase, and the PRC quantifies variation in the mean phase with respect to the stimulation phase. 210 

 211 

In the absence of noise, such networks would reach a steady state condition with fixed values of 212 

𝜌. However, in real networks, the oscillation amplitude fluctuates due to finite size effects, noise, 213 

and changes in coupling resulting from synaptic plasticity. Nonetheless, the reduced model can 214 

be seen as a phenomenological platform that provides intuitions and preliminary predictions. 215 

Accordingly, we employed this model as the basis for generating predictions, which were then 216 

further refined using the full model to partially capture the missing effects in a reduced model. 217 
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 218 

2.4. ECoG recording from Parkinsonian rats 219 

In order to test the validity of the theoretical predictions, we used electrocorticogram (EcoG) 220 

recordings collected from rats in (McNamara et al., 2022). In this study, in brief, rat models of PD 221 

were created through unilateral lesions of the dopaminergic neurons in substantia nigra, resulting 222 

in pathologically elevated beta activity in the cortico-basal ganglia network. Stimulating electrodes 223 

were then implanted in the globus pallidus (GPe), and activity was recorded using ECoG. Using 224 

a real time implementation of the phase tracking algorithm “Oscilltrack” (Sharott and McNamara, 225 

2022), each subject underwent phase-locked stimulation at eight equally-spaced target phases 226 

based on the ongoing beta signal. Each trial was targeted at a specific phase and consisted of 227 

10-14 stimulation blocks, each lasting 20 sec and separated by 5-sec off-epochs where no 228 

stimulation was applied (Fig. 2A). Full details are presented in (McNamara et al., 2022).  229 

 230 

ECoG recordings were obtained at a sampling rate of 20 kHz. Stimulation artifacts were initially 231 

removed by interpolating the signal from the start of the electrical impulse to 1.5 ms after. The 232 

resulting signal was then downsampled to 2 kHz using an anti-aliasing filter. A 4th order bandpass 233 

Butterworth filter was subsequently applied to the downsampled signal. The Hilbert transform was 234 

then used on the filtered signal to extract the envelope amplitude and phase of the beta 235 

oscillations. 236 

 237 
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2.5. Experimental response curves 238 

The primary approach to extract the experimental ARC and PRC was the block-based method, in 239 

which the average behavior of the network during each 20-sec on-epoch was compared with the 240 

preceding 5-s off-epoch. More specifically, for the block-based ARC, the average Hilbert 241 

amplitude, 𝑎̅, of the signal in each epoch was calculated, and the difference represented the 242 

amplitude change at the corresponding phase (Cagnan et al., 2017; Duchet et al., 2020) (Fig. 243 

2B). Evaluating this change for all target phases enabled us to reconstruct the experimental 244 

(block-based) ARC for each animal: 245 

 246 

𝐴𝑅𝐶𝑏 = 𝑎𝑜𝑛̅̅ ̅̅ ̅ − 𝑎𝑜𝑓𝑓̅̅ ̅̅ ̅̅ . (6) 247 

 248 

To calculate the block-based PRC, phase trajectory in the 5-sec off-epoch was used to fit a linear 249 

model for the evolution of the unwrapped phase. Using this model, the expected phase of the 250 

system under no stimulation at the end of the 20-sec epoch, 𝜓̂, could be estimated. The difference 251 

between this estimated unwrapped phase in the absence of stimulation and the actual unwrapped 252 

phase, 𝜓, as a result of the stimulation was then normalized by the number of pulses (𝑁𝑝𝑢𝑙𝑠𝑒) in 253 

the on-epoch (Fig. 2C). This normalized change was calculated for all target phases, similar to 254 

the ARC, to establish the (block-based) PRC for each animal: 255 

 256 

𝑃𝑅𝐶𝑏 =
𝜓̂−𝜓

𝑁𝑝𝑢𝑙𝑠𝑒
. (7) 257 

 258 
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Considering the different sites for stimulation (GPe) and recording (cortex), as well as variability 259 

across animals, all curves were phase-aligned based on the most suppressive phase for the 260 

purpose of group analysis. To examine the relationship between the response curves, the 261 

derivative of the PRC with respect to phase was computed using central differencing. 262 

 263 

When quantifying the size of amplitude change under different oscillation amplitudes, the method 264 

above averages the oscillation over a relatively long period compared to the beta cycle's time 265 

scale. To capture more transient changes in the amplitude, we also employed a pulse-based 266 

approach. In this technique, the average amplitude within 10 ms before and after each pulse was 267 

used to establish the amplitude response as a function of the pre-pulse amplitude (Fig. 2D). 268 

