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Abstract

Music and speech encode hierarchically organized structural complexity at the ser-
vice of human expressiveness and communication. Previous research has shown
that populations of neurons in auditory regions track the envelope of acoustic signals
within the range of slow and fast oscillatory activity. However, the extent to which
cortical tracking is influenced by the interplay between stimulus type, frequency band,
and brain anatomy remains an open question. In this study, we reanalyzed intracra-
nial recordings from thirty subjects implanted with electrocorticography (ECoG) grids
in the left cerebral hemisphere, drawn from an existing open-access ECoG database.
Participants passively watched a movie where visual scenes were accompanied

by either music or speech stimuli. Cross-correlation between brain activity and the
envelope of music and speech signals, along with density-based clustering analy-
ses and linear mixed-effects modeling, revealed both anatomically overlapping and
functionally distinct mapping of the tracking effect as a function of stimulus type and
frequency band. We observed widespread left-hemisphere tracking of music

and speech signals in the Slow Frequency Band (SFB, band-passed filtered
low-frequency signal between 1-8Hz), with near zero temporal lags. In contrast,
cortical tracking in the High Frequency Band (HFB, envelope of the 70—120Hz band-
passed filtered signal) was higher during speech perception, was more densely con-
centrated in classical language processing areas, and showed a frontal-to-temporal
gradient in lag values that was not observed during perception of musical stimuli. Our
results highlight a complex interaction between cortical region and frequency band
that shapes temporal dynamics during processing of naturalistic music and speech
signals.
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Introduction

Music and speech encode hierarchically organized structural complexity and support
emotional and semantic expressiveness in human communication [1-7]. To achieve
this goal, small structural units (e.g., notes or syllables) are linearly combined to
build up longer units (e.g., phrases or sentences), establishing non-linear relation-
ships between high-level abstract representations. Hence, understanding how the
brain physiologically supports perception of music and speech is of great importance
for cognitive and auditory neuroscience.

Because both signals deploy in time, hierarchical structure is physically embed-
ded in the modulation of a signal’s amplitude over time (i.e., the acoustic envelope),
which can be quantitatively assessed via power density and Fourier analyses.
Across multiple languages and different musical genres, music and speech signals
are characterized by spectral peaks at around 2Hz and 5Hz, respectively, which
roughly correspond to the mean note rate [8,9] and the mean syllabic rate [9,10].
Despite subtle differences in their temporal dynamics, perception of both music and
speech requires the ability to track multiple structural units and their dependencies.
This has led to propose that the neural architecture supporting perception of both
signals must derive from similar evolutionary affordances and must be supported by
shared neural mechanisms [2,11,12].

During the perception of music and speech, neuronal populations track tempo-
ral regularities across different hierarchical levels within the signal, a phenomenon
known as cortical tracking. Cortical tracking of structural units, such as notes and
phrases, and of acoustic features, such as rhythm, melody, and modulations in the
signal’s envelope, has been observed within the Slow Frequency Band (SFB, band-
passed filtered low-frequency signal between 1-8Hz) activity during perception of
musical stimuli [13—17]. This tracking has been shown to be modulated by several
factors, including note rate [14], musical expertise [13], stimulus familiarity [18] and
stimulus complexity [19]. Similarly, during speech perception, brain activity within the
same frequency band (i.e., SFB) tracks structural units, such as syllables, words and
phrases, and acoustic features such as word onsets and amplitude modulations in
the signal’s envelope [17,20—-26]. SFB tracking of speech signals is modulated by fac-
tors such as syllabic rate [20,22], speech intelligibility [22,27,28] and attention [29,30].

Neural tracking of music and speech has also been observed within the range of
High Frequency gamma Band (HFB, >70Hz) activity, particularly through the modu-
lation of HFB amplitude [22,23,31-34]. During perception of music, cortical tracking
of the acoustic envelope and various other acoustic features, including pitch, voice,
and melody, has been associated with both time-locked and sustained HFB neural
responses in regions such as the superior temporal, middle temporal, supramar-
ginal, and dorsolateral prefrontal cortices [32,33,35-38]. Similarly, during speech
perception, HFB tracking of structural units, such as syllables, words and phrases,
and of the acoustic features such as pitch, peak rate, syllable onsets, and the
signal’s envelope, has been observed in the superior temporal regions and ventro-

magnitude from perisylvian and prefrontal areas toward primary auditory regions
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[31]. Despite their limited spatial resolution and signal-to-noise ratios compared to intracranial recordings, MEG and EEG
studies corroborate HFB tracking of the speech envelope in temporal electrodes and source-reconstructed auditory areas
[41,42].

Studies using invasive methods such as electrocorticography and stereotactic EEG have demonstrated that neural
tracking of acoustic signals is widely distributed in cortical space, exhibiting little or no anatomical regional selectivity
based on stimulus type [35,36,39]. These findings contrasts with findings from fMRI studies, which indicate anatomical
specialization for speech in ventrolateral prefrontal regions and for music in dorsolateral prefrontal and inferior parietal
regions [43—48]. Despite this apparent discrepancy, recent evidence points to selectivity depending on the type of infor-
mation being tracked. One previous study reported that posterior portions of the Superior Temporal Gyrus (STG) are more
sensitive to syntactic complexity in speech stimuli, whereas posterior portions of the Middle Temporal Gyrus (MTG) show
greater sensitivity to music complexity [49]. Furthermore, selectivity across frequency bands has also been observed:
while the envelope of the music and speech acoustic signals is similarly tracked by both SFB and HFB activity, acoustic
edges, which correspond to the peak rate of temporal modulations in the acoustic signals, are more accurately predicted
by activity in the SFB [39]. These findings therefore suggest a more intricate interplay between stimulus type, frequency
band, and brain anatomy, highlighting the need for further investigation to fully characterize these interactions.

Here, we analyzed an open-access database of electrocortical recordings acquired during naturalistic, multimodal
perception of music and speech stimuli [50]. Prior to surgical procedures, patients passively watched 30-second videos
containing either music (multi-instrument clips) or speech (single voice and dialogues) audios, while brain activity was
recorded. Data from a subsample of 30 subjects with electrode grids located in left prefrontal, motor, premotor, somato-
sensory and/or temporal regions was analyzed, thus offering a coverage of most left-hemisphere cortical areas involved in
music and speech perception. Specifically, we aimed to understand the anatomical organization and temporal dynamics
underlying the neural tracking of music and speech, examining both slow (1-8Hz) and fast (70-120Hz) oscillatory bands
known to be involved in perception and processing of both acoustic signals.

To quantify cortical tracking of music and speech in a straightforward way, we conducted cross-correlation analy-
ses between the cochlear envelope of acoustic signals and the bandpass-filtered brain signals (SFB, the brain activ-
ity filtered between 1-8Hz; and HFB, the amplitude modulation of the 70—120Hz filtered brain signal). To investigate
whether frequency-band-dependent tracking effects can be mapped to similar or different cortical areas, we conducted
density-based clustering analyses. Finally, to investigate the effect of condition and cortical region in the strength of the
tracking effect and its temporal dynamics, we conducted mixed-effects modeling analyses using maximum correlation and
temporal lags as the predicted variables, and frequency band (SFB, HFB), stimulus type (music, speech), and anatomical
location of electrodes (cortical region) as regressors, while controlling for the within-subject nature of the data and differ-
ences in ECoG grid locations across subjects as potential random effects.

Materials and methods

Data was obtained from a publicly available dataset [50] collected at the University Medical Center Utrecht from 63
patients who underwent intracortical electrode implantation as part of diagnosis procedures for resection surgery due to
a clinical history of drug-resistant epileptic seizures. For this study, we used data from a subsample of 30 subjects (mean
age=27.33, SD=15.28, 19 females, see supplementary Table S1 in S1 File), selected on the basis of electrode grid
coverage (i.e., only patients with grids in left prefrontal, motor, premotor, somatosensory and/or temporal regions). Lan-
guage dominance for all subjects was localized to the left hemisphere (Table S1 in S1 File). This resulted in a total number
of 1,858 electrodes across all subjects (mean=61.93, SD=19.09, supplementary Table S2 in S1 File) distributed across
left-hemisphere prefrontal, central and temporal regions (Figure S1in S1 File).

Participants were passively presented 30-second interleaved excerpts from the movie “Pippi on the run” (Parymmen
med Pippi Langstrump, 1970) dubbed to the Dutch language, where visual scenes were accompanied by music (7 blocks)
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or speech (6 blocks) stimuli. All visual and auditory excerpts were different from one another. The task was originally
designed as part of a language mapping procedure prior to surgical intervention. All participants and legal guardians,
when applicable, provided their informed consent to participate in the study and to make their de-identified data publicly
available [50]. Procedures were reviewed and approved by the Medical Ethical Committee of the University Medical Cen-
ter Utrecht in accordance with the Declaration of Helsinki (2013).

Data analysis

Acoustic signals. Acoustic data was analyzed using MATLAB Version 9.6.0 (2019a). The acoustic signal was
extracted from the audiovisual stimulus and segmented according to stimulus type (speech or music). The last musical
segment was excluded from analyses to have a balanced number of segments across the two conditions. The segmented
signals were then downsampled to 16,000Hz. Next, each segment’s auditory representation in the human cochlea was
obtained by detrending, resampling (200Hz), and filtering each signal in 128 logarithmically spaced frequencies within
the range of human audition (180-7,246Hz). The cochlear spectrogram was obtained using the NSL toolbox [51]. Finally,
signals were averaged across the 128 frequencies to obtain the cochlear envelope of each acoustic segment. For each
envelope, the Power Spectral Density was obtained using Welch’s method.

ECoG and neuroanatomical data preprocessing. Electrophysiological and neuroanatomical data was preprocessed
using Brainstorm [52]. Electrodes were first re-referenced to the local average of each individual ECoG grid. Next, data
was bandpass filtered between 0.5 and 120Hz using an FIR Keyser filter (attenuation level=60 dB, Order=3714). A
second-order IIR notch filter was applied to remove line noise (50Hz) and harmonics (100Hz). Then, electrodes reported
as bad in the original dataset and additional noisy channels visually identified on the basis of their power spectrum
properties via Welch’s PSD analysis were rejected from further analysis (mean=23.5, SD=4.6).

To inspect ECoG grid location, electrodes were plotted against each subject’s cortical surfaces, which are available in
the original dataset. After replicating individual electrode locations for each participant, we then projected all electrodes
in the MNI-ICBM152 cortical template (Figure S1in S1 File). In a few cases, this procedure resulted in spatial distortion
of some electrodes due to conversion between coordinate systems. In such cases, electrode location was corrected by
visually comparing the electrode’s position in the subject’'s anatomy and relocating it if necessary to the corresponding
anatomical area in the common cortical space. For more details on structural MRI preprocessing and post-surgical grid
corregistration procedures in the original data, see Berezutskaya et al., 2022.

Electrophysiological signals were then bandpass-filtered and epoched using Fieldtrip [53]. A third order Butterworth
[IR filter was used to obtain continuous brain signals within the Slow Frequency Band (SFB, 1-8Hz) and High-Frequency
Band (HFB, 70—-120Hz). For the latter frequency band, the envelope was obtained by extracting the absolute value of the
signal’s Hilbert transform. Finally, data was epoched into twelve 30-second segments, corresponding to the six music and
six speech clips.

