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Abstract 24 

Auditory stimuli are often rhythmic in nature. Brain activity synchronizes with auditory 25 

rhythms via neural entrainment, and entrainment seems to be beneficial for auditory 26 

perception. However, it is not clear to what extent neural entrainment in the auditory 27 

system is reliable over time – a necessary prerequisite for targeted intervention. The 28 

current study aimed to establish the reliability of neural entrainment over time and to 29 

predict individual differences in auditory perception from associated neural activity. 30 

Across two different sessions, human listeners (21 females, 17 males) detected silent gaps 31 

presented at different phase locations of a 2-Hz frequency modulated (FM) noise while 32 

EEG activity was recorded. As expected, neural activity was entrained by the 2-Hz FM 33 

noise. Moreover, gap detection was sinusoidally modulated by the phase of the 2-Hz FM 34 

into which the gap fell. Critically, both the strength of neural entrainment as well as the 35 

modulation of performance by the stimulus rhythm were highly reliable over sessions. 36 

Moreover, gap detection was predictable from pre-gap neural 2-Hz phase and alpha 37 

amplitude. Our results demonstrate that neural entrainment in the auditory system and the 38 

resulting behavioral modulation are reliable over time, and that both entrained delta and 39 

non-entrained alpha oscillatory activity contribute to near-threshold stimulus perception. 40 

The latter suggests that improving auditory perception might require simultaneously 41 

targeting entrained brain rhythms as well as the alpha rhythm. 42 



 

3 

Significance Statement 43 

Neural activity synchronizes to the rhythms in sounds via neural entrainment, which 44 

seems to be important for successful auditory perception. A natural hypothesis is that 45 

improving neural entrainment, e.g., via brain stimulation, should benefit perception. 46 

However, the extent to which neural entrainment is reliable over time – a necessary 47 

prerequisite for targeted intervention – has not been established. Using 48 

electroencephalogram recordings, we demonstrate that both neural entrainment to FM-49 

sounds and stimulus-induced behavioral modulation are reliable over time. Moreover, 50 

moment-by-moment fluctuations in perception are best predicted by entrained delta phase 51 

and non-entrained alpha amplitude. This work suggests that improving auditory 52 

perception might require simultaneously targeting entrained brain rhythms as well as the 53 

alpha rhythm.  54 
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Introduction 55 

Auditory stimuli, such as music and speech, are often (quasi-)rhythmic in nature. As 56 

such, one neural mechanism that has received much recent attention for its contribution to 57 

auditory perception is synchronization of brain activity to sound rhythms: neural 58 

entrainment (Obleser and Kayser, 2019). Neural entrainment is the process by which 59 

neural activity phase locks to sensory rhythms, and has been proposed to be a key 60 

mechanism for controlling sensory gain (Lakatos et al., 2008; Obleser and Kayser, 2019), 61 

attention, and parsing (Giraud and Poeppel, 2012) sensory information that is extended in 62 

time.  63 

Neural entrainment has been described for different sensory modalities (Henry and 64 

Obleser, 2012; Mathewson et al., 2012; Ten Oever et al., 2017) and different species 65 

(Lakatos et al., 2016; Garcia-Rosales et al., 2018). In humans, low-frequency delta/theta 66 

activity synchronizes to the rhythms of speech and music, and synchronization success 67 

seems to be critical for successful auditory perception (Doelling et al., 2014; Doelling 68 

and Poeppel, 2015), in particular in noisy listening situations (Horton et al., 2013; Zion 69 

Golumbic et al., 2013; Brodbeck et al., 2020).   70 

If neural entrainment does play a critical mechanistic role for auditory perception, 71 

improving synchrony between brain activity and stimulus rhythms should result in 72 

benefits for perception. In fact, recent work using transcranial electrical stimulation 73 

(TES) with alternating current (tACS) to interfere with entrainment reported significant 74 

modulation of speech comprehension and stream segregation (Riecke et al., 2015; Riecke 75 

et al., 2018; Wilsch et al., 2018; Zoefel et al., 2018; Cabral-Calderin and Wilke, 2020). 76 

However, there is uncertainty in tACS results (Erkens et al., 2020), and its efficacy for 77 
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modulating neural entrainment is still under debate. This is at least in part because TES 78 

effects are state-dependent and variable across participants (Cabral-Calderin et al., 2016; 79 

Kasten et al., 2019), meaning that the same TES parameters might not be optimal for all 80 

participants, or even for one participant under all circumstances. In particular, 81 

successfully interfering with neural entrainment likely depends on targeting the right 82 

frequency (Stecher and Herrmann, 2018) and stimulus–brain phase relationship (van Bree 83 

et al., 2021), which may vary from person to person or from day to day. Here, we aimed 84 

to establish the reliability of neural entrainment over time. In doing so, our goal was to 85 

demonstrate the viability of an approach whereby individualized TES protocols can be 86 

based on entrainment signatures measured in a separate EEG session without the need for 87 

concurrent electrophysiological measures while the electrical stimulation is applied, 88 

which is very challenging.  89 

Not all stimuli are rhythmic. Thus, multiple neural processing modes have been 90 

proposed: “rhythmic-mode” and “continuous-mode” processing (Schroeder and Lakatos, 91 

2009; Henry and Herrmann, 2012), only the former of which relies on neural 92 

entrainment. Even in the case of rhythmic stimulation, entrainment lapses are associated 93 

with periods of high-amplitude alpha oscillations (Lakatos et al., 2016), and higher alpha 94 

amplitude has also been related to reduced entrainment-driven behavioral modulation 95 

(Henry et al., 2017). Taken together, these findings suggest that alpha activity and 96 

entrainment represent interacting neural strategies that can comodulate behavior. Here, in 97 

addition to examining the influence of entrained neural activity on auditory perception 98 

(Henry et al., 2014; Bauer et al., 2018), we took the influence of alpha activity into 99 
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account in order to provide a more complete picture of the neural mechanisms underlying 100 

auditory perception in a vigilance task utilizing rhythmic stimuli.  101 

Across two EEG sessions, participants detected silent gaps in ongoing frequency-102 

modulated (FM) stimuli (Fig. 1, Henry and Obleser, 2012). We expected that the 2-Hz 103 

stimulus rhythm would entrain delta oscillations and, as such, gap detection would be 104 

modulated by the phase of both the stimulus and the entrained neural oscillation in which 105 

gaps occurred. We show that, while neural entrainment and stimulus-driven behavioral 106 

modulation are highly reliable across sessions, auditory perception cannot be exclusively 107 

explained by entrained low-frequency neural activity: both entrained delta phase and non-108 

entrained alpha activity contribute to moment-by-moment variations in auditory 109 

perception. 110 

 111 

Materials and Methods 112 

Main experiment 113 

Participants 114 

Forty-one healthy participants took part in the study. Three participants were excluded 115 

from further analysis due to noisy EEG data (1 participant) and poor task performance 116 

(i.e., detection rate < 0.25, 2 participants). Results presented in this manuscript include 117 

data from 38 participants (21 females, four left-handed, mean age = 26.03 with SD = 4.6 118 

years old). Each participant took part in two sessions separated by 2–42 days (median: 7 119 

days). All participants self-reported normal-hearing and normal or corrected-to-normal 120 

vision. All participants were either native German speakers (n = 37) or spoke German 121 
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with high proficiency (n = 1). At the time of the experiment no participant was taking 122 

medication for any neurological or psychiatric disorder.  123 

Participants received financial compensation for their participation in the study. Written 124 

informed consent was obtained from all participants. The procedure was approved by the 125 

Ethics Council of the Max Planck Society and in accordance with the declaration of 126 

Helsinki. 127 

Stimuli 128 

Auditory stimuli were generated by MATLAB software at a sampling rate of 44,100 Hz. 129 

Stimuli were 20-s long complex tones frequency modulated at a rate of 2 Hz and with a 130 

center-to-peak depth of 67% (Fig. 1). The center frequency for the complex carrier 131 

signals was randomly chosen for each stimulus within the range of 1000-1400Hz. The 132 

complex carrier comprised 30 components sampled from a uniform distribution with a 133 

500-Hz range. The amplitude of each component was scaled linearly based on its inverse 134 

distance from the center frequency; that is, the center frequency itself was the highest-135 

amplitude component, and component amplitudes decreased with increasing distance 136 

from the center frequency. The onset phase of the stimulus was randomized from trial to 137 

trial, taking on one of eight values (0, π/4, π/2, 3π/4, π, 5π/4, 3π/2, 7π/4) with the 138 

constraint that each trial would always start with a phase different from its predecessor. 139 

All stimuli were rms-amplitude normalized. Three, four, or five silent gaps were inserted 140 

into each 20-s stimulus (gap onset and offset were gated with 3-ms half-cosine ramps) 141 

without changing the duration of the stimulus. Each gap was chosen to be centered in 1 of 142 

18 equally spaced phase bins into which each single cycle of the frequency modulation 143 
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was divided. No gaps were presented either in the first or the last second of the stimulus. 144 

A minimum of 1.5 s separated consecutive gaps.  145 

Procedure 146 

The experiment was conducted in an electrically shielded and acoustically isolated 147 

chamber and under normal-illumination conditions. Sound-level thresholds were 148 

determined for each participant according to the method of limits. All stimuli were then 149 

presented at 55 dB above the individual hearing threshold (55 dB sensation level, SL).  150 

Gap duration was individually adjusted to detection-threshold levels using an adaptive-151 

tracking procedure comprising two interleaved staircases and a weighted up-down 152 

technique with custom weights. During this procedure, participants detected a gap within 153 

a 4-s FM sound. Except for the duration, the sound had the same characteristics as in the 154 

main experiment. The descending staircase started with a gap duration of 150 ms and the 155 

ascending staircase started with a gap duration of 1 ms. If the participant detected the 156 

gap, gap duration was decreased by some percent (5% for 10 ms ≤ gaps ≤ 35 ms, 20% for 157 

