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Abstract 46 

The extent to which the sleeping brain processes sensory information remains 47 

unclear. This is particularly true for continuous and complex stimuli, such as 48 

speech, in which information is organized into hierarchically embedded 49 

structures. Recently, novel metrics for assessing the neural representation of 50 

continuous speech have been developed, using non-invasive brain recordings. 51 

Those were so far tested during wakefulness. Here we investigated, for the first 52 

time, the sleeping brain’s capacity to process continuous speech at different 53 

hierarchical levels, using a newly developed Concurrent Hierarchical Tracking 54 

(CHT) approach that can online monitor the neural representation and 55 

processing-depth of continuous speech. Speech sequences were compiled with 56 

syllables, words, phrases and sentences occurring at fixed time intervals, such 57 

that different linguistic levels correspond to distinct frequencies. This allowed us 58 

to distinguish their neural signatures in brain activity. We compared the neural 59 

tracking of intelligible vs. unintelligible (scrambled and foreign) speech across 60 

states of wakefulness and sleep, using high-density electroencephalogram (EEG) 61 

in humans. We found that neural tracking of stimulus acoustics was comparable 62 

across wakefulness and sleep, and similar across all conditions regardless of 63 

speech intelligibility. In contrast, neural tracking of higher-order linguistic 64 

constructs (words, phrases and sentences) was only observed for intelligible 65 
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speech during wakefulness, and could not be detected at all during NREM or REM 66 

sleep. These results suggest that while low-level auditory processing is relatively 67 

preserved during sleep, higher-level hierarchical linguistic parsing is severely 68 

disrupted, thereby revealing the capacity and limits of language processing 69 

during sleep.  70 
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Significance statement 71 

Despite the persistence of some sensory processing during sleep, it is unclear whether 72 

high-level cognitive processes, such as speech parsing, are also preserved. We used a 73 

novel approach for studying the depth of speech processing across wakefulness and 74 

sleep, while tracking neuronal activity with EEG. We found that responses to the 75 

auditory sound-stream remain intact, however the sleeping brain does not show signs of 76 

hierarchical parsing of the continuous stream of syllables into words, phrases, and 77 

sentences. The results suggest that sleep imposes a functional barrier between basic 78 

sensory processing and high-level cognitive processing. This paradigm also holds 79 

promise for studying residual cognitive abilities in a wide array of unresponsive states. 80 
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Introduction 81 

Sleep is defined as a reversible state where external stimuli rarely affect perception or 82 

elicit meaningful behavioral responses (Nir and Tononi, 2010). Despite such 83 

disconnection, it is clear that some discriminative sensory processing persists during 84 

sleep. Recent studies, particularly in the auditory domain, found preserved activation of 85 

primary sensory cortices during sleep (Pena et al., 1999; Portas et al., 2000; Issa and 86 

Wang, 2008; Andrillon et al., 2015). Accordingly, single-neuron responses to both simple 87 

(click or tone) and complex (vocalization) stimuli are comparable to those in 88 

wakefulness, including frequency tuning curves and stimulus-specific adaptation to 89 

deviant sounds (Issa and Wang, 2008; Nir et al., 2015). Thus, external stimuli give rise to 90 

robust sensory representations in the sleeping brain, yet the extent of their processing 91 

remains unclear. 92 

The uncertainty regarding the depth of processing is enhanced with respect to complex 93 

stimuli such as speech, which require both sensory and high-order processing, engaging 94 

multiple brain areas beyond auditory cortex (Peelle et al., 2010; Wylie and Regner, 95 

2014; Friederici and Singer, 2015). To date, there is limited and inconsistent evidence 96 

regarding the level of processing that speech undergoes during sleep. Several studies 97 

reported that during sleep, activity in high-order language-related regions (such as the 98 

superior temporal gyrus (STG), temporal-parietal junction (TPJ) and the inferior frontal 99 

gyrus (IFG)), is robustly attenuated or absent altogether, and brain responses to regular 100 

speech and to meaningless control conditions are similar (Portas et al., 2000; Dehaene-101 
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Lambertz et al., 2002; Wilf et al., 2016). However, other evidence suggests that some 102 

level of semantic information is extracted even during sleep. For example, behaviorally 103 

relevant stimuli such as one’s name, lead to more frequent awakenings (Oswald et al., 104 

1960; Langford et al., 1974; McDonald et al., 1975) and induce a spread of cortical 105 

activation (Pratt et al., 1999; Portas et al., 2000; Blume et al., 2016). In addition, studies 106 

measuring event-related potentials (ERPs) during sleep, have demonstrated an N400 107 

response to lexical-level semantic violations (Brualla et al., 1998; Bastuji et al., 2002; 108 

Ibáñez et al., 2006) and residual neural signatures indicating semantic categorization of 109 

words (Kouider et al., 2014; Andrillon et al., 2016). Notably, semantic-level responses 110 

during sleep are often considerably attenuated and delayed in time compared to those 111 

in wakefulness (Brualla et al., 1998; Perrin et al., 2002; Andrillon et al., 2016), raising 112 

important questions as to the nature of residual high-level language processing during 113 

sleep. 114 

A main challenge for addressing this question is how to assess speech processing depth 115 

in-lieu of behavioral metrics. Previous studies have resorted to measuring ERPs. 116 

However, during NREM sleep, repetitive presentation of brief isolated stimuli often 117 

elicits a large stereotypical response, known as a ‘K-complex’ (Colrain, 2005; Halász, 118 

2016), that masks the precise neuronal dynamics and limits data interpretation. Indeed, 119 

ERPs recorded during NREM sleep often differ substantially in their time-course and 120 

morphology from those observed during wakefulness (Colrain and Campbell, 2007), 121 

making it difficult to assess their functional significance. 122 
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Here, we utilize the newly developed Concurrent Hierarchical Tracking (CHT) approach 123 