Cross-correlation analysis. Cross-correlation analyses were conducted using MATLAB Version 9.6.0 (2019a) and
9.14.0 (2023a). The cross-correlation function was estimated for each electrode between the z-normalized brain signals
and the z-normalized cochlear envelopes of the music and speech segments. This was done per subject, for the two
frequency bands of interest (SFB and HFB). Previous studies have used small temporal windows of approximately 500ms,
which excludes the slowest temporal modulations in the acoustic signals. Here, we used a maximum lag of £400 samples,
corresponding to a four-second window between -2000 and 2000ms. This is in line with findings that larger temporal
windows are associated with better model performance in decoding analyses of brain signals using Artificial Neural
Networks [54]. In the current work, no analyses were conducted between the brain signals and information in the visual
modality.

The maximum correlation coefficient and its corresponding temporal lag were extracted from the correlation function.
The mean coefficient estimates and corresponding temporal lags were obtained by averaging across the values for the
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six segments within each condition at the subject level (Fig 1b, for data distributions see supplementary Figure S2 in S1
File). Statistical significance was estimated for each individual by obtaining a null distribution of cross-correlation coeffi-
cients via permutation (Fig 1b). For each subject, the cross-correlation function was estimated 1,000 times between the
z-normalized brain signals and the z-normalized cochlear envelopes of six randomly generated white-noise signals per
condition. P-values for the observed data were subsequently obtained by estimating the probability of observing the same
or more extreme cross-correlation coefficients given the empirically-obtained null distributions. The threshold for statistical
significance was set at an alpha value of 0.001.

Density-based cluster analysis. All statistically significant electrodes across our 30 subjects were then plotted in
a normalized cortical space (MNI-ICBM152). Electrodes that significantly correlated with the acoustic envelope were
identified by performing multiple comparisons (i.e., 1858 electrodes were studied). Accordingly, a high number of false
positives was expected, even if a more conservative alpha value was chosen a priori. Because the permutation procedure
is agnostic to the anatomical location of electrodes, and in order to identify cortical regions where the group-level effect
was localized, we additionally conducted a density-based cluster classification analysis on the collapsed data across
all subjects using the DBSCAN algorithm [55] as implemented by MATLAB. The assumption was that the overall effect
of cortical tracking should be more pronounced in task-relevant cortical regions. DBSCAN should therefore spatially
constrain any statistical effect in a data-driven manner to functionally relevant cortical areas, while excluding isolated
electrodes which would otherwise be considered outliers.

Music Speech Cross-correlation analvsis pipeline
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Fig 1. Analysis of acoustic signals. a. Sound waves of representative acoustic segments for music (top-left panel) and speech (top-right panel), their
cochlear spectrograms (middle panels) and cochlear envelope (bottom panels). b. PSD for all music (left) and speech (right) segments. For normaliza-
tion, power at each frequency bin was divided the sum of power values across all frequencies. The red line shows average power across segments.

c. Schematic representation of the cross-correlation analysis. For brain signals (SFB, 1-8Hz, top left and envelope of HFB, 70-120Hz, top right),
cross-correlation was estimated against the cochlear envelope of stimuli signals (middle left) to obtain the maximum correlation coefficient and its corre-
sponding lag (bottom left). A permutation procedure was conducted by estimating the cross-correlation function between SFB and HFB brain signals and
the cochlear envelope of simulated white-noise (middle right), to obtain a null distribution of maximum correlation coefficients which was used to estimate
significance thresholds. Solid black arrows represent the pipeline for real data. Dotted black lines represent the permutation procedure.

https://doi.org/10.1371/journal.pone.0320519.9001

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 5/21



https://doi.org/10.1371/journal.pone.0320519.g001

PLO\Sﬁ\\.- One

DBSCAN requires only two initial parameters: the minimum number of data points for a cluster to be identified and the
minimum radius within which those data points should be contained (i.e., the epsilon parameter). This means that no starting
data point or number of clusters need to be defined a priori, unlike other clustering methods. To derive the optimal param-
eters for the DBSCAN algorithm, we conducted a procedure to obtain the parameter combination that optimized clustering
within each condition. We tested five minimum point values (12—20 in steps of 2) and a range of 21 epsilon parameters (0 to
0.04 in steps of 0.002). A matrix of parameter optimization indices (Ol) was obtained by the following formula.

ol = () « (PC)

where € is the 1-by-21 vector containing the list of possible minimum radii, P is the 1-by-5 vector of possible minimum
data points, Where E is the 5-by-21 matrix containing the percentage of electrodes obtained for each combination of initial
parameters, and C is the 5-by-21 matrix containing the number of clusters obtained by each combination of parameters.
Finally, we normalized OI so that values range between 0 and 1, with 0 indicating poor algorithm performance and 1 indi-
cating optimal performance.

Supplementary Figure S3 in S1 File shows the normalized Ol values as a function of different parameter combinations
for the SFB and HFB analyses. The ideal parameters are those which maximize O/ with the lowest possible cluster
radius and the highest possible number of electrodes within such a cluster. The final parameters used for DBSCAN clus-
tering analyses for each frequency band and stimulus type are provided in Table 1.

Electrode anatomical labeling. DBSCAN returns a numbered list of identified clusters under the specified parameter
combination. We therefore grouped all clusters resulting from DBSCAN analyses as a single group and anatomically
labeled each electrode using the Desikan-Killiany anatomical atlas [56]. We took this approach because clusters were
the result of an algorithmic operation performed in space that is agnostic to brain anatomy, which in practice means that
two small clusters could be identified within the same anatomical region. Electrodes were therefore labeled according to
the cortical area in which they were located by plotting each electrode on the MNI-ICBM152 template against overlaid
parcellations from the Desikan-Killiany atlas. This resulted in nine cortical regions of interest (Table 2), which were used as
categorical predictors in our linear mixed-effects modeling analyses.

Linear mixed-effects modeling. Linear Mixed-Effects (LME) modeling was conducted using the LME4 package [57]
in R (R Core Team, 2023) using R Studio version 2023.6.1 (R Studio Core Team, 2023). Data was modeled for the two
response variables of interest: cross-correlation values and temporal lags. For each LME analysis, the minimum number
of data points within each cortical region for inclusion in the model was set to nine. For music, electrodes within the
STG, MTG, PFC and Supramarginal Gyrus (SG) were included in the analysis. The IFG, premotor cortex, precentral and
postcentral gyri were excluded because not enough electrodes were found within these regions across frequency bands.
For speech, electrodes within the STG, MTG, precentral and postcentral gyri, IFG, and SG were included in the analysis.
Not enough electrodes were found across frequency bands in the premotor or prefrontal cortices, so these regions were
excluded. We additionally performed a joint LME analysis for music and speech including the STG, MTG and SG as
cortical regions of interest.

Table 1. Optimal parameters for density-based clustering analysis. The epsilon (€) parameter

represents the radius of search, and the minimum points stands for the minimum number of
electrodes within the search area for cluster identification.

Frequency band € Min points Olnorm
Music HFB 0.014 12 0.94

SFB 0.012 12 0.92
Speech HFB 0.006 12 1.00

SFB 0.006 16 1.00

https://doi.org/10.1371/journal.pone.0320519.t001
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A forward stepwise model selection procedure using Maximum Likelihood Estimation was conducted to identify the
models that best fit our data (Table 3 and supplementary Tables S3—-S5 in S1 File). Single predictor models for frequency
band and cortical region, including a random intercept for subject, were tested against a null (random intercept-only)
model. If any single-predictor model was significantly better than the null model, the effect of adding terms and interac-
tions while keeping the random intercept unchanged was tested. Once the optimal combination of fixed effect terms was
determined, the effect of adding other random effects was tested. This procedure was conducted for music and speech
separately. However, we additionally conducted a joint LME analysis where condition (music and speech) was considered
an additional fixed effect. Table 3 shows the best models predicting cross-correlation coefficients and temporal lags per
condition with their corresponding Akaike Information Criterion (AIC) and Bayes Information Criterion (BIC). For music, no
model outperformed a null model in predicting temporal lags. For more information on model selection procedures, see
supplementary materials.

Results

We first studied the properties of our acoustic stimuli. Top panels in Fig 1a show the soundwave of two representative
music and speech acoustic segments (see also Figure S4 in S1 File in supplementary materials for all other segments). A
cochlear filter was applied to obtain the approximate spectrotemporal representation of each music and speech segment
in the human cochlea (Fig 1a, middle panels, see methods). Next, the cochlear envelope of each segment was estimated
by averaging across all the cochlear frequencies (Fig 1a, bottom panels). Fig 1b shows the normalized spectral power

for the six music (left) and speech (right) segments respectively, obtained via Welch’s Power Spectrum Density (PSD)
method. PSD analyses show high variability in spectral peaks across the different music and speech segments, consistent

Table 2. Number of statistically significant electrodes per anatomical region. STG, (Superior
Temporal Gyrus), MTG (Middle Temporal Gyrus), PFC (Prefrontal Cortex), IFG (Inferior Frontal
Gyrus), IPL (Inferior Parietal Lobe), SG (Supramarginal Gyrus).

Region Music Speech

SFB HFB SFB HFB
STG 37 16 159 123
MTG 38 33 198 43
PFC 15 28 36 2
IFG 4 4 118 53
IPL 0 12 0 0
Premotor 0 5 24 0
Precentral 5 1 137 46
Postcentral 15 4 95 23
SG 9 28 90 30

https://doi.org/10.1371/journal.pone.0320519.t004

Table 3. Best fit models for each condition and for the collapsed model and for each response variable of interest.
For music, no model was significantly better in predicting temporal lags than a null model.

LME model AlC BIC
Music r~frequency + (1|subject) -1299,136 -1285,854
lag ~ (1+subject) 277.78 287.73
Speech r~frequency*region + (1|subject) + (1|subject:region) -6351,467 -6276,218
lag~frequency*region + (1|subject) + (1|subject:region) 13426,74 13501,99
Both r~frequency*region*condition + (1|subject) + (1|subject:region) -4379.39 -4309.04
lag ~frequency*region*condition + 1(subject) 9624.23 9689.89
https://doi.org/10.1371/journal.pone.0320519.t002
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with the uncontrolled nature of the stimuli. The mean spectrum across music cochlear envelopes, however, shows peaks
at around 0.2, 2 and 5Hz, suggesting that across segments, music signals are somewhat more rhythmic than speech

signals. Analyses confirmed statistically significant weak-to-moderate positive correlations between the six acoustic

envelopes of music (a=0.05, two-tailed, Table 4, top panel). For speech, no clear dominant peak was observed when

the cochlear envelopes were averaged, reflecting marked differences in the temporal structure across the six different
speech segments. This is consistent with the nature of the speech stimuli, which included both monologues and conversa-
tions between multiple individuals. Correlation analysis showed weak negative correlations for the acoustic envelopes of
speech (Table 4, bottom panel).