35 ms < gaps ≤ 70 ms, or 50% for 70 ms < gaps || gaps < 10 ms) in the following trial of 158 

the current staircase. On the contrary, if the participant did not detect the gap, gap 159 

duration was increased by some percent (following the same convention as before) of the 160 

current gap duration, in the following trial of the current staircase. Each staircase ended 161 

when four reversals occurred in a span of six trials. The mean final gap duration across 162 

the two staircases was chosen as the gap size for that participant in the main task. This 163 

resulted in gap durations ranging from 11–28 ms across subjects and sessions (session 1: 164 

mean = 17.26 ms, SD = 3.42 ms, range = 12–28 ms; session 2: mean = 15.55, SD = 2.78, 165 

range = 11-21 ms).  166 
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Before starting the main experiment, participants performed practice trials to make sure 167 

they understood the task. For the main experiment, EEG was recorded while listeners 168 

detected gaps embedded in the 20-s long FM stimuli. Listeners were instructed to respond 169 

as quickly as possible when they detected a gap via button-press. Overall, each listener 170 

heard 216 stimuli (27 per starting phase). The number of gaps per stimulus was 171 

counterbalanced (72 stimuli each included 3 gaps, 4 gaps, and 5 gaps) for a total of 864 172 

gaps. For each of the 18 FM-phase bins, 48 gaps were presented. The number of phase 173 

bins was chosen to balance having a good sampling resolution and a high number of trials 174 

per condition without making the task too long. This combination of phase bins and trials 175 

exceeds the recommendation for estimating the sinusoidal modulation of behavior with 176 

high sensitivity (Zoefel et al., 2019). Including the EEG preparation, each experimental 177 

session lasted about 3 hours.  178 

Data Acquisition and Analysis 179 

Behavioral data. Behavioral data were recorded online by MATLAB 2017a 180 

(MathWorks) in combination with Psychtoolbox. Sounds were presented at a rate of 181 

44.1kHz, via an external soundcard (RME Fireface UCX 36-channel, USB 2.0 & 182 

FireWire 400 audio interface) using ASIO drivers. Participants listened to the sounds via 183 

over-ear headphones (Beyerdynamic DT-770 Pro 80 Ohms, Closed-back Circumaural 184 

Dynamic Diffuse field equalization Impedance: 80 Ohm SPL: 96 dB Frequency range: 5–185 

35,000 Hz). Button presses were collected using a Cedrus response pad (RB-740). Hits 186 

were defined as button-press responses that occurred no earlier than 100 ms and no later 187 

than 1.5 s after the occurrence of a gap (Henry et al., 2014). This window was chosen 188 

because the upper limit represents the minimum separation between gaps and therefore 189 
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the response can easily be assigned to a specific gap. Decreasing this window to 190 

maximum 1 s after gap onset produced qualitatively similar results. Hit rates and RTs 191 

were calculated separately for each of the 18 FM-phase bins. To estimate the FM-induced 192 

sinusoidal modulation of gap detection behavior, a cosine function was fitted to hit rates 193 

as a function of FM phase for each participant and session. From the fitted function, the 194 

amplitude parameter quantifies the strength of behavioral modulation by 2-Hz FM phase, 195 

while the phase parameter indexes the FM-stimulus–brain lag. Significance of the 196 

sinusoidal modulation was tested using a permutation approach, whereby 1000 surrogate 197 

datasets were created for each participant and session by shuffling the single-gap 198 

accuracy values (0,1) with respect to their stimulus-condition labels. Cosine functions 199 

were also fitted to the surrogate datasets. Gap detection was considered to be sinusoidally 200 

modulated for each participant if the individual amplitude value was higher than the 99.9 201 

percentile of the distribution of amplitude values from the surrogate data, corresponding 202 

to p < 0.05, Bonferroni corrected for 76 comparisons -i.e., 38 subjects x 2 sessions). 203 

Optimal FM phase was defined as the FM-stimulus phase with highest hit rate in the 204 

fitted function.  205 

We aimed to test the influence of FM phase on gap detection while simultaneously 206 

testing and controlling for stimulus characteristics, as well as the passage of time. To do 207 

this, we fit mixed-effects logistic regression models using the MATLAB function 208 

‘fitglme’. Each model was fitted using a binomial distribution, logit link function, and 209 

Laplace fitting method. Different models were tested evaluating whether gap detection 210 

could be predicted as a function of 1) FM phase, 2) stimulus center carrier frequency 211 

(1000–1400Hz), 3) stimulus carrier at gap onset, 4) global time (1–864, indicating the 212 
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gap position within the whole experiment), 5) local time (1–12 equally spaced time bins, 213 

excluding the first and last second of the 20-s stimulus, indicating gap location within the 214 

stimulus), 6) cochlear entropy (see below) and the interactions of 7) FM phase *  stimulus 215 

carrier frequency, 8) FM phase * global time and 9) FM phase * local time. Each 216 

predictor, excepting interaction terms, was modeled as a fixed factor plus a random 217 

intercept and slope to estimate the group-level effect while allowing for inter-individual 218 

variability in the predictor effect size. Due to computational limitations, interaction terms 219 

were modelled only with fixed terms. All predictors were transformed to z-scores prior to 220 

model fitting. Ten different models were fitted, each including a different combination of 221 

regressors, and the best model was selected using the Akaike’s information criterium 222 

(AIC, Table 2) and the Likelihood Ratio Test (LRT). All predictors involving circular 223 

data (phase angles) were linearized by calculating their sine and cosine. The separate beta 224 

estimates for the sine (sinb) and cosine (cosb) of the phase predictor were recombined 225 

into a single beta corresponding to the amplitude of the phasic behavioral modulation: 226 

b = √(𝑠𝑖𝑛𝑏2 + 𝑐𝑜𝑠𝑏2) 227 

Cochlea-scaled spectral entropy is an index of spectral change and represents the relative 228 

unpredictability of acoustic signals (Henry et al., 2016; Teng et al., 2018). Since our 229 

perceptual systems are more driven to detect change than stability, it is possible that the 230 

instantaneous rate of frequency change at gap onset could affect gap detection. For 231 

calculating cochlea-scaled entropy (Stilp and Kluender, 2010; Henry et al., 2016; Teng et 232 

al., 2018), each 20-s auditory stimulus was divided into 16 ms “slices”. Each slice was 233 

filtered by a bank of 15 symmetrical rounded-exponential filters with center frequencies 234 

equally spaced between 300 and 2400 Hz in equivalent-rectangular-bandwidth (ERB) 235 
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units. The result was a 15-bin frequency histogram where the height of each bar was the 236 

amplitude of the corresponding filter output. Pairwise Euclidean distances were then 237 

calculated for frequency histograms belonging to neighboring slices. For each gap, 238 

cochlea-scaled entropy was finally computed by calculating the Euclidean distance values 239 

averaged in a 27-ms time window right before gap onset. This duration was chosen 240 

because it corresponds to the duration of each phase bin. 241 

To test the classification significance of the winning model, 1000 surrogate datasets were 242 

created for each session by shuffling the single-gap accuracy values (0,1) for each 243 

participant while keeping all condition labels the same. The same mixed-effects models 244 

were fitted to the surrogate datasets and the response operator characteristic (ROC) curve 245 

and the area under the curve (AUC) for the winning model and each surrogate model 246 

were computed. The winning model was considered to be significant if its AUC value fell 247 

above the 95 percentile of the distribution of AUC from the surrogate models (p < 0.05).  248 

Electroencephalogram data. The EEG was recorded with an actiCAP active electrode 249 

system in combination with Brainamp DC amplifiers (Brain Products GmbH). The 250 

electrode system included 64 Ag–AgCl electrodes mounted on a standard cap, actiCAP 251 

64Ch Standard-2 (Brain Products GmbH). Signals were recorded continuously with a 252 

passband of 0.1 to 1000 Hz and digitized at a sampling rate of 1000 Hz. For recording, 253 

the reference electrode was placed over FCz and the ground electrode over AFz. For 254 

better stimulus marking, in addition to standard EEG triggers from the LPT port, stimulus 255 

markers were also sent via soundcard and collected in the EEG using a Stimtrak (Brain 256 

Products GmbH).  Electrode resistance was kept under 20 kΩ. All EEG data were 257 
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analyzed offline by using Fieldtrip software (www.ru.nl/fcdonders/fieldtrip; version 258 

20200130) and custom MATLAB scripts.  259 

Two different preprocessing pipelines were implemented. One was tailored to assess 260 

entrainment characteristics and reliability, and focused on the complete 20-s stimulus 261 

periods; the second pipeline was tailored to test the effect of pre-target (pre-gap) activity 262 

on gap detection, and focused on the periods around each gap’s occurrence. In the first 263 

preprocessing pipeline, the continuous EEG data were high-pass filtered at 0.6 Hz. 264 

Filtered data were then epoched into 21.5-s trials (1 s before stimulus onset and 0.5 s after 265 

stimulus offset). The trial data were low-pass filtered at 80 Hz and the 50-Hz line noise 266 

was removed using discrete Fourier transform (dft) with spectrum interpolation as 267 

implemented in Fieldtrip. Data were re-referenced to the average reference. Extreme 268 

artifacts were removed based on visual inspection. Noisy electrodes were then 269 

interpolated (1 electrode in 3 participants and 2 electrodes in one participant). Eye-blinks, 270 

muscle, heartbeat, and remaining line noise or faulty contact artifacts were removed using 271 

ICA. Next, data were low-pass filtered to 30 Hz and trials for which the range exceeded 272 