 269 

A custom MATLAB script was developed to process the experimental recordings and extract the 270 

response curves. Statistical tests and additional data visualizations were carried out using Python-271 

based packages. Pearson's correlation coefficients (𝑅) were calculated to assess the relationship 272 

between the ARC and the PRC derivative. Statistical significance of phase dependence in 273 

individual ARCs and PRCs was examined using one-way analysis of variance (ANOVA). The 274 

relationship between the correlation strength 𝑅 and the resulting p-value from ANOVA was also 275 

quantified using the Spearman correlation coefficient (𝑟𝑠).  276 

2.6. Model fitting 277 

To test the prediction based on oscillation amplitude, it was necessary to estimate the network 278 

parameters that could reproduce relevant features of the ECoG recordings used for this study. 279 

An optimization-based model fitting algorithm was developed in MATLAB to fit the finite Kuramoto 280 

model to individual subjects. The algorithm received three dynamic features of the signal (Duchet 281 
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et al., 2020): power spectrum density (PSD) of the signal, probability density function (PDF) of 282 

the envelope amplitude, and PSD of the envelope amplitude (Fig. 2E). These features embed the 283 

statistics of the signal intensity along with the temporal variations of both the signal and its 284 

amplitude (Sermon et al., 2023). It then employed MATLAB’s surrogate optimizer (surrogateopt) 285 

with batch update interval 1 to minimize the following error: 286 

 287 

𝑓 =
1

3
(

∑(𝑃𝑆𝐷𝐷𝑎𝑡𝑎−𝑃𝑆𝐷𝑀𝑜𝑑𝑒𝑙)2

∑(𝑃𝑆𝐷𝐷𝑎𝑡𝑎−𝑃𝑆𝐷𝐷𝑎𝑡𝑎̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)2
+

∑(𝑒𝑛𝑣𝑃𝐷𝐹𝐷𝑎𝑡𝑎−𝑒𝑛𝑣𝑃𝐷𝐹𝑀𝑜𝑑𝑒𝑙)2

∑(𝑒𝑛𝑣𝑃𝐷𝐹𝐷𝑎𝑡𝑎−𝑒𝑛𝑣𝑃𝐷𝐹𝐷𝑎𝑡𝑎̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )2
+

∑(𝑒𝑛𝑣𝑃𝑆𝐷𝐷𝑎𝑡𝑎−𝑒𝑛𝑣𝑃𝑆𝐷𝑀𝑜𝑑𝑒𝑙)2

∑(𝑒𝑛𝑣𝑃𝑆𝐷𝐷𝑎𝑡𝑎−𝑒𝑛𝑣𝑃𝑆𝐷𝐷𝑎𝑡𝑎̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )2
). (8) 288 

 289 

Given the different scale of the measured values and the model network activity, both 290 

experimental and simulated signals were z-scored to ensure comparability. PSDs were calculated 291 

using Welch’s method with frequency resolution of 1 Hz (1-sec window length) and 50 % overlap. 292 

The optimization output provided values for four network parameters: mean frequency 𝜔0, width 293 

of the distribution 𝛾, coupling constant 𝐾, and standard deviation of the noise 𝜎. The maximum 294 

number of function evaluations for the surrogate optimization was set to 500. Network simulations 295 

at each optimization step were carried out with 𝑁 = 200 oscillators which were randomly sampled 296 

from a Cauchy distribution with the mean 𝜔0 and width 𝛾. Each set of parameters was simulated 297 

10 times to account for different realizations of noise, and the dynamic features from the resulting 298 

signals were averaged to calculate the optimization error. 299 

 300 

A parameter recovery study was also performed using synthetic data to investigate whether the 301 

values obtained from the fitting procedure for individual parameters are separately identifiable 302 

with respect to network behavior. This series of simulations and optimizations were performed 303 
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with fewer oscillators (𝑁 = 50) and lower frequency resolution for PSDs to reduce computational 304 

cost while still capturing the model’s generalizable features. 305 

 306 

3. Results 307 

The state of simple oscillatory systems can be summarized by their phase and amplitude (Fig. 308 

3A). Hence, a clinically relevant predictive power may arise from studying the response to 309 

stimulation as a function of these two quantities tracked from signals of interest (e.g. tremor in ET 310 

or beta in PD). We first introduce the predictions made by the reduced model regarding the phase 311 

and amplitude dependence of the response to stimulation. We then examine the correlation 312 

between the PRC and ARC in the data from Parkinsonian rats. Finally, we compare amplitude-313 

dependence in the experimental response with simulations of the best-fitting Kuramoto models. 314 

3.1. Predictions from the reduced model 315 

First, we focused on the phase dependence of the response behavior (Fig. 3B). Given a specific 316 

phase response function for individual oscillators, the reduced model predicted that the population 317 

