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2 

Abstract 25 

Background: Cortical excitability fluctuates throughout the day on multiple 26 

timescales, ranging from milliseconds to hours. This is reflected in the large variability of 27 

the brain’s response to transcranial magnetic stimulation (TMS). However, robust and 28 

interpretable biomarkers of the brain’s current excitability state are lacking. 29 

Objective: We investigated whether entropy derived from singular value 30 

decomposition of short electroencephalography (EEG) segments could serve as a 31 

biomarker of cortical excitability as probed by TMS. 32 

Methods: Entropy was computed from 1-second EEG segments preceding single-33 

pulse TMS applied over the motor cortex. We assessed whether spontaneous fluctuations 34 

in pre-pulse entropy predicted trial-by-trial variability in TMS-induced motor-evoked 35 

potentials (MEPs). Additionally, we evaluated whether entropy tracked stimulation-induced 36 

changes in cortical excitability. 37 

Results: Higher pre-pulse entropy, particularly over frontal regions, was associated 38 

with larger MEP amplitudes. TMS locally increased entropy over the motor cortex, while 39 

entropy decreased in other regions during the intervention. Participants who showed 40 

greater local increases in entropy from pre- to post-intervention also demonstrated larger 41 

increases in corticospinal excitability. 42 

Conclusion: Entropy derived from short EEG segments reflects both intrinsic and 43 

stimulation-induced changes in cortical excitability. This marker may help optimize TMS 44 

interventions by informing brain state-dependent stimulation strategies and providing an 45 

index of intervention efficacy. 46 

 47 
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Introduction 55 

Cortical excitability fluctuates throughout the day at both short and long timescales. 56 

For example, the magnitude of cortical excitability as measured with transcranial magnetic 57 

stimulation (TMS) is modulated at the single-trial level (short timescale) by spontaneous 58 

ongoing neuronal oscillations in the slow-wave (<1 Hz), alpha (8-12 Hz), and beta (15 – 25 59 

Hz) range [1–5]. Beyond these short period fluctuations, cortical excitability is also 60 

modulated by circadian rhythms (intermediate timescale; [6,7]), metabolic state [8,9], and 61 

sleep-deprivation (long timescale; [10,11]). 62 

Currently, there are no widely-agreed upon markers that quantify the current state of 63 

cortical excitability at a global or local level and that can map fluctuations in excitability at 64 

both short and long timescales [12]. Markers for real-time estimation of the brain’s current 65 

state of excitability might help improve interventions, for example by providing targets for 66 

brain state-dependent TMS in the treatment of motor symptoms after stroke [13,14]. 67 

Furthermore, such markers may allow for a direct assessment of the excitability changes 68 

induced by an intervention [15]. 69 

Here, we ask whether measures of EEG signal entropy provide markers for the 70 

brain’s state of excitability [16]. Measures of entropy quantify the degree of complexity – 71 

also referred to as irregularity, variability, or randomness [17] – of a signal. Although 72 

different entropy measures derive from different theoretical backgrounds such as 73 

information theory or thermodynamics [18,19], most of them share similar properties 74 

[20,21]. They capture both trait- and state-like aspects of the EEG signal [22], reflect the 75 

1/f shape of the EEG power spectrum [23], and map the balance between excitatory and 76 

inhibitory brain activity [16]. Entropy measures have the benefit that they often map non-77 

linear dynamics in the EEG without an explicit model [24], provide interpretable values that 78 

may not need baseline correction, and do not require predefining specific frequencies of 79 

interest [25]. 80 

In the present work, we used the singular value decomposition (SVD) entropy [26] 81 

computed from scalp EEG data for estimating the local state of cortical excitability. We 82 

chose this specific measure because in-house tests showed that it has relatively fast 83 

computation time and is robust even when calculated over short EEG segments. Previous 84 

studies have successfully used SVD entropy for detecting schizophrenia [27], epileptic 85 

seizures [28], Alzheimer’s disease [29] and Parkinson's disease [30], measuring the depth 86 

of anesthesia [31] and sleep [32], and detecting perceptual awareness [33]. 87 
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We investigated whether SVD entropy calculated for short, surface Laplacian 88 

transformed EEG time series can assess the current local state of cortical excitability. To 89 

this end, we tested a single-pulse TMS intervention applied over the motor cortex. 90 

Specifically, we investigated whether inter-trial fluctuations in pre-pulse entropy were 91 

associated with TMS-induced motor evoked potential (MEP) amplitudes at the single-trial 92 

level over approximately 1h. We took advantage of the fact that the MEP amplitudes vary 93 

from pulse to pulse as a function of spontaneous fluctuations in brain excitability from trial 94 

to trial [34]. We further investigated how TMS-induced changes in corticospinal excitability 95 

relate to induced changes in entropy. 96 

Methods 97 

The data reported here were obtained in a study in which participants underwent 98 

eight sessions of single-pulse TMS targeting the left motor cortex. In each session, 300 99 

single TMS pulses were applied at either 100% (low intensity) or 120% (high intensity) of 100 

the resting motor threshold (RMT). The MEP was recorded at the right extensor digitorum 101 

communis (EDC) muscle. Before and after the intervention, resting state EEG 102 

measurements were performed. Furthermore, corticospinal excitability (CSE) was 103 

measured separately at 100% and 120% RMT intensity (hereafter, CSE100/120) before 104 

(pre) the intervention, immediately after the intervention (post1), and after a delay of 30 105 

minutes (post2). 106 

Participants 107 

Twenty healthy adults (11 female) participated in this study. Mean age was 27 ± 4.4 108 

years (median 26; range 19 to 37). All participants were right-handed, reported no regular 109 

medical or recreational drug intake at the time of participation, and had no history of 110 

neurological, neurosurgical, or psychiatric treatment. An assessment of the inclusion and 111 

exclusion criteria was carried out via questionnaire before the intervention. The study 112 

protocol conformed to the Declaration of Helsinki and was approved by the Ethics 113 

Committee of the Medical Faculty at the University of Tübingen. The study followed the 114 

current safety guidelines for application of TMS [35]. No participant reported side effects. 115 