200 µV were automatically removed. If more than 30% of the trials had to be removed 273 

because of artifacts, the participant was removed for further analysis (1 participant). 274 

Preprocessed data were resampled to 500 Hz.  275 

The second preprocessing pipeline included the same steps excepting the initial high-pass 276 

filter. To maximize comparability with the first pipeline, all the same trials and ICA 277 

components that were identified based on the first pipeline were removed in the second 278 

pipeline. After all preprocessing steps and before resampling, 3-s long trials were defined 279 
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around each gap onset (i.e., 1.5 s before and 1.5 s after gap onset). Trials exceeding a 280 

range of 200 µV were excluded and data were resampled to 500 Hz.  281 

Frequency and time-frequency analysis of full-stimulus periods. Full-stimulus epochs 282 

were analyzed in the frequency and time-frequency domains to examine brain responses 283 

entrained by the 2-Hz stimulation. Since the starting phase of the FM stimulus was 284 

randomized from trial to trial, before conducting frequency-domain analyses, single-trial 285 

brain responses were realigned so that the FM stimulus phases would be perfectly phase-286 

locked across trials after the realignment. A fast Fourier transform (FFT) was performed 287 

on the trial-averaged time-domain data at each electrode, after multiplication with a Hann 288 

window. Evoked amplitude in each frequency band was calculated as the absolute value 289 

of the complex output, while the phase angle of the complex FFT output at 2 Hz provided 290 

an estimate of stimulus–brain phase lag. An FFT was also applied on each single trial, 291 

and the resulting single-trial amplitude spectra were averaged over trials as an indicator 292 

of total amplitude of neural activity that was not necessarily phase-locked to the stimulus. 293 

Inter-trial phase coherence (ITPC) was calculated as the resultant vector length of phase 294 

angles from the complex FFT output across trials separately for each frequency and 295 

electrode. In addition, the single-trial time-domain data were submitted to a time–296 

frequency analysis by using the Fieldtrip-implemented version of the Wavelet approach 297 

using Fourier output. Here, wavelet size varied with frequency linearly from three to 298 

seven cycles over the range from 1 to 15 Hz. The resulting complex values were used to 299 

estimate time-resolved ITPC for each channel separately.  300 

Nonparametric Wilcoxon signed-rank tests were conducted to statistically test spectral 301 

amplitudes and ITPC at frequencies of interest (2 Hz, 4 Hz, alpha). For each condition, 302 
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participant, and session, data were averaged over all channels (and over time for time-303 

resolved ITPC) and amplitudes/ITPC of the two target frequencies (2 Hz and 4 Hz) were 304 

then tested against the average amplitude/ITPC of the neighboring ±8 frequency bins 305 

(0.16Hz) (Henry and Obleser, 2012; Bauer et al., 2018). In the case of alpha amplitude, 306 

data were averaged across all bins including frequencies between 7-12 Hz and were 307 

tested against the average amplitude of the neighboring ±100 frequency bins (2 Hz).  308 

Based on the topography of the 2/4 Hz and alpha (7-12 Hz) amplitude spectra, further 309 

analyses involving the extraction of ITPC and/or amplitude values were done in two 310 

separate clusters of electrodes including F3, Fz, F4, FC1, FC2, C3, Cz, C4, F1, F2, FC3, 311 

FC4, C1, C2 for 2/4 Hz activity and P8, P6, P4, P2, Pz, P1, P3, P5, P7, PO9, PO10, 312 

PO8, PO4, POz, PO3, PO7, O1, Oz, O2 for alpha activity. First, ITPC or amplitude 313 

values were extracted from each electrode and then averaged over electrodes within the 314 

relevant cluster.  315 

Pre-gap activity. Before analysis of pre-gap activity, single-trial time-domain data around 316 

the gap period (1.5 s before and 1.5 s after) were detrended (using linear regression). It is 317 

possible that the smearing of the evoked response back into pre-stimulus period by 318 

wavelet convolution could produce spurious pre-stimulus phase effects. To minimize this, 319 

gap-evoked responses were removed from the post-stimulus period by multiplication with 320 

half of a Hann window that ranged between 0 and 50 ms after gap onset and was zero 321 

thereafter (Henry et al., 2014). To estimate neural amplitude and phase, the time-domain 322 

data were submitted to a wavelet convolution yielding complex output as implemented in 323 

Fieldtrip. Wavelet size varied with frequency linearly from three to seven cycles over the 324 

range from 1 to 15 Hz with 10-ms temporal resolution. Alpha amplitude as well as 2-Hz 325 
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amplitude were averaged within the 100-ms time window preceding gap onset. Neural 326 

phase was computed as the phase angle of the complex output for the specific frequency. 327 

Time windows for extracting pre-gap 2-Hz and alpha phases were adjusted to include 1/5 328 

of a cycle of the relevant frequency, i.e., 100 ms preceding gap onset for 2-Hz phase and 329 

22 ms for alpha phase (assuming center frequency 9 Hz). Since different electrodes can 330 

have different phase profiles, computing circular means over different electrodes can lead 331 

to phase cancellation and an imprecise estimation of phase effects on gap perception. To 332 

circumvent this problem, phase values were realigned to a group reference per electrode, 333 

prior to calculating the circular mean across electrodes within the relevant electrode 334 

cluster (fronto-central cluster for 2-Hz phase estimation and parieto-occipital cluster for 335 

alpha phase estimation). This way we hoped to minimize inter-electrode variability 336 

within the cluster, while maintaining inter-participant and inter-session variability. First, 337 

trials were binned according to their pre-gap 2-Hz/alpha phase and hit rates calculated for 338 

each bin. Cosine functions were fitted to binned hit-rate data for each single participant 339 

and session and the optimal phase for gap detection estimated. The group phase 340 

references (∅𝑟𝑒𝑓) were estimated for each electrode by computing the circular mean 341 

optimal phase over sessions and participants. For each electrode, single trial phase (∅(𝑡𝑟)) 342 

values were then realigned (∅𝑟(𝑡𝑟)) as: 343 

∅𝑟(𝑡𝑟) = ∅(𝑡𝑟) + (2𝜋 − ∅𝑟𝑒𝑓) 

The influence of pre-gap 2-Hz phase and amplitude, alpha phase and amplitude, and their 344 

interactions on gap detection was evaluated using mixed-effects logistic regression 345 

models, similar to the behavioral analysis, using the MATLAB function ‘fitglme’, 346 

specifying the distribution as binomial, the link function as logit, and the fitting method 347 
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as Laplace. Fourteen different logistic regression models were fitted to the data including 348 

different combinations of the regressors, and the best model was chosen based on the 349 

AIC value (Table 1) and the LRT. Phase regressors were linearized by computing their 350 

sine and cosine. The phase–phase interaction between 2-Hz phase and alpha phase was 351 

assessed using two predictors, i.e., the product of the sines and the product of the cosines. 352 

The interaction between 2-Hz phase and alpha amplitude was assessed also using two 353 

predictors, i.e., the product of alpha amplitude and the sine and the cosine of 2-Hz phase. 354 

All predictors were transformed to z-scores prior to model fitting. To test the significant 355 

classification performance of the winning model, 1000 surrogate datasets were created 356 

for each participant and session by shuffling the single-gap accuracy values (0,1) across 357 

trials while preserving trial correspondence across regressors. The same regression 358 

models were fitted to the surrogate datasets. ROC and AUC values were computed for 359 

both the winning model and the surrogate models. The winning model was considered to 360 

be significant if its AUC value fell above the 95 percentile of the distribution of AUC 361 

from the surrogate models (p < 0.05).   362 

To investigate optimal 2-Hz phase for gap detection, trials were sorted into 18 equally 363 

spaced phase bins based on realigned pre-gap 2-Hz phase angle, and hit rates were 364 

calculated for each bin. Optimal 2-Hz, defined as the phase with highest detection rate, 365 

was estimated based on separate cosine fits to hit rates binned by either delta phase.  366 

Estimating 2-Hz phase–alpha amplitude coupling. To investigate 2-Hz phase–alpha 367 

amplitude coupling, generalized linear mixed-effects models were used to predict pre-gap 368 

alpha amplitude from 2-Hz pre-gap phase (its sine and cosine). The model included fixed 369 

terms as well as random intercept and slope. Individual beta estimates for the effect of 2-370 
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Hz phase on alpha amplitude (here interpreted as cross-frequency coupling) were 371 

recombined into a single beta for the phase effect, as described above. To test for 372 

statistical significance of the coupling, 1000 surrogate datasets were created for each 373 

participant and session by shuffling the trial order for the response variable (alpha 374 

amplitude) while keeping the order fixed for the predictor (2-Hz phase). The same 375 

generalized linear mixed effects models were fitted to each surrogate dataset and the beta 376 

coefficients were estimated just as described for the real data. Cross-frequency coupling 377 

was considered to be significant if the beta coefficients from the real model fell above the 378 

95 percentile of the distribution of beta coefficients from the surrogate models (p < 0.05). 379 

Questionnaires 380 

To evaluate musical skills, all participants from the main experiment completed the 381 

Goldsmiths Musical Sophistication Index (Gold-MSI) (Mullensiefen et al., 2014). Scores 382 

were computed using the documents and templates provided in 383 

https://www.gold.ac.uk/music-mind-brain/gold-msi/download/. Accordingly, individual 384 

scores were used to calculate the general sophistication index as well as scores on five 385 

main factors: active engagement, perceptual abilities, musical training, emotions, singing 386 

abilities.  387 

Statistical Analysis 388 

Unless otherwise specified, correlation analyses between linear variables were done using 389 