(Ding et al., 2015), to assess the depth of speech processing during sleep. In CHT, stimuli 124 

are structured in a manner that allows distinguishing neural responses to different levels 125 

of linguistic analysis of continuous speech. Specifically, speech sequences are compiled 126 

such that different linguistic levels (syllables, words, phrases and sentences) correspond 127 

to distinct frequencies, allowing us to distinguish their neural signatures in brain activity, 128 

while refraining from presentation of abrupt stimuli. We employed this method to test 129 

whether hierarchical parsing of intelligible speech is preserved or disrupted during 130 

sleep. This approach allows examining the capacity and limits of processing during sleep, 131 

and may afford insights regarding the depth of speech processing that occurs without 132 

attention more generally. We hypothesized that during sleep, the neural representation 133 

of higher linguistic levels will be greatly diminished, as has been shown during 134 

wakefulness for unintelligible or unattended speech (Zion Golumbic et al., 2013; Ding et 135 

al., 2015).  136 

 137 

Materials and Methods 138 

Participants. Full-night sleep recordings were performed in 29 native Hebrew speakers 139 

(16 females, mean age 28.7±3.6 years, range 22–38) who reported to be healthy, 140 

without any history of neuropsychiatric or sleep disorders. The study was approved by 141 

the Medical Institutional Review Board at the Tel Aviv Sourasky Medical Center. All 142 

participants provided their written consent for participation. Participants underwent an 143 
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interview determining their sleep habits and their propensity to fall asleep in noisy 144 

environments. Eight participants (6 females) were excluded from analysis for either 145 

technical issues (n=3) or lack of sufficient data (n=5 participants who kept falling asleep 146 

during the wake sessions or experienced difficulties sleeping during the night). Twenty-147 

one participants were included in the wake analysis (10 females, mean age 28.2±4.0), of 148 

them 17 were included in the NREM sleep analysis (6 females, mean age 28.8±4.2), and 149 

13 were included in the REM sleep analysis (5 females, mean age 28.6± 4.3). 150 

Hebrew Materials. A bank of individually-recorded Hebrew syllables was used to create 151 

a set of intelligible speech stimuli, as well as unintelligible (Scrambled) control stimuli. 152 

Single syllables were uttered in random order by a human male voice and recorded at 153 

44,100 Hz. The sound intensity was manually normalized using the Audacity® software 154 

(version 2.0.5). In order to prevent biasing of speech perception by prosody, prosodic 155 

cues were removed via pitch normalization using Praat© (version 5.4.04) (Boersma and 156 

Weenink, 2016). The length of individual syllables (original mean duration 243.6±64.3 157 

ms, range 168-397 ms) was adjusted to precisely 250 ms by truncation or silence 158 

padding at the end. In case of truncation, a fading out effect was applied on the last 25 159 

ms. Finally, syllables were concatenated using custom-written scripts in MATLAB (The 160 

MathWorks) to form 25 Intelligible Hebrew sentences and 25 unintelligible (Scrambled) 161 

sequences. All intelligible sentences were constructed to form hierarchical linguistic 162 

structures as follows: every 2 syllables formed a 500 ms-long word, every 2 words 163 

formed a 1000 ms-long phrase and every 2 phrases formed a 2000 ms-long sentence 164 

(Figure 1A; Press here to hear an example of CHT speech stimuli). Since syllables were 165 
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hierarchically grouped into linguistic constituents, with no additional acoustic gaps 166 

inserted between them (Figure 1B), the linguistic structures appeared at fixed 167 

periodicities throughout the stimuli (syllables at 4 Hz; words at 2 Hz; phrases at 1 Hz and 168 

sentences at 0.5 Hz). Sentences did not include rhymes, passive form of verbs or 169 

arousing semantic content. The intelligibility of Hebrew materials was verified in a pilot 170 

study, demonstrating that all Hebrew sentences could be fully repeated after a mean of 171 

1.28 presentations, and most (78.7%±15.8) sentences could be fully repeated by 172 

participants after a single presentation. The same Hebrew syllables were scrambled to 173 

compose 25 unintelligible pseudo-sentences. Scrambling was performed by shuffling 174 

syllables across sentences while maintaining their original position within the sequence. 175 

Thus, syllables that tend to occur at the beginning/end of words in natural language, 176 

retain this position in the control condition. We also verified that the scrambling 177 

procedure did not produce any real Hebrew words by chance. 178 

Chinese Materials. We used sentences in Chinese as an unintelligible-speech control 179 

condition. The Chinese materials were constructed and used by Ding et al. (2015) in a 180 

similar manner as the Hebrew materials, and were comprised of sequences of individual 181 

syllables lasting 250 ms, uttered by a computerized male voice (see Stimuli I in Ding et 182 

al., 2015). The Chinese materials, too, were compiled such that higher linguistic 183 

structures appeared at fixed frequencies. However, since the Chinese sentences were 184 

comprised of mono-syllabic words, the syllabic rate of 4 Hz also represented the word 185 

rate. Consequently, only two additional linguistic levels were formed - phrases at 2 Hz 186 

and sentences at 1 Hz.  The fact that the Hebrew materials included an additional 187 
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linguistic level should not have interfered with our experimental design, since none of 188 

the participants understood Chinese, and it was only used as an unintelligible-speech 189 

control condition. 190 

Stimulus presentation. A trial lasted 12 seconds and was composed of six concatenated 191 

2 sec-long sentences of the same speech type (Intelligible, Scrambled or Foreign speech; 192 