We then studied neural tracking of the music and speech envelopes. For this, we estimated the cross-correlation

function between the brain and acoustic signals. Fig 1c shows a schematic representation of the cross-correlation anal-
ysis pipeline. For each subject (n=30), we obtained the cross-correlation function between the cochlear envelopes of
the music (n=6) and speech (n=6) segments, and the brain signal recorded at each electrode (n=1858, mean=61.93,
SD=19.09) in the Slow Frequency Band (SFB, 1-8Hz bandpass filtered signal) and the High Frequency Band (HFB,

envelope of the 70-120Hz bandpass filtered signal). For each cross-correlation, we then extracted the maximum

brain-to-stimulus coefficient and its corresponding temporal lag. We finally averaged the coefficients across the six seg-
ments within each stimulus type. Statistical significance was estimated using a null distribution of cross-correlation coeffi-
cients obtained via permutation (n

permutations

where significant electrodes were most densely grouped.
In both frequency bands, permutation and density-based clustering analyses showed a higher number of statistically
significant electrodes tracking speech compared to music (Fig 2). Electrodes tracking the music envelope in the SFB con-
centrated in perisylvian, temporal and prefrontal regions, including the middle and posterior portions of the STG, anterior,
middle, and posterior portions of the MTG and ITG, the lowermost portions of the precentral and postcentral gyri, and the
most anterior portion of the dorsolateral Prefrontal Cortex (dIPFC, Fig 2a, left). For speech, cortical tracking in the SFB
was abundantly found in perisylvian, ventral prefrontal, pre and postcentral, and temporal regions, including the anterior,

Table 4. Correlation across the music and speech segments.

=1000, a=0.001, Fig 1c). Finally, we additionally implemented a density-based
clustering classification analysis using the DBSCAN algorithm to remove spatial outliers and identify cortical regions

Segments
Segments 1 2 3 4 5
1 Music
2 0.397***
3 0.232%x* 0.103***
4 0.442%%* 0.560%** 0.299%**
5 0.290%** 0.253%** 0.012_n.s. 0.225%**
6 0.029%** -0.13 1% 0.147%%* -0.037*** -0.006_ "=
1 Speech
2 0.036_n.s.
3 0.030%** 0.006_n.s.
4 -0.022_n.s. 0.030%** -0.050%**
5 0.049%** -0.102%** -0.042%x* -0.098***
6 0.043%** 0.164%** -0.059%** 0.002_r= -0.006 _"=
“p<0.001,
“p<0.01,
“p<0.05.
https://doi.org/10.1371/journal.pone.0320519.t003
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Fig 2. Statistically significant electrodes and their anatomical localization in the MNI-ICBM152 cortical template. a. and c. Spatial distribution
of significant electrodes in the SFB (a) and HFB (c) after density-based clustering analyses for music (orange) and speech (purple). Electrodes that
show mixed-selectivity (i.e., respond to both stimuli) are presented in green. b. and d. Number of electrodes that survive permutation statistics and
density-based clustering classification in the SFB (b) and HFB (d).

https://doi.org/10.1371/journal.pone.0320519.9002

middle, and posterior portions of both the STG and MTG, the lowermost portions of the SG, middle and lower portions of
the precentral and postcentral gyri, premotor areas, the IFG, and the dIPFC (Fig 2a, middle). In the SFB, the number of
statistically significant electrodes tracking the speech signals (n=823, percent from total=44.22%) was 6.5 times higher
than the number of electrodes tracking the music signals (n=125, percent from total =6.72%, Fig 2b). Interestingly, within
the SFB, 84% of the electrodes tracking the music signals (n=105, percent from total=5.65%) also tracked the envelope
of the speech signals (Fig 2a, right and Fig 2b).

Electrodes tracking music stimuli in the HFB concentrated around PFC and premotor areas, as well as in SG, IPL, STG
and MTG regions (Fig 2c, left). In turn, electrodes tracking speech in the HFB range were more densely concentrated in
perisylvian regions, including the middle and posterior STG, lowermost portions of the precentral and postcentral gyri,
and the middle and posterior portions of the IFG (Fig 2c, middle). There was an approximate two-fold increase in the
number of electrodes showing statistically significant tracking of speech in the HFB (n=320, percent from total=17.22%)
compared to music (n=136, percent from total=7.32%, Fig 2d). Only 18.32% of electrodes tracking the music envelope
also tracked the speech envelope in the HFB. These electrodes were restricted to posterior portions of the STG (n=25,
percent from total=1.34%, Fig 2c, right). For a non-thresholded figure showing the raw distribution of cross-correlation
coefficients and temporal lags prior to statistical analyses, see supplementary Figure S5 in S1 File.

Next, we investigated the organization of cross-correlation values and temporal lags (Fig 3). For tracking of music
signals in the SFB, cross-correlation coefficients (mean=0.09, SD=0.006) showed a gradient of increasing values from
association areas, including anterior portions of the ITG and MTG, towards primary auditory areas and posterior portions
of the STG (Fig 3a, top-left). Temporal lags were maximally concentrated around time zero (mean=12ms, median=50ms,
SD=470ms, Fig 3a, top-right), following a similar gradient with more positive lags found in anterior and middle portions
of the STG (Fig 3c, left). In the HFB, coefficients (mean=0. 096, SD=0.013) showed a more spatially-distributed gradi-
ent, with increasing values toward association areas, including superior parietal, middle temporal, and prefrontal regions
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(Fig 3a, bottom-left). Similar to the SFB, temporal lags for the HFB concentrated around time zero (mean=-14ms,
median=57ms, SD=480ms, Fig 3a, bottom-right), with maximum lags in middle and posterior portions of the STG (Fig 3c,
right).

The cortical tracking effect for the speech signal in the SFB (mean=0.10, SD=0.001) was particularly distributed in
cortical space, with higher coefficients found along the anterior-to-posterior axis of the STG and MTG, but also in portions
of the IFG, precentral gyrus and SG (Fig 3b, top-left). Similar to music, temporal lags for speech in the SFB band con-
verged around zero (mean=-6ms, median=-29ms, SD=470ms, Fig 3b, top-right, Fig 3d, left). In turn, cortical tracking
of the speech signal in the HFB (mean=0.10, SD=0.023) showed a densely grouped distribution and sharp increase
in cross-correlation coefficient values from prefrontal to posterior temporal regions, with a concentration of the highest
cross-correlation coefficients in the middle and posterior STG (Fig 3b, bottom-left). Interestingly, unlike all other conditions,
mean temporal lags in the HFB band were biased towards positive values (mean=440ms, median=490ms, SD=590ms,
Fig 3b, bottom-right). Temporal lags in the HFB followed a similar gradient as cross-correlation coefficients, with more pos-
itive lags (i.e., higher delays) concentrating around the middle portion of the STG (Fig 3d, right). Finally, to investigate the
consistency of our results across stimuli type, we re-analyzed our data using the same analytical pipeline, while randomly

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 10/21



https://doi.org/10.1371/journal.pone.0320519.g003

50

40

Electrode count

10

Music

N sFB HFB

Music

— =

= =

c =

S he

& kS

[ [

£ =

3 g
0.08 @ 0.08

b4 [2]

g g

) 3]

c =

® ©

o o

= =

0.16 0.16

ot
o

x
e
o

[
o
=
o
o
=

2
& &

Speech

[ sFB

250

200

Electrode count

50

Speech
. sFB

HFB

o (ot
o ©

Mean lag (s)
o
»

0.2

-0.2

& é\o QQo &

<&

,@ &@ L L

o &
G
< Q%

Speech

[ sFB HFB

O O @ @ O O
NI

Q< ro}

Fig 4. Anatomical regions of interest and significant effects as per mixed-effects modeling analyses. a. Anatomical location of statistically
significant electrodes after density-based clustering analyses. b. and c¢. Number of electrodes per anatomical parcellation for music (a) and speech (c).
d. Main effect of frequency band for mean cross-correlation values during cortical tracking of music. e. Main and interaction effects for cross-correlation
values during cortical tracking of speech. f. Main and interaction effects for temporal lags during cortical tracking of speech. Whiskers represent the
Standard Error of the Mean (SEM). For all panels, * p<0.05, ** p<0.01, *** p<0.001.

https://doi.org/10.1371/journal.pone.0320519.9004

excluding two segments (corresponding to 33% of the data) at each of ten iterations. Results of these analyses show that
both the magnitude of the effect as well as its spatial organization remain consistent within each stimulus type across all
iterations (Figure S6 in S1 File, supplementary materials).
To quantify the effect of cortical tracking more accurately across anatomical regions, electrodes were next labeled
according to their anatomical location (see methods). Electrodes were classified within one of nine left-hemisphere cortical
areas (Fig 4a and Table 2). Cortical tracking of music was more prominent within the MTG and STG regions in the SFB,
and within the MTG, SG and PFC in the HFB (Fig 4b). For speech stimuli, cortical tracking was higher within MTG, STG
and postcentral regions for the SFB, and within STG and IFG for the HFB (Fig 4c). Next, we resorted to mixed-effects
modeling to investigate how anatomical location and frequency band influence cortical tracking. The two response vari-
ables of interest were cross-correlation coefficients and temporal lags. The fixed effects of interest were frequency band
and cortical region. The random effects of interest were subject (to account for the within-subject nature of the task) and
the interaction between subject and cortical region (to account for the different electrode grid locations across subjects).
We performed a forward stepwise model selection procedure to select the best model explaining the data (see supple-

mentary materials).
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For music, a model including frequency band as fixed effect and subject as random effect best fit the observed
cross-correlation coefficients (AIC=-1299.13, BIC=-1285.85, R ;...,=0.12, R? . =0.04, Table S3in S1 File). This
model showed a statistically significant main effect of frequency (F (1, 184.87) = 9.00, p=0.003, Fig 4d). Estimated
Marginal Means (emmeans) suggested that cortical tracking of the acoustic signals was significantly higher in the HFB
(emmean=0.094, C.I. =[0.092, 0.097]) than in the SFB (emmean=0.089, C.I. = [0.086, 0.092]). However, no model was
significantly better than a null model in predicting temporal lags during cortical tracking of music.