Spearman rank correlation coefficient. In case of circular data, circular–circular or 390 

circular–linear correlations were computed using the respective functions in the circular 391 

statistics toolbox for MATLAB (Berens, 2009). Significant differences between sessions 392 

were evaluated using Wilcoxon signed-rank tests. Significant p-values were corrected 393 
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using Bonferroni method. All statistics values in the text are rounded to max 3 decimal 394 

points.  395 

Control study 396 

Twenty-five participants took part in the control experiment (seventeen females, mean 397 

age 26.08 (SD = 4.62)). Seventeen of them received financial compensation and signed 398 

written informed consent (10 also participated in the main study). The other eight 399 

participants were colleagues in our research group/institute (including one author-YCC), 400 

and participated voluntarily without compensation.  401 

Unless otherwise specified, stimuli and procedures were the same as for the main 402 

experiment. In contrast to the main experiment, gap thresholds were not individually 403 

estimated, but gap duration was fixed at 16 ms (mean threshold in session 2 in the main 404 

experiment) for all participants. FM stimuli were created as for the main experiment but 405 

modulated at four different frequencies: 1.5, 2, 2.5, and 3 Hz. Gaps could be presented at 406 

15 different bins of the FM cycle. Subjects heard 224 stimuli (56 per FM) for a total of 407 

932 gaps (233 per FM rate). Stimuli were presented in 8 different blocks (2 per FM rate) 408 

of 28 stimuli each. Each block comprised only one FM rate but the FM order was 409 

randomized within session and across participants. The number of gaps per stimulus (3, 410 

4, or 5) was randomized. For each of the 15 FM-phase bins*FM rate combination, 14-16 411 

gaps were presented.  412 

Hits were defined as button-press responses that occurred no earlier than 100 ms and no 413 

later than 1.5 s after the occurrence of a gap. Hit rates were calculated separately for each 414 

of the 15 FM-phase bins and each FM rate. To estimate the FM-induced sinusoidal 415 

modulation of gap detection behavior, a cosine function was fitted to hit rates as a 416 
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function of FM-phase for each participant. For each participant and FM rate, the mean hit 417 

rate (i.e., fitted intercept), the fitted amplitude parameter, and the optimal phase (same 418 

definition as in the main experiment) were estimated. The effect of FM rate on hit rates 419 

and amplitude parameters was tested using separate one-way Analyses of Variance 420 

(ANOVAs). To test whether the concentration of optimal stimulus phases changed with 421 

FM rate, resultant vector lengths were computed for distributions of individual optimal 422 

phases, weighted by individual amplitude parameters, separately for each FM rate. A 423 

linear model was fitted to the data, predicting resultant vector length from FM rate and an 424 

intercept. The model was fitted to the data using the Matlab function “fitglm” and 425 

statistical significance was estimated using permutation tests. For comparison, the test 426 

distribution was created by computing 1000 resultant vector lengths calculated with the 427 

individual optimal phases while shuffling the FM rate information at the individual level. 428 

Data and Matlab codes will be made publicly available in 429 

https://edmond.mpdl.mpg.de/imeji/collection/9UoanSkXciMEK_v?q= after publication.   430 

 431 

Results  432 

In two different sessions, EEG activity was recorded while listeners detected silent gaps 433 

embedded in 20-s long complex tones that were frequency modulated at 2 Hz (Fig. 1). 434 

Based on previous literature, we predicted that delta oscillations would be entrained by 435 

the 2-Hz FM. We aimed to quantify how reliable entrainment would be across sessions, 436 

both in terms of entrainment strength and in terms of the phase relationship between 437 

stimulus and brain. 438 
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Auditory entrainment to FM sounds has high inter-session reliability 439 

We evaluated entrainment using four converging analyses: (1) total and (2) evoked 440 

amplitudes of EEG data, (3) inter-trial phase coherence (ITPC) across the full epoch 441 

based on complex Fourier output, and (4) in a time-resolved way based on the output of a 442 

wavelet convolution (see Methods).  443 

For evoked spectra, we observed high-amplitude peaks at the stimulus FM frequency and 444 

its first harmonic (2 Hz and 4 Hz respectively, Fig. 2a), consistent with neural tracking of 445 

the rhythm of the FM stimulus (Henry and Obleser, 2012; Henry et al., 2014). Relatively 446 

high spectral amplitude was also observed in the alpha frequency band (7-12 Hz). For all 447 

further analyses on alpha activity, we considered activity between 7 Hz and 12 Hz, 448 

because this frequency range best captured the observed range of alpha evoked amplitude 449 

(Fig. 2a). Evoked amplitudes for 2 Hz, 4 Hz, and alpha frequencies were significantly 450 

different than the average amplitude of the neighboring frequency bins (all z ≥ 5.344, p ≤ 451 

5.452e-07, see Methods) in both sessions. Total amplitude spectra showed high amplitude 452 

in alpha frequency band, while 2-Hz and 4-Hz amplitudes were less visible in the spectra 453 

due to high 1/f power (Fig. 2b). Nevertheless, compared to the average amplitude of the 454 

neighboring frequency bins, 2 Hz, 4 Hz, and alpha amplitudes were also significant in the 455 

total amplitude spectra (all z ≥ 4.445, p ≤ 5.275e-05). Moreover, the ITPC analysis 456 

showed clear peaks at 2 Hz and 4 Hz, again suggesting neural tracking at the stimulus 457 

FM frequency and its first harmonic (Fig. 2c). In both sessions, ITPC at 2 Hz and 4 Hz 458 

was significantly different than the neighboring frequency bins (same neighboring 459 

frequency bins as defined for the evoked amplitude analysis, all z ≥ 5.330, p ≤ 3.938e-460 

07). Finally, time-resolved ITPC at 2 Hz and 4 Hz, averaged over electrodes and time 461 
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was significantly different than for the neighboring frequency bins (±8 frequency 462 

bins/0.81Hz, all z ≥ 5.069, p ≤ 1.604e-06, Fig. 2c, right). FM-stimulus-evoked amplitude 463 

at 2 Hz (and also at 4Hz, data not shown) was mostly observed in a fronto-central cluster 464 

including electrodes F3, Fz, F4, FC1, FC2, C3, Cz, C4, F1, F2, FC3, FC4, C1 and C2 465 

(Fig. 2a, insets). Therefore, all further analyses involving 2 Hz and 4 Hz frequencies 466 

were done first independently by electrode and then averaged over this subset of 467 

electrodes; the one exception was the examination of neural phase effects of 468 

performance, where averaging over electrodes can lead to phase cancellation (see below). 469 

The same procedure was followed for all further analyses involving alpha frequencies but 470 

data were extracted from the cluster of electrodes exhibiting the highest stimulus-evoked 471 

alpha amplitude, i.e., P8, P6, P4, P2, Pz, P1, P3, P5, P7, PO9, PO10, PO8, PO4, POz, 472 

PO3, PO7, O1, Oz, O2 (Fig. 2a, insets). 473 

Moving a step past previous literature, we next asked whether FM-induced entrainment is 474 

reliable over time by correlating the amplitude of the stimulus-evoked activity at 2 Hz, 4 475 

Hz, and in the alpha frequency band, as well as the stimulus-brain lag (i.e., the phase 476 

angle of the 2-Hz complex output of the FFT calculated for the full stimulus epoch) 477 

across sessions. Inter-session correlations were high and significant for evoked 478 

amplitudes at 2 Hz (rho = 0.701, p = 2.238e-06), 4 Hz (rho = 0.764, p = 2.846e-07), and 479 

in the alpha band (rho = 0.738, p = 5.962e-07; Fig. 3a). Significant difference between 480 

sessions was observed for 4-Hz amplitude (session 1 vs session 2: z = 2.632, p = 0.026, 481 

Bonferroni corrected) but not for the other frequencies (all |z| ≤ 1.429, p ≥ 0.153, 482 

uncorrected). Despite individual variability, stimulus–brain phase lags were not 483 

uniformly distributed as reported in previous work, but were significantly phase clustered 484 
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for both sessions (Rayleigh test, session 1: z = 23.004, p = 9.513e-13; session 2: z = 485 

16.087, p = 1.559e-08, Fig. 3b). Moreover, phase lags were reliable across sessions as 486 

indexed by the high circular–circular correlation (rho = 0.624, p = 0.003) and a circular 487 

distance between sessions clustered around zero (V-Test for nonuniformity with known 488 

mean direction, v = 30.981, p = 5.905e-13). Taken together, amplitude spectra and phase 489 

lags suggested that neural entrainment to FM stimuli is reliable across sessions, which is 490 

the first vital prerequisite for targeted interventions of auditory-cortex neural oscillations.  491 

Stimulus-induced behavioral modulation is sinusoidal and shows high inter-session 492 

reliability 493 

While listening to the FM sounds, participants responded with a button press each time 494 

they detected a silent gap. Each 20-s long stimulus contained three, four, or five gaps. 495 

Gaps were distributed uniformly around the 2-Hz FM cycle in 18 possible phase 496 

positions (Fig. 1). A response was considered to be a “hit” if a button press occurred 497 

within a window of 0.1-1.5 s after gap onset.  498 

We hypothesized that, as a consequence of the stimulus-induced entrainment of delta 499 

oscillations, hit rates for gap detection would be sinusoidally modulated by the FM 500 

stimulus phase. To go a step past previous studies, we also asked whether this modulation 501 

is reliable across sessions. While several studies have focused on analyzing oscillatory 502 

modulation of perception at the group level by aligning single-participant data to the 503 

phase with best or worst performance (see (Zoefel et al., 2019) for recommendations), 504 

here we took a different approach and investigated whether the magnitude of stimulus-505 

driven behavioral modulation and the optimal (best) FM-stimulus phase were consistent 506 

across sessions within an individual.  507 
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For each session separately, hit rates were calculated for each FM-phase bin (Fig. 4a). 508 