Figure 1D). In the first 5 seconds of each trial, sound intensity increased from zero to full 193 

intensity to prevent abrupt onsets. To assure that the sound intensity of the stimuli 194 

fluctuated at the syllabic rate of 4 Hz, the power spectrum of the mean sound intensity 195 

in each condition was calculated across 50 trials for each condition (Figure 1C). Inter-196 

trial intervals (ITIs) were distributed pseudo-randomly between 1.5 and 4 seconds to 197 

avoid expectation effects. In addition to the 3 speech conditions, we presented a 198 

baseline Sham condition where no sound was presented. Typically, during a full 199 

experiment we presented 200-500 trials (mean 406±87) for each condition (Intelligible, 200 

Scrambled, Foreign and Sham). Trials were not presented in a discrete block design but 201 

rather in a continuous manner throughout the experiment. Roughly 20% of the trials 202 

were presented during wakefulness, 10% during REM sleep, 65% during NREM sleep and 203 

additional 5% were presented during state transitions (excluded). Only the final 8 204 

seconds of each trial were used for analysis, to further avoid onset responses (Figure 205 

1D).  206 

Experimental design. The experiment took place in an acoustically-attenuated and 207 

electrically-shielded sleep lab. Auditory stimulation was delivered through loudspeakers, 208 
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and sound intensity was adjusted to a convenient level that remained constant 209 

throughout the night (see ‘Auditory stimulation’ below). Hebrew sentences were 210 

confirmed to be intelligible prior to the commencement of the experiment (see 211 

‘Intelligibility test’ below). Experiments included stimulation during wakefulness in the 212 

evening, stimulation during overnight sleep, and another block of stimulation in the 213 

morning after spontaneous awakening (Figure 3A). The room was dark throughout the 214 

entire experiment. During the wakefulness sessions, participants sat on a chair rather 215 

than lying in bed, to ensure they stay awake and if any sign of falling asleep occurred 216 

(such as rolling eye movements, EEG slowing or appearance of sleep spindles or K-217 

complexes), participants were woken up immediately (3.85 ± 3.21, range 0-11 218 

awakenings per participant). In order to minimize differences between wake and sleep 219 

sessions, the speakers were raised to ear-height keeping the same distance as when 220 

lying in bed, and participants were instructed to keep their eyes closed and were not 221 

required to perform any explicit task. After the evening wakefulness session, 222 

participants were allowed to fall asleep at their own convenience.  Auditory stimulation 223 

was paused manually whenever awakening or movement was detected, and resumed 224 

shortly after detection of unequivocal sleep activity in the EEG. 225 

Auditory stimulation. Auditory stimulation was delivered through speakers situated on 226 

both sides of the bed (during sleep) or on both sides of the chair (during wakefulness). 227 

Sound intensity was individually adjusted to a relatively low level (range 42.1-45.9 dB 228 

SPL) that allowed speech comprehension. Importantly, sound intensity was adjusted 229 
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prior to the first experimental session and remained constant throughout all conditions 230 

for each participant.  231 

Intelligibility test. Participants performed an intelligibility-test to verify that they 232 

understood the materials used in the Intelligible speech condition. All intelligible and 233 

scrambled sentences were presented in random order and participants were asked to 234 

report whether they contained meaningful speech or not and were then asked to repeat 235 

them.  236 

Data Acquisition. High-density EEG was recorded continuously using a 256-channel 237 

hydrocel geodesic sensor net with passive electrodes (Electrical Geodesics, Inc. system 238 

[EGI]). Each carbon-fiber electrode consists of a silver-chloride carbon fiber pellet, a lead 239 

wire, a gold-plated pin, and was injected with conductive gel (Electro-Cap International 240 

[ECI]). Signals were referenced to Cz, amplified via an AC-coupled high-input impedance 241 

amplifier (NetAmps 300, EGI), and digitized at 1000 Hz. Electrode impedance in all 242 

sensors was verified to be less than 50 kΩ before starting the recording.  243 

Sleep scoring. Sleep scoring in 30s epochs was performed manually according to 244 

established guidelines of the American Academy of Sleep Medicine (Iber et al., 2007) 245 

based on EEG, EOG, EMG and video. To this end, EEG data from F3/F4, C3/C4 and O1/O2 246 

were referenced to the contralateral mastoid and two EOG channels were referenced to 247 

the other mastoid. Scoring channels were visualized along with synchronized EMG in 30s 248 

epochs. Sleep scoring was further verified by inspecting the time-frequency 249 

representation (spectrogram) of the Pz electrode (not involved in scoring process) 250 
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superimposed with the hypnogram (as in Figure 3A,B). Each epoch was categorized as 251 

N1/N2/N3/REM sleep or wakefulness. N1 sleep stage epochs (13.4±1.4% of sleep time, 252 

range 7.6-30.1%) were excluded from further analysis to avoid uncertainty regarding 253 

precise sleep onset.  254 

EEG pre-processing. Preprocessing was performed in MATLAB (The MathWorks) using 255 

the FieldTrip toolbox (Oostenveld et al., 2011) and custom-written scripts. Data were 256 

segmented (-2 to +14 sec) around stimulus onset, down-sampled to 250 Hz, re-257 

referenced to the average signal of the mastoids, and linearly de-trended. Bad 258 

electrodes (<14% in all participants) were identified as those whose variance and 259 

maximal absolute value constituted outliers relative to adjacent electrodes upon visual 260 

inspection per participant and per state, and were replaced with the weighted average 261 

of their neighbors using a linear, distance weighted interpolation. Outlier trials 262 

(15.3±0.3%) were manually identified by visual inspection and were discarded from 263 

subsequent analysis. In the N2 dataset, we additionally excluded trials containing K-264 

complex events. K-complexes were detected automatically as those trials in which the 265 

raw EEG amplitude was both higher than +40 μV and lower than -40 μV within a 2.4 sec 266 

window, sliding at a resolution of 40 ms. Independent component analysis (ICA) was 267 

used for removal of eye movement and heartbeat traces, separately for each state. 268 

