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Abstract 42 

Human speech has a unique capacity to carry and communicate rich meanings. However, it is not 43 

known how the highly dynamic and variable perceptual signal is mapped to existing linguistic and 44 

semantic representations. In this novel approach, we utilized the natural acoustic variability of 45 

sounds and mapped them to magnetoencephalography (MEG) data using physiologically-inspired 46 

machine-learning models. We aimed at determining how well the models, differing in their 47 

representation of temporal information, serve to decode and reconstruct spoken words from MEG 48 

recordings in 16 healthy volunteers. We discovered that dynamic time-locking of the cortical 49 

activation to the unfolding speech input is crucial for the encoding of the acoustic-phonetic features 50 

of speech. In contrast, time-locking was not highlighted in cortical processing of non-speech 51 

environmental sounds that conveyed the same meanings as the spoken words, including human-52 

made sounds with temporal modulation content similar to speech. The amplitude envelope of the 53 

spoken words was particularly well reconstructed based on cortical evoked responses. Our results 54 

indicate that speech is encoded cortically with especially high temporal fidelity. This speech 55 

tracking by evoked responses may partly reflect the same underlying neural mechanism as the 56 

frequently reported entrainment of the cortical oscillations to the amplitude envelope of speech. 57 

Furthermore, the phoneme content was reflected in cortical evoked responses simultaneously with 58 

the spectrotemporal features, pointing to an instantaneous transformation of the unfolding acoustic 59 

features into linguistic representations during speech processing.  60 

Significance statement 61 

It has remained unclear how speech is processed differently from other sounds with comparable 62 

meanings and spectrotemporal characteristics. In this study, computational modeling of cortical 63 

responses to spoken words highlights the relevance of temporal tracking of spectrotemporal features 64 

especially for speech. This mechanism is likely pivotal for transforming the acoustic-phonetic 65 

features into linguistic representations.  66 
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Introduction 67 

Humans effortlessly recognize and react to natural sounds but are especially tuned to speech. 68 

Numerous studies have attempted to localize speech-specific processing stages in the brain (Price et 69 

al., 2005; Schirmer et al., 2012; Zatorre & Gandour, 2008), but while subtle differences in the time 70 

sequence of activation for processing speech vs. other meaningful sounds have been described 71 

(Renvall et al., 2012; Salmelin, 2007), it remains unclear whether and how they relate to possible 72 

unique computations in speech processing. A major challenge has been to describe how the brain 73 

matches highly variable acoustic signal to linguistic representations, when there is no one-to-one 74 

correspondence between the two. Superior temporal cortices show sensitivity to spectro-temporal 75 

features of speech that correspond to different phonemes (Chang et al., 2010; Mesgarani et al., 76 

2014), and to temporal structure of speech sounds but not other sounds with similar acoustic content 77 

(Overath et al., 2015). Thus, detailed tracking of temporal modulations that distinguish between 78 

phonemes may be crucial for speech processing (Poeppel, 2003; Zatorre & Gandour, 2008).  79 

 80 

Recently, temporal locking (‘entrainment’) of cortical oscillations to the amplitude envelope of 81 

speech has emerged as a potential mechanism for mapping between multiscale spectrotemporal 82 

features and linguistic structures (Ding et al., 2016; Ding & Simon, 2014; Obleser & Kayser, 2019). 83 

Low-frequency cortical oscillatory activation to speech appears to be best modeled as a 84 

combination of spectrotemporal features and phonetic-feature labels, highlighting tracking of 85 

spectrotemporal detail within speech (Di Liberto et al., 2015). However, whether temporal tracking, 86 

by continuous oscillatory activation or evoked responses as used here, is particularly relevant for 87 

processing of speech, and less crucial for other types of sounds, remains an open question. 88 

Subcortical and cortical neurons, starting from the cochlea, show phase-locked encoding of both 89 

environmental and speech sounds (Coffey et al., 2016; Worden & Marsh, 1968), and oscillatory 90 

entrainment is observed also for other sounds than speech, for example music (Doelling & Poeppel, 91 

2015). In contrast, recent studies have suggested that spectrotemporal modulations corresponding to 92 

different phonetic features might not be best represented in a linear, time-locked manner (Chi et al., 93 

2005; Pasley et al., 2012). Indeed, accurate reconstruction of speech can be achieved from 94 

functional magnetic resonance imaging (fMRI) recordings by modeling the encoding of the speech 95 

signal as frequency-specific spectro-temporal modulation filters, despite the loss of temporal 96 

information due to the sluggish hemodynamics and poor temporal sampling of the blood oxygen 97 

level-dependent (BOLD) response (Santoro et al., 2014; Santoro et al., 2017). This suggests 98 
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spatially distributed representations of temporal information, similarly to frequency content, and 99 

questions the crucial role of temporal tracking of the speech signal.  100 

 101 

The question of whether there is something special in the cortical processing of speech has often 102 

been approached through careful acoustic matching of linguistic and nonlinguistic stimuli and 103 

comparison of their activation patterns in the brain (Overath et al., 2015; Peelle et al., 2012; Scott et 104 

al., 2000). Here we take a different approach: Our stimuli are natural spoken words and 105 

environmental sounds and, instead of delimiting their acoustic properties, we make full use of their 106 

large natural variability. We evaluate the hypothesis that temporal tracking of the spectrotemporal 107 

content is particularly important in cortical encoding of spoken words by modeling and decoding 108 

the sounds, using multiple physiologically-inspired representations that differ in temporal detail. 109 