Then, we fitted a cosine function to hit rates as a function of phase for each participant 509 

and each session. The resulting amplitude parameter from the cosine fit was taken as an 510 

index of the strength of the behavioral modulation. Compared to surrogate datasets, 511 

significant behavioral modulation was observed for 31/38 participants in session 1 and 512 

34/38 in session 2 (p < 0.05, Bonferroni corrected, Fig. 4b).  513 

The fitted modulation amplitude values were higher in session 2 compared to session 1 (z 514 

= 3.299, p = 9.694e-04), however, they were also highly correlated between sessions (rho 515 

= 0.849, p <0.001, Fig. 4b), indicating that FM-induced behavioral modulation was 516 

reliable, but increased across sessions overall. Individual optimal FM phases (the FM-517 

stimulus phase yielding highest performance) were estimated from the fitted cosine 518 

functions per participant and per session (Fig. 4b). Optimal phases were not uniformly 519 

distributed, but clustered in one half of the FM cycle (Rayleigh test; session 1: z = 520 

34.440, p = 1.003e-22; session 2: z = 35.734, p = 1.759e-24). Optimal phases were also 521 

highly correlated between sessions (circular–circular correlation; rho = 0.620, p = 0.036, 522 

Fig. 4b). Moreover, circular distance between optimal phases in session 1 and session 2 523 

was clustered around zero (V test; v = 36.772, p <0.001), suggesting that optimal phase is 524 

also a reliable attribute of FM-induced behavioral modulation.  525 

We recognized that high reliability in optimal FM phase across sessions may have been at 526 

least partially attributable to clustering of optimal phases across participants in the first 527 

place – since optimal phases were significantly clustered across participants, we wanted 528 

to be careful not to overinterpret similar optimal phase across sessions as reflecting 529 

within-participant reliability. In order to test this possibility, we conducted a permutation 530 
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test in which the order of participants in session 2 was permuted 1000 times relative to 531 

the session-1 order, and the circular–circular correlation between individual optimal 532 

phases in session 1 and (permuted) 2 was computed. If inter-session correlations are 533 

driven by the similarity between participants, permuting the participant order in session 2 534 

should not have affected inter-session correlations. However, demonstrating the 535 

reliability of optimal phase, the inter-session correlation in the original data was higher 536 

than all values in the distribution of inter-session correlations from the permuted samples 537 

(p <0.001).  538 

In addition to the fitted amplitude parameters and optimal FM phases for gap-detection 539 

performance, hit rates (over the entire session), false-alarm rates, reaction times, and 540 

threshold gap durations were also highly correlated across sessions (all rho ≥ 0.447, p ≤ 541 

0.005, Fig. 4c). When each of the dependent measures was directly compared across 542 

sessions, a significant difference was observed only for the gap duration (Wilcoxon 543 

signed rank test, z = 2.987, p = 0.011, Bonferroni corrected). Individually adjusted gap 544 

durations estimated using our threshold procedure were shorter in session 2 than in 545 

session 1. Since hit rates were not significantly different between sessions, the decrease 546 

in threshold gap duration suggests that participants experienced some degree of learning 547 

or practice effect, and could recognize shorter gaps in session 2. The reduction in 548 

threshold gap duration between session 1 and 2 was significantly correlated with music 549 

perceptual abilities (rho = 0.385, p = 0.017), as measured with the Goldsmiths Musical 550 

Sophistication Index (Gold-MSI, (Mullensiefen et al., 2014)), very tentatively suggesting 551 

that individuals with stronger music skills might have experienced a greater benefit of 552 

repeated exposure across sessions.  553 
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Pre-stimulus neural 2-Hz phase and alpha amplitude predict gap detection 554 

In the previous sections, we showed that the 2-Hz FM stimulus entrained neural activity 555 

at the modulation frequency and that gap-detection performance was sinusoidally 556 

modulated by FM phase. Therefore, we expected that pre-gap brain activity should also 557 

predict gap-detection performance. We examined the effects of pre-gap neural phase and 558 

amplitude in the FM stimulus frequency band (2 Hz), pre-gap neural phase and amplitude 559 

in the alpha frequency band (7-12 Hz), and their interactions, on gap detection 560 

performance (see Methods). Both entrained 2-Hz and non-entrained alpha activity were 561 

taken into account since our initial FFT analysis showed stimulus-driven modulation of 562 

both, and because it has previously been shown that entrainment lapses are accompanied 563 

by increases in alpha amplitude (Lakatos et al., 2016), which led us to the hypothesis that 564 

both delta and alpha frequencies might contribute to gap detection (Fig. 2a-b). Prior to 565 

averaging 2-Hz phase and alpha phase across the relevant electrodes within each cluster, 566 

single trial phase values were realigned to each electrode’s reference phase (see 567 

Methods). This was implemented because averaging over electrodes can lead to phase 568 

cancellation and imprecise estimation of phase effects on performance. Fourteen mixed-569 

effects logistic regression models were fitted to the data using different combinations of 570 

regressors aiming to predict trial-based gap detection performance (hit/miss). In both 571 

sessions, the winning model (smallest AIC values) included the predictors pre-gap neural 572 

2-Hz phase and pre-gap alpha amplitude (Fig. 5a; winning model vs. next best model, 573 

session 1: ΔAIC = 1.682, LRStat = 14.318, ΔDF = 8, p = 0.074; session 2: ΔAIC = 2.870, 574 

LRTstat = 13.13, ΔDF = 8, p = 0.107). While ΔAIC between the winning model (2-Hz 575 

phase + alpha amplitude) and the next best model (2-Hz phase + alpha amplitude + alpha 576 
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phase) was smaller than 2 in session 1, we decided to take this model because 1) it 577 

showed the lowest AIC in both sessions, 2) it was the simplest model of the two and 3) 578 

the LRT suggested that the more complex model was not better at fitting our data. 579 

Adding the predictors 2-Hz amplitude, alpha phase, or the interactions 2-Hz phase*alpha 580 

amplitude and 2-Hz phase*alpha phase produced higher AIC values. Table 1 shows the 581 

AIC and ΔAIC values for all tested models.  582 

To test whether the winning model had a classification accuracy higher than chance, the 583 

ROC and corresponding AUC were calculated. AUC values were then compared to the 584 

distribution of AUCs obtained when fitting the same model to surrogate data (see 585 

Methods). For both sessions, the winning model showed higher AUC than all values in 586 

the surrogate distribution, demonstrating that pre-gap neural 2-Hz phase and alpha 587 

amplitude predicted gap detection accuracy significantly better than chance (AUC S1 = 588 

0.675, S2 = 0.677, p <0.001). 589 

Beta coefficients for 2-Hz phase effect in session 2 were higher than in session 1 (z = 590 

2.444, p = 0.029, Bonferroni corrected, Fig. 5a). No significant difference between 591 

sessions was observed for the effect of alpha amplitude (z = 0.051, p = 0.960, 592 

uncorrected). For most participants, beta coefficient for the effect of alpha amplitude 593 

were positive in both sessions, indicating that alpha amplitude was higher for hits than for 594 

misses. 595 

Next, we evaluated the clustering across participants of optimal neural 2-Hz phase, both 596 

within and across sessions. Trials were sorted into 18 equally spaced bins according to 597 

the realigned instantaneous neural 2-Hz phase (Fig. 5b). Hit rates were calculated for 598 

each bin and cosine functions were fitted to each individual participant’s data in order to 599 
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estimate optimal neural phase, similar to the behavioral analysis. In both sessions, 600 

optimal 2-Hz neural phases were significantly clustered across participants (all z ≥ 601 

14.667, p ≤ 9.441e-08, Fig. 5c). Circular distances between optimal phases for both 602 

sessions were also clustered around zero (v = 18.258, p = 1.404e-05, Fig. 5c). 603 

Unexpectedly, the circular–circular correlation for optimal phases between sessions was 604 

not significant (rho = -0.124, p = 0.429). Plotting session-wise optimal phase shifts 605 

suggested that while mean phase distances were around zero, optimal phase for different 606 

participants changed but in different directions (Fig. 5d). Interestingly, the absolute 607 

optimal-phase distance between sessions correlated with the overall (mean) magnitude of 608 

the 2-Hz phase effect on behavior (beta coefficients; rho = -0.339, p = 0.038): 609 

participants with strongest phase effect showed higher optimal phase consistency across 610 

sessions. No significant association between phase distance and inter-session interval or 611 

time of the day was observed (all |rho| ≤ 0.216, p ≥ 0.193, uncorrected). 612 

Pre-gap 2-Hz phase predicts alpha amplitude 613 

In the previous section, we showed that both 2-Hz phase and alpha amplitude predict 614 

single-trial gap detection performance. However, it is not clear whether they represent 615 

two independent mechanisms or if the two neural signatures might be coupled. A natural 616 

question here would then be whether there is a significant phase–amplitude coupling 617 

between 2-Hz and alpha activity. To answer this question, a generalized mixed effects 618 

model was implemented with single-trial pre-gap alpha amplitude as the dependent 619 

variable and pre-gap 2-Hz phase as the predictor (sine and cosine), using both fixed 620 

effects terms as well as random intercept and slope. We expected that if 2-Hz phase and 621 

alpha amplitude are coupled, 2-Hz phase should significantly predict alpha amplitude. To 622 
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test for the significance of the phase–amplitude relationship relative to chance, beta 623 

estimates for each session were compared to the beta estimates obtained from fitting the 624 

same model to surrogate datasets, which were created by shuffling single-trial alpha 625 

amplitudes while keeping 2-Hz phase fixed. For both sessions, beta estimates from the 626 

real model were higher than all values in the distribution of beta estimates from the 627 

surrogate data (p <0.001, Fig. 6), indicating that pre-gap 2-Hz neural phase significantly 628 

predicted pre-gap alpha amplitude.        629 

Control Experiment: Gap detection is modulated by the FM rate.  630 

Here, we found that optimal FM phases were clustered in one half of the FM cycle 631 