After cleaning, we randomly selected the same number of trials from all conditions 269 

(Intelligible, Scrambled, Foreign and Sham) for each subject separately. Participants with 270 

fewer than 30 clean trials in any single condition were discarded from further analysis. 271 
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Data analysis during wakefulness. Data were analyzed by two complementary 272 

approaches. First, Inter-Trial Phase-Coherence (ITPC) was calculated as follows: The Fast 273 

Fourier Transform (FFT) was calculated separately for each trial with 0.125 Hz 274 

resolution. Next, the phase component at each frequency was used to calculate the 275 

ITPC, which is the sum (absolute value) of the phases across trials:  276 

 

Note that ITPC represents phase consistency across trials, which is the inverse of 277 

response variability across trials (Berens, 2009). 278 

Second, evoked power spectrum analysis was performed as follows: We averaged the 279 

clean preprocessed trials for each condition separately and computed the power 280 

spectrum of the average using FFT with 0.125 Hz resolution. We normalized the power 281 

at each frequency by subtracting the mean power level at adjacent frequencies within 282 

±0.125 Hz (Nozaradan et al., 2011). 283 

Comparison of sleep and wakefulness. To reduce the effects of widespread slow waves 284 

during sleep (Figure 3C) that could preclude analysis of low frequencies of interest (0.5, 285 

1 and 2 Hz), we applied a spatial current source density transformation (CSD, also 286 

known as surface Laplacian) (Kayser and Tenke, 2015) to the preprocessed EEG data. 287 

Indeed, EEG spectral power after CSD transformation revealed comparable energy at 288 

slow (<4Hz) frequencies across wakefulness, N2 sleep, and REM sleep (Figure 3D) 289 

attesting to the utility of this procedure in minimizing the potential effect of slow 290 
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ongoing sleep activities. However, N3 sleep data were still dominated by robust slow 291 

wave activity (Figure 3D) and therefore were excluded from analysis. Furthermore, for 292 

comparing wakefulness and sleep states we focused on ITPC analysis, since phase 293 

consistency is less affected than power by ongoing slow activities. Importantly, identical 294 

procedures were applied across all states of sleep and wakefulness (Figure 4). Finally, 295 

when comparing the results in each sleep stage to wakefulness, we used the same 296 

participants for each comparison, and randomly selected an equal number of trials 297 

across states to ensure similar statistical power. Topographical distribution of ITPC 298 

values in Figure 4 was calculated for Intelligible speech after normalizing ITPC at each 299 

frequency by subtracting the mean ITPC at adjacent frequencies within ±0.125 Hz.  300 

SNR estimation. SNR (used as a covariate in subsequent ANCOVA tests) was quantified 301 

in each state and subject separately, by calculating the ratio between the standard 302 

deviation (SD) of the wide-band ERP evoked by intelligible speech and the SD of the 303 

wide-band ERP of ongoing activity (sham condition), over the 8 seconds used for 304 

analysis:             305 

SNR = S  of ERP
SD of ERP

 306 

Statistical analysis. Statistical analysis was performed using custom-written Matlab 307 

scripts (The Mathworks) and SPSS software (version 23.0) (IBM Corp., 2015). Statistical 308 

analyses focused on the average response within a pre-defined mid-central region of 309 

interest (ROI; see inset in Figure 3A), which is typical of auditory responses in EEG 310 

(Picton et al., 1974). The ROI included 92 electrodes that lay within a 6 cm radius from 311 



 

 18 

Cz. Fisher’s z-transformation was applied to individual ITPC values before statistical 312 

analysis. Hypothesis testing consisted of independent comparisons between each of the 313 

speech conditions (Intelligible, Scrambled and Foreign language) and the Sham (no 314 

stimulation) condition. Hypotheses were tested via paired t-tests for all comparisons, 315 

after verifying normality via Kolmogorov-Smirnov tests. Otherwise, a Wilcoxon rank sum 316 

test was used. To ensure that effects in wakefulness were exclusive for the a-priori 317 

frequencies of interest (0.5, 1, 2 and 4 Hz) we statistically tested the initial ITPC results 318 

on a wider range of 12 frequencies (every 0.5 Hz between 0.5-6 Hz). To account for 319 

multiple comparisons (3 speech conditions vs. sham X 12 frequencies = 36 comparisons), 320 

we controlled the false discovery rate (FDR) using a q value of 0.05 (Benjamini and 321 

Yekutieli, 2001). After confirming that significant responses in wakefulness are only 322 

observed at the a-priori frequencies of interest, subsequent comparisons of sleep and 323 

wakefulness were restricted to those frequencies, and corrected for 12 comparisons (3 324 

speech conditions vs. Sham X 4 frequencies) via FDR correction at q=0.05.  325 

Given differences in ongoing spontaneous activity across states (which was substantially 326 

reduced by the CSD transformation employed here, but not entirely equated; see Figure 327 

3D), direct comparisons across arousal states were performed via two-way repeated 328 

measures ANCOVA tests, while including the SNR at each state as a covariate. This 329 

analysis focused on the Intelligible speech condition, comparing the response at each 330 

frequency of interest (1,2,4 Hz) across states (wakefulness vs. REM / NREM). We also 331 

tested whether the response at the acoustic/syllabic level (4Hz), differed across states 332 

(wakefulness vs. sleep) and speech conditions (Intelligible, Scrambled, Foreign speech). 333 
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Note that these ANCOVAs were performed separately when comparing wakefulness vs. 334 