All participants gave written informed consent prior to the experiment. 116 

Three participants were post hoc excluded from analyses due to poor EEG data 117 

quality (N=2) or data loss (N=1) in multiple sessions. The final sample thus consisted of 118 

seventeen participants. 119 
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General procedure 120 

We conducted a double-blind, randomized within-subjects experimental study. Each 121 

subject took part in eight sessions of single-pulse TMS targeting the left motor cortex that 122 

were scheduled at least 48 hours apart and around the same time each day. In each 123 

session, participant received 300 TMS pulses over the left primary motor cortex with a 124 

jittered inter-stimulus-interval (ISI) between 3.5 and 4.5 s. The exact timing of TMS pulses 125 

was controlled by the oscillatory phase of an EEG signal that was measured and 126 

processed in real time over bipolar electrodes approximately 1 cm posterior and anterior to 127 

electrode C3. The primary readout was the muscle response at the right EDC muscle. 128 

Across sessions, we varied TMS intensities (100% RMT, 120% RMT), target frequencies 129 

(10 Hz, 20 Hz), and target phases (-90°, 90°) in a fully crossed design. Two additional 130 

sham sessions were applied which stimulated the right shoulder (100% RMT and 120% 131 

RMT). The data from sham sessions are not reported here. The impact of phase-targeting 132 

will be reported in another manuscript. 133 

To keep participants alert, 120 trials of a psychomotor vigilance task (PVT) were 134 

pseudo-randomly interspersed between TMS pulses, with the same ISI distribution. 135 

Participants were instructed to keep their gaze on a grid of red LED lights placed ~50 cm 136 

in front of them. In PVT trials, the LED grid flashed for ~50 ms. Participants were instructed 137 

to press a key on a custom-made input device with their left index finger as fast as 138 

possible, and reaction time (measured in ms) was fed back visually. 139 

At the beginning of each intervention session, participants were seated comfortably 140 

in a reclining chair. The EDC hotspot and RMT were determined following standard 141 

procedures (see below). Six minutes of resting data were collected, with alternating 30s 142 

epochs of eyes open and eyes closed. A number of assessments were carried out before 143 

(pre-assessment) the intervention, as well as immediately following the intervention (post1) 144 

and following an additional delay of 30 minutes (post2). The TMS interventions comprised 145 

300 single TMS pulses at 100% or 120% RMT intensity that were targeted at the peak or 146 

trough phase of ongoing 10 Hz or 20 Hz oscillatory activity. Intensity, as well as target 147 

phase and frequency were varied between sessions, but within participants, yielding a 148 

2x2x2 design. Note that for the research question addressed here, the conditions target 149 

phase (peak/trough) and target frequency (10 Hz / 20 Hz) were not analyzed. The four 150 

sessions within each intensity (100% and 120%) were treated as independent recordings 151 

within each participant. Participants were asked to keep their right hand completely 152 

relaxed, while passively sitting and fixing their eyes on a fixation cross displayed on a 153 
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monitor. The pre- and post-intervention assessments comprised of four protocols aimed at 154 

assessing the impact of the interventions on changes in CSE measured separately at 155 

100% and 120% RMT intensity (CSE100 and CSE120, respectively), in short-interval 156 

intracortical inhibition (SICI), and in intracortical facilitation (ICF). Each assessment 157 

comprised of ten trials for the pre, post1, and post2 measurement. Fig. 1 illustrates the 158 

sequence of assessments and tasks within each session. Here, we only report the results 159 

for the CSE measurements. Note that for the research question addressed here, the 160 

assessments of SICI and ICF were not analyzed. 161 

 162 

163 
Figure 1: Sequence of tasks and assessments within each session RS-EEG: resting state EEG; 164 

CSE100/120: corticospinal excitability, assessed at 100% or 120% of the resting-motor threshold (RMT); 165 

SICI: short-interval intracortical inhibition; ICF: intracortical facilitation. 166 

Electrophysiology 167 

Electroencephalography (EEG) was recorded from 64 scalp channels using a 168 

BrainAmp amplifier (BrainProducts GmbH, Gilching, Germany) at a sampling rate of 1000 169 

Hz and 16-bit resolution. We used a TMS-compatible cap that is compliant with the 170 

international 10-5 system (Easycap GmbH, Herrsching, Germany, online reference 171 

channel: FCz). Electrode impedances were kept below 5 kΩ. Surface electromyography 172 

(EMG) and electrocardiogram (ECG) were recorded from adhesive electrodes with 173 

Ag/AgCl contacts (Neuroline 720, Ambu A/S, Ballerup, Denmark). ECG was recorded in 174 

two-lead chest montage, EMG in bipolar belly-belly montage from the EDC, extensor carpi 175 

radialis (ECR), flexor carpi radialis (FCR), and flexor digitorum superficialis (FDS) muscles 176 

of both arms. Only data from the EDC, i.e., the target muscle for the experiment, are 177 

analyzed and reported here. In addition, we recorded breathing movements from a 178 

respiration belt (Vernier Software and Technology, Beaverton, USA; data not analyzed or 179 

reported here). 180 

 181 

TMS 182 

For TMS, we used a triggerable MagPro X100 stimulator (MagVenture GmbH, 183 

Germany) with a figure-8 coil in combination with frameless stereotactic navigation 184 

(Localite GmbH, Germany). 185 
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 Hotspot search 186 

The TMS hotspot was defined as the position of the TMS coil at which stimulation 187 

yielded the highest MEP amplitudes at the right EDC. To locate the hotspot, 40 bipolar 188 

TMS pulses at 45% of the maximum stimulator output (MSO) were applied at 40 distinct 189 

locations over the left hemisphere. The coil was held tangential to the head’s surface and 190 

was rotated 45° relative to the parasagittal plane. This is supposed to achieve optimal 191 

current flow and induce maximal MEP amplitudes [36]. Three additional pulses were 192 

applied at the three coil positions that had yielded the highest MEPs. The position with the 193 

highest mean amplitude was used as hotpsot for all subsequent TMS pulses. 194 

Single-pulse TM-intervention 195 

TMS was triggered by a custom-built integrated measurement and stimulation device 196 

(IMSD; Neuroconn GmbH, Ilmenau, Germany). The IMSD provides a platform for 197 

categorizing brain states and controlling stimulation through real-time EEG analysis. 198 