(although we did observe some variability across participants). This was somewhat 632 

surprising because previous studies using the same task and very similar stimuli reported 633 

that optimal phases were uniformly distributed around the FM cycle (Henry and Obleser, 634 

2012). One major difference between the two studies was the FM frequency (rate): 3 Hz 635 

in the previous study (Henry and Obleser, 2012) and 2 Hz in the current study. We 636 

hypothesized that individual variability in stimulus-driven behavioral modulation might 637 

be influenced by the FM frequency: slower FM frequencies (in this case 2 Hz) should be 638 

easier to track and therefore participants should synchronize to such stimuli more 639 

similarly, while individual differences are more pronounced for higher FM frequencies, 640 

which might be more difficult to track and therefore result in phase slips.  641 

We tested this hypothesis in a control experiment, where 25 participants performed the 642 

same gap-detection task as in the main experiment, but FM rate varied between blocks 643 

and took on values of 1.5 Hz, 2 Hz, 2.5 Hz, or 3 Hz (see Methods, Fig. 7). Overall hit 644 

rates were significantly modulated by FM rate (repeated measures ANOVA, F (3,72) = 645 
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13.374, p = 4.980e-07); lower hit rates were observed for higher FM rates (Fig. 7a). Note 646 

that here, overall hit rates are a useful performance measure, because we did not titrate 647 

gap duration to match hit rates across FM rates or across individuals. FM rate also 648 

significantly affected the amplitude of the stimulus-induced behavioral modulation, albeit 649 

in opposite direction to the hit-rate effect; amplitude values increased as a function of FM 650 

rate (F (3,72) = 6.336, p = 7.128e-04, Fig. 7b)). To test whether the clustering of 651 

individual optimal phases was dependent on the FM rate, individual optimal phases were 652 

estimated from cosine fits (Fig. 7c), and the resultant vector length across participants 653 

was calculated for each FM rate (Fig. 7c). For this calculation, individual optimal phases 654 

were weighted using the amplitude parameter of the fit. We did this because estimation of 655 

optimal phase is less accurate the lower the amplitude parameter (i.e., weaker sinusoidal 656 

modulation of behavior), therefore we reduced the weight of optimal phases from low-657 

amplitude fits in the resultant vector calculation. A linear model was used to predict 658 

resultant vector length from FM rate and an intercept parameter. A significant fit for the 659 

linear term would suggest that indeed, phase clustering significantly decreased (or 660 

increased) with increasing FM rate. Significance was evaluated using permutation tests. 661 

The permutation distribution was created by 1) computing resultant vector lengths over 662 

1000 iterations (in each iteration the FM rate labels where permuted for each participant) 663 

and fitting the same linear model to the simulated vector lengths as for the original data. 664 

The t-statistic for the effect of FM rate on vector length in the original data was compared 665 

to the distribution of t-statistics obtained from the permuted datasets. Contrary to our 666 

prediction, the phase clustering increased with increasing FM rate (t-stat = 4.419, 667 
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permutation p = 0.047). In sum, FM rate affected hit rates, amplitude of the stimulus-668 

induced sinusoidal modulation, as well as optimal phase clustering across participants.  669 

Gap detection is also influenced by stimulus carrier and time of occurrence 670 

Although we tried to minimize the possibility that the FM phase effects may have 671 

unknowingly been driven by acoustic confounds, we nonetheless tested which stimulus 672 

characteristics beyond FM phase influenced gap-detection hit rates. Fitting different 673 

mixed-effects logistic regression models, we examined the extent to which single-trial 674 

gap detection accuracy in the main experiment was influenced by 1) FM phase, 2) global 675 

experiment time (when the gap occurred over the whole experiment, quantified as the gap 676 

number within a session), 3) local time (when the gap occurred within a stimulus), 4) the 677 

center carrier frequency of the stimulus in which the gap was presented, 5) the center 678 

frequency at gap onset, 6) cochlear-scaled entropy at gap onset, 7) the interaction of FM 679 

phase with global time, quantifying the extent to which stimulus-driven behavioral 680 

modulation changed over the course of the experiment, and 8) with local time, 681 

quantifying the extent to which stimulus-driven behavioral modulation changed over the 682 

course of each individual stimulus. Each predictor was modeled as a fixed factor with a 683 

random intercept and slope. The winning model was chosen based on AIC and the LRT. 684 

To assess the winning model’s significance relative to chance, surrogate datasets were 685 

created by permuting, for each participant, accuracies (1/0) across trials while keeping all 686 

other parameters the same. This procedure was repeated for 1000 iterations. The same 687 

model was fitted to each permuted dataset. ROC and AUC were computed for the real 688 

model and those fitted to the permuted datasets. The model was considered to be 689 
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significant if the AUC values was above 95% percent of the AUC values from the 690 

permuted samples, for a corresponding p value of 0.05.  691 

For session 1, the winning model included FM stimulus phase, global time, local time, 692 

main stimulus carrier and the interactions of phase * global time and phase * local time 693 

(Fig. 8, Table 2). In contrast, for session two, the best model did not include any 694 

interaction term but only main effects FM stimulus phase, global time, local time, and 695 

main stimulus carrier (Fig. 8).  696 

Mean beta values for global time, local time, and main carrier frequency were negative, 697 

indicating that gap detection performance decreased with increasing global time, local 698 

time, and main carrier frequency (Fig. 8a). That is, gap detection was better earlier in the 699 

session as would be expected from fatiguing over the experiment, earlier in each 700 

stimulus, and for relatively low carrier frequencies (Fig. 8b). Interestingly, when we 701 

plotted the local-time effect, we realized that it arose from two distinct groups of 702 

participants: a bigger group who better detected gaps early in the stimulus, and a smaller 703 

group who better detected gaps later in the stimulus (Fig. 8b). To visualize the interaction 704 

effects observed in session 1, trials were grouped in four bins according to their time of 705 

occurrence within the session (global time) or within each 20-s stimulus (local time). Hit 706 

rates were computed for each FM phase and time bin, and cosine functions were fitted to 707 

each bin’s data. Visual inspection of this analysis showed that the amplitude of the 708 

stimulus-driven behavioral modulation was higher later in the session and earlier within 709 

the stimulus (Fig. 8b). Beta estimates for the effect of FM stimulus phase were 710 

significantly higher in session 2 compared to session 1 (z = 3.836, p = 5.005e-04, 711 
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Bonferroni corrected). No significant difference between sessions were observed for any 712 

of the other predictors (|z| ≤ 1.240, p ≥ 0.215, uncorrected).  713 

As already mentioned, additional mixed effects logistic regression models were fitted to 714 

the individual data using other combination of parameters, including cochlear-scaled 715 

entropy and/or the carrier frequency at the exact time the gap was presented, taking into 716 

account the sinusoidal modulation. All such models showed higher AIC values than the 717 

winning model (Table 2, winning model vs. next best model, session 1: ΔAIC = 2.520, 718 

LRTstat = 5.480, ΔDF = 4, p = 0.241; session 2: ΔAIC = 4.025, LRTstat = 3.975, ΔDF = 719 

4, p = 0.409). Interestingly, the model with the highest AIC (and therefore worst 720 

performance; ΔAIC relative to winning model; session 1: > 2483.513; session 2: > 721 

3200.484, see Table 2) was the one including acoustic parameters (including gap onset 722 

carrier frequency) but excluding FM stimulus phase information, suggesting that in fact, 723 

FM phase was the best predictor of gap detection accuracy. For both sessions, the 724 

winning model had AUC values higher than all values in the distribution of surrogate 725 

datasets, proving a classification accuracy higher than chance (AUC; S1 = 0.744, S2 = 726 

0.758; p <0.001). 727 

 728 

Discussion  729 

In the present study, we investigated the test–retest reliability of neural entrainment and 730 

its relevance for auditory perception. Participants detected silent gaps embedded in 2-Hz 731 

FM stimuli while EEG activity was recorded in two separate sessions. We showed that: 732 

1) neural activity was entrained by the FM stimuli, and perception was modulated in a 733 

sinusoidal manner by both stimulus and brain phase; 2) both entrainment strength and the 734 
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magnitude of stimulus-driven behavioral modulation were reliable across sessions; 3) 735 

pre-gap delta phase and alpha amplitude predicted moment-by-moment fluctuations in 736 

performance. 737 

Neural entrainment is reliable over time 738 

Over the past years, a great deal of attention has been paid to entrainment, and arguments 739 

range from the existence of entrainment per se (Rimmele et al., 2018; Obleser and 740 

Kayser, 2019; Meyer et al., 2020) to its role for auditory perception specifically (Ng et 741 

al., 2012; Sameiro-Barbosa and Geiser, 2016; Lakatos et al., 2019). Neural entrainment to 742 

rhythmic stimuli has been observed across a range of sounds, including simple stimuli 743 

such as tone sequences, amplitude-modulated or frequency-modulated sounds, and more 744 

complex auditory stimuli such as music and speech (Henry and Obleser, 2012; Doelling 745 

et al., 2014; Henry et al., 2014; Doelling and Poeppel, 2015; Lakatos et al., 2016; Henry 746 

et al., 2017). However, until now, little attention has been paid to the reliability of neural 747 

entrainment. This is despite the fact that the reliability of entrainment is of paramount 748 

importance both for understanding its contribution to auditory perception and for 749 

developing effective targeted interventions. Here, we showed that neural entrainment to 750 