REM / NREM, given the lower number of participants with REM sleep. 335 

 336 

Results 337 

Neuronal speech tracking during wakefulness is evident in the entire acoustic-linguistic 338 

hierarchy during intelligible speech 339 

To validate the utility of the CHT paradigm with scalp EEG, we first assessed the ITPC of 340 

cortical activity during wakefulness, across a range of 12 frequencies between 0.5 to 6 341 

Hz (0.5 Hz intervals) within a mid-central ROI. ITPC at the acoustic/syllabic rate of 4 Hz 342 

was significant in all speech conditions (all t-tests vs. sham condition p< ; remained 343 

significant after FDR correction at q=0.05; See Table 1 for detailed p-values; Figure 2A). 344 

ITPC at frequencies corresponding to higher linguistic structures (2, 1 and 0.5 Hz) was 345 

significant only for the intelligible speech condition (word level: p<0.001; phrase level: 346 

p=0.007; sentence level: p=0.001; remained significant after FDR correction; see Figure 347 

2A). None of the unintelligible speech conditions elicited significant ITPC at any of these 348 

frequencies (Table 1). Importantly, significant ITPC was only observed at the frequencies 349 

of interest corresponding to pre-determined linguistic structures in the stimuli (p>0.06 350 

at all other frequencies).  351 

We repeated the same analysis for the EEG evoked power within the same central ROI 352 

(Figure 2B). Similar to ITPC, normalized EEG power at the acoustic/syllabic rate of 4 Hz 353 

4 -10
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was significant in all speech conditions (p<0.002; remained significant after FDR 354 

correction), whereas significant power at frequencies representing linguistic parsing was 355 

observed only for intelligible speech for most linguistic levels (sentence level: p=0.004; 356 

phrase level: p=0.012; remained significant after FDR correction; word level: p=0.21, 357 

n.s.). Corresponding scalp topographies were in line with those observed for ITPC 358 

(Figure 2B, bottom).  359 

Overall, our ITPC and power analyses during wakefulness converge with previous results 360 

(Ding et al., 2015), indicating that, for intelligible speech, neural tracking is evident 361 

throughout the linguistic hierarchy, whereas for unintelligible speech neural responses 362 

can be attributed to the acoustic structure. 363 

Sleep preserves auditory responses but disrupts high-order linguistic parsing 364 

Continuous overnight recordings lasted 9 hours and 34 minutes on average (±75 min). 365 

We verified that normal sleep was preserved in the presence of speech stimulation. 366 

Figure 3 illustrates the sleep architecture and spectral content of EEG activity, 367 

demonstrating all the established hallmarks of the different vigilance states, including 368 

alpha (8-10 Hz) activity during quiet wakefulness, sleep spindle/sigma (10-15 Hz) and 369 

slow wave (<4 Hz) activities during N2/N3 sleep, and diffuse theta (6-9 Hz) during REM 370 

sleep. Awakenings associated with speech stimulation were rare (and even if such 371 

events were present and not observed, these trials would be tagged as wake or N1 372 

sleep, so any differences reported here would constitute a lower bound). Sleep 373 

parameters (Figure 3E) at the group level were in accordance with typical values for 374 
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healthy young adults  (Carskadon and Dement, 2011). In the morning debriefing, all 375 

participants reported being well-rested (slept very well, not tired). Most participants 376 

vaguely recalled hearing the stimuli a few times after going to sleep, but all confirmed 377 

that this did not interfere with sleep quality, as they returned back to sleep 378 

immediately. Thus, intermittent speech stimulation did not exert significant effects on 379 

sleep architecture or subjective measures. 380 

We proceeded to re-analyze EEG activity as a function of sleep and wakefulness states, 381 

after applying a CSD spatial filter to reduce the effects of slow-wave activity during sleep 382 

(see Methods and Figure 4). We focused our analysis on comparing wakefulness with N2 383 

sleep (n=17) and comparing wakefulness with REM sleep (n=13), equating the number 384 

of trials and participants in each comparison to ensure identical statistical power. We 385 

did not analyze responses during N1 sleep, as it was ambiguous and rare (13.4±1.4% of 386 

sleep time) or during N3 sleep (where slow wave activity precluded analysis, see 387 

Methods).  388 

Our re-analysis of the wakefulness data (performed after CSD in the subset of 389 

participants with adequate sleep data) confirmed that, even in these reduced datasets, 390 

all speech conditions elicited a significant acoustic/syllabic-rate response at 4 Hz (p<  391 

for both datasets). Moreover, intelligible speech ITPC remained significant at the word 392 

and phrase levels in these reduced datasets (Figure 4 top; Table 1). However, the 393 

sentential rate of 0.5 Hz was no longer significant in either subset, probably due to the 394 

lower power of this analysis and/or the removal of low-frequencies by the CSD. 395 

3 -10
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In the sleep conditions, significant ITPC at the acoustic/syllabic rate of 4 Hz was 396 

observed in both sleep states for all stimuli (NREM: p< ; REM: p< ; remained 397 

significant after FDR correction). Furthermore, we directly compared the 4Hz 398 

(acoustic/syllabic) response for all audible conditions during wakefulness vs. each sleep 399 

state, using repeated measures ANCOVA with SNR differences (sleep-wake) as a 400 

covariate. This comparison did not reveal significant differences in the acoustic/syllabic 401 

response across states [wakefulness vs. REM: F(2,10)=0.063, p=0.940, n.s.; wakefulness 402 

vs. NREM: F(2,14)=0.624, p=0.550, n.s.], suggesting no significant change in the acoustic 403 

response across states. 404 

Importantly, despite robust activity at the acoustic level, none of the speech conditions 405 

during sleep elicited significant ITPC response vs. Sham, at frequencies corresponding to 406 

high-level linguistic structures (Table 1). In addition, we compared the responses to 407 

Intelligible speech during wakefulness vs. each sleep state at frequencies of interest 408 