PRC which represents the phase response of the network mirrors the form of the individual 318 

oscillators’ response function (Weerasinghe et al., 2019). More importantly, the amplitude 319 

response of the population summarized by the ARC will be negatively correlated with the 320 

derivative of the PRC. To develop an intuition about this prediction, two extreme scenarios of 321 

maximum suppression and maximum amplification can be helpful. In the former case, when 322 

stimulating the network at the mean phase of 𝜋, the trailing oscillators are in the “slow down” 323 

region of their cycle while the leading ones have entered the “speed up” regime (Fig. 3B, left 324 

inset). As a result, stimulation enlarges the gap between oscillators, causing a more 325 
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desynchronized system. Conversely, in the maximum amplification scenario, stimulating at the 326 

mean phase of 0 causes leading and trailing oscillators to experience opposite effects, making 327 

them more tightly packed and thus synchronized (Fig. 3B, right inset). Hence, the maximum 328 

suppression and amplification correspond to phases where the absolute slope of the PRC is the 329 

largest. 330 

 331 

Next, we sought to predict the network response in terms of amplitude dependence. In the 332 

reduced model, the last term of eq. (4) (
𝐼

2
(1 − 𝜌2)𝑐𝑜𝑠(𝜓)) describes the instantaneous effect of a 333 

stimulation impulse, and the scaling factor of this term (
1

2
(1 − 𝜌2)) is plotted in Fig. 3C. This figure 334 

illustrates that the attainable absolute change in amplitude from stimulation drops continuously 335 

as a function of synchrony in the network. In other words, the theory suggests that stimulation 336 

should have the greatest effect when applied at low oscillation amplitudes and becomes less 337 

effective at large amplitudes. An intuition for this prediction can be obtained by looking at two 338 

ends of the synchrony spectrum. Any change in network synchrony requires differential effects of 339 

stimulation on the oscillators which leads to an increased or decreased gap between them. In a 340 

network with low synchrony, the high dispersion among oscillators allows for the maximum 341 

attainable change as a result of stimulation (Fig. 3C, left inset), whereas in a highly synchronized 342 

system, all oscillators experience nearly the same change, leading to minimal impact on the 343 

collective synchrony (Fig. 3C, right inset). 344 

 345 

Examining eq. (4) for amplitude in the reduced model, the last term represents the combined 346 

effect of phase and amplitude which can be visualized as a 3D surface (Fig. 3D). For a more 347 

detailed assessment of the model’s predictions, we tested each component separately using the 348 

experimental data. 349 

JN
eurosci

 Acce
pted M

an
uscr

ipt



18 

 

 350 

3.2. Correlation between the PRC derivative and ARC 351 

To test the theoretical predictions regarding ARC and PRC, we extracted the corresponding 352 

curves from the animal data. Analysis of changes in beta power as a function of target phase in 353 

(McNamara et al., 2022), revealed nearly antiphase maximum amplification and suppression in 354 

all animals. This general trend suggests that 𝑍(𝜃) = −𝑠𝑖𝑛𝜃 can be viewed as a reasonable 355 

assumption for phase response function of individual oscillators (see eq. (1)). Nevertheless, ARC 356 

and PRC curves for each animal enabled a more comprehensive analysis of the predictions. The 357 

block-based method, described above, was employed to calculate the phase and amplitude 358 

changes in the high-beta activity as a function of the phase of stimulation. The average PRC, 359 

pooled across all animals, exhibited the previously described “slow down” and “speed up” regions 360 

for the population activity (Fig. 4A). The corresponding ARC also confirmed antiphase maximum 361 

suppression and amplification with smooth transitions in between (Fig. 4B). More importantly, the 362 

core prediction of the model, which posits a correlation between ARC and PRC derivative, was 363 

examined by establishing the derivative curve calculated through central differencing (Fig. 4B). 364 

Comparing ARC and PRC derivative revealed a negative correlation, in agreement with the 365 

model’s prediction. 366 

 367 

To further quantify this correlation and its variability across animals, we examined the phase and 368 

amplitude responses for 13 individual animals at each of the 8 target phases (individual response 369 

curves available in Fig. 4-1). The data across all animals and phases showed a tight distribution 370 

around a line with a negative slope, resulting in a high correlation coefficient (𝑅 = 0.84) which 371 

underscored the validity of the predicted relationship (Fig. 4C, individual correlations available in 372 
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Fig. 4-2). To assess how reliably the amplitude response can be predicted given a specific PRC, 373 

the relationship between the correlation strength, 𝑅, and the presence of an effect of phase in the 374 