For speech, a model considering the interaction between frequency band and cortical region as fixed effect, and
both subject and the subject-by-region interaction as random effects best explained the cross-correlation coefficients
(AIC=-6351.47, BIC=-6276.22, R?, ;0o =0.19, R?, .., =0.08, Table S4 in S1 File). This model showed a significant
main effect of frequency (F (1, 1066.49) = 25.73, p=4.64e-07) and cortical region (F (5, 162.87) = 8.81, p=2.01e-07),
and a significant interaction between frequency and cortical region (F (5, 1058.98) = 7.47, p=6.71e-07). Post-hoc pair-
wise comparisons showed that cortical tracking of the speech envelope was significantly higher in the SFB compared to
the HFB within the IFG (emmean ., =0.105, Cl =[0.102, 0.108]; emmean ,,=0.095, Cl =[0.091, 0.099], p<0.0001),
MTG (emmean ., =0.10, Cl =[0.101, 0.107]; emmean ,=0.99, Cl =[0.091, 0.10], p=0.022) and precentral gyrus
(emmean ., =0.104, CI =[0.101, 0.108]; emmean ,,=0.0942, Cl =[0.089, 0.099], p<0.0001, Fig 4e), and in the HFB
compared to the SFB within the STG (emmean (., =0.107, Cl =[0.105, 0.110]; emmean . =0.102, Cl =[0.108, 0.114],
p=0.016, Fig 4e). In the HFB, cortical tracking was higher within STG (emmean=0.109, CI =[0.107, 0.112]) compared to
the IFG (emmean=0.100, Cl =[0.097, 0.103], p<0.0001), MTG (emmean=0.102, Cl =[0.099, 0.105], p=0.0002), pre-
central gyrus (emmean=0.993, CI =[0.096, 0.102], p<0.0001), postcentral gyrus (emmean=0.993, Cl =[0.095, 0.103],
p=0.0002) and SG (emmean=0.104, Cl =[0.100, 0.108], p=0.040, Fig 4e). No statistically significant differences were
observed in cross-correlation coefficients across the different anatomical regions for the SFB.

For temporal lags during tracking of speech (Fig 4f), the best model also included frequency, region and their inter-
action as fixed effects, and subject as well as the subject-by-region interaction as random effects (AIC=1611.49,
BIC=1686.74, R%._ iona = 0-25, R, 5 =0-17, Table S4 in S1 File). This model showed significant main effects of fre-
quency (F (1, 1066.70) = 117.27, p<2.20e-16), cortical region (F (5, 150.79) = 3.54, p=0.0047) and the interaction
between frequency and region (F (5, 1060.53) = 7.11, p=1.48e-06). Post-hoc pairwise comparisons showed more pos-
itive lags for HFB compared to SFB within the IFG (emmean , . =114ms, Cl = [-33ms, 262ms]; emmean . =-42ms,

Cl =[-152ms, 67ms], p=0.050), precentral gyrus (emmean ., =260ms, Cl = [99ms, 420ms]; emmean . =18ms, Cl =
[9ms, 128ms], p=0.004), MTG (emmean ., =380ms, Cl = [220ms, 541ms]; emmean . =-23ms, Cl = [-118ms, 72ms],
p<0.0001), postcentral gyrus (emmean ., =431ms, Cl = [219ms, 643ms]; emmean ., =2ms, Cl = [-122ms, 126ms],
p=0.0002), SG (emmean . =455ms, Cl = [266ms, 643ms]; emmean . =32ms, Cl = [-9ms, 154ms], p<0.0001) and
STG (emmean , ,=618ms, Cl = [510ms, 725ms], emmean ., =-59ms, Cl = [-158ms, 40ms], p<0.0001), suggest-

ing that delays between the acoustic envelope of speech and brain signals are higher in the HFB across all cortical
regions of interest. In the HFB, tracking within the STG (emmean=618ms) occurred 503ms later compared to the IFG
(emmean=114ms, p<0.0001) and 358ms later compared to the postcentral gyrus (emmean=260ms, Cl = [100ms,
420ms], p=0.002). No differences in temporal lags across cortical regions were observed within the SFB range (Fig 4f).

Finally, we investigated the overall effect of cortical tracking and temporal lags by designing a joint model for music and
speech. For this, we used a subsample of electrodes corresponding to the cortical regions where a significant effect of
cortical tracking was observed for both music and speech. This included the STG, MTG and the SG (Fig 5a). For mean
cross-correlation values, the model that best fit the data was one including the interaction between condition, frequency
band, and cortical region as fixed effects, and subject and the interaction between subject and cortical region as random
effects (AIC=-4502.26, BIC=-4431.91, R?___ ;0. =0-26, R%, ., =0.17, Table S5in S1 File). Results of this model suggest
a main effect of condition (F (1, 799.99) = 76.49, p=2.0e-16, Fig 5b), where cortical tracking of speech (emmean=0.105,
C.1.=[0.103, 0.107]) is significantly higher than cortical tracking of music (emmean=0.092, C.I. = [0.089, 0.095]). No
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effects were found for frequency band or cortical region. For mean temporal lags, the model included the interaction
between condition, frequency band and region as fixed effects, and a random intercept for subject (AIC=1191.96,
BIC=1257.61, R? ;| jiona=0-22, R? .., =0.20, Table S5 in S1 File). Results of this model (Fig 5c) show statistically signif-
icant main effects of frequency band (F (1, 787.56) = 14.16, p=0.0002), condition (F (1, 776.45) = 13.27, p=0.0003), and
the interaction between frequency and condition (F (1, 749.70) = 35.98, p=3.096e-09). Post-hoc pairwise comparisons
showed that cortical tracking of speech in the HFB (emmean=484ms, Cl = [394ms, 574ms]) occurs, on average, 510ms
later than tracking of speech in the SFB (emmean=-25ms, Cl = [-85ms, 34ms], p<0.0001), 504ms later than tracking of
music in the HFB (emmean=-20ms, Cl = [-147ms, 107ms], p<0.0001), and 385ms later than tracking of music in the SFB
(emmean=99ms, CI = [-39ms, 237ms], p<0.0001). No differences in temporal lags were observed for cortical tracking of
music across frequency bands.

Discussion

Cortical tracking of music and speech has been previously observed in the range of slow (1-8Hz, SFB) and fast (>70Hz,
HFB) oscillatory activity under carefully controlled conditions [13-16,18-20,22,28,29] and under naturalistic perceptual

anatomical region, frequency band and stimulus type exist during perception of naturalistic music and speech stimuli that
might have not been previously observed due to sample size, methodological or analytical limitations. For this, we lever-
age the high spatiotemporal resolution of electrocorticography by reanalyzing a publicly available ECoG dataset collected
during passive perception of naturalistic music and speech stimuli. Our findings highlight both shared and distinct neural
patterns between music and speech processing across different cortical regions, with marked differences in the spectral
and temporal dynamics of brain responses.

Acoustic features of music and speech

The spectral power analysis of the cochlear envelopes revealed substantial variability across the six acoustic segments
of music and speech. This variability was expected given the naturalistic nature of the stimuli. Despite this variability, the
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spectral power distributions of the cochlear envelopes suggest that music tends to be more rhythmic, as evidenced by the
dominant peaks at approximately 0.2, 2, and 5Hz in the music envelopes. In contrast, the speech segments did not exhibit
a prominent peak, indicating more complex and variable temporal patterns, in line with the diverse types of speech stimuli
employed in the study. Correlation analyses showed weak-to-moderate positive correlations within music envelopes, sug-
gesting some degree of temporal coherence across music segments. This is further corroborated by the results showing
weak negative correlations within speech envelopes, which reflects the highly variable temporal structures inherent to
speech, including shifts in rhythm due to conversational interactions or changes in speech style.

Cortical organization of the tracking effect in the slow and fast frequency bands

In line with similar intracortical studies [22,23,35,39], we found distributed cortical tracking in left hemisphere regions
classically involved in language and music perception. Density-based clustering analyses showed overlapping tracking
of music and speech in the SFB and HFB within the MTG, STG, SG, precentral and postcentral gyri. These findings are

Overlap of cortical tracking around perisylvian and middle and superior temporal areas for both stimuli suggests that
shared neuroanatomical mechanisms are involved in the processing of the acoustic envelopes of music and speech
[2,11,12]. This was particularly true for the SFB, where 84% of electrodes that showed a statistically significant effect for
music also showed a significant effect for speech, thus suggesting not only high anatomical overlap, but also sensitivity to
both types of stimuli within the range of slow oscillations.

However, we also found differences that were both frequency- and stimulus-dependent. Tracking of music in both the
SFB and HFB, and of speech in the SFB, extended beyond classic auditory regions to include prefrontal, middle temporal,
and parietal areas. In contrast, tracking of speech in the HFB was densely localized to perisylvian and ventral prefrontal
regions, indicating a more focused cortical engagement for speech processing in the range of high gamma band activity.
One previous ECoG study found similar a spatial organization pattern of neural activations during speech perception,
with SFB activity showing a global distribution in cortical space, while HFB activity was primarily localized to the STG
[23]. This frequency-dependent pattern of global versus local spatial organization aligns with the idea that slow oscillatory
activity facilitates communication among globally distributed neuronal ensembles, whereas high frequency activity reflects
local activation of small neural populations in response to specific sensory features [65—73]. Notably, the importance of
cross-frequency interactions between the SFB and gamma band oscillations for speech perception and language process-
ing has also been well documented [74—77]. These interactions likely support multiscale extraction of both acoustic fea-
tures and hierarchical structures that are essential for language comprehension. However, such cross-frequency coupling
has been primarily observed between the slow oscillatory range (0.5-8Hz) and the slower component of gamma-band
activity (25-40Hz), rather than the faster component (>70Hz).

Functional anatomical selectivity during tracking of natural music and speech signals

In the SFB, electrodes tracking the envelope of speech were observed within the IFG, which were nevertheless absent
during tracking of music stimuli. In contrast, in the HFB, electrodes tracking the envelope of music stimuli were observed
within the dIPFC and IPL regions, which were absent during tracking of speech. Both of these findings are in line with the
fMRI literature on the role of the dIPFC and parietal cortex during music perception, and of the IFG during speech percep-
tion [43—48]. In the ECoG literature, selective dIPFC recruitment in response to music has been previously reported during
perception of musical stimuli, which has been attributed to attentional and emotional processing, as well as recall of com-
plex melodic features in music stimuli [32,33,78]. The involvement of the IFG during tracking of speech stimuli in both SFB
and HFB has also been extensively reported in previous studies using intracortical methods [23,54,78]. This suggests

that in spite of partial anatomical overlap in perisylvian regions, cortical tracking of music and speech signals can also be
intracortically mapped to distinct parietal and prefrontal brain regions in a stimulus-dependent manner.

PLOS One | https://doi.org/10.137 1/journal.pone.0320519 May 8, 2025 141721




PLO\Sﬁ\\.- One

Multiple roles have been previously attributed to the IFG during speech perception, including syntactic processing,
semantic processing and phonological working memory [45,79—-81]. Admittedly, activation of the IFG has also been
reported during music perception, however, recent meta-analyses and clinical studies suggest this effect is right later-
alized [82,83]. Finally, increased BOLD activation in IPL regions has been observed in response to music compared to
speech [84], and increased musical training is associated with increased IPL activity among musicians [85].

Not many ECoG studies have directly investigated the extent to which tracking of music and speech can be mapped
to distinct cortical areas and, more importantly, how interactions between cortical regions, frequency bands and stimulus
type influence this mapping. A recent study reported no substantial differences in anatomical regional selectivity in how
brain signals track music and speech across delta (1—-4Hz), theta (5—-8Hz), alpha (8—12), beta (18-30Hz), low gamma
(830-50Hz) and high-gamma (80-150Hz) frequency bands [39]. In contrast, our findings suggest functional anatomical
differences, particularly within the high-frequency gamma band (HFB), with patterns resembling those observed in fMRI
research. One possible explanation for this discrepancy in results could be the use of density-based clustering analyses,
which restricted the cortical tracking effect to regions with a higher concentration of significant electrodes. This approach
may have revealed subtle differences in the cortical organization of the tracking effect that may have been missed with-
out accounting for the spatial distribution of statistically significant electrodes. Alternatively, the divergence in results may
stem from differences in stimulus design. The previous study used unimodal auditory stimuli, whereas our study employed
audiovisual stimuli. In our study, the inclusion of multimodal stimuli may have engaged association cortices or introduced
attentional competition between modalities, potentially leading to differences in how music and speech signals were inte-
grated and processed.

