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Abstract1

2

Transcranial magnetic stimulation (TMS) is a frequently used intervention for brain modulation
with highly promising scientific and therapeutic applications. Two shortcomings of TMS
applications, however, are the high within-subject and between-subjects variability in response
to stimulation, which undermine the robustness and reproducibility of results. A possible
solution is to optimize individual responses to TMS by exploiting rapidly fluctuating state
variables such as the phase and power of neural oscillations. However, there is widespread
uncertainty concerning the appropriate frequency and/or phase to target. Here, we evaluate
two different approaches which do not require a choice of frequency or phase but instead
utilize properties of the broadband EEG signal to predict corticospinal excitability (CSE). Our
results suggest that both the spectral exponent (i.e., the steepness of the EEG 1/f background
or aperiodic component) and the entropy or "complexity" of the EEG signal are both useful
predictors of CSE above and beyond band-limited features, and may be deployed in brain
state-dependent TMS applications.
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Introduction7

The refinement of scientific and therapeutic applications of8

transcranial magnetic stimulation (TMS) hinges on the tem-9

poral alignment of stimuli with heightened periods of brain 10

responsiveness. To achieve this, TMS pulses may be guided 11

by concurrently recorded cortical oscillations using electroen- 12

cephalography (EEG). However, a substantial challenge lies in 13

the uncertainty surrounding the optimal frequency and phase 14

for triggering stimulation. Existing literature often presents 15

inconclusive or conflicting findings. 16

Exploration into the state-dependency of corticospinal ex- 17

citability (CSE) has manifested in three investigative ap- 18

proaches. First, studies have employed post-hoc analyses 19

of randomly administered TMS pulses. Second, frequency- 20

specific transcranial alternating current stimulation (tACS) 21

February 9, 2024 | 1–14

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.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 preprintthis version posted February 9, 2024. ; https://doi.org/10.1101/2024.02.09.579457doi: bioRxiv preprint 

https://doi.org/10.1101/2024.02.09.579457
http://creativecommons.org/licenses/by/4.0/