PRC was explored. The latter was represented by the p-value from the statistical tests where 375 

lower values indicate significant phase dependence in the PRC. Plotting these values for different 376 

subjects revealed an interesting trend regarding variability across animals (Fig. 4D). All subjects 377 

with statistically significant PRCs exhibited a strong correlation with their amplitude response (𝑅 >378 

0.8). Notably, the phase response of the only subject lacking this correlation did not reach the 379 

significance threshold. Additionally, subjects with a higher effect of phase tended to show stronger 380 

correlations (𝑟𝑠 = −0.71, 𝑝 = 6.7𝑒 − 3). These results suggest that when certain model 381 

assumptions are met, —specifically, when phase dependence is present in the response— a tight 382 

correlation between ARC and PRC derivative may yield clinical insights when evaluating 383 

stimulation outcomes. 384 

 385 

3.3. Contributing factors in amplitude modulation of the response 386 

Following the study of phase dependence, we proceeded with analyzing how the network 387 

response is influenced by the ongoing oscillation amplitude. The previously described prediction 388 

on the dependence of stimulation effects on the ongoing amplitude (Fig. 3C), was derived from 389 

the instantaneous effect of stimulation, i.e. the effect was defined as difference between amplitude 390 

of oscillations just after and just before the pulse. However, to understand longer term effects, 391 

one needs to also consider the dynamics of the system between the pulses. The changes in the 392 

oscillation amplitude in the model are described by eq. (4). It states that the amplitude 𝜌 is not 393 

only influenced by the stimulation term but also depends on the coupling 𝐾 and the distribution 394 

width 𝛾, which together determine how amplitude evolves in subsequent time steps. In other 395 
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words, it is not possible to study the longer-term response as a function of amplitude without 396 

considering the intrinsic network parameters. In addition, oscillation amplitude is naturally 397 

bounded by the minimum and maximum levels of synchrony (0 < 𝜌 < 1).  398 

 399 

To develop an intuition about the interaction of these contributing forces in amplitude modulation, 400 

a seesaw analogy can be useful (Fig. 5A). Each position of a seesaw corresponds to a specific 401 

balance between two opposing forces: one pushing the system towards synchrony and the other 402 

causing desynchronization. Within the Kuramoto framework, intrinsic noise 𝐷 and width 𝛾 of the 403 

natural frequency distribution, and external stimulation at phases around the mid-ascending part 404 

of the cycle tend to reduce the synchrony of the network, tipping the balance towards lower 𝜌 405 

values (Fig. 5A, top). On the contrary, coupling 𝐾 in the system and stimulation at phases around 406 

the mid-descending part shift the balance in favor of higher 𝜌 values by enhancing the network 407 

synchrony (Fig. 5A, top). Furthermore, analogous to a real seesaw that is constrained at both 408 

ends, there are lower and upper bounds on how the force imbalance is reflected in the network 409 

(Fig. 5A, bottom). 410 

 411 

As mentioned earlier, the introduced Kuramoto model's term for absolute change as a function of 412 

oscillation amplitude highlights only the stimulation-induced instantaneous changes in the time 413 

evolution of amplitude (Fig. 5B, top), without taking into account network dynamics influenced by 414 

intrinsic parameters. The reduced model offers an initial insight into the interaction of these 415 

contributing factors. In asynchronous networks (Fig. 5B, left inset), relatively high stimulation-416 

induced perturbations are partially offset by network’s tendency to return to its steady-state with 417 

a low synchrony during the intervals between the pulses. As the network begins transitioning to a 418 

partially synchronized state (Fig. 5B, middle inset), a slight decrease in the effect of individual 419 
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stimulation pulses emerges, but the network is notably more susceptible to changes, reflected in 420 

a smaller decay between pulses, which translates into larger shifts in average network synchrony. 421 

Lastly, under substantial levels of synchrony (Fig. 5B, right inset), not only is the stimulation effect 422 

diminished, but the network again shows a strong tendency to maintain its steady state, leading 423 

to smaller net changes in synchrony. Such variations in network tendencies could be better 424 

understood by looking at its characteristic curve (Fig. 5-1). 425 

 426 

To further characterize the absolute change as a function of amplitude and link the model’s 427 

prediction with the experimental data, evolution of oscillation amplitude within similar stimulation 428 

blocks was simulated (Fig. 5C, top). The size of impulse was adjusted to match the observed 429 

change in beta power in experiments. These simulations were performed using the finite model 430 

with stochastic oscillators, and curves corresponding to no stimulation, most suppressive, and 431 

most amplifying phases were generated. The combined effects of external stimulation and 432 

intrinsic parameters constrained by bounds on both ends were consistent with the above 433 

descriptions. The relative weight of each contributing factor at different synchrony levels can be 434 

better understood by examining the time evolution of amplitude across three distinct levels of 435 

synchrony (Fig. 5C, bottom). In a highly noisy/low coupling network, only the amplifying phase 436 

caused a small upward shift in amplitude, as the already low amplitude could not be significantly 437 

reduced by stimulation at the suppressing phase (Fig. 5C, left inset). Under intermediate levels of 438 

coupling, far from both bounds of synchrony, a two-sided stimulation effect emerged in the 439 

response (Fig. 5C, middle inset) which then disappeared under asymptotically high levels of 440 

coupling due to the small instantaneous effect of stimulation (Fig. 5C, right inset). 441 