FM sounds is reliable over time: we observed high inter-session correlations for metrics 751 

of entrainment strength, such as the spectral amplitude of neural activity at the stimulus 752 

frequency, and perhaps more importantly, the phase lag between stimulus and brain. 753 

Interestingly, while no differences in either stimulus–brain phase lag or optimal stimulus 754 

phase were observed between sessions, both the effect of FM-stimulus phase and the 755 

effect of pre-gap 2-Hz neural phase on gap detection were stronger in session 2 than in 756 
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session 1. This suggests that while highly reliable, the degree to which behavior is 757 

influenced by auditory rhythms can potentially be trained.  758 

Entrained delta and ongoing alpha activity influenced gap-detection performance 759 

Here, we observed that trial-by-trial gap-detection performance was mainly predicted by 760 

pre-gap neural 2-Hz phase and alpha amplitude. These results are in line with previous 761 

studies showing that the phase of neural oscillations prior to target occurrence predicts 762 

perception in different sensory domains (Hanslmayr et al., 2007; Vanrullen et al., 2011; 763 

Weisz et al., 2014; Wostmann et al., 2019a). For example, enhanced detection or faster 764 

reaction times have been reported for sensory stimuli presented at the optimal phase of 765 

delta (Stefanics et al., 2010), theta (Busch et al., 2009; Busch and VanRullen, 2010), or 766 

alpha oscillations (Busch et al., 2009). Our results also showed that, in a rhythmic 767 

listening context, gap-detection performance was not just a product of the entrained delta 768 

activity but also depended on non-entrained (ongoing) alpha activity. Comodulation of 769 

behavior by different frequencies has previously been reported (Henry et al., 2014). 770 

Critically, such comodulation was specific to the entrained frequencies, which led the 771 

authors to conclude that environmental rhythms reduce dimensionality of neural 772 

dynamics. Here we expand this view by showing that both entrained and ongoing brain 773 

oscillations could potentially comodulate behavioral performance. We interpret the 774 

contributions of both entrained and ongoing activity to perception as potentially 775 

reflecting an interplay between stimulus driven (sensory, bottom-up) and internally 776 

driven (top-down) processes.  777 

Although our paradigm was not designed to provide a time-resolved look at the interplay 778 

between delta and alpha oscillations, we observed that single-trial 2-Hz pre-gap phase 779 
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predicted single-trial alpha amplitudes, which we interpret as delta–alpha phase-780 

amplitude cross-frequency coupling. In the current context, we are unable to tease apart 781 

the possibilities that, on the one hand, entrained delta oscillations drove alpha-amplitude 782 

fluctuations, or on the other hand, the rhythmic auditory stimulus drove both delta 783 

oscillations as well as alpha-amplitude fluctuations, but that the two neural signatures are 784 

functionally independent. At first glance, the observed delta-alpha coupling seems to 785 

contradict the finding that both delta-phase and alpha amplitude predict gap detection: if 786 

delta-alpha coupling is perfect, including only one of the two predictors should be enough 787 

to explain gap detection. The fact that the winning model includes both predictors 788 

however indicates that delta-alpha coupling is not perfect. Our time-resolved ITPC 789 

analysis showed that coherence (entrainment) at the stimulus frequency fluctuates over 790 

time. We speculate that delta-alpha coupling is higher when delta activity successfully 791 

entrains to the FM stimulus compared to when entrainment is poor. The contribution of 792 

alpha amplitude to gap detection might then be stronger in those trials. Therefore, both 793 

predictors are necessary in the winning model. In other words, our results are consistent 794 

with alternating influences that might occur as a result of “lapses” of entrainment during 795 

which alpha oscillations might have a stronger effect on perception (Lakatos et al., 2016). 796 

It is possible that when entrainment is high, auditory perception is mostly modulated by 797 

the entrained activity, however, during entrainment lapses, perception is shaped by 798 

internal ongoing activity. Or conversely, participants could have adopted the strategy of 799 

trying to ignore the rhythm in order to perform the task, but as their alpha–attention 800 

system lapsed, they were forced into a rhythmic–entrainment mode.  801 
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Quite a bit of previous work has demonstrated the importance of alpha activity for 802 

“gating” near-threshold stimuli into awareness (Mathewson et al., 2009; Mathewson et 803 

al., 2012), which goes beyond the idea of alpha activity indexing lapses of entrainment. 804 

However, the vast majority of these studies have been conducted in the visual modality 805 

(Spaak et al., 2014; Fodor et al., 2020; Hutchinson et al., 2020), and it has been argued 806 

that alpha activity does not contribute to near-threshold auditory perception (VanRullen 807 

et al., 2014). Thus, one open question relates to the precise role of alpha oscillations in 808 

shaping near-threshold auditory perception, in particular in a rhythmic auditory context. 809 

Answering this question requires respecting the observation of different alpha rhythms 810 

with different neural generators (Isaichev et al., 2001; Weisz et al., 2011; Billig et al., 811 

2019; Keitel et al., 2019). Moreover, several studies linking alpha oscillations to attention 812 

have suggested that alpha oscillations could play at least two different roles: i.e., a 813 

facilitatory role where it can enhance target processing, or a suppressive role where alpha 814 

activity can suppress the processing of distractors (Bonnefond and Jensen, 2012; 815 

Wostmann et al., 2019b; Schneider et al., 2020). We hypothesize that the alpha effect 816 

observed in our study is reflecting something like distractor suppression. While delta 817 

oscillatory activity entrained to the FM stimulus facilitates target processing at the 818 

optimal delta phase, we speculate that ongoing alpha activity might play a role in 819 

suppressing the distracting stimulus itself (complex noise), in an attempt to also 820 

maximize target detection. In this case, gap detection performance would be predicted by 821 

both mechanisms, in line with the current results.  822 
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Behavioral entrainment depends on modulation rate 823 

In the current study, we were surprised to observe that the optimal stimulus phase that 824 

yielded best gap-detection performance was consistent across participants. In previous 825 

work, optimal stimulus phase was uniformly distributed across participants, and this 826 

observation was critical to our argument that stimulus-driven behavioral modulation was 827 

the result of neural entrainment and not an artifact of stimulus acoustics (Henry and 828 

Obleser, 2012). One main difference between the current study and previous work was 829 

the FM rate, which was slower here (2 Hz) than in previous work (3 Hz). This led us to 830 

conduct a control experiment where we examined gap-detection performance for stimuli 831 

with FM rates varying between 1.5 and 3 Hz (in 0.5-Hz steps). We observed that hit rates 832 

and the amplitude of the stimulus-driven behavioral modulation were significantly 833 

modulated by FM rate. Contrary to our initial hypothesis, we found that, when controlling 834 

for the modulation amplitude, optimal phase became more consistent as FM rate 835 

increased. Such findings were unexpected to us and suggest that while FM rate plays a 836 

major role on behavioral entrainment to FM stimuli, it does not explain the difference in 837 

phase clustering between the current study and (Henry and Obleser, 2012). In addition to, 838 

and perhaps more importantly than, the FM rate, the two studies also used different FM-839 

modulation depths: 67% (center-to-peak) here and 37.5% in (Henry and Obleser, 2012). 840 

It remains to be tested in future studies whether such modulation depth influences phase 841 

clustering across participants or not.  842 

Conclusion 843 

Taken together, our results showed that FM stimuli entrained neural activity and 844 

sinusoidally modulated near-threshold target detection: both signatures of entrainment as 845 
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well as its behavioral consequences were reliable across sessions. This demonstration is a 846 

critical prerequisite for research lines focused on targeted interventions for entrainment 847 

but has to our knowledge gone untested until now. Moreover, gap-detection performance 848 

was predicted by entrained neural delta phase and ongoing alpha amplitude, suggesting 849 

that delta phase and alpha amplitude underpin different but potentially simultaneously 850 

active neural mechanisms and together shape perception.  851 
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Figure legends 1043 

Figure 1. Auditory stimuli. Stimuli were 20-s long frequency modulated (FM) sounds 1044 

whose frequency fluctuated rhythmically at 2 Hz (bottom), without periodic fluctuations 1045 

in amplitude (top). Participants detected short silent gaps (middle left: Gap waveform) 1046 

embedded in the sound in one of 18 possible phase bins, uniformly distributed around the 1047 

2 Hz FM cycle. Each sound had 3, 4, or 5 gaps. Participants responded with a button 1048 

press each time they detected a silent gap. Circular histograms in the figure (middle right: 1049 

Distribution of gaps per FM phase bin) show the distribution of gaps per phase bin across 1050 

participants, separated by session. S1: session 1; S2: session 2. Hand icon was 1051 

downloaded from https://www.stockio.com/. 1052 

Figure 2. Neural entrainment to 2-Hz FM stimulus. (a) Evoked amplitude spectra 1053 

from the fast Fourier transform (FFT) of the time-domain EEG signal. Red solid lines 1054 

indicate the group average spectrum, gray lines show single participants’ spectra, 1055 

averaged over all electrodes. Inset plots show the topography for 2 Hz and alpha 1056 

amplitude spectra averaged across participants, separately for session 1 and session 2. (b) 1057 

Total amplitude spectra. The spectra were computed independently for each trial and then 1058 

averaged over trials for each subject. Red solid lines indicate the group average spectrum, 1059 

gray lines show single participants’ spectra, averaged over all electrodes. (c) Inter-trial 1060 

phase coherence (ITPC) indicating the degree of phase clustering across trials for each 1061 

frequency (left), averaged over all electrodes. Gray lines show individual values and red 1062 

lines show group average. (right) ITPC shown over time, again averaged across 1063 

participants and all electrodes. S1: session 1; S2: session 2. Arrows in (a) and (b) indicate 1064 

the peaks in amplitude and ITPC at the 2-Hz FM stimulus frequency and its first 1065 
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harmonic. Rectangles in (a) indicate the frequency range considered for further alpha 1066 

analyses. 1067 

Figure 3. Reliability of neural entrainment. (a) Inter-session correlation of 2 Hz (left), 1068 