has been combined with phase-specific TMS. Finally, EEG-22

triggered TMS has been applied to selectively target specific23

frequencies and phases.24

Post-hoc analyses allow one to investigate a broad range25

of frequencies in an exploratory way, but are often confronted26

with methodological challenges in data processing (1) and27

require large sample sizes to identify state-dependency due to28

the heterogeneity in phase distribution of the randomly applied29

TMS pulses. These studies have usually found no frequency30

or phase-dependency of CSE (2) or identify the beta band and31

the trough/rising flank of the oscillatory cycle as optimal for32

CSE (3, 4). In the alpha band, usually no phase-dependency is33

detected (3, 4), or the rising flank is identified as the optimal34

phase, when a pre-selected subsample (i.e., the top tertile of35

subjects ranked by alpha power) is analyzed (5). In these36

cases, CSE may not depend on phase or power per se, but37

rather on a significant phase/power interaction, with optimal38

CSE corresponding to high power and the trough phase of the39

alpha (mu) rhythm (6, 7) and a reversed direction of phase-40

dependency with changing alpha power levels (6).41

The tACS-TMS approach has also identified phase-42

dependency of CSE in the beta band, often in the trough/rising43

flank (8–10), but see also results from Nakazone et al. (11) and44

Wischnewski et al. (12). In the alpha band, either no phase-45

dependency is detected (10) or a similar phase-dependency is46

detected as for the beta band (12).47

For EEG-triggered TMS investigations, most methodolo-48

gies have employed prediction algorithms to address the inher-49

ent latency between brain state measurement and stimulation50

delivery. Consequently, these approaches have been impre-51

cise, i.e., phases in the alpha band are targeted with a standard52

deviation (SD) of approximately 50° (13, 14). Given this im-53

precision, many studies have tended to focus on exploring only54

two opposing phases, such as peak versus trough, within lower55

frequency oscillations like the alpha (mu) band. This strategic56

limitation arises from inherently less temporal precision de-57

mands associated with lower frequency oscillations compared58

to their higher frequency counterparts like the beta band. How-59

ever, this methodological constraint poses a notable challenge60

when heightened precision (e.g., targeting 45° phase bins(15))61

is imperative for achieving specific stimulation effects.62

When the trough or peak of the oscillatory alpha cycle is63

targeted in participants selected on the basis of their elevated64

sensorimotor alpha power, higher CSE was observed for the65

trough condition (13). However, this finding was not replicated,66

when employing the same approach without prescreening indi- 67

viduals according to alpha power (14, 16). Furthermore, recent 68

work suggests significant phase/power interaction in the alpha 69

band (17), while other studies do not observe this relationship 70

(18, 19). Addressing these discrepancies, emerging evidence 71

suggests that pericentral alpha (mu) activity is predominantly 72

localized in the postcentral somatosensory cortex and may 73

therefore influence CSE only indirectly (16, 20). Accordingly, 74

TMS triggered by alpha (mu) activity from the primary mo- 75

tor cortex (M1) has resulted in no phase-dependency (20) or 76

opposite phase effects for the alpha and beta band on CSE 77

(19). Furthermore, nuanced differences in the methodological 78

choices may crucially influence one’s sensitivity to detect the 79

relationship between power, phase and CSE (16) and even lead 80

to erroneous phase estimations (1). 81

A recent advancement in EEG-triggered TMS (21) lever- 82

ages a non-predictive, real-time integrated measurement and 83

stimulation approach to achieve precise, phase-specific target- 84

ing with minimal standard deviations (0.4° at 4 Hz to 4.3° at 40 85

Hz). Utilizing this technique to target eight phases across ten 86

frequencies (4-40 Hz) revealed consistent, phase-dependent 87

effects, particularly a sinusoidal CSE modulation at 24 Hz, 88

with optimal CSE at the transition from the trough to the rising 89

flank, observed both within and across sessions and individuals 90

(22). Notably, a post-hoc analysis in another study confirmed 91

this sinusoidal modulation exclusively between 23 and 25 Hz 92

(23). However, the technology enabling such temporally pre- 93

cise real-time stimulation is not widely available at present, 94

thus motivating non-phase dependent approaches. 95

Taken together, the foregoing studies suggest the need for 96

less heavily parameterized EEG features that determine CSE to 97

guide state-dependent TMS and bring it into broad application. 98

With this motivation, we explore two new approaches, one 99

based on EEG signal entropy or “complexity”, and another 100

based on the spectral exponent or "steepness" of the EEG 1/f 101

background. Both measures are computed from the broadband 102

EEG signal and thus avoid the pitfalls of approaches which 103

require the selection of a particular frequency band such as 104

alpha or beta. Notably, these broadband EEG measures are 105

also derived from longer EEG windows (nearly a full second) 106

than those used to estimate oscillatory phase or power, a fact 107

which may reduce artifact susceptibility but also sensitivity 108

to short fluctuations in CSE. In this sense, broadband EEG 109

measures may be complimentary, rather than alternative, to 110

conventional band-limited EEG measures, and for this reason, 111
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we investigated the value of both types of EEG features for112