 442 
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3.4. Amplitude dependence of the response in Parkinsonian rats 443 

Having refined the prediction for the magnitude of the stimulation effect as a function of synchrony 444 

level, we aimed to test it by extracting the corresponding response behavior from the rat data. As 445 

outlined in the Methods section, the oscillation amplitude in the model represents a normalized 446 

amplitude corresponding to the level of synchrony. Therefore, to compare experimental curves 447 

with theoretical predictions, one needs to first estimate the network synchrony corresponding to 448 

the measured ECoG. The model fitting algorithm was employed to determine the subject-specific 449 

network parameters 𝜔0, 𝛾, 𝐾, 𝐷. A series of parameter recovery studies using synthetic data 450 

revealed that while individual parameters could not be reliably recovered (Fig. 6-1), the resulting 451 

network synchrony derived from each set of parameters was recovered with reasonable 452 

confidence (Fig. 6A). As a result, rather than focusing on exact parameter values from the fitting 453 

output, the corresponding network synchrony has been reported which indeed is more directly 454 

relevant to the theoretical prediction. The fitting was performed to replicate three key dynamic 455 

features of the signal for each animal (Fig. 6B). 456 

 457 

Results of the model fitting implied that underlying networks producing the measured signals may 458 

possess very low sustained synchrony across all animals (Fig. 6C). To highlight that different 459 

combinations of network parameters can lead to the same oscillating behavior, reflected by the 460 

synchrony level, the fitting algorithm was run multiple times for each subject. Although output 461 

parameter values varied within each subject, all combinations consistently represented similar 462 

levels of network synchrony (Fig. 6-2). The resulting model networks produced beta oscillations 463 

similar to those observed in the experiments (Fig. 6D).  464 

 465 
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Next, having identified the synchrony range of interest, we investigated the experimental data 466 

under two synchrony windows (block-based vs pulse-based variations) to assess whether the 467 

experimental responses aligned with the response of a model operating in that regime (Fig. 6E). 468 

As demonstrated in Section 3.3, low-synchrony networks are predicted to generally exhibit a 469 

higher propensity for amplification compared to suppression (Fig. 5C). By closely examining the 470 

blocks in the experiments, the amplitude change as a function of average amplitude prior to the 471 

stimulation epoch was obtained under three conditions: reference (no stimulation applied) plus 472 

the two phases achieving the highest amplification and highest suppression (Fig. 6F). At a given 473 

state, the inherent noise and finite number of oscillators caused a regression to the mean in the 474 

absence of stimulation. The model’s response, based on best-fit parameters, aligned with the 475 

experimental curves (Fig. 6G). The reference-subtracted regression lines reflected a significant 476 

increase in the stimulation effect during the suppressive phase, along with a more subtle, 477 

nonsignificant increase for amplification, and an overall more pronounced amplification in this 478 

regime (Fig. 6-3A). 479 

 480 

Lastly, recognizing that using averaged amplitudes over on- and off-epochs narrows the analyzed 481 

synchrony window (higher and lower synchrony values are averaged out), similar amplitude 482 

dependence curves were also derived based on individual stimulation pulses instead of blocks. 483 

This approach accounts for a wider range of momentary synchrony levels that the network 484 

experiences. It is worth noting that, while this approach uses smaller windows to calculate 485 

changes in amplitude, it still combines stimulation-induced instantaneous effects with peristimulus 486 

restoration governed by intrinsic parameters. The experimental pulse-based curves generally 487 

exhibited similar trends to the block-based ones, except even smaller changes at the lower end 488 

and a peaked trend for the amplification (Fig. 6H). This is consistent with the insight from the 489 

previous section that the averaged amplitude change (Fig. 5B, top) exhibits a small dip at the low 490 
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end of synchrony in contrast to the instantaneous effect of pulses (Fig. 5C, top). These differences 491 

were again in agreement with the curves extracted from the best-fit models (Fig. 6I). To visualize 492 

the net effects of stimulation, the corresponding reference line could be subtracted from the 493 

amplification and suppression lines (Fig. 6-3B). 494 

 495 

4. Discussion 496 

In this study, we elaborated on the predictions of a mathematical model based on coupled 497 

oscillators regarding the effects of phase-locked stimulation on a population activity. The model 498 

put forth predictions on how a neuronal population would respond to stimulation based on its 499 

current state in terms of phase and level of synchrony. We utilized a previously collected dataset 500 

from the study of phase-locked stimulation in rat models of PD to test those predictions.  501 

