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Abstract 
The cortical oscillatory framework proposes that neural 

oscillations at different frequency bands track linguistic 
structure in speech. Some scholars argue that neural tracking 
can be dissociated to some extent from the encoding of cues in 
the speech signal, whereas others have emphasized neural 
tracking at different timescales, matching stimuli specific 
properties. The modulations of the amplitude envelope, which 
mostly capture prosodic information, have been shown to play 
a key role in the process, suggesting that prosody is central to 
the neural tracking of speech. The aim of this study was to 
isolate prosodic processing from morphosyntactic and semantic 
processing to investigate neural tracking of prosodic structure. 
Using delexicalized speech (with the original syllables replaced 
by a single syllable, e.g., /mi/), we show that 
neurophysiological signals in the delta and theta bands track the 
rates of the utterance (~0.4-0.7Hz), the intonational phrase (IP, 
~0.9-1.2Hz), the prosodic word/stress (~1.5-2.5Hz), and the 
syllable (~4-6Hz). Moreover, the evoked power spectrum of 
EEG responses distinguished between stimuli with a one-IP-
utterance (larger power at the utterance rate) and stimuli with 
the utterance comprising two IPs (larger power at the IP rate). 
These results indicate that prosody alone is sufficient to drive 
neural tracking at different timescales. 
Index Terms: neural oscillations, prosodic structure, EEG, 
delexicalized speech 

1. Introduction 
Within the cortical oscillatory framework that emerged from 
developments in the neurophysiology of speech processing ([1], 
[2], for recent reviews), it is proposed that neural oscillations at 
different frequency bands track linguistic structure in speech. 
Some scholars argue that neural tracking can be dissociated to 
some extent from the encoding of cues in the speech signal (e.g., 
[3], [4]) whereas others have emphasized neural tracking at 
different timescales, matching stimuli specific properties ([e.g., 
[5], [6]). Among the latter, several studies have focused on 
timescales that can be related to word prosody and phrasal 
prosody: namely, the word, stress or stressed syllable rates, and 
the intonational phrase rate (e.g., [5]–[9]). Importantly, the 
amplitude envelope has been shown to play a key role in the 
process, and several researchers have argued that the amplitude 
envelope mostly captures prosodic information ([7], [10]). 
According to this view, prosody would have a central role in the 
neural tracking of speech. 

Notwithstanding differences across languages, individuals 
or even stimuli types ([6], [7], [11]), speech seems to be 
generally characterized by a syllable rate around 5 Hz, a 

prosodic word or stress rate around 2 Hz, and an intonational 
phrase rate around 1 Hz. Neural oscillations in the delta (0-4 
Hz) and theta (4-8 Hz) bands have been proposed to track these 
rates in the speech signal, providing a powerful prosodic 
chunking mechanism ([1], [5], [6], [9]). However, it is still 
unclear whether neural tracking requires the presence of 
morphosyntactic and/or semantic information, beyond prosodic 
information. Very few studies have tried to experimentally 
isolate these different levels. In [4], stimuli with sequences of 
monosyllabic Mandarin Chinese words that formed syntactic 
phrases and sentences, but had no phrase-level prosodic cues, 
were presented to Mandarin and American English adult 
speakers. Both groups showed neural responses at the theta 
band, signaling the syllable rate, but only the Mandarin 
speakers showed neural responses at the delta band, indicating 
the processing of syntactic phrases and sentences. While these 
results showed that knowledge of Mandarin Chinese grammar 
is required for phrase-level processing in the absence of 
prosodic cues, they did not rule out the possibility that neural 
oscillations in the delta band might respond to prosodic 
information in the absence of morphosyntactic information. 
Using naturally produced Mandarin utterances, that included 
both morphosyntactic and prosodic information, and pseudo-
word utterances, that contained some morphosyntactic 
information but no valid words, [12] found that native speakers 
had similar patterns of neural oscillations in the delta and theta 
bands in both conditions. This finding suggests that neural 
oscillations in these bands are not tracking lexical semantic 
differences. However, some morphosyntactic and prosodic 
information still co-occurred in the stimuli. 