(1,2,4Hz), using ANCOVA with SNR difference as a covariate. This analysis revealed 409 

significant state X frequency interaction effects [wakefulness vs. REM: F(2,10)=5.21, 410 

p=0.028; wakefulness vs. NREM: F(2,14)=4.35, p=0.034], in line with the comparisons of 411 

each speech condition vs. the sham condition performed within each state (Table 1). 412 

Altogether, our results suggest that while both NREM and REM sleep preserve acoustic 413 

responses, neural tracking of higher-order linguistic levels within a speech-stream is not 414 

evident.  415 

 416 
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Discussion 417 

The main novel result reported here is that during sleep, basic neural encoding of 418 

acoustic features of speech persists, while parsing of higher-order linguistic structures, 419 

evident for intelligible speech during wakefulness - is disrupted. These findings further 420 

our understanding of the capacity and limits of cortical processing during sleep, and 421 

demonstrate the effectiveness of the CHT approach for probing high-level cognitive 422 

processes covertly in unresponsive states. 423 

Studying linguistic processing during wakefulness using CHT 424 

Our results in wakefulness are in line with Ding et al. (2015), showing that cortical 425 

activity concurrently tracks the time-course of linguistic structures at multiple 426 

hierarchical levels when speech is intelligible. For unintelligible speech, cortical 427 

responses are only evident at the acoustic/syllabic rate. Our results extend the original 428 

findings in several ways. First, using bi-syllabic words allowed distinguishing between 429 

the syllabic (4 Hz) and word rate (2 Hz), affording further separation between the 430 

acoustic and linguistic aspects of speech. Second, our design did not include an explicit 431 

task, demonstrating that passive listening is sufficient for revealing hierarchical neural 432 

tracking of linguistic structures.  Third, our results demonstrate that one can effectively 433 

quantify hierarchical linguistic parsing with non-invasive, inexpensive, portable and 434 

readily available EEG. These extensions pave the way for using the CHT approach in a 435 
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wide array of settings, ranging from language acquisition to studies of residual cognitive 436 

processing in various clinical populations.  437 

Depth of speech processing during sleep  438 

The current findings make a substantial contribution to understanding the extent of 439 

language processing during sleep. We find that the neural response at the syllabic rate, 440 

which likely reflects basic auditory representation of the acoustic envelope, was 441 

comparable across wakefulness, REM and NREM sleep. This is in line with previous 442 

studies supporting preserved responses in low-level auditory cortex during sleep (Issa 443 

and Wang, 2008; Nir et al., 2015). At the same time, parsing of higher-order linguistic 444 

structures is disrupted during sleep, implying the existence of a functional ‘bottleneck’ 445 

precluding full processing of continuous speech.  446 

Before discussing broader implications, we address an important methodological 447 

caveat: Is the lack of observable low-frequency peaks during sleep due to increased 448 

background noise leading to poor sensitivity, rather than a lack of high-level speech 449 

parsing? This potential criticism applies mainly to NREM sleep, as spontaneous activity 450 

during REM sleep is wake-like. Although applying CSD transformation effectively 451 

reduced slow widespread activity in NREM sleep (Figure 3D), it was nevertheless still 452 

higher than in wakefulness. However, we believe that this does not account for our 453 

results, for two reasons. First, our experimental design deliberately focused on testing 454 

different speech conditions within each state, where SNR and other signal properties 455 

are matched. Second, we conducted several analyses taking into account SNR 456 
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differences across states. These showed that while the 4Hz acoustic responses did not 457 

differ significantly across states, responses at the word and sentence level were found 458 

for Intelligible speech only during wakefulness, as indicated by significant interactions 459 

between state X frequency. Nevertheless, we acknowledge that given the dominance of 460 

low-frequency background activity during NREM sleep (as in other non-responsive 461 

states such as anesthesia and vegetative states), results should be interpreted with 462 

great caution and appropriate controls applied in future studies.  463 

What is the nature of the functional bottleneck observed during sleep between basic 464 

auditory processing and high-level linguistic parsing? Previous ECoG results using the 465 

CHT paradigm attribute phrasal and sentential responses to non-sensory areas, involved 466 

in language processing, e.g. the left IFG and bilateral TPJ regions. In contrast, syllabic 467 

rate responses were found primarily in auditory cortex (Ding et al., 2015). The lack of 468 

evidence for neural tracking of high-level speech structures during sleep suggests that it 469 

disrupts efficient signal propagation from auditory cortex to higher cortical regions. 470 

Along these lines, inter-cortical connectivity during sleep is restricted upon brief 471 

electromagnetic perturbation (Massimini et al., 2005, 2007; Pigorini et al., 2015). 472 

Similarly, several functional magnetic resonance imaging (fMRI) studies demonstrated 473 

robust attenuation of speech responses in IFG and frontal regions during sleep (Portas 474 

et al., 2000; Dehaene-Lambertz et al., 2002; Wilf et al., 2016). Together with the current 475 

findings, these studies imply that speech processing during sleep is limited to low-level 476 

acoustic processing, with comparable neural responses for intelligible and unintelligible 477 

speech. 478 
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However, other studies report evidence of residual semantic processing during sleep 479 

upon presentation of single words (Kouider et al., 2014; Andrillon et al., 2016), word-480 

pairs (Brualla et al., 1998) and short sentences (Ibáñez et al., 2006; Daltrozzo et al., 481 

2012), although such processing is generally weaker and with altered time dynamics 482 

compared to wakefulness (Brualla et al., 1998; Perrin et al., 2002). In attempt to 483 

reconcile these seemingly contradictory results, we suggest that the functional 484 

bottleneck for speech processing during sleep is not semantic analysis per-se, but rather 485 

the mediating process of segmentation. One key difference between this and previous 486 

studies is the use of continuous speech, rather than single words or short sentences. 487 