Cortical activation is measured with magnetoencephalography (MEG), which detects cortex-wide 110 

neuronal signaling on a millisecond scale. Decoding of the time-varying features of the sounds is 111 

achieved using a convolution model (Bialek et al., 1991; Faisal et al., 2015; Mesgarani et al., 2009; 112 

Pasley et al., 2012), with a new formulation that efficiently handles the high spatiotemporal 113 

dimensionality of MEG data. The convolution model assumes that the activation of neuronal 114 

populations follows closely in time the time-sequence of stimulus features. It is compared to a 115 

regression model where no such time-locking is assumed (Mitchell et al., 2008; Santoro et al., 2014; 116 

Sudre et al., 2012). The ability of each model to decode and reconstruct the sounds, using variations 117 

in the MEG signal, reveals whether the underlying assumptions of the model are an accurate 118 

description of how the human brain encodes the stimulus features. Importantly, this approach does 119 

not require a direct comparison of cortical responses to speech versus other sounds. Earlier studies 120 

that have combined machine-learning-based neural decoding models (Mitchell et al., 2008) with 121 

models of cortical processing of sounds (Chi et al., 2005) have demonstrated tonotopy, as well as 122 

selectivity for specific spectrotemporal modulations in the auditory cortical areas (Santoro et al., 123 

2014), and allowed successful reconstruction of spoken word acoustics based on fMRI and 124 

intracranial recordings (Akbari et al., 2019; Pasley et al., 2012; Santoro et al., 2017). Phoneme 125 

categories or articulatory features have been shown to be reflected in EEG, fMRI and intracranial 126 

recordings, and have been decoded with quite good accuracy (Chang et al., 2010; Di Liberto et al., 127 

2015; Formisano et al., 2008; Mesgarani et al., 2014), while semantic classification of spoken 128 

words has so far been reported only for small sets of stimuli (Chan et al., 2011; Correia et al., 2015; 129 

Simanova et al., 2010) or based on dissimilarity to preceding context (Broderick et al., 2018). The 130 

current work is the first to address acoustic, phonological and semantic levels of analysis in the 131 

same study, and to systematically evaluate the same time-varying and non-time-varying decoding 132 
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models for spoken words and environmental sounds that refer to corresponding meanings (e.g. the 133 

uttered word “cat”, and the sound of a cat “meow”). This study thus offers essential new insights 134 

into cortical mechanisms that are potentially particularly relevant for the encoding of speech, as 135 

compared with other sounds. 136 

Materials and Methods 137 

Participants 138 

The participants were 16 (8 male, 8 female) right-handed Finnish-speaking volunteers aged 19–35 139 

years (mean 24 years). Exclusion criteria were hearing disorders and developmental or acquired 140 

neurological or language disorders. Participants signed a written consent form before the 141 

measurement, in agreement with the prior approval of the university’s research ethics committee. 142 

The originally planned sample size was 20 participants, but data from only 16 was collected due to 143 

practical reasons. While the sample size could be considered relatively small according to current 144 

neuroimaging standards, the observed effects were robust in all individuals, with effect size ranging 145 

from moderate to large.  146 

 147 

Stimuli and experimental design 148 

The speech stimuli were 44 words from various semantic categories (Fig. 1-1, Figure 1-3). To 149 

increase acoustic variability, each word within a category was spoken by a different speaker (8 150 

speakers in total; 4 female, 4 male; two children/adolescents). Also, each speaker spoke one word in 151 

each semantic category, to enable eliminating the influence of speaker-specific acoustic features 152 

from category-level decoding. The speaker set was rotated across participants. Stimulus duration 153 

was on average 810 ms (s.d. 180 ms) for the spoken words and 920 ms (s.d. 230 ms) for the 154 

environmental sounds. The spoken words were composed of 2-5 syllables, with a few compound 155 

words included. The uniqueness point (i.e. estimated time of lexical selection) was on average 500 156 

ms (range 300–890 ms, from first to fourth syllable). Due to the transparent nature of Finnish the 157 

uniqueness point of a spoken word (point of divergence from all other words with a different word 158 

stem) corresponds to its orthographic uniqueness point, calculated here based on the same 1.5 159 

billion-token Finnish Internet-derived text corpus that was used to create the semantic features 160 

(Kanerva & Ginter, 2014).  161 

 162 

The environmental sounds were high-quality sounds chosen from internet sound libraries and, using 163 

the Adobe Audition program, modified to readily identifiable mono sounds of approximately 1 s 164 



 

6 

duration, with sampling frequency 44.1 kHz and bit rate of 16 bits. With careful selection of sounds 165 

from several categories, we sought to include as much acoustic variability as possible to extensively 166 

span the low-level acoustic feature space. The experimental stimuli were selected from these sounds 167 

based on a behavioral test with 12 participants (who did not participate in the MEG study): 168 