 502 

For phase dependence, the prediction implied that the shape of ARC would follow the negative 503 

of the derivative of PRC, and all except one animal exhibited response behaviors consistent with 504 

the model’s prediction. This key relationship, validated for the first time in this study, has been 505 

investigated previously with different models. Using the Wilson-Cowan model, it has been 506 

demonstrated (Duchet et al., 2020) that the phase shift between the ARC and PRC converges to 507 

𝜋/2 in the linearised model. The phase shift was however larger than π/2 in the non-linear Wilson-508 

Cowan model and in some of the data from patients with essential tremor. The predictive feature 509 

of the PRC derivative was also discussed in (Wilson and Moehlis, 2014; Wilson et al., 2015) 510 

through a noisy oscillators model, and in (Holt et al., 2016) with a network of conductance-based 511 

neurons. On the other hand, several studies (Escobar Sanabria et al., 2020; Zaaimi et al., 2023; 512 

Hebron et al., 2024) have adopted mathematical frameworks to explain the phase-dependent 513 
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response to stimulation. Findings of these studies have been generally consistent with the explicit 514 

relationship between the ARC and PRC discussed here which is derived from a 515 

phenomenological model. In addition, when evaluating the effect of phase, it must be kept in mind 516 

that perfect phase tracking in practice is not feasible, especially at low amplitudes due to a lower 517 

signal-to-noise ratio. Consequently, quantifying the effect of phase based on the higher amplitude 518 

portions of the signal may provide a clearer perspective. Alternatively, collecting more data can 519 

help mitigate this issue by averaging out the variations caused by imperfect tracking, which was 520 

the case for the data used in this study. Overall, our results support the proposal that a prior 521 

estimate of the PRC (such as measurements conducted for cotrical (Stiefel et al., 2008), 522 

subthalamic (Farries and Wilson, 2012), or pallidal neurons (Goldberg et al., 2013)) may be a 523 

useful tool for determining the suppressing or amplifying phase for closed-loop DBS without a full 524 

search of the parameter space (Holt et al., 2016). This approach could provide valuable guidance 525 

for defining optimal stimulation parameters in clinical settings.  526 

 527 

Amplitude dependence is a relatively unexplored aspect of the network response. Focusing solely 528 

on the instantaneous effects of stimulation, the theory suggests that stimulation should become 529 

ineffective at high network synchrony. However, the amplitude dependence was demonstrated to 530 

be more complex as other contributing factors such as network’s tendencies and bounds interact 531 

with stimulation-induced changes. These interactions would lead to a decay in the effect size of 532 

stimulation at both ends of the synchrony range. Moreover, distinct characteristic behaviors may 533 

emerge when amplifying oscillatory activity compared to its suppression, as exemplified by the 534 

stronger amplification observed in this study. This highlights the significance of determining the 535 

synchrony levels of the target network beforehand if the goal is to optimize stimulation efficiency 536 

based on ongoing amplitude. This could explain some of the observed differences in suppressing 537 

pathological activity in patients with PD compared to those with ET (Brittain et al., 2013; 538 
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Schreglmann et al., 2021). We proposed here that fitting the Kuramoto model to individual 539 

recordings could provide subject specific models, enabling tailored stimulation paradigms 540 

according to the subject and network under study. It is also important to note that the size of 541 

electrical impulses and the attainable modulation in clinical settings, which was simulated here to 542 

achieve comparable changes in power, could shift the location and intensity of peaks in the 543 

amplitude dependence of the response. The first-order trend, which is a general drop of the effect 544 

size with increasing amplitude, has been reported in several studies (Wang et al., 2022; Hebron 545 

et al., 2024), and agrees with the intuition that the stronger the synchrony of a network, the harder 546 

it is to disrupt. 547 

 548 

Beta oscillations in PD are considered an exemplar of pathological hypersynchrony. Therefore, it 549 

could be considered surprising that the stimulation effect did not drop at higher amplitudes in 550 

Parkinsonian rats. Importantly, however, high synchronization in the Kuramoto model represents 551 

almost complete alignment of individual oscillators (e.g. Fig. 3C, right). In the Parkinsonian brain, 552 

beta synchronization between neurons is massively elevated compared to healthy animals, where 553 

there is very little oscillatory synchronization (Raz et al., 2001; Mallet et al., 2008b, 2008a); 554 