identifying states of high/low excitability using offline analyses113

of TMS-EEG data recorded without state targeting.114

Our first broadband EEG approach, entropy, can be concep-115

tualized as the number of possible states of the signal, or its116

“diversity”. We computed entropy using both the Lempel-Ziv117

(LZ) compression algorithm (24) and the context tree weight-118

ing (CTW) algorithm (25) to obtain two distinct estimates of119

signal complexity. More complex or diverse signals are harder120

to compress, as they contain more information. A broad litera-121

ture of both theoretical (26–29) and empirical studies (30–34)122

suggest that high cortical entropy, as measured using EEG or123

magnetoencephalography (MEG), relates to high capacity for124

information processing or motor responsiveness. We therefore125

hypothesized that high motor cortical entropy should predict126

high CSE.127

Our second broadband EEG approach is the spectral ex-128

ponent (SE) (35), sometimes referred to as the power law129

exponent, spectral slope, or aperiodic component (36). Evi-130

dence from a variety of experiments (37–39) demonstrates that131

SE increases with greater neural inhibition and decreases with132

greater neural excitation. As such, we hypothesized that low133

SE measured from motor cortical EEG signals should predict134

high CSE.135

Materials and Methods136

Data collection . We utilized available data from 36 healthy137

right-handed subjects (M = 24.5, SD = 3.25 years, 11 male)138

that were acquired after approval by the local ethics committee.139

Subjects gave written informed consent prior to participation140

according to the Declaration of Helsinki and had no contraindi-141

cations to TMS (40).142

TMS was applied using a MagPro-R30 stimulator with a143

MCF-B70 Butterfly Coil (MagVenture GmbH, Denmark) in144

combination with a neuronavigation system (Localite GmbH,145

Germany). Participants were seated in an armchair with their146

forearms pronated and fully relaxed. 64-channel EEG was147

recorded at 5000 Hz during stimulation (Braincap for TMS,148

Easycap GmbH, Germany; Brain Products DC amplifiers,149

BrainProducts GmbH, Germany). EMG of the right EDC150

was recorded at 5000 Hz with a BrainProducts ExG amplifier151

(BrainProducts GmbH, Germany) and Ag/AgCI AmbuNeuro-152

line 720 wet gel surface electrodes (Ambu GmbH, Germany).153

Impedances were kept below 10 kΩ. After recording EEG and154

EMG, the signals were downsampled and saved at 2000 Hz.155

The stimulation site targeting the right EDC was determined 156

prior to each experimental session. For this, 40 stimuli were 157

applied to the left motor cortex with an initial intensity of 158

40% maximum stimulator output (MSO). In case this intensity 159

was insufficient to elicit MEPs, it was increased in steps of 160

5% MSO. At the three stimulation sites that resulted in the 161

highest peak-to-peak amplitudes, three additional stimuli were 162

applied. Of these, the stimulation site resulting in the most 163

consistent and highest amplitude MEP was then considered as 164

the motor hotspot. Next, the resting motor threshold (RMT) 165

was determined, which was defined as the lowest intensity that 166

resulted in at least 5 MEP out of 10 stimuli (41). Finally, we 167

stimulated at seven different intensities (i.e., 90 – 150% RMT, 168

in steps of 10% RMT) with 10 trials at each intensity. Blocks 169

of the same intensity were applied in random order. 170

Data cleaning and preprocessing. Data were imported into 171

MATLAB R2022a (MathWorks, Natick, MA, USA) for pre- 172

processing and analysis. Recordings from separate sessions 173

were combined into single datasets for each participant. For 174

one participant, we were unable to include a subset of sessions 175

due to data corruption issues. Stimulation trigger annotations 176

were corrected to adjust for a 6 ms delay. Stimulation artifacts 177

in EEG and EMG recordings were then interpolated prior to fil- 178

tering. This was accomplished by 1) replacing the stimulation 179

artifact (50.5 ms duration) with Not-a-Number (NaN) elements, 180

2) applying a 75 ms moving average filter to smooth a copy of 181

the signal (MATLAB: movmean with ‘omitnan’ option), and 182

3) replacing NaN elements of the original, unsmoothed signal 183

with the corresponding section from the smoothed signal. Next, 184

filters were implemented using finite-impulse response (FIR) 185

filtering (filter order = 8000, i.e., 4 x sampling rate). EEG 186

recordings were then bandpass filtered 1 - 40 Hz (EEG), and 187

EMG recordings were first notch filtered at 50 Hz (to attenuate 188

linenoise) and then bandpass filtered 4 - 100 Hz. 189

Following filtering, EEG data were cleaned using ASR with 190

the following parameters: ChannelCriterion = 0.7, LineNoise- 191

Criterion = 4, BurstCriterion = 3, WindowCriterion = 0.3, 192

ChannelCriterionMaxBadTime = 0.5, BurstRejection = ‘off’, 193

Highpass = ‘off’. ASR was chosen for this cleaning step be- 194

cause it can be used in real-time situations (42), giving findings 195

from this experiment greater translatability to state-dependent 196

TMS applications. Channels marked bad by ASR were spheri- 197

cally interpolated. Next, data were epoched 1000 ms pre-pulse 198

to 200 ms post-pulse and baseline corrected. Finally, to further 199
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clean data, a group-level ICA decomposition was performed200

using the fastica algorithm on all concatenated EEG data down-201

sampled to 125 Hz. Following the group-level ICA decompo-202

sition, we removed one component corresponding to a blink203

artifact, one component corresponding to a saccade artifact,204

four components corresponding to muscle artifacts, and eight205

components possibly corresponding to mechanical artifacts re-206

sulting from contact between the TMS coil and electrodes (see207

Fig. S1). Finally, clean recordings were current source density208

transformed using the spherical spline method implemented209

with the publicly available SCD plugin for EEGLAB (43).210

EMG measures. Using EMG recorded from the right EDC,211

we computed MEP amplitudes as maximum peak-to-peak am-212

plitudes within 15-50 ms after TMS stimulation. Trials were213

rejected in case of muscle pre-activation > 20 µV within 100214

ms before the pulse. Additionally, MEPs with amplitudes of215

less than 20 µV were discarded and MEPs between 20-50 µV216

were visually inspected. We then log10 transformed MEP am-217

plitudes prior to entering them into models. Additionally, we218

computed the standard deviation of the EMG signal from the219

right EDC for each trial and entered the log10 transformed220

standard deviation as a covariate into models accounting for221

muscle activation (see "Statistical analysis" below).222

Spectral EEG measures. All spectral measures were com-223

puted using the FOOOF algorithm by (36) . For each EEG224

channel and trial computed the power spectral density (PSD)225

using the EEG signal from 1000 to 50 ms prior to stimulus on-226

set with the pwelch() function in MATLAB [input parameters:227

WINDOW = 512, NOVERLAP = 256, F = linspace(1,40,100)].228

We then modeled the PSD between 1 and 40 Hz using FOOOF229

with the ’fixed’ approach to parameterizing the aperiodic com-230

ponent (i.e., the 1/f background) and 0.6 and 1.0 Hz as the231

lower and upper bounds, respectively, for fitted peak widths.232

Having modeled the EEG PSD using FOOOF, SE was re-233

turned in the aperiodic model parameters. SE is the slope of the234

aperiodic component modeled by FOOOF, which is the EEG235

1/f background, so named because its power is inversely related236

to frequency (44). When frequency and power are plotted in237

logarithmic coordinates and spectral peaks are subtracted, the238

1/f background shows a linear relationship with frequency (45).239

It is then straightforward to compute SE as the slope of the 1/f240

background. Because this slope is nearly always negative, SE241

is reported as an absolute value.242

To identify the alpha peak frequency in a given trial and243

channel, we then looked for oscillatory components returned 244

by FOOOF with peak frequencies between 8 and 13 Hz. If 245

more than one oscillatory component with a peak frequency 246

in this range was returned, we used the component with the 247

peak frequency closest to 10 Hz. The alpha band was then 248

defined for that trial and channel as f +/- 2 Hz, where f is the 249

peak frequency. In the case that no oscillatory component was 250

returned in the alpha range, we defined the alpha band as 8 - 251

12 Hz. 252

Similarly, to identify the beta peak frequency in a given trial 253

and channel, we looked for oscillatory components returned by 254

FOOOF with peak frequencies between 14 and 30 Hz. If more 255

than one oscillatory component was returned in this range, we 256

used the component with the peak frequency closest to 20 Hz. 257

The beta band was then defined for that trial and channel as 258

f +/- 4 Hz, where f is the peak frequency. If no oscillatory 259

component was returned in the beta range, we defined the beta 260

band as 16 - 24 Hz. 261

Having defined the alpha and beta band for the trial and 262

channel under consideration, to extract alpha and beta power, 263

we then computed the PSD of each filtered signal using the 264

pwelch() function [input parameteres: F = linspace(0,30,128) 265

and default values for WINDOW and NOVERLAP]. Alpha 266

and beta power were computed using trapezoidal integration of 267

the PSD between the appropriate limits of integration for each 268

band, and this power estimate was then log-scaled. Finally, to 269

extract the alpha and beta phase of each EEG signal, we applied 270

the fast Fourier transform to a Hanning windowed segment of 271

signal corresponding to twice the period of the trial-specific 272

alpha or beta center frequency (2) taken from the end of the 273

signal, stopping 50 ms before the TMS pulse. For example, 274

if the EEG alpha band was determined by FOOOF as 9 - 13 275

Hz, we applied FFT to the signal from -232 to -50 ms relative 276

to the TMS pulse, based on a center alpha frequency of 11 277

Hz and period of 90.9 ms. We then extracted the phase of 278

the Fourier spectrum corresponding to the alpha or beta center 279

frequency (e.g., in the example given above, the 11 Hz alpha 280

phase). Next, we adjusted the phase estimate to correct for the 281

fact that the FFT window ended 50 ms before the TMS pulse 282

(e.g., if the frequency extracted by FOOOF was 10 Hz, then 283

we added 180° to the phase estimate). 284

Entropy analysis . Entropy is commonly defined as the num- 285

ber of possible configurations of a system (e.g., thermodynamic 286

entropy). A common approach to estimating signal entropy 287
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is to apply a compression algorithm to the signal following a288