During the experiment, the IMSD continuously measured EEG data from one bipolar 199 

channel (1cm anterior and posterior from C3) and extracted oscillatory phase at the target 200 

frequency across a 250 ms window by Discrete Fourier Transform (DFT) using the 201 

Goertzel algorithm [37]. The IMSD triggered TMS by a 5 V TTL pulse as soon as the EEG 202 

signal hit the predefined target phase at the target frequency. TMS pulses were applied at 203 

either 100% or 120% of the RMT, using biphasic pulses with a pulse width of 280 µs. 204 

Pre-/post TMS assessments of CSE 205 

The TMS parameters for assessing pre- and post-intervention CSE were identical to 206 

those during the single-pulse TMS interventions. Ten single-pulses were applied at 100% 207 

or 120% of the RMT for each assessment. We quantified CSE within each assessment by 208 

calculating the median of the log-transformed MEPs of all 10 trials. 209 

Signal pre-processing 210 

Signals were preprocessed and analyzed in Python, using the packages mne [38], 211 

mneiclabel [39,40], meegkit [41], pyprep [42], autoreject [43], antropy [44], and custom 212 

code. 213 

EEG data recorded during the TMS intervention 214 

Raw EEG data were epoched from 3 s before to 3 after pulse onset. Then, the TMS 215 

pulse artifact was removed at each electrode using cubic interpolation of the raw EEG 216 

time-series in the time domain between -0.005 s and 0.015 s around the TMS-pulse [45]. 217 
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Epochs were then cropped from -1.5 to 1.5 s around pulse onset. Next, we detected bad 218 

channels. To do so, we first concatenated the epoched data to a continuous dataset. Then, 219 

we calculated the standard deviation of the data of each channel from its spherical 220 

interpolation. Channels in which the actual signal deviated by more than 3 standard 221 

deviations from their interpolated signal for at least 40% of samples were marked as bad. 222 

We further identified bad channels using pyprep [42], which is the Python implementation 223 

of the PREP pipeline [46]. Channels were labeled as bad based on their signal-to-noise 224 

ratio, their overall amplitudes, the inter-channel correlations computed from 1s windows, 225 

and a random consensus approach using 1s data windows [43]. All bad channels were 226 

interpolated, and the EEG data were then re-referenced to the common average. Next, we 227 

applied notch-filters at 50 Hz (line noise) and all harmonic frequencies up to 250 Hz. We 228 

then performed robust polynomial detrending [47] with an order of 5 for each channel and 229 

each epoch using the package meegkit [41]. Finally, data were low-pass filtered at 40 Hz. 230 

Eye-movement artifacts were removed using independent component analyses 231 

(ICA). First, we copied the original data and band-pass filtered the copied data between 1-232 

30 Hz. Next, we automatically rejected bad data epochs using the package Autoreject with 233 

default parameters [43]. Then, an ICA was performed with correction for rank deficiency 234 

due to channel interpolation. Eye-movement related independent components were 235 

identified automatically using the MNE-ICALabel package [39,40] and were confirmed by 236 

visual inspection. These components were then rejected from the original data. In the 237 

cleaned EEG, bad epochs were identified and rejected using Autoreject (default settings), 238 

and the data were down-sampled to 500 Hz. Finally, data were surface Laplacian 239 

transformed. 240 

Resting-state EEG data 241 

The raw data were notch filtered at 50 Hz and all harmonic frequencies up to 450 Hz 242 

and were then bandpass filtered between 0.5 and 40Hz. Then, the same pre-processing 243 

pipeline that had been used for the TMS-data were applied to the epoched resting-state 244 

EEG data (bad channel rejection, detrending, removal of eye-movement artifacts, rejection 245 

of bad epochs). Cleaned epochs were labelled with respect to the corresponding condition 246 

(eyes-open vs. eyes-closed). Finally, data were surface Laplacian transformed. 247 

Pre-computation of SVD entropy 248 

SVD entropy was computed on the surface Laplacian transform of the EEG data. 249 

Entropy was calculated in the time domain separately for every electrode as suggested by 250 
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Roberts et al. [26] and as implemented in the Python package antropy [44]. We used an 251 

embedding dimension of 3 samples and a delay of 1 sample. Entropy was normalized to 252 

one. We calculated entropy for a 1 s pre-pulse window ranging from -1.05 to -.05 s before 253 

pulse onset. For resting state EEG, entropy was extracted for every full 1 s epoch, and 254 

was then averaged across epochs within condition. 255 

Pre-processing of pre-pulse muscle tone 256 

Raw EMG data from the target muscle were epoched from 3 s before to 3 s after 257 

pulse onset, and were then notch filtered at 50 Hz and all harmonic frequencies up to 200 258 

Hz. Then, the time series for all trials were detrended with a 5th order polynomial using the 259 

robust detrending approach as implemented in meegkit [41]. 260 

To obtain an estimate of the pre-pulse muscle tone, data were cropped to the pre-261 

pulse window (-1.05 to -0.05 s before pulse onset). Then, we calculated the log-262 

transformed standard deviation of the time series separately for every epoch. 263 

Calculation of MEP amplitudes during the intervention 264 

We determined MEP size as the peak-to-peak voltage fluctuation of the EMG signal 265 

over the EDC muscle in a time window of 15-60 ms after each TMS pulse. MEP sizes 266 

smaller than 50 µV were, by convention, considered subthreshold noise, and excluded 267 

from further analyses. Furthermore, we excluded all trials with an MEP size > 5000 µV, as 268 

well as all trials with technical flaws in the IMSD (e.g., no signal available for assessment 269 

of phase adherence). Overall, 19.5% of trials were excluded based on these criteria. 270 

In some participants, more than 300 pulses had been applied during the intervention. 271 

For consistency, only the first 300 pulses were kept for analysis. 272 

Calculation of CSE for the pre- and post-intervention assessments 273 

Single-trial amplitudes of MEPs were calculated as described above. We computed 274 

the median MEP amplitude (after log-transforming) separately for each assessment 275 