4 Hz (middle) and alpha (right) amplitudes. Correlation coefficients and associated p-1069 

values are given in each plot. Each dot represents a single participant. Solid black lines 1070 

represent the diagonal for each graph. (b) Circular histograms show neural phase lag 1071 

relative to the 2-Hz FM stimulus for session 1 (blue, left) and session 2 (orange, middle). 1072 

Circular distance between phase lags in the different sessions is shown in the circular 1073 

histogram in the right. Z-values and associated p-values from the Rayleigh test are given 1074 

in each session plot and the v and p-value from the V-test is given for the circular-1075 

distance between sessions. S1: session 1; S2: session 2.   1076 

Figure 4. Stimulus-driven behavioral modulation and its reliability. (a) Hit rates as a 1077 

function of 2-Hz FM stimulus phase. Dashed blue and orange lines represent the fitted 1078 

cosine functions for sessions 1 and 2, respectively. Numbers on top of each graph show 1079 

the mean hit rate across phase bins for each session. Each graph shows data for a 1080 

different participant. In all panels, blue represents session 1 (S1) and orange represents 1081 

session 2 (S2). (b) The plot on the left shows the distribution and spread of the amplitude 1082 

of the observed sinusoidal modulation for each session. The box plot shows median 1083 

(black horizontal line), 25th and 75th percentiles (box edges) and extreme datapoints 1084 

(whiskers). Each circle represents a single participant. Horizontal blue and orange lines 1085 

represent the 0.999 quantile (corresponding to p < 0.05, Bonferroni corrected) from the 1086 

distribution of amplitude parameters from the surrogate datasets, for session 1 and 1087 

session 2 respectively. Scatter plot in the middle shows the correlation between the fit 1088 
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amplitudes for the 2 sessions. Solid line is the diagonal. Circular histograms on the right 1089 

of the panel show individual optimal phases (i.e., FM-stimulus phase with highest hit rate 1090 

in the cosine fit) separated by session (left and middle histograms) and the circular 1091 

distance between the two (right histogram). Z and P-values in the plots refer to the results 1092 

from the Rayleigh test. V and p-value for the inter-session circular distance corresponds 1093 

to the V test results. (c) Scatter plots show inter-session correlations for hit rates, reaction 1094 

times, false alarms rates, and gap durations. Solid lines are the diagonal. *p = 9.69e-04. 1095 

Distribution plots were created using a modified version of the toolbox distributionPlot 1096 

by Dorn J, 2008. 1097 

Figure 5. Effect of pre-gap neural activity on gap detection. (a) Beta estimates 1098 

(including distribution and spread) for 2-Hz phase (left) and alpha amplitude (right) from 1099 

the winning mixed-effects logistic regression models fitted to the EEG data. Box plots 1100 

show median (horizontal line), 25th and 75th percentiles (box edges) and extreme 1101 

datapoints (whiskers). Black crosses represent outlier values. Each circle represents a 1102 

single participant. Horizontal dashed lines mark the zero line. (b) Hit rates as a function 1103 

of pre-gap 2-Hz neural phase for one representative participant. Solid lines represent 1104 

actual data and dashed lines represent the cosine fits. Two cycles are concatenated for 1105 

visualization purposes. (c) Circular histograms show the distribution of optimal neural 2-1106 

Hz phases across participants for each session (left/middle graphs) and the circular 1107 

distance between both sessions (right). Z and p-values in the plots refer to the results 1108 

from the Rayleigh test. V and p-value for the inter-session circular distance corresponds 1109 

to the V test results. (d) Optimal 2-Hz neural phase for session 1 (blue) and session 2 1110 

(orange). Black arrows show the phase shift from session 1 to session 2. The Radius in 1111 
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the plot represents the absolute circular distance between sessions. Each circle represents 1112 

a single participant and session. S1: session 1 (blue); S2: session 2 (orange). *p = 0.03, 1113 

Bonferroni corrected. 1114 

Figure 6. Predicting alpha amplitude from 2-Hz neural phase. The graph shows the 1115 

distribution and spread of the beta coefficients from the generalized linear mixed effects 1116 

model predicting pre-gap alpha amplitude from pre-gap 2-Hz neural phase (left). Box 1117 

plots show median (colored horizontal lines), 25th and 75th percentiles (box edges) and 1118 

extreme datapoints (whiskers). Each circle represents a single participant. S1 (blue 1119 

colors): session 1, S2 (orange colors): session 2. 1120 

Figure 7. Control experiment. (a) The graph shows the distribution and spread of 1121 

individual hit rates as a function of stimulus FM rate. Box plots show median (black 1122 

horizontal line), 25th and 75th percentiles (box edges) and extreme datapoints (whiskers). 1123 

Each circle represents a single participant. (b) Same as in (a) but for the amplitude of the 1124 

sinusoidal modulation. (c) Circular histograms showing the distribution of optimal FM-1125 

stimulus phases for each FM rate. The inset on the right shows the resultant vector length 1126 

computed across individual optimal phases separated by FM rate. 1127 

Figure 8. Effect of stimulus properties on gap detection. (a) Distribution plots showing 1128 

the beta estimates resulting from mixed effect logistic regression models. Box plots show 1129 

median (horizontal solid black line), 25
th

 and 75
th

 percentiles (box border), extreme 1130 

values (whiskers) and outliers (black cross). (b) Visualization of the main effects shown 1131 

in (a), i.e., difference of hits vs misses in terms of FM-stimulus phase, global time, local 1132 

time and stimulus center carrier frequency. The two plots in the bottom right show the 1133 

interaction phase * global time and phase * local time. In the plots, the amplitude of the 1134 
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sinusoidal modulation (fit amplitude) is shown after fitting cosine function to hit rates by 1135 

FM-stimulus phase independently to four global/local time bins. S1: session 1; S2: 1136 

session 2.  * p = 0.006, Bonferroni corrected. 1137 

 1138 
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Table 1. Akaike's Information Criterion (AIC) for mixed effect models estimating the 

influence of pre-gap neural activity on gap detection performance. 

Model predictors Session 1 Session 2 

 AIC ΔAIC AIC ΔAIC 

2Hz phase + α amplitude
 w

 40933.714       - 40852.603           - 

2Hz phase + α phase + α amplitude 40935.396       1.682 40855.473           2.870 

2Hz phase + 2Hz amplitude + α amplitude + 

2Hz phase* α amplitude 

      

40941.713       7.999 

 

40865.145           12.542 

2Hz phase + 2Hz amplitude + α phase + α 

amplitude + 2Hz phase* α amplitude 

 

40944.243       10.529 

 

40868.536           15.933 

2Hz phase + α amplitude + 2Hz α *alpha 

amplitude 

40944.273       

10.558 

40861.669           

9.066 

2Hz phase + α phase + α amplitude + 2Hz 

phase* α amplitude 

      

40946.505      12.790 

 

40865.078           12.475 

2Hz phase + α phase + α amplitude + 2Hz 

phase* α amplitude + 2Hz phase* α phase 

      

40958.325       24.611 

 

40874.590          21.987 

2Hz phase 41003.501    69.787 40878.425           25.821 

2Hz phase + 2Hz amplitude 41003.780       70.066 40876.923           24.320 

2Hz phase + α phase 41005.455       71.741 40881.677          29.074 

2Hz phase + α phase + 2Hz phase* α phase 41017.702       83.988 40891.022   38.419 

2Hz phase + 2Hz amplitude + α phase + 2Hz 

phase* α phase 

 

41018.238       84.524 

 

40889.665        37.062 

Note: models are listed from smallest to highest AIC according to session 1. 
w
, winning 

model. 

 



 

 

1 

 

Table 2. Akaike's Information Criterion (AIC) for mixed effect models estimating the 

influence of stimulus characteristics on gap detection performance. 

 Session 1 Session 2 

Model predictors AIC ΔAIC AIC ΔAIC 

FM-stimulus phase + Global time + local 

Time + Stimulus Carrier + FM-stimulus 

phase*Global time + FM-stimulus 

phase*Local time 
w1

 

 

 

 

39827.075 - 

 

 

 

38890.907 4.025 

FM-stimulus phase + Global time + local 

Time + Stimulus Carrier +Cochlear Entropy 

+ FM-stimulus phase*Global time + FM-

stimulus phase*Local time 

 

 

 

39829.594 2.520 

 

 

 

38897.888 11.006 

FM-stimulus phase + Global Time + local 

time + stimulus carrier 
w2

 

 

39847.735 20.660 

 

38886.882 - 

FM-stimulus phase + Global time + local 

Time + Stimulus Carrier +Cochlear Entropy 

 

39850.324 23.249 

 

38893.852 6.970 

FM-stimulus phase + Global Time 40103.649 276.575 39155.521 268.639 

FM-stimulus phase 40405.275 578.200 39470.060 583.178 

Stimulus Carrier + gap onset carrier + global 

time + local time + cochlear entropy 

 

42310.587 2483.513 

 

42087.366 3200.484 

Stimulus Carrier + gap onset carrier + global 

time + local time + cochlear entropy + gap 

onset carrier*global time + gap onset 

carrier*local time 

 

 

 

42310.819 2483.745 

 

 

 

42089.999 3203.117 

Gap onset carrier 42828.622 3001.547 42652.900 3766.018 

Cochlear entropy 42893.463 3066.388 42714.468 3827.586 

Note: models are listed from smallest to highest AIC in session 1. ΔAIC are computed 

relative to the winning model. 
W1

, winning model for session 1; 
w2

, winning model for 

session 2 

 
 