symbolic transformation (e.g., discretization using quantiles).289

More complex or diverse signals are harder to compress, as290

they contain more information. Indeed, entropy and informa-291

tion are intimately related and, in some frameworks (46, 47),292

identical. We estimated signal entropy for each EEG channel293

and trial using the EEG signal from 1000 to 50 ms prior to294

stimulus onset (i.e., 0.95 s of data). To speed up computations,295

signals were first downsampled to 200 Hz. CTW entropy was296

computed by transforming each EEG signal into discrete oc-297

tiles and then applying the CTW compression algorithm (25)298

to estimate the entropy rate (48). LZ entropy was computed299

by transforming the signal into two discrete states based on a300

median split of time series values. We then applied the LZ76301

algorithm (i.e., the first in a series of Lempel-Ziv compression302

algorithm published in 1976) to estimate the signal’s entropy303

(24). Because all trials had the same signal length, we did not304

normalize the entropy estimate according to signal length.305

Statistical analysis. We used linear mixed models (LMMs)306

to predict log-scaled MEP amplitude with random intercepts307

for participants and fixed effects for the EEG feature of interest308

as well as pulse intensity (measured as percent MSO), pulse309

number, (i.e., the chronological index of the TMS pulse, which310

controls for habituation and facilitation effects), and the log-311

scaled standard deviation of the pre-pulse EMG recorded from312

the right EDC muscle (to control for muscle activation). All313

LMMs also accounted for interactions between pulse inten-314

sity and pulse number, as well as pulse intensity and muscle315

activation.316

To test K predictors of CSE in data containing N trials317

across n participants, we used separate LMMs at each channel318

with the formula319

y = Xβ +Zu+ ε [1]320

where y is the N x 1 vector of log-scaled MEP amplitudes321

(i.e., proxies for CSE) for each trial, X is the N x K matrix of322

fixed effects, including a fixed intercept term (first column),323

the EEG predictor (second column), the pulse intensity (third324

column), the pulse number (fourth column), the log-scaled325

standard deviation of the prepulse EMG signal (fifth column),326

and interactions of fixed effect terms (subsequent columns);327

β is the K x 1 vector of fixed effect coefficients, Z is the N328

x n design matrix of random effects, u is the n x 1 vector329

of random intercepts, and ε is the N x 1 vector of residuals.330

Note that in cases where the alpha or beta phase was used to331

predict CSE, we included two separate columns for the EEG 332

predictor, one corresponding to the sine of the phase and the 333

other corresponding to the cosine of the phase. 334

To assess the extent to which broadband EEG measures 335

improved the prediction of CSE above and beyond that of 336

conventional band-limited EEG features, we compared the 337

model fit achieved beta features (power and phase) as the EEG 338

terms to a larger model with an additional EEG predictor term 339

corresponding to either signal entropy (LZ or CTW) or SE. 340

We compared the model fit of the larger model to the smaller, 341

nested model using log-likelihood ratio tests. 342

To correct for multiple testing across 64 EEG channels, we 343

utilized threshold free cluster enhancement (TFCE) (49) using 344

parameters E = 2/3 and H = 2 as recommended by Mensen and 345

Khatami (50). This approach privileges channels surrounded 346

by neighboring channels showing similar effects yet departs 347

from previous cluster statistical approaches (51) by taking 348

many different thresholds into consideration, rather than a sin- 349

gle arbitrary threshold which determines clusters. In our case, 350

we sampled 50 evenly spaced thresholds for test statistics start- 351

ing from 0 and increasing to the largest test statistic present in 352

the data (as judged by absolute value). We then used permuta- 353

tion testing to derive an empirical P-value for each electrode. 354

Data were permuted by randomly shuffling the outcome vari- 355

able, i.e., MEP amplitudes, for each of 200 permutations. For 356

all thresholds explored, channels were considered neighbors if 357

they fell within 55 mm of one another in the Euclidian space 358

of a 3-dimensional standard template. 359

To assess the extent to which the predictive power of an 360

EEG feature was driven by within-subject variance (i.e., a state 361

marker) or between-subject variance (i.e., a trait marker), we 362

derived ICCs according to the definition "ICC(l) for Case 1" 363

given in McGraw and Wong (52) with publicly available code 364

(53). We then took the quantity 1 - ICC to be high when a 365

feature was a state marker and low when a feature was a trait 366

marker (see Fig. 5). 367

Results 368

Following preprocessing, data from two participants were re- 369

jected outright due to an excessive number of noisy channels 370

(exceeding 15% of the total number of channels, i.e., at least 371

10 noisy channels) identified using ASR. For each remaining 372

participant, TMS trials were rejected based on MEP criteria 373

(see Materials and Methods). A mean of 45 trials were rejected 374

per participant (min = 5, max = 107, median = 42.5). The final 375
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Figure 1. Topographic distributions of EEG features. Alpha power (A) shows a very different distribution than beta power (B). On the other hand, alpha frequency (C)
and beta frequency (D) show similar topographies that appear to be mirror images of one another. Broadband EEG measures (E-G) also show remarkably similar scalp
topographies with one another; entropy features (E,F) appear as the mirror image of the spectral exponent (G). EEG channel names are indicated in (H), as well as the TMS
target region (magenta); note that this is an approximation and not based on real hotspot mapping data.