However, if oscillators in the model represent individual neurons or ensembles of neurons in the 555 

basal ganglia circuit, these pathological levels of synchronization do not approach the levels of 556 

hypersynchronisation in the model. For example, in the subthalamic nucleus of Parkinsonian 557 

patients the maximum proportion of individual neurons that oscillate at beta frequency and/or are 558 

synchronized with cortical beta oscillations is around 60%, with a mean of 20-30% (Sharott et al., 559 

2014, 2018). In the context of developing novel approaches for DBS in PD, this suggests that 560 

even highly patholophysiological levels of beta synchronization remain in the region where they 561 

remain responsive to modulation by phase-dependent stimulation. It remains to be seen whether 562 
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this is also the case for pathophysiological activities with higher levels of synchronization, such 563 

as epilepsy.  564 

 565 

It is worth highlighting that, besides phase and amplitude, another commonly studied aspect of 566 

response prediction is the frequency of oscillations and their entrainment to external rhythmic 567 

stimulation—a phenomenon described by Arnold tongues. However, our analysis focused on 568 

modulating a narrow band—specifically, beta oscillations—in an adaptive manner. Although an 569 

average stimulation frequency can be defined in such closed-loop approaches, establishing a 570 

direct connection is challenging because only one band is targeted and the stimulation strength 571 

does not vary significantly. 572 

 573 

With regards to limitations, although the model seems to capture the mean synchrony for subject-574 

specific models that reproduce the ECoG recordings, it falls short of replicating the variability of 575 

oscillation amplitude observed in the animals, as seen when comparing the x-axes in Fig. 6F-I. 576 

This limitation could potentially be addressed by allowing for changes in the coupling as a result 577 

of synaptic plasticity, and/or using a more generalized coupled oscillators model where oscillators 578 

are allowed to vary in their amplitudes. Additionally, while the model also makes predictions about 579 

specific stimulation phases that lead to suppression or amplification given a specific response 580 

function 𝑍(𝜃), only the correlation between ARC and the PRC derivative was tested due to the 581 

separate stimulation and recording sites in the experiments. Applying the developed framework 582 

on experimental data where sensing and stimulation has been conducted through the same 583 

electrode may facilitate further validation of the model’s prediction. Moreover, the focus here was 584 

placed on beta rhythms originated from basal ganglia which feature a bursty characteristic with 585 

very low sustained synchrony. Testing the model through other brain rhythms and networks will 586 
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provide a more comprehensive image of the effects of phase-locked stimulation. Lastly, 587 

alternative methods of measuring the experimental ARC and PRC could lead to slightly different 588 

outcomes which is why analytical methods alone may not be sufficient to estimate network 589 

synchronies.  590 

 591 

In terms of the mechanistic explanation of the response to stimulation, it is worth noting that the 592 

proposed mechanism—delayed and accelerated cycles of oscillators—can be applied at different 593 

levels of abstraction, depending on the specific neural activity. While regular-spiking neurons may 594 

represent the simplest interpretation of individual oscillators in some localized signals, other 595 

oscillatory drives could account for broader network signals. Consequently, pinpointing the exact 596 

mechanism and realization of these oscillators hinges on the scale of the measured signal and 597 

may require recordings at multiple scales. 598 

 599 

In summary, this study aimed to bridge the gap between theory and experiments by validating 600 

relatively straightforward yet powerful predictions. Such mechanistic understanding of the effects 601 

of stimulation could complement model free approaches like machine learning techniques to 602 

design more effective stimulation policies. The findings of this study highlight the significance of 603 

pinpointing the right time for stimulation, providing clinically translatable insights for optimizing 604 

closed-loop strategies.  605 

 606 

Data and Code Accessibility 607 

No new data were generated in this study. The experimental data used here is available at 608 

http://dx.doi.org/10.5287/bodleian:9omadD7Pp. The developed codes for mathematical modeling 609 
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and computational analysis would be made available on https://github.com/Bogacz-Group upon 610 

publication. 611 
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 808 

 809 

Fig. 1. The Kuramoto model of coupled oscillators to model oscillatory neural activity. A, B. Snapshots of two 810 

example sets of coupled oscillators with low (A) and high (B) synchrony levels. Dispersed oscillators result in small 811 

oscillatory signal and therefore low amplitude, while packed oscillators represent large oscillation amplitude. C. Shift of 812 

spiking in a Hodgkin Huxley model as a result of external stimulation. Depending on the stimulation time with respect 813 

to the spiking cycle it can lead to phase advance (top) or delay (bottom). The dashed lines represent the spiking 814 

behavior in the absence of stimulation. D. Schematics of the biphasic response behaviour incorporated in the model. 815 