(CSE100, CSE120), each time point (pre, post1, post2), and each session within each 276 

participant. Only data with at least 5 valid trials per measurement were included. For each 277 

session within each participant, we calculated the relative change in MEP amplitudes 278 

relative to the baseline (rel. change = (post-pre)/pre). A relative change of 0.10 thus 279 

reflects a 10% increase in MEP amplitude relative to the pre-intervention baseline. 280 
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Data exclusion 281 

For the analyses of the single-trial data obtained during the single-pulse TMS 282 

intervention, trials were rejected either if the EEG was highly artifact laden (see pre-283 

processing pipeline), or if the log-transformed MEP amplitude exceeded more than 2 284 

standard deviations from the mean within a specific session. 285 

Significance testing 286 

Hypotheses were tested using linear mixed model analyses. Mixed models included 287 

random intercepts for participants and for sessions nested within participants. For all 288 

analyses, full models that included all relevant main effects and their interaction terms as 289 

fixed effects were fitted. All analyses were performed in R [48] but were called from within 290 

Python using the library pymer4 [49]. Linear mixed models were fitted using the R package 291 

lme4 [50]. T-values and corresponding p-values for all terms within a model were 292 

calculated the R-package lmertest [51]. Degrees of freedom for all models were estimated 293 

using the Satterthwaite method (default procedure in lmertest). For models that included 294 

categorical fixed effects containing more than two categories, type-III ANOVA summaries 295 

were obtained the R package lmertest (degrees of freedom estimation: Satterthwaite 296 

medhod). 297 

If and when linear mixed models failed to converge, we dropped the random factor 298 

session (nested within participants). If mixed models still failed to converge, or mixed 299 

modeling was not advised (e.g., because the dependent variable was normalized within 300 

subject and session), linear models were fitted without random effects. 301 

We ran separate models for each electrode and performed false-discovery rate 302 

(FDR) correction of p-values (Benjamini/Yekutieli method [52], FDR = .05) for multiple 303 

comparisons across electrodes (N=64) separately for each term in the model. 304 

For all analyses, we normalized covariates to compute standardized β coefficients for 305 

each term in the fitted models. These coefficients represent the change in the dependent 306 

variable, measured in standard deviations, for each standard deviation change in the 307 

factor. As such, they provide a measure of effect size, allowing for direct comparison of the 308 

relative influence of different independent variables within the model. 309 

Results 310 

Pre-pulse entropy and TMS-induced MEPs 311 

First, we investigated how pre-pulse entropy at each electrode accounts for the 312 

magnitude of TMS-induced MEPs at the single-trial level. To this end, we performed linear 313 
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model analyses with normalized (within subject and session) log-transformed MEP 314 

amplitude as an outcome variable, and with fixed effects for stimulation intensity (effect 315 

coded: low-intensity = -1, high-intensity =+1), normalized pulse count, normalized pre-316 

pulse muscle tone, normalized local pre-pulse entropy, and all interactions terms. No 317 

random effects were modeled because the dependent variable as well as all independent 318 

variables (pulse count, muscle tone, and entropy) were normalized within participant and 319 

session. We ran separate models for each electrode and performed false-discovery rate 320 

correction of p-values [52] for multiple comparisons across electrodes (N=64) separately 321 

for each term in the model. 322 

Factors influencing MEP amplitude 323 

Pulse count and pre-pulse muscle tone were included as independent variables in 324 

the models because both factors significantly accounted for the variability in MEP 325 

amplitudes (see Supplementary Analysis 1). Specifically, MEP amplitudes were higher 326 

when pulses were applied during states of elevated muscle tone. This is in line with 327 

previous reports suggesting that muscle activation significantly accounts for variability in 328 

MEP amplitudes [53]. MEP amplitudes further generally increased with the number of 329 

pulses applied. By controlling for these factors, we ensured that any observed effects of 330 

entropy were not due to other factors. 331 

High pre-pulse entropy over right fronto-central electrodes was associated with larger 332 

MEP amplitudes after controlling for all other effects (Fig. 2A). An overview of all effects at 333 

every electrode is provided in Fig. S1. High entropy over frontal electrodes as well as over 334 

left central electrodes, i.e. the site of stimulation, further amplified the effect of pre-pulse 335 

muscle tone on MEP amplitudes. This was suggested by the significant interaction (Fig. 336 

2A) between entropy and muscle tone (MEP~E:M). Importantly, a significant four-way 337 

interaction between intensity, entropy, pulse count, and muscle tone (MEP~I:E:P:M) 338 

suggested that the influence of entropy was not uniform across stimulation intensity. 339 

Effect of stimulation intensity on entropy-MEP relationship 340 

To elucidate the differential effects of pre-pulse entropy on MEP amplitudes at distinct 341 

stimulation intensities, we performed separate analyses for the high- vs. low-intensity 342 

stimulation interventions. In both interventions, the interaction between high frontal as well 343 

as left central entropy and muscle tone remained significant (see Fig. 2A). The interaction 344 

suggests that states of elevated excitability in the motor cortex boosted the impact of TMS 345 

pulses on MEP amplitudes if the corresponding muscle was tone was elevated. The 346 
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interaction between entropy and muscle tone appeared to be less prominent (fewer 347 

significant electrodes) at high stimulation intensity. Hence, at high stimulation intensity, the 348 

current state of cortical excitability had a smaller impact on the magnitude of MEP 349 

amplitudes due to the intensity of the stimulation pulse. 350 

At low stimulation intensity, elevated right frontal entropy alone was associated with 351 

higher MEP amplitudes (see Fig. 2A). This effect was also present at high intensity, but 352 

was weaker (low: β = 0.030 vs. high: β = 0.013) and did not reach significance. This 353 

indicates that at high stimulation intensity, the current state of cortical excitability had a 354 

smaller impact on the magnitude of MEP amplitudes. 355 

356 
Figure 2: Correlates of MEP amplitudes (A) and pre-pulse entropy (B) throughout the intervention. A) 357 

pre-pulse entropy (E) as well as the interaction term between E and pre-pulse muscle tone (E*M) were 358 

significantly associated with MEP amplitudes in the full model that included both the high and low intensity 359 

intervention. When tested separately for both interventions, E*M remained significant in both models, but E 360 

alone was associated with MEP amplitudes only at low stimulation intensity. B) pre-pulse entropy (E) 361 

decreased on most electrodes as function of pulse counts (P). This was observed in the full model that 362 

included both interventions (high & low), as well as in separate models for both interventions. Elevated pre-363 

pulse muscle tone was further associated with heightened entropy over right-hemispheric electrodes, but 364 

only for the high intensity intervention; topoplots provide the standardized β coefficients for a given term from 365 

the statistical models for each electrode. Significant electrodes (FDR corrected for multiple comparisons) are 366 

highlighted. 367 

Changes in entropy during and after the intervention 368 

We further investigated how stimulation altered entropy during the intervention and 369 

the entropy from before to after the interventions. Pre-pulse entropy significantly 370 

decreased throughout the stimulation on most electrodes, except those located over the 371 
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left motor cortex (Fig. 2B). This was suggested by linear model analyses with normalized 372 