The aim of current study was to isolate prosodic processing 
from morphosyntactic and semantic processing to investigate 
neural tracking of prosodic structure. In an EEG experiment, 
delexicalized speech was used, so that any lexical and 
morphosyntactic information was discarded and only prosodic 
information was preserved. 

2. Methods 

2.1. Participants 

Fifteen native speakers of European Portuguese participated in 
the study (11 females, 4 males; age range = 18-30 years; mean 
age = 21.4). All the participants reported to have studied 
English in school, and some had varying degrees of proficiency 
in other languages. They were all right-handed, and reported 
normal hearing and no history of cognitive or language 
difficulties. All participants provided written informed consent 
after a detailed explanation of the procedure, prior to their 
participation in the study. 
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2.2. Stimuli 

We used stimuli from [13], [14]. First, eight pairs of utterances 
were naturally produced by a native European Portuguese 
speaker. The utterances were Subject(S)-Verb(V)-Object(O) 
sentences with 3 prosodic words each (and thus 3 stressed 
syllables), and a length of 9-10 syllables. The utterances were 
either produced without an internal intonational phrase 
boundary (NB), or with such a boundary following S (WB), as 
illustrated by the utterance pair in (1). The boundary location 
was not triggered by syntax, corresponding to optional prosodic 
phrasing in the language ([15]). 
(1) a. [A rapariga brinca na sala]IP 
      b. [A rapariga]IP [brinca na sala]IP 
         ‘The girl plays in the room’ 

Acoustic analysis revealed that the two prosodic groupings 
NB and WB were clearly distinguished by the pitch range and 
duration of the boundary syllable (e.g., ‘ga’ in the examples in 
(1) ), as shown in Table 1. There was no pause after the 
intonational phrase (IP) boundary. 

Table 1: Acoustic analysis of the stimuli (from [15] ).  

Condition Mean (SD) t-test 
NB_pitch range (Hz) 8.69 (6.66) -47.78,           

p < .001 WB_pitch range (Hz) 113.84 (17.17) 
NB_duration (ms) 167.22 (36.76) -24.12,           

p < .001 WB_duration (ms) 351.89 (80.68) 
 

The eight pairs of utterances were then delexicalized using 
Mbrola. All CV(C) syllables in each sentence were replaced by 
/ba/, /na/, /mi/, /ti/, /pu/, /lu/, with occasional codas replaced by 
the fricative /S/. Thus, 112 manipulated utterances are obtained 
(8 utterances x 2 prosodic conditions x 7 syllables), 56 of the 
NB type and 56 of the WB type. The manipulation removed all 
the semantic and syntactic information, but preserved all the 
prosodic information of the original sentences. Manipulated 
versions of the sentences in (1) are depicted in Fig. 1.  

As illustrated in Fig. 1, the different prosodic levels of 
interest were annotated for each of the 112 sentences in Praat, 
namely the syllable, the stressed syllable (that defines the 
presence of a prosodic word), and the IP. The full sentence 
corresponded to the utterance. Taking into account the duration 
of each sentence, the syllable rate, the prosodic word/stress rate, 
the IP rate and the utterance rate were computed. The mean 
rates were then obtained for each sentence, within the NB and 
WB groups. Finally, the minimum and maximum rates were 
used to define the frequency range of each rate in the speech 
signal (Table 2). 

For the EEG experiment, sound files containing a sequence 
of 8 utterances (pseudo-randomized) were created. Each of the 
112 items was repeated three times, leading to 42 sound files 
with 8 utterances each. The 8 utterances were concatenated with 
an interstimulus interval (ISI) of 0.8s. The duration of the ISI 
was selected to ensure that the utterances could be perceived as 
distinct stimuli at the neuronal level ([16], [17]). The first 4 
items in a sound file were either NB or WB and the remaining 
4 items were either WB or NB. Thus, of the 42 sound files, 21 
were initiated by the NB condition, and 21 initiated by the WB 
condition. Each trial in the EEG experiment consisted of one 
sound file. The 42 trials were randomly presented. 

 

 
Figure 1: Examples of delexicalized utterances without 

(NB, top) and with (WB, bottom) the internal IP 
(marked with break index 4, following P-ToBI). 

Table 2: Rates (Hz) of the different prosodic levels in 
the speech signal.  