clean dataset consisted of 8972 TMS trials across 34 partici-376

pants, with a mean of 264 trials per participant (min = 45, max377

= 541, median = 237.5).378

Having cleaned data, we estimated alpha and beta power,379

phase, and mean frequency, as well as broadband EEG features380

CTW, LZ, and SE, for each participant, channel, and trial. We381

then visualized spatial distributions of relevant EEG features382

across the scalp (Fig. 1). As expected, EEG alpha power was383

highest over posterior regions and lowest over anterior regions384

(Fig. 1A). EEG beta power followed a different spatial distribu-385

tion, with the highest power over peripheral scalp regions (Fig.386

1B). We observed a spatial minimum of beta power at channel387

CP1, immediately posterior to the stimulation site, which may388

be related either to cumulative stimulation effects or to artifact389

removal using ICA.390

We also visualized the mean alpha and beta frequency across391

participants at each channel. By default, we defined the alpha392

band as 8 - 12 Hz and the beta band as 16 - 24 Hz, but using393

the fitting oscillations and one-over-f (FOOOF) algorithm (36),394

we adjusted these frequency ranges in a data-driven manner395

according to power spectral peaks for each channel of each396

participant’s EEG data (see Materials and Methods). If a spec-397

tral peak could not be identified, then the alpha and beta band398

ranges defaulted to those stated above. However, if a peak was399

identified near 10 Hz (alpha) or 20 Hz (beta), we took the peak400

frequency +/- 8 Hz as the frequency range, albeit with a limit 401

imposed such that the range could not exceed 8 - 13 Hz (alpha) 402

or 14 - 30 Hz (beta). This ensured that the frequency bands 403

used in each case stayed within canonical limits. 404

To visualize the results of this approach, we viewed topogra- 405

phies of the middle most frequency in the alpha (Fig. 1C) and 406

beta (Fig. 1D) band, averaged across participants. The alpha 407

band showed higher frequencies over posterior scalp areas, 408

whereas for the beta band, we observed the opposite sagittal 409

gradient. 410

Next, we visualized the spatial distribution of the broadband 411

measures LZ, CTW, and SE, which all yielded remarkably sim- 412

ilar topographies. LZ and CTW (Fig. 1E,F) were both minimal 413

over parietal regions and maximal over frontotemporal regions, 414

whereas SE (Fig. 1G) exhibited the same topography in reverse, 415

with the steepest 1/f background evident over parietal regions 416

and the least steep 1/f background evident over frontotemporal 417

regions. 418

To visualize the overall strength of each EEG predictor, 419

we first visualized t-statistcs from LMMs in an exploratory 420

fashion for each channel in the vicinity of the TMS target 421

region with the primary goal of determining whether alpha or 422

beta band-limited measures would serve as a better benchmark 423

which broadband EEG features should improve upon; in the 424

case of phase, we used the square root of the F-statistic as a 425
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Figure 2.Exploratory visualization of EEG features in the proximity of the TMS target region. In an initial comparison of the predictive ability of different EEG features, we
plotted the t-statistic (or

√
F , in the case of phase) from 9 channels in the proximity of the TMS target region (left M1).

proxy for the t-statistic, given that each phase model contained426

separate t-statistics for the sine and cosine of phase. We plotted427

these values for channels FC1, FC3, FC5, C1, C3, C5, PC1,428

PC3, and PC5 (Fig. 2) and divided EEG predictors into three429

categories: broadband (SE, CTW, LZ), alpha band (power,430

phase), and beta band (power, phase). Our results demonstrated431

that beta band features were more predictive than alpha band432

features (Fig. 2). We thus chose to use beta power and phase as433

benchmarks against which to test the predictive performance434

of the broadband EEG measures. For a visualization of test435

statistics across the entire scalp, see Fig. S2.436

We next tested the performance of broadband EEG mea-437

sures by adding each one to an LMM that already contained438

beta features and computing a log-likelihood ratio to determine439

if the additional EEG feature significantly improved model fit.440

Using TFCE (49), which addresses the multiple comparisons441

problem while emphasizing channels that show similar effects442

as neighboring channels, combined with permutation testing443

to compute empirical P-values for each channel, we identified444

multiple channels for each broadband measure (SE, CTW, and445

LZ) that significantly predicted CSE (Fig. 3) and/or signifi-446

cantly improved the fit of models that originally contained only447

beta power and phase as EEG predictors (Fig. 4).448

In what follows, all P-values are reported as corrected us-449

ing TFCE with permutation testing. First, we examined the450

predictive power of each broadband EEG measure without451

adding it to another model. Across a number of electrodes, 452

we found that high SE corresponded to low CSE, whereas 453

high CTW and high LZ corresponded to high CSE (Fig. 3); 454

note one marginally significant peripheral channel (TP9) which 455

showed the opposite effect for CTW and was likely a spurious 456

finding (Fig. 3E). In general, all three measures showed signif- 457

icant effects both in prefrontal and centroparietal scalp regions. 458

However, only SE and CTW showed significant effects in the 459

vicinity of left M1 targeted by TMS, namely, channel C1 (Fig. 460

3B,D). Given evidence that the postcentral gyrus is the source 461

of the alpha (mu) rhythm believed to modulate sensorimotor 462

excitability (54–57), we next looked immediately posterior to 463

the TMS target region; here, SE and CTW significantly pre- 464

dicted CSE at channels CP1 and CPz (Fig. 3B,D). For exact 465

P-values, see Table S1. 466

Next, we considered how EEG features could be added to 467

LMMs to improve their prediction of MEP amplitude. An 468

LMM including beta power as the sole fixed effect resulted in 469

strong prediction near the TMS target site, particularly chan- 470

nel C3 (Fig. 4A). Similarly, an LMM with only beta phase 471

fixed effect terms (cos and sin) also showed strong prediction 472

for channel C3 (Fig. 4B); however, when these phase terms 473

were added to a model that already contained beta power, the 474

largest gains were seen at the symmetric scalp site, C4, in the 475

hemisphere contralateral to stimulation, as well as channel FT7 476

in the ipsilateral hemisphere. We did not consider statistical 477
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Figure 3. Topographic scalp distributions of TFCE corrected P-values from linear mixed models. EEG entropy was associated with higher CSE (Fig. 3B, C), whereas SE
was associated with lower CSE (Fig. 3D). We obtained largely negative findings for increased CSE with SE (Fig. 1A) and decreased CSE with entropy (Fig. 1E,F).