(within subject and session) entropy as an outcome variable, and with fixed effects for 373 

stimulation intensity (effect coded: low-intensity = -1, high-intensity =+1), normalized pulse 374 

count, and normalized pre-pulse muscle tone. The analysis further revealed that entropy 375 

was significantly elevated when muscle tone was high (Fig. S2). These effects were highly 376 

similar across stimulation intensities. However, the association between muscle tone and 377 

entropy did not reach significance in the low intensity stimulation condition. 378 

Entropy as measured during resting did not significantly change from before to after 379 

the interventions. This was suggested by linear mixed models in which we analyzed the 380 

impact condition (eyes open vs. eyes closed; effect coded), time (pre vs. post intervention; 381 

effect coded) and the type of intervention (high vs. low intensity; effect coded) on entropy 382 

(normalized across all participant and session) at each electrode (random intercepts for 383 

participants and sessions nested within participants). Only the factor of eyes open vs. eyes 384 

closed reached significance (Fig. S5). In fact, entropy was significantly higher during eyes 385 

open as compared with eyes closed at most electrodes (Fig. S5). This difference was most 386 

prominent at occipital and parietal electrodes (β = 0.517). 387 

Entropy as a marker of increased excitability 388 

Although the interventions did, on average, not lead to a change in resting-state 389 

entropy from before to after the interventions, participants who showed a larger increase in 390 

entropy close to the stimulation site also displayed larger relative changes in corticospinal 391 

activity. Specifically, an increase in resting state entropy close to the stimulation site from 392 

before to after the high-intensity intervention measured during both, eyes open and eyes 393 

closed conditions was associated with a larger relative change in corticospinal activity 394 

measured at 100% intensity (CSE100) during the post1 and the post2 assessments (Fig. 395 

3; Fig. S4; β > 0.47). This was observed in linear mixed models where the relative change 396 

for each assessment (CSE100, CSE120; normalized across participants and session) was 397 

used to identify associations with the change in entropy (post minus pre; normalized 398 

across participants and sessions). Models were run separately for each assessment, each 399 

time point (post1 and post2), each intervention (high vs. low intensity), and each resting 400 

state condition (eyes open vs. eyes closed). See Fig. S4 for an overview of all results. 401 

Hence, participants who showed a larger relative increase in corticospinal excitability 402 

(measured at 100% intensity) induced by the high-intensity intervention also showed a 403 
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higher increase in entropy. In sum, this suggests that entropy is a marker of increased 404 

excitability. 405 

Importantly, resting state entropy and corticospinal excitability (CSE100) were not 406 

measured simultaneously, but in sequence. The observed association between entropy 407 

and excitability thus reflect lasting excitability changes induced by the intervention at high 408 

stimulation intensity. 409 

 410 
Figure 3: Associations between pre-post changes in MEP amplitude and entropy. A larger increase in 411 

resting state entropy from pre- to post-intervention was associated with a larger increase in corticospinal 412 

excitability measured at 100% intensity (CSE100). This association was present only following the high-413 

intensity intervention (plotted here) and was observed close to the stimulation site both in the eyes open and 414 

eyes closed resting condition and for the post1 and post2 assessment; topoplots provide the standardized β 415 

coefficients for a given term from the statistical models for each electrode. Significant electrodes (FDR-416 

corrected) are highlighted (green dots).  417 

Discussion 418 

Entropy – often conceptualized, informally, as "complexity" [54], the unpredictability of 419 

a signal, or the number of ways in which a signal can be arranged – has found a number 420 

of applications in recent years as a marker of sleep state [55–57], conscious state [54], 421 

and even diagnosis or prognosis in certain brain disorders [21,58–60]. Here, instead of 422 

relating entropy to relatively stable brain states which change over the course of hours or 423 

even years, we related entropy to rapid fluctuations in CSE, building on findings from a 424 

recent EEG study on the association between pre-pulse entropy and MEPs following 425 

randomly applied single TMS pulses [25] and focusing in the present study on the 426 

evolution of entropy and CSE during and after an intervention of 300 single TMS pulses. 427 

Given that low neural entropy recorded from cortical activity is generally associated 428 

with low or no responsiveness to afferent signals (e.g., during deep sleep or general 429 

anesthesia), we expected that states of higher cortical entropy would be more receptive to 430 

electromagnetic stimuli delivered via TMS. We indeed found evidence to support this 431 
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hypothesis. Notably, while a number of studies [61–64] have looked at the entropy of 432 

cortical activity after a TMS pulse (i.e., perturbational complexity [61]) as a readout of 433 

conscious state, our study continues a novel approach of measuring neural entropy before 434 

a TMS pulse, specifically, as a correlate of CSE [25]. 435 

Specifically, we found that right frontal pre-pulse entropy related positively to CSE, as 436 

measured by the amplitude of the resulting MEP. The right lateralization of electrodes 437 

showing a significant effect can be seen in Fig. 2A both for the “full” and “low intensity” 438 

entropy models of MEP amplitudes. A qualitative similar, albeit weaker and non-significant 439 

pattern was observed in the “high intensity” model. The right lateralization of this effect is 440 

somewhat surprising, given that we stimulated left motor cortex. This could be explained 441 

by interhemispheric inhibition [65], in which the right frontal cortex regulates the excitability 442 

of the left motor cortex. 443 

Interestingly, this location where entropy was associated with MEP amplitudes 444 

overlaps with the topography of the late component of TMS-evoked EEG potentials 445 