Prosodic level Minimum Maximum 
Syllable 4.09 6.20            

2.36 Prosodic word/stress 1.56 
IP 0.91 1.17  

0.62           Utterance 0.45 
 

2.3. EEG data collection 

The experiment was carried out in a shield and soundproof 
booth. Audio stimuli were presented at a constant and 
comfortable hearing level through a speaker placed in from of 
the participant. Eprime software was used for stimuli 
presentation. Participants heard the 42 trials in 3 blocks of 14 
trials, with short breaks between blocks. Participants were 
given the task to identify how many different consonants, or 
vowels were present in each trial, to ensure that they would pay 
attention to the stimuli. The answers to these questions were not 
used in the study. The experiment lasted around 18 min. 

The EEG was continuously recorded with a Neuroscan 
system (SynAmps RT Amplifier, Compumedics NeuroScan, 
Victoria, Australia) from 32 Ag/AgCI electrodes mounted in an 
elastic cap (Quik-cap, Compumedics, NeuroScan, Victoria, 
Australia) according to the international 10-20 system, at a 
sampling rate of 1000Hz. The EEG was referenced online to the 
mastoids. Impedances were kept below 10 kΩ.  
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2.4. EEG preprocessing 

EEG data were processed using MATLAB toolboxes (The 
MathWorks Inc.). The EEG signal was band-pass filtered (0.5-
45 Hz) with a finite impulse response (FIR) filter with a 
Hamming window and without phase change, using EEGLAB 
software [18]. The data was down sampled to 512 Hz before 
subsequent analyses. The noisy components in the EEG data 
were eliminated using a modified PCA procedure within the 
EEGLAB. In addition, we employed spherical interpolation to 
address discrepancies in channels that differed significantly 
from the average. Finally, to remove any artifact, the signal was 
further decomposed into independent components (ICA), and 
any components that represented an atypical artifact to the 
common EEG signal were manually removed using EEGLAB.  

2.5. Evoked power spectrum of EEG responses 

The evoked power refers to the power of EEG responses that 
are induced by the auditory stimulus [19]. It corresponds to the 
averaged power spectrum of the EEG response across multiple 
trials. To compute the evoked power spectrum the EEG 
response in each trial, the response was firstly converted into 
the frequency domain through DFT. Assuming that 𝑋!(𝑓) 
represents the DFT of the trial k, one can compute the evoked 
power spectrum of such trial using equation 1, where K is the 
number of trials ([20]). 

 𝐸(𝑓) = |∑ $!(&)! |"

(
 (1) 

2.6. Multivariate temporal response function (mTRF) 

Temporal Response Functions (TRFs) are generative models 
used to describe how a system encodes specific information 
over time ([21]. There are various mathematical approaches to 
explain the relationship between a stimulus and the 
corresponding response. Among these methods, linear 
convolution stands out as the most employed. In this study, we 
applied a multivariate TRF (mTRF) following the pipeline 
proposed in [22]. TRFs were applied in a backward direction to 
assess the extent to which the stimulus envelope is encoded in 
the neuronal response. The backward mTRF reconstructs 
stimulus information by utilizing data from all EEG channels, 
through a multivariate approach. 

Mathematically, the backward model can be defined as in 
equation (2), where the estimated stimulus envelope s((𝑡) 
sampled at times t = 1…T is derived as a linear combination of 
the convolution between the neuronal responses, r(𝑡, 𝑛), from 
each channel n =1…N, and their respective unknown channel-
specific TRF denoted as g(𝜏, 𝑛). The TRF, g(𝜏, 𝑛),  represents 
the decoder for a specified range of time lags relative to the 
instantaneous neuronal response, typically ranging from 0 to 
250 milliseconds based on prior work ([23]–[27]).  

 s((𝑡) = 	∑ ∑ r(𝑡 + 𝜏, 𝑛)g(𝜏, 𝑛))*  (2) 

For the mTRF, the EEG signal was further down sampled 
to 100 Hz. To improve the signal-to-noise ratio, we employed 
an average of the EEG responses for each of the 112 sentences 
as the input of the mTRF.  