significance or apply TFCE at this stage, as our hypothesis con-478

cerned the performance of broadband EEG features above and479

beyond the benchmark set by band-limited beta EEG features.480

Next, we sought to compare broadband EEG features with481

the performance of beta band-limited EEG features per se, and482

thus we did not yet add non-EEG fixed effects to LMMs, which483

might saturate model performance. SE, CTW, and LZ signif-484

icantly improved the model fit in many channels, including485

some close to the TMS target region such as C1 and CP1 (Fig.486

4D,E,F); SE and LZ also significantly improved the model fit487

at channel CP3 (Fig. 4D,F). We then added the same non-488

EEG fixed effects considered previously (Fig. 3) to the base489

model. While SE and CTW still significantly improved the490

model fit for channels C1 and CP1 in the vicinity of the TMS491

target region (Fig. 4G,H), model fits improved by LZ were492

limited almost exclusively to prefrontal scalp regions and the493

posterior channel PO3 (Fig. 4I), none of which were in the494

vicinity of the TMS target region. This result suggests that SE495

and CTW are preferable over LZ when their performance is496

considered vis-a-vis the full range of predictive variables. For497

exact P-values, see Table S2. 498

Finally, to determine whether broadband EEG measures 499

were primarily trait-markers explaining between-subjects vari- 500

ance or state-markers explaining within-subject variance, we 501

computed the intraclass correlation (ICC) for SE, CTW, LZ, 502

alpha power, and beta power. We did not compute ICCs for 503

alpha or beta phase, because oscillatory phase fluctuates many 504

times per second is thus a state-marker by definition.. The 505

ICC is high when values from within a subject show strong 506

agreement (i.e., low within-subject variance suggestive of a 507

relatively static variable or trait marker) and low when the 508

values from within a subject show weak agreement (i.e., high 509

within-subject variance suggestive of a dynamic variable or 510

state marker). We thus computed a trait-state continuum based 511

on the quantity 1 - ICC (Fig. 5). 512

Broadband EEG measures SE, CTW, and LZ generally fell 513

closer to the state end of the continuum at most scalp locations 514

(Fig. 5A-C), whereas spectral alpha and beta power generally 515

fell closer to the trait end of the continuum (Fig. 5D,E). The 516

trait-like tendency of spectral power features and state-like ten- 517
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Figure 4. Topographic scalp distributions showing model improvement. Panels A and B show raw P-values from LMMs that predicted MEP amplitude from beta power
and phase, respectively. Panel C shows raw P-values from a log-likelihood ratio test of the improvement in model fit from adding beta phase to an LMM with a fixed effect term
for beta power. The second row, D - F, shows TFCE-corrected P-values for broadband EEG features used to improve upon the model fit from beta EEG features (log-likelihood
ratio tests). The third row shows the results of similar tests where non-EEG fixed effects were added to the base models. Note that we did not consider statistical significance
nor apply TFCE to results in the first row as our hypotheses concerned only the performance of broadband EEG features in relation to band-limited beta EEG features.

dency of broadband features were also revealed by histograms518

(Fig.5F). Overall, CTW appeared to be the most state-like519

measure. Taken together, the above findings demonstrate that520

broadband EEG features are relatively dynamic and thus likely521

to be more sensitive to cortical state changes which can be used522

to time TMS pulses (e.g., in the context of therapeutic closed523

loop TMS).524

Discussion525

In this study, we utilized the 1/f background (spectral exponent,526

SE) and entropy measures (CTW, LZ) derived from broadband527

electroencephalogram (EEG) signals to predict corticospinal528

excitability (CSE). Transcranial magnetic stimulation (TMS)529

pulses were applied independently of brain state in healthy530

participants. Our findings indicate that the broadband EEG531

features (SE, CTW, and LZ) served as effective predictors532

of CSE, often surpassing the predictive performance of beta 533

EEG phase and power (Fig. 4 D-F), even when additional 534

covariates were accounted for (Fig. 4 G-I). Beta-band EEG 535

power demonstrated the highest topographical specificity as a 536

marker for motor CSE (Fig. 5C). In contrast, SE, CTW, and 537

LZ (Fig. 5D-F) showed more sensitivity to variations in overall 538

brain states compared to either alpha or beta-band EEG power, 539

which appeared more trait-like. The broad-band measures 540

(SE, CTW, and LZ) were more indicative of state changes, as 541

evidenced by lower ICCs, making them suitable for identifying 542

moments of widespread brain excitability. Thus, SE, CTW, and 543

LZ could be invaluable for marking states of brain excitability 544

beyond just the motor cortex. Furthermore, the broadband EEG 545

features we evaluated were measured from roughly 1 s time 546

windows and varied on a slower timescale than EEG phase 547

features which, by definition, fluctuate many times per second. 548

As such, SE, CTW, and LZ might be less susceptible to brief 549
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Figure 5. State versus trait features. As judged by the ICC, broadband EEG features appear to be state measures (i.e., more variance within subjects than between subjects
at a typical EEG channel, Fig. 5D-F), whereas spectral power EEG features appear to be trait measures, when considering the whole scalp topography (i.e., more variance
between subjects than within subjects, Fig. 5B,C). To measure the "stateness" of a feature, we subtracted the intraclass correlation (ICC) from 1, yielding a quantity that is
greatest for state measures (red colors in topoplots) and lowest for trait measures (blue colors in topoplots). A histogram of this quantity (Fig. 5A) shows the number of channels
for each measure which fall into bins along the trait-state continuum.