Increased cortical tracking of speech across frequency bands

The net effect of cortical tracking was higher for speech than for music. This was reflected in a higher proportion of elec-
trodes tracking the speech envelope in both frequency bands, as well as in the results of our joint linear mixed-effects
models, which show a main effect of stimulus type in predicting mean cross-correlation coefficient values. Such findings
are aligned with the recent literature using naturalistic stimuli, which have also shown that brain signals recover the
envelope of speech signals more faithfully than that of music signals [17,35,39]. Importantly, Zuk and colleagues have
previously demonstrated that increased tracking of speech compared to music cannot be attributed to spectral differ-
ences in the envelope of both signals [17]. Moreover, power spectra of our stimuli show that, across the different acoustic
segments, speech is less rhythmic than music, showing no clear dominating peak. This suggests that increased tracking
of speech cannot be attributed to higher regularity in the amplitude modulations of the speech envelope compared to the
music envelope.

While our methods, as well as the lack of data about behavioral performance, prevent us from investigating the role of
higher order cognitive processes, we cannot rule out the possibility that the observed effect might have a cognitive expla-
nation. Both speech intelligibility and musical training have been shown to increase cortical tracking of the corresponding
tude of the cortical tracking effect. Additionally, attentional allocation has been associated with increased cortical tracking
in previous studies [29,30,87,88].

Cortical gradient in lag values during HFB tracking of speech signals

Our analyses also revealed interesting temporal dynamics during cortical tracking of speech stimuli in the range of HFB
activity. For music and speech in the SFB, mean and median lag values were close to zero across all anatomical regions
of interest, thus suggesting that neural activity in the slow oscillatory range tracks fast temporal modulations in the incom-
ing acoustic signal in a relatively time-locked manner. Similarly, median temporal lags during HFB tracking followed the
music signal by approximately 60ms on average. This could additionally reflect fast neural responses to specific acoustic
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features present in the music signal. In line with this, previous ECoG research has demonstrated that HFB power within
prefrontal, pre/postcentral, and temporal regions encodes features such as loudness, harmonization, and the presence or
absence of lyrics [78]. In the same study, onset of lyrics was characterized by additional increases in HFB power, localized
to posterior portions of the STG.

For speech, estimated marginal means show that HFB tracking always occurred at later lags compared to the SFB.
Our results showed an increasing gradient of lag values from prefrontal, parietal and middle temporal to superior temporal
regions, suggesting a highly localized effect of late-latency HFB tracking of speech within middle and posterior portions
of the STG. The joint LME model further confirmed that HFB tracking of speech occurred significantly later compared to
tracking of speech in the SFB, and to tracking of music in both the SFB and HFB in the three anatomical regions included
in the analysis (STG, MTG and SG). This HFB gradient, which is observed for speech but not for music, could reflect
tracking of amplitude modulations in the acoustic envelope at different timescales, perhaps reflecting the encoding of hier-
archical structures at multiple levels. If this was the case, a prediction would be that, among trained musicians, a similar
gradient in lag values across functionally relevant anatomical regions should be observed, reflecting their ability to extract
structural units embedded in music signals. However, further research is needed to test this hypothesis.

Limitations

Our study has some important limitations. First, we lack any behavioral measure that facilitates the interpretation of
observed differences in cortical tracking. Without such data, we cannot rule out potential confounding factors, such as dif-
ferential attentional allocation [29,30,88] due to differences in the semantic context of visual stimuli accompanying music
and speech segments. Additionally, the presentation of a concurrent visual stream during passive auditory perception of
music and speech segments may have introduced another confound. Previous studies have shown that rhythmic modula-
tions in visual stimuli can crossmodally activate auditory areas [63,89,90]. As a result, the effects we observed may have
been influenced by the integration of visual stimuli with the auditory stimuli, potentially differing in how music and speech
were processed.

Another limitation of our study is the use of a relatively broad temporal window (4000ms) for cross-correlation analyses.
While this approach may have reduced statistical power and increased the likelihood of spurious results, it was motivated
by two considerations. First, previous research has focused primarily on shorter temporal modulations, such as beat,
notes, syllables, and words, which are often analyzed using smaller windows (around 500ms). This approach overlooks
slower temporal structures such as musical and speech phrases, which occur at much slower rates. Second, a prior study
using the same dataset demonstrated that longer segments (~6 seconds) yielded better performance in predicting brain
signals using Artificial Neural Networks (ANN), with improved generalization to new stimuli [54]. Therefore, we chose a
broader window in hopes of revealing temporal dynamics that may have been overlooked in previous studies.

Our study was also limited by the localization of the ECoG grids, which were predominantly placed in the left hemi-
sphere. This constraint prevents us from exploring potential differences in the cortical tracking of music and speech in
right hemisphere regions, which have previously been implicated in music perception and could partially explain our
results. Additionally, a technical limitation involves the re-referencing of the ECoG electrodes to the average of each grid.
While this is a common practice in ECoG studies, it is susceptible to field spread, meaning that activity observed in central
regions could be influenced by activity from auditory areas.

We derive our interpretations from marginal mean estimates obtained from LME models. While this allows us to draw
group-level conclusions, it does not capture the considerable intra-individual variability in lag estimates, which include
both positive and negative lags across regions and conditions. Negative lags might reflect both higher-order and low-level
predictive processing. Indeed, prior research suggests that morphosyntactic information facilitates predictive processing
during speech comprehension [22,91,92], while neural mechanisms involved in rhythm perception contribute to temporal
predictions during processing of music stimuli [11,93-95]. Unfortunately, our methods do not allow us to determine the
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extent to which negative lag values reflect prediction, and any interpretation we could offer would be speculative. How-
ever, they were included in our analyses because there is enough theoretical ground to assume that they reflect relevant
neurobiological and cognitive processes that support the perception of music and speech.

Relatedly, the neurobiological processes behind cortical tracking of speech and music signals remain a topic of ongoing
debate. Two prominent perspectives suggest that cortical tracking of acoustic envelopes either represents the entrain-
ment of endogenous oscillations or reflects a series of evoked responses to amplitude fluctuations within the acoustic
signal [25,40,96—101]. While our methods are not suited to test either of these hypotheses, our results provide evidence of
differences in the temporal dynamics and cortical organization of low-level processing of acoustic envelopes, regardless
of the underlying mechanism. Additionally, we do not directly address the specific information being tracked within each
temporal bin and anatomical region in this work. This is important because different structural units, acoustic features, or
information content can be differentially tracked by the human brain. While this question has been addressed elsewhere
disentangle the contribution of low-level features and higher-order information to cortical tracking, will motivate others to
address similar questions using this dataset.

Finally, several limitations of this study stem from the adoption of a mathematically simple approach to quantifying corti-
cal tracking. This simplicity limits the method’s ability to disentangle the underlying neurobiological mechanisms or pre-
cisely identify the acoustic features or information tracked by neural signals, which in turn limits the depth of interpretation
we can provide for our results. Nevertheless, the consistency of our findings with those of prior studies employing more
sophisticated methodologies underscores the potential of our approach. Importantly, this simplicity may hold significant
advantages for translational applications, particularly in contexts where minimizing computational demands is a priority or
where theoretical assumptions are less relevant for practical applications.

Conclusion

In summary, our results show widespread cortical tracking and reveal both functional overlap and anatomical specializa-
tion in the spatial and temporal dynamics associated with the tracking of naturalistic music and speech stimuli. Passive
perception of music and speech was associated with distributed tracking of acoustic signals in the SFB with near zero
delays in mostly overlapping temporal and perisylvian regions. While some overlap was observed in the HFB for both
stimulus types, marked anatomical and functional selectivity emerged, with regions such as the dIPFC and IPL areas
preferentially tracking music, and the IFG preferentially tracking speech. Notably, the overall magnitude of the tracking
effect was higher for speech across both frequency bands. Additionally, a gradient in lag values was observed during HFB
tracking of speech, spanning from association areas in prefrontal, middle temporal, and parietal regions towards STG
areas, which was nonetheless absent during HFB tracking of music.

Our findings further support previous research indicating that cortical tracking of music and speech extends beyond
controlled experimental settings to more complex naturalistic signals, which are far less controlled, less rhythmic, and
that are presented under conditions of sensory multimodality. Moreover, our results highlight the brain’s use of both
domain-general mechanisms and frequency-dependent anatomical specialization when tracking natural acoustic sig-
nals. Finally, we highlight a complex interaction between stimulus type, cortical region, and frequency band, which could
underlie the brain’s ability to extract hierarchical structures from the envelope of natural acoustic signals. However, future
research is needed to empirically test this hypothesis.

Supporting information

S1 File. Supplementary materials. This PDF contains supplementary tables S1, S2, S3, S4, S5, and supplementary
figures S1, S2, S3, S4, S5, S6.

(PDF)

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 17121



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0320519.s001

PLO\Sﬁ\\.- One

Author contributions

Conceptualization: Sergio Osorio, Maria Florencia Assaneo.
Data curation: Sergio Osorio.

Formal analysis: Sergio Osorio, Maria Florencia Assaneo.
Funding acquisition: Maria Florencia Assaneo.
Methodology: Sergio Osorio, Maria Florencia Assaneo.
Supervision: Maria Florencia Assaneo.

Visualization: Sergio Osorio.

Writing — original draft: Sergio Osorio.

Writing — review & editing: Maria Florencia Assaneo.

References

1. Fujita H, Fujita K. Human language evolution: a view from theoretical linguistics on how syntax and the lexicon first came into being. Primates.
2022;63(5):403-15. https://doi.org/10.1007/s10329-021-00891-0 PMID: 33821365

2. Asano R. The evolution of hierarchical structure building capacity for language and music: a bottom-up perspective. Primates [Internet].
2022;63(5):417-28. https://doi.org/10.1007/s10329-021-00905-x PMID: 33839984

3. Miyagawa S, Berwick RC, Okanoya K. The emergence of hierarchical structure in human language. Front Psychol. 2013;4:1-6.

>

McFee B, Nieto O, Farbood MM, Bello JP. Evaluating hierarchical structure in music annotations. Front Psychol. 2017;8:1-17. https://doi.
org/10.3389/fpsyg.2017.01337 PMID: 28824514

Lerdahl F, Jackendoff R. An overview of hierarchical structure in music. Music Percept: An Interdiscip J. 1983;1(2):229-52.
Schoén D, Morillon B. Music and language. In: The Oxford handbook of music and the brain. 2019. p. 391-416.

AboitizF. A brain for speech. Springer Nature; 2017. p. 1-469.

van Noorden L, Moelants D. Resonance in the perception of musical pulse. Int J Phytoremediation. 1999;21(1):43-66.