(TEPs). Single-pulse TMS over the left motor cortex induces TEPs characterized by a late 446 

frontal and contralateral positivity (e.g. [66,67]). This late component is thought to serve as 447 

a global marker of cortical excitability [68]. Indeed, pharmacological agents that reduce 448 

neural excitability have been shown to attenuate the amplitude of this TEP component 449 

[67,69]. The topographic similarity between the observed pre-pulse entropy distribution 450 

and TEP maps associated with cortical excitability further suggests that elevated entropy 451 

over right frontal electrodes reflects increased cortical excitability in the neural network 452 

facilitating corticospinal propagation of TMS-induced activity. 453 

Entropy was most consistently associated with MEPs in interaction with muscle tone 454 

across electrodes. This interaction was observed over frontal and central electrodes, with 455 

a tendency for a left lateralization (Fig. 2A). This suggests that high fronto-central 456 

excitability as indicated by elevated entropy mediated the cortical and corticospinal 457 

propagation of TMS-induced activity, but that the impact on MEP amplitudes was 458 

contingent on an elevated tone of the target muscle. The fact that entropy was not directly 459 

associated with pre-pulse muscle tone at the relevant electrodes (Fig. 2B) suggests that 460 

entropy did not merely mirror elevated muscle tone or cortical processes that moderate 461 

muscle tone. Interestingly, the interaction between entropy and muscle tone showed 462 

similar magnitudes and similar topographic distributions at both stimulation intensities 463 

supporting the robustness of the finding. However, entropy overall appeared to be 464 

associated with MEP amplitudes more strongly at low intensity stimulation. This is in line 465 
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with previous work suggesting higher brain state dependence of TMS-induced responses 466 

at low stimulation intensities [70,71]. 467 

Interestingly, entropy not only predicted the impact of TMS pulses, but was itself 468 

modulated by the TMS interventions. This was suggested by the finding that the global 469 

decrease in entropy throughout the interventions was absent at the site of stimulation. In 470 

the high intensity intervention, entropy even increased in left frontal electrodes (Fig. S2 B). 471 

The global decrease of entropy might have occurred independently of stimulation and 472 

could be a mere consequence of increasing fatigue. Previous studies suggested that 473 

fatigue [72–74] or relaxation [75] lower EEG entropy, possibly reflecting reduced vigilance 474 

during prolonged TMS interventions [56]. Importantly, TMS appeared to counteract, 475 

disrupt, or prevent this decrease at the site of stimulation, especially during high-intensity 476 

stimulation. This suggests that the changes induced by TMS pulses lead to a local 477 

increase in neural excitability and hence entropy that counteracted the overall decrease in 478 

entropy. Additionally, a local increase in entropy from the pre- to the post-intervention 479 

resting-state EEG was associated with an increased corticospinal excitability from the pre- 480 

to the post intervention assessments. During the pre- and post-intervention resting-state 481 

EEG recordings, no TMS coil was used, confirming that the observed entropy changes 482 

were not artifacts caused by coil contact with the electrode. Therefore, entropy mirrored 483 

corticospinal excitability both during and after the intervention. 484 

The variability in motor excitability that was accounted for by entropy was relatively 485 

low (standardized β values < .040) when compared to other variables such as the number 486 

of pulses applied (β > 0.047) and particularly pre-pulse muscle tone (β > 0.57). Despite 487 

participants being instructed to keep their hand fully relaxed, subtle involuntary muscle 488 

activity may have persisted, contributing to elevated baseline muscle tone. Such low-level 489 

tonic EMG activity, often undetectable without continuous monitoring, apparently 490 

influenced corticospinal excitability. Furthermore, the use of the psychomotor vigilance 491 

task during the intervention, interspersed pseudo-randomly between TMS pulses to 492 

maintain alertness, may have further influenced motor system excitability. The requirement 493 

to fixate on a grid of red LEDs and respond rapidly with the left index finger likely 494 

increased general arousal and attentional engagement, potentially reducing intracortical 495 

inhibition and enhancing baseline excitability, while also elevating muscle tone in the 496 

targeted right finger extensor muscles. This highlights the difficulty of finding specific 497 

cortical markers of elevated corticospinal excitability that are independent of these 498 

confounding factors, as is also the case with EEG power [76] or phase [77], or their 499 
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interactions [78]. Moreover, this emphasizes the importance of taking into account 500 

extracortical covariates such as muscle tone for modeling and describing fluctuations in 501 

corticospinal excitability. 502 

While our findings suggest that entropy measures could serve as novel markers for 503 

optimizing brain state-dependent TMS applications, our study does not address whether 504 

selectively targeting high-entropy states leads to greater excitability changes. 505 

Interestingly, the association between TMS-induced changes in entropy and induced 506 

changes in CSE (pre-post measurements) was large (β > 0.47), unlike the association 507 

between pre-pulse entropy and CSE during the intervention. This finding can be 508 

interpreted in several, not mutually exclusive, ways. One possibility is that the association 509 

developed over time through mechanisms such as LTP-like effects, changes in 510 

connectivity, or shifts in the excitation/inhibition balance. This would suggest that entropy 511 

reflects a brain state conducive to plasticity or network reconfiguration – processes that 512 

emerge over time rather than immediately. Alternatively, task-related increases in muscle 513 

tone during the intervention may have confounded the pure effect of entropy, which 514 

became more apparent post-intervention when the task was no longer being performed. In 515 

any case, these findings suggest that entropy can be used as marker of the TMS-induced 516 

changes in cortical excitability. This is supported by a recent study by Liu et al. [79] in 517 

which the authors observed an increase in fMRI-derived entropy following a high- (120% 518 

RMT) but not a low-intensity (90% RMT) intermittent theta burst TMS intervention. 519 