This not only allowed us to overcome serious methodological limitations – such as the 488 

pervasiveness of K-complexes – but also to tap into the process of word segmentation, 489 

which constitutes a prerequisite for continuous speech comprehension. Indeed, speech 490 

processing relies critically on accurately parsing the ongoing acoustic stream input into 491 

discrete and meaningful linguistic units (Hickok et al., 1993; Mattys, 1997; Giraud and 492 

Poeppel, 2012; Doelling et al., 2014). Parsing itself is a hierarchical highly-demanding 493 

cognitive process (Greenberg et al., 2004; Ghitza, 2012) that involves matching bottom-494 

up cues with existing lexical, syntactic and semantic representations (Traxler, 2014), as 495 

well as predictive and anticipatory processes (Arnal et al., 2011; DeLong et al., 2014). 496 

The current findings suggest that, at minimum, it is the process of word segmentation 497 

that is compromised during sleep, a process that requires ongoing analysis of the 498 

continuous global stream of input (Strauss et al., 2015; Tononi et al., 2016). It thus 499 

remains possible that when phrases or sentences are presented in a discrete format (as 500 
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in most previous studies), individual words can be identified and processed fully up to a 501 

semantic level, even during sleep.  502 

Another critical aspect of continuous speech parsing is integrating information across 503 

multiple time-scales (Rosen, 1992; Greenberg et al., 2003; Ghitza, 2012; Zion Golumbic 504 

et al., 2013), allowing short-scale information (phonemes/syllables) to be combined to 505 

create lexical units (e.g. words) and higher-order structures (phrases and sentences). 506 

Such integration requires short-term memory buffers to sustain information for longer 507 

durations, i.e. to handle larger 'temporal receptive windows' (Lerner et al., 2011; Luo 508 

and Poeppel, 2012; Chait et al., 2015). Notably, previous studies have shown that neural 509 

activity during sleep is restricted to short timescales in the range of hundreds of 510 

milliseconds, preventing the emergence of long-lasting causal interactions (Pigorini et 511 

al., 2015; Strauss et al., 2015). The proposed restriction on brain activity during sleep to 512 

short time intervals may also contribute to the diminished hierarchical parsing of 513 

continuous speech observed here. 514 

One important limitation of the current study is that prosodic cues were purposefully 515 

removed from the speech material, allowing us to probe grammatical speech parsing 516 

irrespective of correlated acoustic variations. However, since syntactic parsing of natural 517 

speech also benefits from prosody (Eckstein and Friederici, 2006), it remains to be 518 

tested whether prosody can facilitate continuous speech parsing during sleep.  519 

Sleep and Inattention 520 



 

 28 

Analogous results to those found here during sleep have recently been reported for 521 

unattended speech, for which neural tracking is robust in auditory cortex, but 522 

substantially reduced in higher-order language areas (Zion Golumbic et al., 2013; 523 

Rimmele et al., 2015). Along this line, acoustic features of unattended speech affect 524 

behavior more than high-level (semantic) features (Ellermeier et al., 2015; Wöstmann 525 

and Obleser, 2016). Additional similarities between sleep and inattention exist at the 526 

behavioral level, where unattended speech typically cannot be overtly recalled (Lachter 527 

et al., 2004), although some personally relevant words occasionally capture attention 528 

(Cherry, 1953; Moray, 1958, 1959; Bentin et al., 1995; Wood and Cowan, 1995), as also 529 

found during sleep. These similarities between speech processing during sleep and 530 

inattention may carry broader implications as to the nature of functional ‘bottlenecks’ in 531 

speech processing (Broadbent, 1958; Treisman, 1969), constituting an intriguing topic 532 

for future research. 533 

 534 

Conclusions 535 

To the best of our knowledge, this study is the first to investigate hierarchical parsing of 536 

continuous speech during sleep. We found that bottom-up auditory processing is 537 

preserved in sleep and comparable to that found in wakefulness. In sharp contrast, 538 

neural tracking of high-order linguistic structures – words, phrases and sentences - is 539 

disrupted in sleep, in a manner similar to unattended or unintelligible speech during 540 

wakefulness. Current results suggest that parsing of continuous speech - which requires 541 

integration across multiple time scales, matching of bottom-up input to stored linguistic 542 
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representations, and top-down predictive coding - may not be possible without overt 543 

attention and consciousness. Our results imply a functional barrier between auditory 544 

sensation and linguistic processing, a barrier that may be essential to ensure 545 

preservation of sleep in the face of external events and support its functions. This study 546 

sets the ground towards studying residual speech processing across states of 547 

consciousness, anesthesia, neurodegeneration, development and language disorders. 548 

549 
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Legends 738 

Figure 1 739 

Stimuli with hierarchical linguistic structures at fixed frequencies used in the CHT 740 

paradigm. (A) An example of intelligible (Hebrew) speech composed of 250 ms syllables, 741 

in which 4 levels of information are differentiated based on their rate: acoustic/syllabic, 742 

word, phrasal and sentential rates (at 4, 2, 1 and 0.5 Hz, respectively). Translation of the 743 

Hebrew sentences in the example: ‘Small puppies want a hug’ and ‘A taxi driver turned 744 

on the meter’. Control stimuli were unintelligible syllable sequences with similar syllabic 745 

rate of 4 Hz, forming either "scrambled" Hebrew speech, or speech in a foreign language 746 