© ® N oo

Ding N, Patel AD, Chen L, Butler H, Luo C, Poeppel D. Temporal modulations in speech and music. Neurosci Biobehav Rev. 2017;81:181-7.
https://doi.org/10.1016/j.neubiorev.2017.02.011 PMID: 28212857

10. Pellegrino F, Coupe C, Marisco E. A cross-language perspective on speech information rate. Language (Baltim). 2011;87(3):539-58.

11. Tillmann B. Music and language perception: expectations, structural integration, and cognitive sequencing. Top Cogn Sci. 2012;4(4):568—84.
https://doi.org/10.1111/j.1756-8765.2012.01209.x PMID: 22760955

12. Fiveash A, Bedoin N, Gordon RL, Tillmann B. Processing rhythm in speech and music: Shared mechanisms and implications for developmental
speech and language disorders. Neuropsychology. 2021;35(8):771-91. https://doi.org/10.1037/neu0000766 PMID: 34435803

13. Doelling KB, Poeppel D. Cortical entrainment to music and its modulation by expertise. Proc Natl Acad Sci U S A. 2015;112(45):E6233—42.

14. Nozaradan S, Peretz |, Mouraux A. Selective neuronal entrainment to the beat and meter embedded in a musical rhythm. J Neurosci.
2012;32(49):17572-81. https://doi.org/10.1523/JNEUROSCI.3203-12.2012 PMID: 23223281

15. Nozaradan S. Exploring how musical rhythm entrains brain activity with electroencephalogram frequency-tagging. Philos Trans R Soc B Biol Sci.
2014;369(1658).

16. Harding EE, Sammler D, Henry MJ, Large EW, Kotz SA. Cortical tracking of rhythm in music and speech. Neuroimage. 2019;185:96—101. https://
doi.org/10.1016/j.neuroimage.2018.10.037 PMID: 30336253

17.  Zuk NJ, Murphy JW, Reilly RB, Lalor EC. Envelope reconstruction of speech and music highlights stronger tracking of speech at low frequencies
[Internet]. PLoS Computational Biology. 2021;17:1-32. https://doi.org/10.1371/journal.pcbi.1009358

18. Kumagai Y, Arvaneh M, Tanaka T. Familiarity affects entrainment of EEG in music listening. Front Hum Neurosci. 2017;11:1-8. https://doi.
0rg/10.3389/fnhum.2017.00384 PMID: 28798673

19. Wollman I, Arias P, Aucouturier J-J, Morillon B. Neural entrainment to music is sensitive to melodic spectral complexity. J Neurophysiol.
2020;123(3):1063-71. https://doi.org/10.1152/jn.00758.2018 PMID: 32023136

20. Assaneo MF, Poeppel D. The coupling between auditory and motor cortices is rate-restricted: Evidence for an intrinsic speech-motor rhythm. Sci
Adv. 2018;4(2):1-10. https://doi.org/10.1126/sciadv.aao3842 PMID: 29441362

21. Chalas N, Daube C, Kluger DS, Abbasi O, Nitsch R, Gross J. Speech onsets and sustained speech contribute differentially to delta and theta
speech tracking in auditory cortex. Cereb Cortex. 2023;33(10):6273-81. https://doi.org/10.1093/cercor/bhac502 PMID: 36627246

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 18721



https://doi.org/10.1007/s10329-021-00891-0
http://www.ncbi.nlm.nih.gov/pubmed/33821365
https://doi.org/10.1007/s10329-021-00905-x
http://www.ncbi.nlm.nih.gov/pubmed/33839984
https://doi.org/10.3389/fpsyg.2017.01337
https://doi.org/10.3389/fpsyg.2017.01337
http://www.ncbi.nlm.nih.gov/pubmed/28824514
https://doi.org/10.1016/j.neubiorev.2017.02.011
http://www.ncbi.nlm.nih.gov/pubmed/28212857
https://doi.org/10.1111/j.1756-8765.2012.01209.x
http://www.ncbi.nlm.nih.gov/pubmed/22760955
https://doi.org/10.1037/neu0000766
http://www.ncbi.nlm.nih.gov/pubmed/34435803
https://doi.org/10.1523/JNEUROSCI.3203-12.2012
http://www.ncbi.nlm.nih.gov/pubmed/23223281
https://doi.org/10.1016/j.neuroimage.2018.10.037
https://doi.org/10.1016/j.neuroimage.2018.10.037
http://www.ncbi.nlm.nih.gov/pubmed/30336253
https://doi.org/10.1371/journal.pcbi.1009358
https://doi.org/10.3389/fnhum.2017.00384
https://doi.org/10.3389/fnhum.2017.00384
http://www.ncbi.nlm.nih.gov/pubmed/28798673
https://doi.org/10.1152/jn.00758.2018
http://www.ncbi.nlm.nih.gov/pubmed/32023136
https://doi.org/10.1126/sciadv.aao3842
http://www.ncbi.nlm.nih.gov/pubmed/29441362
https://doi.org/10.1093/cercor/bhac502
http://www.ncbi.nlm.nih.gov/pubmed/36627246

PLO\Sﬁ\\.- One

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

45.

46.

47.

Ding N, Melloni L, Zhang H, Tian X, Poeppel D. Cortical tracking of hierarchical linguistic structures in connected speech. Nat Neurosci.
2015;19(1):158-64. https://doi.org/10.1038/nn.4186 PMID: 26642090

Zion Golumbic EM, Ding N, Bickel S, Lakatos P, Schevon CA, McKhann GM, et al. Mechanisms underlying selective neuronal tracking of attended
speech at a “cocktail party”. Neuron. 2013;77(5):980-91. https://doi.org/10.1016/j.neuron.2012.12.037 PMID: 23473326

Gross J, Hoogenboom N, Thut G, Schyns P, Panzeri S, Belin P, et al. Speech rhythms and multiplexed oscillatory sensory coding in the human
brain. PLoS Biol. 2013;11(12):e1001752. https://doi.org/10.1371/journal.pbio.1001752 PMID: 24391472

Oganian Y, Kojima K, Breska A, Cai C, Findlay A, Chang E, et al. Phase Alignment of Low-Frequency Neural Activity to the Amplitude Envelope of
Speech Reflects Evoked Responses to Acoustic Edges, Not Oscillatory Entrainment. J Neurosci. 2023;43(21):3909-21.

Giordano BL, Ince RAA, Gross J, Schyns PG, Panzeri S, Kayser C. Contributions of local speech encoding and functional connectivity to
audio-visual speech perception. Elife. 2017;6:24763. https://doi.org/10.7554/eLife.24763 PMID: 28590903

Doelling KB, Arnal LH, Ghitza O, Poeppel D. Acoustic landmarks drive delta-theta oscillations to enable speech comprehension by facilitating per-
ceptual parsing. Neuroimage. 2014;85:761-8. https://doi.org/10.1016/j.neuroimage.2013.06.035 PMID: 23791839

Peelle JE, Gross J, Davis MH. Phase-locked responses to speech in human auditory cortex are enhanced during comprehension. Cereb Cortex.
2013;23(6):1378-87. https://doi.org/10.1093/cercor/bhs118 PMID: 22610394

Vanthornhout J, Decruy L, Francart T. Effect of task and attention on neural tracking of speech. Front Neurosci. 2019;13:1-11. https://doi.
0rg/10.3389/fnins.2019.00977 PMID: 31607841

Viswanathan V, Bharadwaj HM, Shinn-Cunningham BG. Electroencephalographic signatures of the neural representation of speech during selec-
tive attention. eNeuro. 2019;6(5):1-14. https://doi.org/10.1523/ENEURO.0057-19.2019 PMID: 31585928

Kubanek J, Brunner P, Gunduz A, Poeppel D, Schalk G. The tracking of speech envelope in the human cortex. PLoS One. 2013;8(1):€53398.
https://doi.org/10.1371/journal.pone.0053398 PMID: 23408924

Herff SA, Herff C, Milne AJ, Johnson GD, Shih JJ, Krusienski DJ. Prefrontal high gamma in ecog tags periodicity of musical rhythms in perception
and imagination. eNeuro. 2020;7(4):1-11.

Ding Y, Zhang Y, Zhou W, Ling Z, Huang J, Hong B, et al. Neural Correlates of Music Listening and Recall in the Human Brain. J Neurosci.
2019;39(41):8112-23. https://doi.org/10.1523/JNEUROSCI.1468-18.2019 PMID: 31501297

Commuri V, Kulasingham JP, Simon JZ. Cortical responses time-locked to continuous speech in the high-gamma band depend on selective atten-
tion. Front Neurosci. 2023;17:1264453. https://doi.org/10.3389/fnins.2023.1264453 PMID: 38156264

Berezutskaya J, Freudenburg ZV, Giglu U, van Gerven MAJ, Ramsey NF. Neural tuning to low-level features of speech throughout the perisylvian
cortex. J Neurosci. 2017;37(33):7906—-20.

Sankaran N, Leonard MK, Theunissen F, Chang EF. Encoding of melody in the human auditory cortex. Sci Adv. 2024;10(7):1-16. https://doi.
org/10.1126/sciadv.adk0010 PMID: 38363839

Norman-Haignere SV, Feather J, Boebinger D, Brunner P, Ritaccio A, McDermott JH, et al. A neural population selective for song in human auditory
cortex. Curr Biol. 2022;32(7):1470-1484.e12. https://doi.org/10.1016/j.cub.2022.01.069 PMID: 35196507

Omigie D, Lehongre K, Navarro V, Adam C, Samson S. Neuro-oscillatory tracking of low- and high-level musico-acoustic features during natural-
istic music listening: Insights from an intracranial electroencephalography study. Psychomusicology: Music, Mind, and Brain. 2020;30(1):37-51.
https://doi.org/10.1037/pmu0000249

Te Rietmolen N, Mercier M, Trebuchon A, Morillon B, Schon D. Speech and music recruit frequency-specific distributed and overlapping cortical
networks. Elife [Internet]. 2024;2022.10.08.511398. Available from: https://www.biorxiv.org/content/10.1101/2022.10.08.511398v1%0A; https://www.
biorxiv.org/content/10.1101/2022.10.08.511398v1.abstract

Oganian Y, Chang EF. A speech envelope landmark for syllable encoding in human superior temporal gyrus. Sci Adv. 2019;5(11):eaay6279. https://
doi.org/10.1126/sciadv.aay6279 PMID: 31976369

Kulasingham JP, Brodbeck C, Presacco A, Kuchinsky SE, Anderson S, Simon JZ. High gamma cortical processing of continuous speech in
younger and older listeners. Neuroimage [Internet]. 2020;222:117291. https://doi.org/10.1016/j.neuroimage.2020.117291

Synigal SR, Teoh ES, Lalor EC. Including measures of high gamma power can improve the decoding of natural speech from EEG. Front Hum
Neurosci. 2020;14:1-12. https://doi.org/10.3389/fnhum.2020.00130 PMID: 32410969

Green DM, Swets JA. Signal Detection Theory and Psychophysics. New York: John Wiley & Sons, Ltd; 1966.