E. Phase response function of an individual oscillator (here, −𝑠𝑖𝑛𝜃).   816 

 817 

Fig. 2. Analysis of experimental data for testing theoretical predictions. A. Summary of phase-locked experimental 818 

trials conducted in Parkinsonian rats in (McNamara et al., 2022). Each trial targeted a certain phase and was divided 819 

into 10-14 blocks. Two example signals, one representing stimulation at a suppressing phase (green) and one at an 820 

amplifying phase (red) are shown. B. Schematic of block-based quantification of the phase response C. Schematic of 821 

block-based quantification of the amplitude response. D. Schematic of pulse-based quantification of the amplitude 822 

response. E. Model fitting algorithm flowchart. Dynamic features of the subject-specific experimental signal were fed 823 

into an optimization solver which updates model parameters to minimize the difference between the model and 824 

experimental signals. 825 
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 826 

Fig. 3. Theoretical predictions of the network response by the Kuramoto model. A. Phase and amplitude as the 827 

main signal properties. Predictions are based on the network’s state in terms of these properties. B. Model-based phase 828 

dependence of the network response. ARC follows the negative derivative of PRC. Two oscillators’ snapshots depict 829 

extreme cases of maximum suppression (left) and maximum amplification (right). C. Model-based amplitude 830 

dependence of the absolute change. Two oscillators’ snapshots illustrate stimulation-induced changes in networks with 831 

high (left) and low (right) synchrony. D. Combined effect of signal’s phase and amplitude on the amplitude response. 832 

 833 

Fig. 4. Experimentally validated relationship between ARC and PRC. A. Average PRC pooled across all animals. 834 

The average response exhibits phase advance and delay for the population activity. B. Average ARC (solid line) and 835 

PRC derivative (dashed line) pooled across all animals. The average amplitude response in rats is negatively correlated 836 

with the derivative of the phase response. Individual response curves are presented in Figure 4-1. C. ARC as a function 837 

of PRC derivative for 13 animals and 8 target phases. Individual correlations are presented in Figure 4-2. D. 838 

Relationship between the correlation coefficient and the significance of phase dependence within animals. Subjects 839 

(represented by circles labelled with their corresponding numbers) with more statistically significant phase dependence 840 

tend to have a stronger correlation between ARC and PRC derivative. 841 

 842 

Fig. 5. Contributing factors in amplitude modulation of the network response. A. A seesaw analogy of a network 843 

with two opposing forces and natural upper and lower bounds. External stimulation interacts with intrinsic parameters 844 

to determine the synchrony level in a constrained system. B. Stimulation-induced instantaneous disturbance as a 845 

function of oscillation amplitude. Three examples of synchrony evolution in the reduced model, each representing 846 

different steady-state synchrony levels. The extent of change in network synchrony as a result of stimulation depends 847 

on the size of the induced disturbance as well as network tendencies at that specific amplitude. Variations of such 848 

tendencies can be visualized by the network’s characteristic curve presented in Figure 5-1. C. Simulated block-based 849 

change in oscillation amplitude as a function of amplitude prior to stimulation in the full model. Three instances of 850 

amplitude evolution within a block illustrate the combined effect of stimulation-induced disturbance, intrinsic network 851 

tendencies, and synchrony boundaries. 852 

 853 
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Fig. 6. Network response dependence on oscillation amplitude. A. Parameter recovery using synthetic data. The 854 

model successfully recovers network synchrony from a set of simulated network activities. The recovery results for 855 

individual parameters are shown in Figure 6-1. B. Results of the fitted dynamic features of the signal for an example 856 

animal. The power spectral density (PSD) of the signal and its amplitude, along with the probability density function 857 

(PDF) of the amplitude, were used to find the best-fitting parameters. C. Extracted mean synchrony for different subjects 858 

obtained by fitting the Kuramoto model to experimental recordings. The dashed line represents the mean synchrony 859 

when desynchronizing factors approach infinity. Details of the fitting for each subject are provided in Figure 6-2. D. 860 

Example epochs of experimental recordings compared with simulated activity generated by the best-fit model. E. The 861 

relevant range of synchrony in the seesaw analogy. Block-based and pulse-based analyses provide different windows 862 

into the network synchrony. F, G. Block-based changes in amplitude as a function of pre-stimulation amplitude, 863 

demonstrating stronger amplification compared to suppression in this regime. H, I. Pulse-based changes in amplitude 864 

as a function of pre-pulse amplitude, revealing a drop in effect size at lower ends of the synchrony range through this 865 

quantification method. The reference-subtracted curves for both block-based and pulse-based approaches are 866 

presented in Figure 6-3. 867 

 868 

 869 
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