(Chinese). (B) A representative sound wave of a single sentence (2 seconds). Sound 747 

intensity fluctuates at the rate of 4 Hz. (C) Power spectrum of mean soundwave 748 

envelope across 50 trials per condition (blue, intelligible; green, scrambled; pink, 749 

foreign). Note that across all conditions, soundwave envelope exhibits a strong peak at 750 

the acoustic rate (4 Hz) with no significant power at lower frequencies corresponding to 751 

higher-order linguistic structures. (D) In each 12-second trial, six sentences were 752 

concatenated without gaps. Trials began with a gradual increase in sound intensity to 753 

prevent sleep interference. 754 

 755 

Figure 2 756 



 

 41 

Neural tracking of hierarchical linguistic structures during wakefulness. (A) Top: ITPC of 757 

EEG activity at a central ROI (inset, top right) for all speech conditions (blue, intelligible; 758 

green, scrambled; pink, foreign; black, sham). Asterisks represent statistically significant 759 

differences (p<0.02, remained significant after FDR correction at q=0.05) between each 760 

speech condition and the sham condition. Shaded highlights denote SEM across 761 

participants (n=21). All speech conditions elicited greater ITPC at 4 Hz compared to 762 

sham, whereas only the intelligible condition was associated with significant ITPC at 763 

frequencies representing linguistic structures (words, phrases, and sentences; 2, 1 and 764 

0.5 Hz respectively). Bottom: Mean ITPC topographies for each condition (rows) and 765 

frequency of interest (column). (B) Top: evoked power spectrum of EEG activity at a 766 

central ROI (same as A) reveals increased power at the syllabic/acoustic rate (4 Hz) for 767 

all speech stimulations and significant power only for the intelligible speech at 0.5, 1 and 768 

2 Hz, corresponding to high-level linguistic structures.  769 

 770 

Figure 3 771 

Sleep properties during overnight auditory stimulation. (A) Representative hypnogram 772 

(n=1), marks the time course of sleep/wake states (shown on left side of y-axis). (B) 773 

Representative time-frequency representation of scalp EEG (Pz) during a full-night sleep 774 

study (n=1). Warm colors mark increased power in specific time-frequency windows 775 

(frequency scale on the right). Superimposed hypnogram (gray trace, same as A). Note 776 

that wakefulness is associated with increased alpha power (8-12 Hz); N2 and N3 NREM 777 
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sleep are characterized by increased sloe waves (<4 Hz) and spindles (10-15 Hz); REM 778 

sleep exhibits diffuse theta activity (6-9 Hz). (C) Mean power spectrum of different 779 

wakefulness and sleep states (n=21; Yellow, wake; Green, REM; Light purple, N2; Dark 780 

purple, N3). (D) Mean power spectrum of different wakefulness and sleep states after 781 

performing CSD on the data. Note that the CSD procedure has substantially reduced the 782 

overall power at low frequencies for both REM and N2, but not for N3. (E) Overnight 783 

measures of sleep (n=21) indicate that sleep was largely normal for a first night in a 784 

sleep lab. All values are expressed as mean±SEM. Percentage values are expressed per 785 

total sleep time, excluding initial and final blocks of stimulation during wakefulness. 786 

Sleep efficiency corresponds to total sleep time per time in bed. Sleep latency is time to 787 

N2 sleep. Abbreviations: waking after sleep onset (WASO); slow wave sleep (SWS). 788 

  789 

Figure 4 790 

Sleep preserves auditory responses but disrupts high-order linguistic parsing. (A) ITPC 791 

spectrum for wakefulness (top) and NREM sleep (bottom; n=17) within a mid-central 792 

ROI (inset) for all speech conditions (blue, intelligible; green, Scrambled; pink, Foreign; 793 

black, sham). Asterisks mark statistically significant differences (p<0.02, remained 794 

significant after FDR correction at q=0.05) between each speech condition and the sham 795 

condition. Shaded highlights denote SEM across participants. Below each frequency and 796 

state are corresponding normalized ITPC topographies (Methods) in response to 797 

Intelligible speech. Note that NREM sleep is associated with significant ITPC at the 798 
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syllabic/acoustic rate (4 Hz) for all conditions, but disrupted ITPC at frequencies of high-799 

level linguistic structures. (B) ITPC spectrum for wakefulness (top) and REM sleep 800 

(bottom; n=13). ROI, colors, gray shading and topographies as in A. Note that REM sleep 801 

is associated with significant ITPC at the syllabic/acoustic rate (4 Hz) for all conditions, 802 

but no significant ITPC at frequencies of high-level linguistic structures. (C) Grand-mean 803 

event-related potentials (ERPs) from the mid-central ROI in wakefulness (top), REM 804 

sleep (middle) and NREM sleep (bottom) during 12 sec trials and ±2 sec pre- and post-805 

trial. Blue, Intelligible speech; Gray, Sham condition. Gray shading represents the root-806 

mean-square (RMS) of ongoing activity (without stimulation). Note that in all states, the 807 

magnitude of evoked responses exceeds ongoing activity. 808 

 809 

Table 1. 810 

Statistical significance of ITPC analyses across states. The table includes p-values 811 

comparing each speech condition (intelligible / scrambled / foreign) to the sham 812 

condition (no stimulation), separately for each frequency of interest. Comparisons were 813 

performed via paired t-tests (whenever normality was confirmed) or Wilcoxon 814 

(otherwise). Statistically significant p-values after FDR correction at q=0.05 are marked 815 

in bold font, while non-significant p-values are colored in gray. Rows (top to bottom) 816 

mark full analysis during wakefulness (n=21), wakefulness dataset matched to NREM 817 

sleep (n=17, fewer trials), wakefulness dataset matched to REM sleep (n=13, fewer 818 

trials), NREM sleep, and REM sleep. Note that the response at the syllabic/acoustic level 819 
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(4 Hz) was robustly significant across all conditions, whereas significant responses at 820 

frequencies corresponding to higher-order linguistic structures were only observed for 821 

intelligible speech during wakefulness. 822 