Could entropy serve as general measure of cortical activity that extends to other 520 

tasks? 521 

Similar to the variability of TMS-probed cortical excitability at multiple timescales is 522 

the diurnal variation in alertness, attention, and performance in cognitive and sensorimotor 523 

tasks [6,80]. For example, the ability to maintain attention is impaired by sleep deprivation, 524 

displays systematic circadian variation [81], and is affected by the presence of 525 

spontaneous slow oscillations in the electroencephalogram (EEG) that reflect brief 526 

intrusions of sleep-like activity during wakefulness [82]. Hence, both the brain’s 527 

susceptibility to magnetic stimulation and cognitive performance depend on the current 528 

state of cortical excitability [83,84]. Not only global brain-wide states [82], but also states 529 

within specific task-related neuronal networks [82,85] may shape cognitive performance 530 

and the brain’s response to stimulation [7,81,86]. Entropy as a marker of cortical 531 

excitability might thus also be useful for mapping fluctuations in cognitive performance. 532 

Such a marker might further inspire new applications for improving our day-to-day life. For 533 
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example, it might allow for measuring a driver’s alertness during a long drive, or for 534 

assessing students’ vigilance in the classroom. 535 

Limitations, future directions, and conclusions 536 

Despite its promising findings, this study has several limitations. First, the study 537 

focused on a single-pulse TMS intervention, limiting generalizability to repetitive or 538 

patterned stimulation paradigms [79]. Second, while entropy provides valuable insights, its 539 

relationship with other EEG-derived measures of excitability, such as power spectral 540 

density or connectivity metrics, remains unclear. Third, the study design did not directly 541 

assess causal mechanisms linking entropy to corticospinal excitability, leaving open 542 

questions about underlying neurophysiological processes. Finally, the complex interactions 543 

between stimulation intensity, muscle tone, pulse count and entropy necessitate further 544 

investigation and larger sample sizes to improve reproducibility and to disentangle online 545 

and offline effects – both in the presence and absence of concurrent tasks that affect 546 

alertness, attention, cognition, and muscle tone. 547 

Future research should extend the present findings by investigating whether entropy 548 

is associated with responses to different TMS paradigms, e.g., including repetitive or theta 549 

burst stimulation [79]. Additionally, studies should explore the neurobiological 550 

underpinnings of entropy’s role in excitability, potentially using multimodal approaches. 551 

Examining how entropy-driven brain state-dependent TMS influences excitability is the 552 

natural next step and could advance personalized neuromodulation interventions. Lastly, 553 

refining entropy-based biomarkers across different populations and experimental 554 

conditions will be critical for establishing their translational relevance in both research and 555 

clinical applications. 556 

In conclusion, this study provides evidence that entropy, derived from singular value 557 

decomposition of 1s segments of electroencephalography measurements, serves as a 558 

marker of cortical excitability and its fluctuations. Higher pre-pulse entropy, particularly 559 

over frontal electrodes, is associated with increased motor-evoked potentials, indicating a 560 

link between ongoing neural complexity and corticospinal excitability. Furthermore, TMS 561 

appears to locally enhance entropy at the stimulation site, while entropy is decreasing 562 

elsewhere, suggesting a regionally specific interaction between brain state and stimulation 563 

effects. Importantly, participants who exhibited greater post-intervention increases in 564 

entropy near the stimulation site also showed larger corticospinal excitability changes, 565 

reinforcing the promise of entropy as a biomarker for modulated excitability. These findings 566 

.CC-BY 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 21, 2025. ; https://doi.org/10.1101/2025.05.16.654439doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.16.654439
http://creativecommons.org/licenses/by/4.0/


19 

highlight the potential of entropy for optimizing intervention protocols by informing brain 567 

state-dependent stimulation strategies and evaluating intervention effects. 568 
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Supplementary material 617 

Supplementary analysis 1: The impact of pre-pulse muscle tone and number of 618 

applied pulses on single-pulse MEPs during the intervention 619 

To assess the main determinants of the temporal variability of MEP amplitudes during 620 

the interventions, we performed a linear mixed model analysis with log-transformed MEP-621 

amplitudes as dependent variable and fixed effects for stimulation intensity (effect coded: 622 

low-intensity = -1, high-intensity =+1), normalized pulse count, normalized pre-pulse 623 

muscle tone, and all interactions terms. We modeled random intercepts for participants 624 

and sessions nested within participants. 625 

The analysis confirmed that amplitudes of the motor evoked potentials were 626 

significantly larger in the high-intensity intervention (main effect of intervention: β = 0.727, 627 

t(118.007) = 25.649, p < .001). Importantly, amplitudes were significantly larger when 628 

pulses were applied during periods of elevated muscle tone (main effect of muscle tone: β 629 

= 0.273, t(33678.034) = 106.641, p < .001). The MEP amplitudes further increased 630 

throughout the intervention (main effect of pulse count: β = 0.029, t(33678.035) = 11.491, p 631 

< .001). Significant interactions between intensity and muscle tone (β = -0.019, 632 

t(33678.035), -7.319, p < .001) as well as between intensity and pulse count (β = -0.025, 633 

t(33678.034) = -9.776, p < .001) suggested that both, the effect of muscle tone and of the 634 

number of pulses applied were less prominent in the high-intensity intervention. A 635 

significant negative interaction term between pulse count and muscle tone (β = -0.009, 636 

t(33706.898) = -3.383, p = .001) further indicated that the impact of muscle tone on MEP 637 

amplitudes dissipated over time. This tendency was similar across interventions (non-638 

significant three-way interaction between stimulation intensity, muscle tone, and pulse 639 

count: p = .913). 640 

Supplementary analysis 2: The impact of stimulation intensity and pulse count on 641 

pre-pulse muscle tone during the interventions 642 

Pre-pulse muscle tone was overall higher during the high-intensity intervention (main 643 

effect of intervention: β = 0.325, t(117.957) = 7.677, p <.001), and increased significantly 644 

throughout the intervention (main effect of pulse count: β = 0.030, t(33681.937) = 7.257, p 645 

< 0.001). This was suggested by a linear mixed model analysis with normalized muscle 646 

tone as dependent variable, intensity, normalized pulse count, and their interaction term as 647 

fixed effects, and random intercepts for participants and sessions nested within 648 

participants. Importantly, a significant interaction between pulse count and stimulation 649 

intensity (β = 0.041, t(33681.937) = 9.869, p < .001) suggested that the effect of 650 
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stimulation was not uniform across interventions. Post-hoc tests revealed that muscle tone 651 

increased with pulse counts at high intensity stimulation (120%: β = 0.069, t(16674.003) = 652 