physiological artifacts which influence phase estimates.550

Broadband EEG measures improve upon CSE predic-551

tion from band-limited spectral power. In response to the552

challenges of band-limited features for CSE prediction , SE,553

CTW, and LZ offer to eliminate issues stemming from the554

experimenter’s choice of EEG frequency and/or phase (see555

Introduction). These broadband EEG features may encompass556

all canonical EEG frequency bands (delta, theta, alpha, beta,557

and gamma) after high-pass filtering to remove drift artifacts558

and low-pass filtering to remove EMG artifacts and technical559

artifacts such as 50 Hz line noise, thus avoiding the pitfalls560

of a band-limited approach. Two of these broadband EEG561

features, CTW and LZ, are based on eponymous compression562

algorithms which quantify the number of unique substrings or563

states in the signal (24, 48). The other broadband EEG feature,564

SE, is based on the spectral steepness of the 1/f background565

of the EEG signal, which has been used a proxy for the ratio 566

of neural excitation to inhibition (37, 39). Because beta EEG 567

features (phase and power) outperformed alpha EEG features 568

in an initial exploratory analysis focused near the TMS target 569

region (Fig. 2), we next used beta EEG features as bench- 570

marks and asked whether adding our alternative, broadband 571

EEG measures could improve the prediction of CSE above and 572

beyond models that already used beta phase and power (Fig. 4 573

D-F), as well as additional non-EEG covariates (Fig. G-I). 574

We answered the above question in the affirmative for 575

all three broadband EEG features, albeit in slightly different 576

anatomical scalp regions in each case. When non-EEG covari- 577

ates were considered, SE and CTW significantly improved the 578

model fit in the vicinity of the left M1 which we targeted with 579

TMS (Fig. 4G,H). This vicinity included channel C1, whose 580

scalp location often coincided with or fell adjacent to the TMS 581
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target region, as well as left centroparietal channels, fitting with582