The auditory signals’ envelopes were derived by taking the 
absolute value of their analytic signals obtained through the 
Hilbert transform. Following this, the acoustic envelopes 
underwent filtering between 0.5 Hz and 15 Hz using 
Butterworth filters, and were then down sampled to 100 Hz to 
match the EEG signal [22].  

The quality of the envelope tracking within each frequency 
band was assessed by the leave-one-out cross validation per 
subject using the toolbox developed by Crosse et al. [21]. To 
make the cross-validation more efficient, the EEG response for 
each sentence and each auditory signal's envelope were 
normalized using the nt_normcol function. Each normalized 
average sentence was used once as the test set, while the 
remaining trials were allocated to the training set. Following the 
training phase of the model, the average TRF was convolved 
with the test EEG data to estimate the stimulus. 

Pearson correlation coefficient (r) was employed to assess 
the degree of correlation between the reconstructed stimulus 
envelope and the original stimulus. Moreover, this procedure 
was iterated across 12 distinct learning coefficients (λ), 
spanning from 10-3 to 108 ([21]). The average r value 
corresponding to the optimal λ was selected for subsequent 
analysis. 

To assess whether the stimulus reconstruction using real 
EEG data outperformed what could be achieved by chance, we 
employed random permutation statistics. The random 
permutation approach included reversing the stimulus envelope 
and applying a circular shift. This procedure allowed us to 
calculate the correlation of a random stimulus reconstruction (r) 
for each participant ([22], [26]). 

3. Results 

3.1. EEG bands within Delta respond to prosodic structure 

We first analyzed the power spectrum of EEG responses (Fig. 
2), to determine whether frequency peaks could be found in the 
regions of the rates of the different prosodic levels in the speech 
signal (indicated in Table 2), and whether differences could be 
found between the NB and WB conditions that reflected the 
differences in prosodic structure.  

 
Figure 2: Evoked power spectrum of EEG responses. 
Solid lines indicate the mean per condition (NB, WB), 

and the shading plots the standard deviation. 

The averaged power spectrum shows clear prominent peaks 
within the large delta range, in particular two peaks in the low 
delta region matching the utterance (~0.4-0.7 Hz) and IP (~0.9-
1.2 Hz) rates, and a peak in the high delta region matching the 
prosodic word/stress rate (~1.5-2.5 Hz). A clear prominent peak 
in the theta band (~4-6 Hz), matching the syllable rate, was not 
found. A comparison between the power of EEG responses in 
NB and WB, in the bands that matched the different prosodic 
rates, revealed significant differences for utterance (t(16.23) 
= 3.68, p < 0.01, d = 1.35) and IP (t(21.75) = - 2.69, p < 0.05, d 
= - 0.98), but not for prosodic word/stress (t(28) = 0.21, p = 
0.84, d = 0.08) and syllable (t(28) = 1.20, p = 0.24 d = 0.44). 
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The data indicate that the NB stimuli produced a ~0.4-0.7 
Hz response stronger than the WB stimuli, whereas the WB 
stimuli produced a ~0.9-1.2 Hz response stronger than the NB, 
reflecting the difference in prosodic structure between the two 
conditions. By contrast, the EEG responses in the high delta 
(prosodic word/stress) and theta bands (syllable) were similar 
across condition, in line with the absence of differences at these 
prosodic levels. 

3.2. Neural oscillations track prosodic structure 

To examine the presence and strength of cortical tracking at the 
different frequency bands, the backward mTRFs were analyzed 
in seven frequency bands of interest created employing zero-
phase Butterworth IIR filters: delta (0.5-4 Hz), theta (4-8 Hz), 
alpha (8-12 Hz), as in [26], and utterance (0.4-0.7 Hz), IP (0.9-
1.2 Hz), prosodic word/stress (1.5-2.5 Hz), and syllable (4-6 
Hz), matching the prosodic rates found in the speech signal. For 
the broader bands (delta, theta, and alpha), transition band 
widths of 1 Hz were applied, while narrower bands (utterance, 
IP, stress, and syllable) had transition band widths of 0.2 Hz. 
Cutoff frequencies were set at -6 dB. mTRF analysis was 
independently applied to each band of interest. 