11.763, p(uncorrected) < .001), but rather tended to decrease at low-intensity stimulation 653 

(100%: β = -0.012, t(17007.849) = -1.903, p(uncorrected) = .057). 654 

Supplementary analysis 3: Long-term impact of single-pulse interventions on 655 

corticospinal excitability 656 

Prior to each intervention (pre), immediately thereafter (post1), and after a delay of 657 

30 minutes (post2), we administered standardized protocols to assess corticospinal 658 

excitability (probed at 100% and 120% intensity, CSE100 and CSE120, respectively). 659 

To assess the long-term impact of the TMS interventions on corticospinal excitability, 660 

we performed linear mixed model analyses with the relative change in CSE as outcome 661 

variable (normalized across participants), and with time (ordered factor with the constant 662 

pre-value = 1 and the relative change for post1 and post2) and intervention (high vs. low 663 

intensity) as independent variables. Separate analyses were performed for the 664 

assessment of CSE100 and CSE120. 665 

Corticospinal excitability measured at 100% RMT intensity (CSE100) increased 666 

significantly from before to after the interventions (main effect of time: F(2, 385.078) = 667 

9.468, p < .001). Descriptively, the relative change in corticospinal excitability was largest 668 

(>10% increase) in the post1 measurement following the high-intensity intervention (see 669 

Fig. S3, left panel). However, neither the effect of intensity (F(1, 385.078) = 1.470, p = 670 

.226) nor the interaction between intensity and time (F(2, 385.078) = 0.779, p = .460) 671 

reached significance. 672 

On average, corticospinal excitability did not change if measured at 120% intensity 673 

(CSE120; no main effect of time: F(2, 384.010) = 0.548, p = .579). However, a significant 674 

main effect of intensity (F(1, 384.017) = 17.122, p < .001) and the significant interaction 675 

between time and intensity (F(2, 384.017) = 4.319, p = .014) suggested that high- vs. low-676 

intensity interventions affected corticospinal excitability differently when probed at 120% 677 

intensity. Post-hoc tests revealed that excitability increased only following the high- 678 

(significant main effect of time: F(2, 184.106) = 4.124, p(uncorrected) = .018) but not the 679 

low-intensity intervention (no main effect of time: F(2, 184.004) = 0.919, p(uncorrected) = 680 

.401).  681 
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Supplementary figures 682 

683 
Figure S1: overview of all analyzed predictors of MEP amplitudes Overview of the predictive value of all 684 

included predictors on motor-evoked potentials (MEP). A) Analysis of the full model combining both 685 

interventions (HIGH & LOW intensity). B) and C) separate models for the HIGH and LOW intensity 686 
interventions, respectively. Predictors are indicated in the title of each topographic map (MEP~predictor): 687 

intercept (1), intensity (I) of the intervention (omitted in panel B and C), entropy (E), pulse count (P), muscle 688 

tone (M), and all possible interaction terms (:). Topographic maps display the standardized β coefficients 689 

obtained from each model calculated for each channel. Channels at which a predictor reached significance 690 

(after false-discovery rate correction for N=64 channels) are highlighted. 691 
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693 
Figure S2: overview of all analyzed predictors of pre-pulse entropy Overview of the predictive value of 694 

all included predictors on pre-pulse entropy (ENTR). A) Analysis of the full model combining both 695 

interventions (HIGH & LOW intensity). B) and C) separate models for the HIGH and LOW intensity 696 

interventions, respectively. Predictors are indicated in the title of each topographic map (ENTR~predictor): 697 

intercept (1), intensity (I) of the intervention (omitted in panel B and C), pulse count (P), muscle tone (M), and 698 

all possible interaction terms (:). Topographic maps display the standardized β coefficients obtained from 699 

each model calculated for each channel. Channels at which a predictor reached significance (after false-700 

discovery rate correction for N=64 channels) are highlighted. 701 
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 704 
Figure S3: Pre to post changes in MEP amplitude Relative change in corticospinal excitability 705 

(CSE100/120 measured at 100% and 120% RMT intensity) from pre, to post1, and post 2 measurement. 706 

Mean of relative change (post minus pre, divided by pre) with 95% confidence intervals is plotted. Relative 707 

change is plotted separately for the LOW (100%, in orange) and HIGH (120%, in red) intensity intervention. 708 
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 711 
Figure S4: Associations between pre-post changes in MEP amplitude and entropy Association 712 

between change in resting-state entropy and change in each of the TMS assessments (CSE100, CSE120) 713 

from before to after the intervention. All tests were performed separately for the different types of 714 

interventions (100% vs. 120% stimulation intensity), the different resting state conditions (EO: eyes-open, 715 

EC: eyes-closed), and for all assessments at the post1 and post2 time-point. In the 120% intensity 716 

intervention (third and fourth row), a significant association between the increase in excitability as measured 717 

with the CSE100 protocol (first and second column), and an increase in entropy was observed close to the 718 

stimulation site. Topographic maps display the standardized β coefficients obtained from each model 719 

calculated for each channel. Channels at which a predictor reached significance (after false-discovery rate 720 

correction for N=64 channels) are highlighted. 721 
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724 
Figure S5: Pre-post changes in resting state entropy Impact of resting state condition (RS: eyes open vs. 725 

eyes closed), high vs. low intensity intervention (I), time of testing (T: pre vs. post intervention) and all their 726 

interactions on entropy (ENTR) measured at rest. Entropy was significantly elevated in most electrodes in 727 
the eyes open compared to the eyes closed condition. This was independent of stimulation intensity (I) or 728 

time of testing (T; no other main effects or interaction terms reached significance). Topographic maps display 729 

the standardized β coefficients obtained from each model calculated for each channel. Channels at which an 730 

independent variable was significantly associated with entropy (after false-discovery rate correction for N=64 731 

channels) are highlighted. 732 

3 

 
s. 
ir 
in 
or 
ay 
n 
4 

.CC-BY 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 21, 2025. ; https://doi.org/10.1101/2025.05.16.654439doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.16.654439
http://creativecommons.org/licenses/by/4.0/