another prior study of surface-Laplacian transformed EEG sig-583

nals (16) which reported that postcentral scalp recordings can584

be used to predict CSE in a posthoc analysis of data collected585

during TMS of left M1. As mentioned previously, the rele-586

vance of postcentral cortical areas for CSE is also suggested587

by prior studies showing that the alpha (mu) rhythm, which is588

hypothesized to gate sensorimotor excitability, has a plausible589

origin in primary somatosensory cortex (S1), rather than M1590

(54–57). Furthermore, the intimate relationship between M1591

and S1 is underscored by evidence suggesting that both serve a592

similar function in early infant development, when M1 primar-593

ily receives reafferent signals from twitching limbs before later594

developing the ability to send motor commands(58–61). This595

common ontogeny strengthens the plausibility of SE and CTW596

derived from postcentral areas as useful readouts of CSE.597

Different broadband EEG features offer different advan-598

tages. LZ showed a more frontal sensitivity when its ability599

to improve upon benchmark models was considered. Thus,600

even though LZ considered on its own merits can significantly601

predict CSE in the vicinity of the TMS target region (Fig. 3C),602

LZ derived from electrodes in this scalp region does not appear603

to offer predictive information beyond that obtainable using604

non-EEG covariates of TMS pulse count, TMS pulse num-605

ber, and the standard deviation of the EMG signal (Fig. 4I).606

By contrast, CTW showed a more posterior sensitivity (Fig.607

4H), and SE seemed to be predictive of CSE in both frontal608

and posterior scalp areas (Fig. 4G) when tested against the609

same benchmark models that included non-EEG covariates.610

However, future studies which aim to predict CSE from broad-611

band EEG features in realtime applications will likely use a612

predefined region of interest, in which case the optimal EEG613

predictor will be the one which gives the strongest prediction614

when computed from signals recorded in that region. If one615

selects channels near our TMS target region for this purpose,616

such as C1 and/or CP1, then CTW and SE appear to perform617

similarly (Fig. 4, Table S2).618

Remarkably, LZ and CTW show quite different sensitives619

as entropy estimators, despite both being computed from com-620

pression algorithms. Why is LZ, unlike CTW, mainly useful621

as a CSE predictor when computed from prefrontal scalp elec-622

trodes? While it is plausible that CSE is influenced by pre-623

frontal disinhibition of motor cortex (e.g., executive control),624

frontal electrodes may have been contaminated by residual625

muscle artifacts to a greater extent than centroparietal channels, 626

despite our best efforts to reduce physiological artifacts from 627

EEG signals and to covary for prepulse muscle tone recorded 628

from the right hand. Thus, we are less confident that the LZ 629

finding is truly a neural effect, as opposed to a readout of facial 630

muscle activation. CTW is perhaps a more useful measure of 631

cortical entropy than LZ for the purpose of inferring CSE. This 632

is somewhat surprising, given that both entropy estimates are 633

based on compression algorithms and have performed similarly 634

on neural data in other studies (34, 62–64), and, furthermore, 635

LZ is much more widely applied in human neuroscience across 636

contexts ranging from studies of anesthetics (30, 31, 65, 66), 637

sleep (31, 33, 67, 68) , and pharmacological drug challenge 638

(33, 69, 70), including effects on TMS-evoked potentials (71– 639

73). Nonetheless, from a purely computational perspective, 640

there are strong reasons to believe CTW is a superior entropy 641

estimator for time series data. Unlike LZ, CTW is based on 642

Bayesian inference, which has long been known to produce 643

more data-efficient estimators (74). Accordingly, CTW con- 644

sistently outperforms other entropy estimators (including LZ) 645

when evaluated on synthetic data (75). This increased data 646

efficiency allowed us to discretize the EEG signal into 8 sym- 647

bols prior to the calculation of CTW (compared to the LZ 648

calculation with only 2 symbols), such that CTW was able 649

to capture more details of the signal’s fine-grained dynamics. 650

Considering the above, we advocate for further use of CTW 651

as an entropy estimator for neural data, not only in TMS-EEG 652

experiments, but also in other EEG analysis contexts. 653

A new approach for state-dependent TMS. We carried out 654

this study with an eye toward state-dependent TMS applica- 655

tions, e.g., closed-loop TMS, guided by EEG features. As 656

suggested by its name, TMS in this context is automatically 657

triggered by variables which indicate a rapidly fluctuating cor- 658

tical state. Variables which primarily reflect a trait, rather than 659

dynamic state, are not expected to be useful for state-dependent 660

TMS, given that they are approximately static at the relevant 661

timescale within a given subject. 662

Given the hierarchical nature of our data, which included 663

many TMS-EEG trials both within and between participants, it 664

was reasonable for us to ask whether our findings were driven 665

primarily by state (within-subject variance) or trait (between- 666

subjects variance). Although the entropy (31–34, 65) and 1/f 667

background (35, 37, 38) of the broadband EEG is already 668

known to change drastically between states of consciousness, 669
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it is currently uncertain to what extent these EEG features670

change within the awake and alert resting state. To address671

this uncertainty, we computed ICCs for EEG features and672

used the quantity 1− ICC to infer the degree of within-subject673

variance, with 1 indicating a state variable and 0 indicating a674

trait variable. We found that broadband EEG features generally675

showed greater within-subject variance than spectral alpha or676

beta power. Our results suggest that broadband EEG features677

are sensitive to cortical states that fluctuate within a TMS-EEG678

session.679

In short, the broadband EEG entropy and 1/f background680

may be useful for guiding state-dependent TMS. Nonetheless,681

their usage in state-dependent TMS is not mutually exclusive682

with that of band-limited EEG measures. Alpha and beta phase,683

by definition, fluctuate many times per second, and are thus684

state-markers on a much shorter timescale. As such, they may685

compliment the usage of broadband EEG measures, which are686

computed from longer windows of data. Future experiments687

could trigger realtime TMS by implementing an AND gate with688

dual criteria: one based on SE or entropy, and another based689

on phase (e.g., a TMS pulse is fired when both the entropy690

is high and the phase of beta reaches a trough/rising flank).691

Indeed, both EEG features might work synergistically together,692

given that EEG phase is necessarily computed on a very short693

timescale sensitive to rapid fluctuations, whereas broadband694

EEG measures would likely be computed on a longer timescale695

of approximately 1 s and thus be relatively robust to brief696

signal artifacts. We are also open to realtime TMS triggered697

using both broadband EEG features and band-limited EEG698

power features. Such an approach would take advantage of the699

different information conveyed by each feature type and follow700

naturally from the prediction of CSE in our current study using701

models that combined both feature types.702

Conclusions, limitations, and future directions . Hitherto,703

the field of state-dependent TMS has focused almost exclu-704

sively on band-limited spectral EEG measures such as alpha705

and beta power or phase. Our results suggest the utility of706

new, and perhaps complimentary, broadband EEG measures707

that improve CSE prediction above and beyond that achieved708

using band-limited measures. Because these new EEG mea-709

sures do not require narrowband filtering nor phase estima-710

tion/prediction, they are unaffected by many issues which have711

likely hampered the reproducibility of previous work in this712

field.713

At the same time, we admit that the broadband EEG mea- 714

sures we tested are not parameter free. A symbolic transforma- 715

tion must be applied to EEG signals before LZ or CTW can 716

be used as entropy estimators, and this step could be handled 717

differently by other researchers with respect to the number 718

of symbols and the symbol threshold – although recently pro- 719

posed methods are able to estimate entropy without requiring 720

discretisation (76). Similarly, other researchers may choose 721

different FOOOF parameters (36) when computing SE, thus 722

introducing further researcher degrees of freedom (77). How- 723

ever, we maintain that these choices are more tractable than the 724

current methodological divergences which impede the field. 725

Furthermore, although our first pass at data cleaning was 726

handled using an automated procedure with objective criteria 727

(ASR), we also utilized a group-level ICA decomposition for 728

further cleaning (e.g., to remove technical artifacts). Because 729

the ICA decomposition is generally slow and thus cannot be run 730

in realtime, this step may somewhat reduce the translatability 731

of our findings to realtime applications. 732

Finally, we only tested broadband EEG measures in young, 733

healthy participants. Because therapeutic applications of real- 734

time state-dependent TMS-EEG require EEG features that are 735

useful in clinical populations, a next step will be to repeat our 736

analysis in data from clinical cohorts such as patients recover- 737

ing from stroke. After we have evaluated these EEG features 738

in clinical subjects, the practical value of these EEG features 739

as dynamic readouts of CSE will ultimately be determined by 740

applications to realtime state-dependent TMS-EEG. Thus, the 741

final step in our line of investigation is to estimate the EEG 742

entropy and 1/f background as TMS triggers in a closed-loop 743

experiment with clinical patients. Given this ultimate goal, 744

we view our current study as a first in a line of research to- 745

ward developing improved therapeutic TMS-EEG for motor 746

rehabilitation and similar purposes. 747
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