 
Figure 3: Grand averaged stimulus reconstruction 

values (Pearson’s r) per frequency band and 
condition. Random values in light grey. 

The Pearson’s correlation results for the large delta, theta 
and alfa bands are given in Fig. 3, showing stronger tracking of 
the speech signal by cortical delta and theta. A 3 (frequency 
band) x 2 (data type: real r, random permutation r) x 2 
(condition: NB, WB) ANOVA revealed an effect of data type 
(F(1,168) = 251,61, p < 0.001, η2 = 0.60), with the real data 
significantly higher than the random permutation data. A 
significant effect of frequency band was also found (F(2,168) = 
23.50, p < 0.001, η2 = 0.22), reflecting the stronger cortical 
tracking at delta and theta relative to alfa (confirmed by 
multiple comparisons: alfa-delta p < 0.001, 95% C.I. = [-0.034, 
-0.014; alfa-theta p < 0.001, 95% C.I. = [-0.033, -0.013]; delta-
theta p = 1). There was no effect of condition (F(1,168) = 0.01, 
p = 0.93, η2 = 0.00), or interaction between band and condition 
(F(2,168) = 1.44, p = 0.24, η2 = 0.02), highlighting the absence 
of differences in cortical tracking across conditions. 

Once established the presence of strong cortical tracking in 
large delta and theta, cortical tracking in the frequency bands 
matching the prosodic rates in the speech signal was examined 
(Fig. 4). A 4 (frequency band) x 2 (data type) x 2 (condition) 
ANOVA showed the expected effect of data type (F(1,224) = 
340.23, p < 0.001, η2 = 0.60), and an effect of band (F(3,224) = 
3.46, p < 0.05, η2 = 0.04). No effect of condition was found 
(F(1,224) = 0.34, p = 0.56, η2 = 0.00). However, the 
band*condition interaction was borderline significant (F(3,224) 
= 2.60, p = 0.05, η2 = 0.03). Further analyzes per frequency 

band showed that only in the lower delta band corresponding to 
the IP rate there was a significant difference between NB and 
WB (utterance, F(1,56) = 0.34, p = 0.56, η2 = 0.01; IP, F(1,56) 
= 9.45, p < 0.01, η2 = 0.14; stress, F(1,56) = 0.28, p = 0.60, η2 
= 0.01; syllable, F(1,56) = 1.39, p = 0.24, η2 = 0.02). 

 
Figure 4: Grand averaged stimulus reconstruction 
values (Pearson’s r) per prosodic-driven frequency 

bands and condition. 

The finding of a significantly stronger cortical tracking in 
the lower delta band matching the IP rate in the WB condition 
reflects the differences in the prosodic structure of the stimuli. 

4. Discussion 
In the current paper we examined whether neural oscillations 
responded to prosodic information in the absence of lexical, 
morphosyntactic and semantic information. Using 
delexicalized speech, we show that neurophysiological signals 
in the delta and theta bands track the rates of the utterance (~0.4-
0.7Hz), the intonational phrase (IP, ~0.9-1.2Hz), the prosodic 
word/stress (~1.5-2.5Hz), and the syllable (~4-6Hz). The 
evoked power spectrum of EEG responses distinguished 
between stimuli with a one-IP-utterance (larger power at the 
utterance rate) and stimuli with the utterance comprising two 
IPs (larger power at the IP rate). Along similar lines, low delta 
tracking at the IP rate was stronger in the latter type of stimuli 
than in the former. These results indicate that cortical signals 
track the prosody in the speech signal, reflecting differences in 
prosodic structure. 

By experimentally isolating prosodic processing from 
morphosyntactic and semantic processing, our study is the first 
to show, to the best of our knowledge, that prosody alone is 
sufficient to drive neural tracking at different timescales. Thus, 
our findings further highlight the role of neural oscillations, 
especially in the delta band, as a chunking mechanism aligned 
with speech prosody ([1], [5], [6], [9]). Given prosodic 
bootstrapping theories of language acquisition ([28]), the early 
development of cortical tracking by delta band neural signals in 
infancy ([22]), and the role of prosody in several language 
disorders ([7]), the present findings may contribute to advance 
our understanding of how prosody shapes language learning, 
language processing, and language impairments.   
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