Ohnishi T, Matsuda H, Asada T, Aruga M, Hirakata M, Nishikawa M, et al. Functional anatomy of musical perception in musicians. Cereb Cortex.
2001;11(8):754-60. https://doi.org/10.1093/cercor/11.8.754 PMID: 11459765

Enge A, Friederici AD, Skeide MA. A meta-analysis of fMRI studies of language comprehension in children. Neuroimage [Internet].
2020;215:116858. https://doi.org/10.1016/j.neurcimage.2020.116858 PMID: 32304886

Chan MMY, Han YMY. The Functional Brain Networks Activated by Music Listening: A Neuroimaging Meta-Analysis and Implications for Treatment.
Neuropsychology. 2022;36(1):4—22.

Tremblay P, Small SL. On the context-dependent nature of the contribution of the ventral premotor cortex to speech perception. Neuroimage.
2011;57(4):1561-71. https://doi.org/10.1016/j.neuroimage.2011.05.067 PMID: 21664275

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 19/21



https://doi.org/10.1038/nn.4186
http://www.ncbi.nlm.nih.gov/pubmed/26642090
https://doi.org/10.1016/j.neuron.2012.12.037
http://www.ncbi.nlm.nih.gov/pubmed/23473326
https://doi.org/10.1371/journal.pbio.1001752
http://www.ncbi.nlm.nih.gov/pubmed/24391472
https://doi.org/10.7554/eLife.24763
http://www.ncbi.nlm.nih.gov/pubmed/28590903
https://doi.org/10.1016/j.neuroimage.2013.06.035
http://www.ncbi.nlm.nih.gov/pubmed/23791839
https://doi.org/10.1093/cercor/bhs118
http://www.ncbi.nlm.nih.gov/pubmed/22610394
https://doi.org/10.3389/fnins.2019.00977
https://doi.org/10.3389/fnins.2019.00977
http://www.ncbi.nlm.nih.gov/pubmed/31607841
https://doi.org/10.1523/ENEURO.0057-19.2019
http://www.ncbi.nlm.nih.gov/pubmed/31585928
https://doi.org/10.1371/journal.pone.0053398
http://www.ncbi.nlm.nih.gov/pubmed/23408924
https://doi.org/10.1523/JNEUROSCI.1468-18.2019
http://www.ncbi.nlm.nih.gov/pubmed/31501297
https://doi.org/10.3389/fnins.2023.1264453
http://www.ncbi.nlm.nih.gov/pubmed/38156264
https://doi.org/10.1126/sciadv.adk0010
https://doi.org/10.1126/sciadv.adk0010
http://www.ncbi.nlm.nih.gov/pubmed/38363839
https://doi.org/10.1016/j.cub.2022.01.069
http://www.ncbi.nlm.nih.gov/pubmed/35196507
https://doi.org/10.1037/pmu0000249
https://www.biorxiv.org/content/10.1101/2022.10.08.511398v1%0A
https://www.biorxiv.org/content/10.1101/2022.10.08.511398v1.abstract
https://www.biorxiv.org/content/10.1101/2022.10.08.511398v1.abstract
https://doi.org/10.1126/sciadv.aay6279
https://doi.org/10.1126/sciadv.aay6279
http://www.ncbi.nlm.nih.gov/pubmed/31976369
https://doi.org/10.1016/j.neuroimage.2020.117291
https://doi.org/10.3389/fnhum.2020.00130
http://www.ncbi.nlm.nih.gov/pubmed/32410969
https://doi.org/10.1093/cercor/11.8.754
http://www.ncbi.nlm.nih.gov/pubmed/11459765
https://doi.org/10.1016/j.neuroimage.2020.116858
http://www.ncbi.nlm.nih.gov/pubmed/32304886
https://doi.org/10.1016/j.neuroimage.2011.05.067
http://www.ncbi.nlm.nih.gov/pubmed/21664275

PLO\Sﬁ\\.- One

48.

49.

50.

51.
52.
53.

54.

55.

56.

57.
58.

59.

60.

61.

62.

63.

64.

65.
66.
67.

68.

69.

70.
71.

72.

73.
74.

75.

76.

Lankinen K, Ahveninen J, Ulug |, Daneshzand M, Mareyam A, Kirsch JE, et al. Role of articulatory motor networks in perceptual categorization of
speech signals: a 7T fMRI study. Cereb Cortex. 2023;33(24):11517-25. https://doi.org/10.1093/cercor/bhad384 PMID: 37851854

McCarty MJ, Murphy E, Scherschligt X, Woolnough O, Morse CW, Snyder K, et al. Intraoperative cortical localization of music and language
reveals signatures of structural complexity in posterior temporal cortex. iScience. 2023;26(7):107223. https://doi.org/10.1016/j.isci.2023.107223
PMID: 37485361

Berezutskaya J, Vansteensel MJ, Aarnoutse EJ, Freudenburg ZV, Piantoni G, Branco MP, et al. Open multimodal iEEG-fMRI dataset from natural-
istic stimulation with a short audiovisual film. Sci Data. 2022;9(1):1-13.

Chi T, Ru P, Shamma SA. Multiresolution spectrotemporal analysis of complex sounds. J Acoust Soc Am. 2005; 118(887).

Tadel F, Baillet S, Mosher JC, Pantazis D, Leahy RM. Brainstorm: A user-friendly application for MEG/EEG analysis. Comput Intell Neurosci. 2011; 2011.

Oostenveld R, Fries P, Maris E, Schoffelen J-M. FieldTrip: open source software for advanced analysis of MEG EEG and invasive electrophysiolog-
ical data. Comput Intell Neurosci. 2011;2011:156869. https://doi.org/10.1155/2011/156869 PMID: 21253357

Berezutskaya J, Freudenburg Z V, Guglu U, van Gerven MAJ, Ramsey NF. Brain-optimized extraction of complex sound features that drive contin-
uous auditory perception. PLoS Computational Biology. 2020;16:1-34.

Ester M, Kriegel H-P, Sander J, Xu X. A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases with Noise Martin. KDD-96
Proc. 1996; 2:565-80.

Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, et al. An automated labeling system for subdividing the human cerebral cortex
on MRI scans into gyral based regions of interest. Neuroimage. 2006;31(3):968—80. https://doi.org/10.1016/j.neuroimage.2006.01.021 PMID: 16530430

Bates D, Machler M, Bolker BM, Walker SC. Fitting linear mixed-effects models using Ime4. J Stat Softw. 2015.

Kaneshiro B, Nguyen DT, Norcia AM, Dmochowski JP, Berger J. Natural music evokes correlated EEG responses reflecting temporal structure and
beat. Neuroimage [Internet]. 2020;214:116559. https://doi.org/10.1016/j.neuroimage.2020.116559

Brodbeck C, Kandylaki KD, Scharenborg O. Neural representations of non-native speech reflect proficiency and interference from native language
knowledge. J Neurosci. 2024; 44(1).

Micheli C, Schepers IM, Ozker M, Yoshor D, Beauchamp MS, Rieger JW. Electrocorticography reveals continuous auditory and visual speech
tracking in temporal and occipital cortex. Eur J Neurosci. 2020;51(5):1364—76.

Park H, Ince RAA, Schyns PG, Thut G, Gross J. Frontal top-down signals increase coupling of auditory low-frequency oscillations to continuous
speech in human listeners. Curr Biol. 2015;25(12):1649-53. https://doi.org/10.1016/j.cub.2015.04.049 PMID: 26028433

Park H, Thut G, Gross J. Predictive entrainment of natural speech through two fronto-motor top-down channels. Lang Cogn Neurosci.
2020;35(6):739-51. https://doi.org/10.1080/23273798.2018.1506589 PMID: 32939354

Park H, Ince RAA, Schyns PG, Thut G, Gross J. Representational interactions during audiovisual speech entrainment: Redundancy in left posterior
superior temporal gyrus and synergy in left motor cortex. PLoS Biol. 2018;16(8):€2006558. https://doi.org/10.1371/journal.pbio.2006558 PMID:
30080855

Ahissar E, Nagarajan S, Ahissar M, Protopapas A, Mahncke H, Merzenich MM. Speech comprehension is correlated with temporal response pat-
terns recorded from auditory cortex. Proc Natl Acad Sci U S A. 2001;98(23):13367—-72. https://doi.org/10.1073/pnas.201400998 PMID: 11698688

Fries P, Nikoli¢ D, Singer W. The gamma cycle. Trends Neurosci. 2007;30(7):309-16. https://doi.org/10.1016/j.tins.2007.05.005 PMID: 17555828
Rieder MK, Rahm B, Williams JD, Kaiser J. Human gamma-band activity and behavior. Int J Psychophysiol. 2011; 79(1).

Ray S, Niebur E, Hsiao SS, Sinai A, Crone NE. High-frequency gamma activity (80-150Hz) is increased in human cortex during selective attention.
Clin Neurophysiol. 2008;119(1):116—33. https://doi.org/10.1016/j.clinph.2007.09.136 PMID: 18037343

Canolty RT, Edwards E, Dalal SS, Soltani M, Nagarajan SS, Kirsch HE, et al. High gamma power is phase-locked to theta oscillations in human
neocortex. Science. 2006;313(5793):1626-8. https://doi.org/10.1126/science.1128115 PMID: 16973878

Fries P. Rhythms for Cognition: Communication through Coherence. Neuron. 2015;88(1):220-35. https://doi.org/10.1016/j.neuron.2015.09.034
PMID: 26447583

Fujisawa S, Buzsaki G. A 4 Hz Oscillation Adaptively Synchronizes Prefrontal, VTA, and Hippocampal Activities. Neuron. 2011;72(1):153-65.

Buzsaki G, Wang X-J. Mechanisms of gamma oscillations. Annu Rev Neurosci. 2012;35:203-25. https://doi.org/10.1146/annurev-
neuro-062111-150444 PMID: 22443509

Sirota A, Buzsaki G. Interaction between neocortical and hippocampal networks via slow oscillations. Thalamus Relat Syst. 2005;3(4):245-59.
https://doi.org/10.1017/S1472928807000258 PMID: 18185848

Buzsaki G. Rhythms of the brain. Oxford: Oxford University Press; 2006.

Luo H, Poeppel D. Cortical oscillations in auditory perception and speech: evidence for two temporal windows in human auditory cortex. Front
Psychol. 2012;3:1-10. https://doi.org/10.3389/fpsyg.2012.00170 PMID: 22666214

Hyafil A, Fontolan L, Kabdebon C, Gutkin B, Giraud A-L. Speech encoding by coupled cortical theta and gamma oscillations. Elife. 2015;4:1-45.
https://doi.org/10.7554/eLife.06213 PMID: 26023831

Lizarazu M, Lallier M, Molinaro N. Phase-amplitude coupling between theta and gamma oscillations adapts to speech rate. Ann N Y Acad Sci.
2019;1453(1):140-52. https://doi.org/10.1111/nyas.14099 PMID: 31020680

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 20/ 21



https://doi.org/10.1093/cercor/bhad384
http://www.ncbi.nlm.nih.gov/pubmed/37851854
https://doi.org/10.1016/j.isci.2023.107223
http://www.ncbi.nlm.nih.gov/pubmed/37485361
https://doi.org/10.1155/2011/156869
http://www.ncbi.nlm.nih.gov/pubmed/21253357
https://doi.org/10.1016/j.neuroimage.2006.01.021
http://www.ncbi.nlm.nih.gov/pubmed/16530430
https://doi.org/10.1016/j.neuroimage.2020.116559
https://doi.org/10.1016/j.cub.2015.04.049
http://www.ncbi.nlm.nih.gov/pubmed/26028433
https://doi.org/10.1080/23273798.2018.1506589
http://www.ncbi.nlm.nih.gov/pubmed/32939354
https://doi.org/10.1371/journal.pbio.2006558
http://www.ncbi.nlm.nih.gov/pubmed/30080855
https://doi.org/10.1073/pnas.201400998
http://www.ncbi.nlm.nih.gov/pubmed/11698688
https://doi.org/10.1016/j.tins.2007.05.005
http://www.ncbi.nlm.nih.gov/pubmed/17555828
https://doi.org/10.1016/j.clinph.2007.09.136
http://www.ncbi.nlm.nih.gov/pubmed/18037343
https://doi.org/10.1126/science.1128115
http://www.ncbi.nlm.nih.gov/pubmed/16973878
https://doi.org/10.1016/j.neuron.2015.09.034
http://www.ncbi.nlm.nih.gov/pubmed/26447583
https://doi.org/10.1146/annurev-neuro-062111-150444
https://doi.org/10.1146/annurev-neuro-062111-150444
http://www.ncbi.nlm.nih.gov/pubmed/22443509
https://doi.org/10.1017/S1472928807000258
http://www.ncbi.nlm.nih.gov/pubmed/18185848
https://doi.org/10.3389/fpsyg.2012.00170
http://www.ncbi.nlm.nih.gov/pubmed/22666214
https://doi.org/10.7554/eLife.06213
http://www.ncbi.nlm.nih.gov/pubmed/26023831
https://doi.org/10.1111/nyas.14099
http://www.ncbi.nlm.nih.gov/pubmed/31020680

PLO\Sﬁ\\.- One

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.
93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

Lizarazu M, Carreiras M, Molinaro N. Theta-gamma phase-amplitude coupling in auditory cortex is modulated by language proficiency. Hum Brain
Mapp. 2023;44(7):2862—72. https://doi.org/10.1002/hbm.26250 PMID: 36852454

Sturm |, Biankertz B, Potes C, Schaik G, Curio G. ECoG high gamma activity reveals distinct cortical representations of lyrics passages, Har-
monic and timbre-related changes in a rock song. Front Hum Neurosci. 2014;8:1-14.

Friederici AD. The brain basis of language processing: from structure to function. Physiol Rev. 2011;91(4):1357-92. https://doi.org/10.1152/phys-
rev.00006.2011 PMID: 22013214

Bulut T. Domain-general and domain-specific functional networks of Broca’s area underlying language processing. Brain Behav. 2023;13(7):1-20.
https://doi.org/10.1002/brb3.3046 PMID: 37132333

Perrachione TK, Ghosh SS, Ostrovskaya |, Gabrieli JDE, Kovelman |. Phonological working memory for words and nonwords in cerebral cortex. J
Speech Lang Hear Res. 2017;60(7):1959-79.

Asano R, LoV, Brown S. The Neural Basis of Tonal Processing in Music: An ALE Meta-Analysis. Music Sci. 2022;5:1-15. https://doi.
0rg/10.1177/20592043221109958

Chen X, Affourtit J, Ryskin R, Regev Tl, Norman-Haignere S, Jouravlev O, et al. The human language system, including its inferior frontal com-
ponent in “Broca’s area,” does not support music perception. Cereb Cortex. 2023;33(12):7904—-29. https://doi.org/10.1093/cercor/bhad087 PMID:
37005063

Merrill J, Sammler D, Bangert M, Goldhahn D, Lohmann G, Turner R, et al. Perception of words and pitch patterns in song and speech. Front
Psychol. 2012;3:1-13. https://doi.org/10.3389/fpsyg.2012.00076 PMID: 22457659

LiuY, Liu G, Wei D, Li Q, Yuan G, Wu S, et al. Effects of musical tempo on musicians’ and non-musicians’ emotional experience when listening to
music. Front Psychol. 2018;9:1-11.

Di Liberto G, Pelofi C, Shamma S, de Cheveigné A. Musical expertise enhances the cortical tracking of the acoustic envelope during naturalistic
music listening. Acoust Sci Technol. 2020; 41(1):361—4.

Ahmed F, Nidiffer AR, O’Sullivan AE, Zuk NJ, Lalor EC. The integration of continuous audio and visual speech in a cocktail-party environment
depends on attention. Neuroimage [Internet]. 2023;274:120143. https://doi.org/10.1016/j.neuroimage.2023.120143 PMID: 37121375

Simon A, Loquet G, Ostergaard J, Bech S. Cortical auditory attention decoding during music and speech listening. IEEE Trans Neural Syst Reha-
bil Eng. 2023;31:2903—11. https://doi.org/10.1109/TNSRE.2023.3291239 PMID: 37390005

Besle J, Fischer C, Bidet-Caulet A, Lecaignard F, Bertrand O, Giard M-H. Visual activation and audiovisual interactions in the auditory cor-
tex during speech perception: intracranial recordings in humans. J Neurosci. 2008;28(52):14301-10. https://doi.org/10.1523/JNEURO-
SCI.2875-08.2008 PMID: 19109511

Mégevand P, Mercier MR, Groppe DM, Golumbic EZ, Mesgarani N, Beauchamp MS, et al. Crossmodal phase reset and evoked responses pro-
vide complementary mechanisms for the influence of visual speech in auditory cortex. J Neurosci. 2020;40(44):8530—42. https://doi.org/10.1523/
JNEUROSCI.0555-20.2020 PMID: 33023923

Willems RM, Frank SL, Nijhof AD, Hagoort P, van den Bosch A. Prediction during natural language comprehension. Cereb Cortex.
2016;26(6):2506—16. https://doi.org/10.1093/cercor/bhv075 PMID: 25903464

Patel AD, Morgan E. Exploring cognitive relations between prediction in language and music. Cogn Sci. 2017;41:303-20.

Rohrmeier MA, Koelsch S. Predictive information processing in music cognition. A critical review. Int J Psychophysiol. 2012;83(2):164-75. https://
doi.org/10.1016/j.ijpsycho.2011.12.010 PMID: 22245599

Merchant H, Grahn J, Trainor L, Rohrmeier M, Fitch WT. Finding the beat: A neural perspective across humans and non-human primates. Philos
Trans R Soc B Biol Sci. 2015;370(1664).

Quiroga-Martinez DR, Hansen N, Hgjlund A, Pearce M, Brattico E, Vuust P. Musical prediction error responses similarly reduced by predictive
uncertainty in musicians and non-musicians. Eur J Neurosci. 2020;51(11):2250-69.

Doelling KB, Assaneo M, Bevilacqua D, Pesaran B, Poeppel D. An oscillator model better predicts cortical entrainment to music. Proc Natl Acad
Sci U SA. 2019;116(20):10113-21. https://doi.org/10.1073/pnas.1816414116 PMID: 31019082

Meyer L, Sun Y, Martin AE. Synchronous, but not entrained: exogenous and endogenous cortical rhythms of speech and language processing.
Lang Cogn Neurosci [Internet]. 2020;35(9):1089-99. https://doi.org/10.1080/23273798.2019.1693050

Zou J, Xu C, Luo C, Jin P, Gao J, Li J, et al. 6-Band cortical tracking of the speech envelope shows the linear phase property. eNeuro.
2021;8(4):1-7.

Zoefel B, Ten Oever S, Sack AT. The involvement of endogenous neural oscillations in the processing of rhythmic input: More than a regular repe-
tition of evoked neural responses. Front Neurosci. 2018;12:1-13. https://doi.org/10.3389/fnins.2018.00095 PMID: 29563860

Giraud A, Kleinschmidt A, Poeppel D, Lund TE, Frackowiak RSJ, Laufs H. Endogenous cortical rhythms determine cerebral specialization for
speech perception and production. Neuron. 2007;56(6):1127—1134. https://doi.org/10.1016/j.neuron.2007.09.038 PMID: 18093532

Duecker K, Doelling KB, Breska A, Coffey EBJ, Sivarao D V. Zoefel B. Challenges and Approaches in the Study of Neural Entrainment. J Neuro-
sci. 2024;44(40):1-11.

Tezcan F, Weissbart H, Martin AE. A tradeoff between acoustic and linguistic feature encoding in spoken language comprehension. Elife.
2023;12:1-24. https://doi.org/10.7554/eLife.82386 PMID: 37417736

PLOS One | https://doi.org/10.1371/journal.pone.0320519 May 8, 2025 21/21



https://doi.org/10.1002/hbm.26250
http://www.ncbi.nlm.nih.gov/pubmed/36852454
https://doi.org/10.1152/physrev.00006.2011
https://doi.org/10.1152/physrev.00006.2011
http://www.ncbi.nlm.nih.gov/pubmed/22013214
https://doi.org/10.1002/brb3.3046
http://www.ncbi.nlm.nih.gov/pubmed/37132333
https://doi.org/10.1177/20592043221109958
https://doi.org/10.1177/20592043221109958
https://doi.org/10.1093/cercor/bhad087
http://www.ncbi.nlm.nih.gov/pubmed/37005063
https://doi.org/10.3389/fpsyg.2012.00076
http://www.ncbi.nlm.nih.gov/pubmed/22457659
https://doi.org/10.1016/j.neuroimage.2023.120143
http://www.ncbi.nlm.nih.gov/pubmed/37121375
https://doi.org/10.1109/TNSRE.2023.3291239
http://www.ncbi.nlm.nih.gov/pubmed/37390005
https://doi.org/10.1523/JNEUROSCI.2875-08.2008
https://doi.org/10.1523/JNEUROSCI.2875-08.2008
http://www.ncbi.nlm.nih.gov/pubmed/19109511
https://doi.org/10.1523/JNEUROSCI.0555-20.2020
https://doi.org/10.1523/JNEUROSCI.0555-20.2020
http://www.ncbi.nlm.nih.gov/pubmed/33023923
https://doi.org/10.1093/cercor/bhv075
http://www.ncbi.nlm.nih.gov/pubmed/25903464
https://doi.org/10.1016/j.ijpsycho.2011.12.010
https://doi.org/10.1016/j.ijpsycho.2011.12.010
http://www.ncbi.nlm.nih.gov/pubmed/22245599
https://doi.org/10.1073/pnas.1816414116
http://www.ncbi.nlm.nih.gov/pubmed/31019082
https://doi.org/10.1080/23273798.2019.1693050
https://doi.org/10.3389/fnins.2018.00095
http://www.ncbi.nlm.nih.gov/pubmed/29563860
https://doi.org/10.1016/j.neuron.2007.09.038
http://www.ncbi.nlm.nih.gov/pubmed/18093532
https://doi.org/10.7554/eLife.82386
http://www.ncbi.nlm.nih.gov/pubmed/37417736