Participants wrote down the name of each sound immediately after recognizing it. Environmental 169 

sounds with at least 80% consistent naming and response time less than 3 s were chosen as stimuli. 170 

The final 44 environmental sound stimuli belong to 6 categories: animals, human sounds, tools, 171 

vehicles, musical instruments and others (6–8 items per category, see Fig. 1-1, Figure 1-3; the 172 

spoken word stimuli were the noun labels of the final selection of environmental sounds). The 173 

others category included items that did not belong to any of the other above-mentioned categories. 174 

The same environmental sounds were used as stimuli across all participants.  175 

 176 

All sounds were filtered with an 8-kHz linear low-pass FFT filter (Blackman-Harris) and re-177 

sampled at 16 kHz. Mean amplitudes of the stimuli were normalized such that the root-mean-square 178 

power of each stimulus was the same. Before the MEG measurement, the individual hearing 179 

threshold was determined for each participant, and the stimuli were delivered through plastic tubes 180 

and earpieces at 75 dB (sensation level). 181 

 182 

To reach a high enough MEG signal-to-noise ratio (SNR) per stimulus item for the machine 183 

learning approach, each stimulus was presented 20 times in a pseudorandom manner, such that two 184 

words spoken by the same speaker, or a spoken word and an environmental sound referring to the 185 

same meaning were not presented in a row. Event-related fields were calculated as an average of 186 

these 20 repetitions. To ensure concentration, participants performed a one-back task:  They were 187 

instructed to listen carefully to each sound, think about the concept it refers to, and respond with a 188 

finger lift when two sounds with the same meaning were presented one after another (4% of trials). 189 

Response hand was alternated between participant pairs. In the task trials, another exemplar of a 190 

word or an environmental sound was presented as target stimulus (same word spoken by a different 191 

speaker or same environmental sound with a different acoustic form, e.g. a different kind of dog 192 

bark; the two stimulus types were not mixed, thus, e.g. the word cat was never followed by a cat 193 

sound).  194 

 195 

Additional filler items, 8 meaningful environmental sounds and 9 spoken words, were included to 196 

make the sequence more variable. In addition, 8 meaningless environmental sounds and 8 197 

pseudowords were presented 20 times each to increase participants’ attention. The meaningless 198 
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environmental sounds were sounds from the abovementioned categories, which were further 199 

processed by reversing them in the time domain and, for some words, also scrambling them in 50 – 200 

100 ms segments, to make them unidentifiable. The resulting sounds shared properties with the 201 

meaningful sounds from the same categories, but they were not identifiable in the behavioral pre-202 

test. The pseudowords were minimal pairs to real Finnish words, following Finnish phonotactic 203 

rules. The task trials, filler sounds and meaningless sounds were excluded from the main analysis. 204 

However, we separately investigated pseudoword decoding with the different models to explore the 205 

possible contribution of lexical and semantic aspects in spoken word decoding. 206 

 207 

Acoustic, semantic and phoneme features of the sounds 208 

Acoustic features. We compared four sets of acoustic features that vary with respect to whether and 209 

how they incorporate information about the temporal modulations within the spoken words (Fig. 210 

1a). The simplest set of features was the frequency spectrum, which is a non-time-varying 211 

representation of the stimulus power per frequency. Fast Fourier transform (FFT) was calculated 212 

over the entire sound time window by using a filter bank of 128 frequency bands, with central 213 

frequencies of the bands ranging from 180 to 7246 Hz, uniformly distributed along a logarithmic 214 

frequency axis.  215 

 216 

In addition to displaying an organization by frequency, the primary and secondary auditory cortices 217 

respond to different rates of temporal modulations at different spectral scales (Pasley et al., 2012; 218 

Santoro et al., 2014; Santoro et al., 2017). These intricate multidimensional modulations within 219 

sounds are captured by our second set of features, the modulation power spectrum (MPS). The MPS 220 

(also called modulation transfer function, or MTF, when describing neuronal filter properties 221 

(Elliott & Theunissen, 2009)) represents energy in wide to narrow spectral scales and at slow to fast 222 

temporal modulation rates at different frequency bands (same as in FFT) for the entire duration of 223 

the sound (Chi et al., 2005). MPSs were calculated using the NSL-toolbox (Chi et al., 2005) with 224 

modulation-selective filters spanning four spectral scales (0.5, 1, 2 and 4 cycles/octave) and four 225 

temporal modulation rates (1, 3, 9 and 27 Hz) within the sounds; these have been shown to capture 226 

the essential features of a broad range of natural sounds (Santoro et al., 2014). We chose a three-227 

dimensional frequency-specific MPS where the time dimension of the MPS was averaged out, and 228 

upward-going and downward-going modulation rates were averaged together. This type of time-229 

averaged modulation content has been shown to successfully decode environmental sounds from 230 

fMRI data (Santoro et al., 2014; Santoro et al., 2017); computationally demanding time-varying 231 

MPS features are decodable from spatially limited intracranial recordings (Pasley et al., 2012).  232 
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 233 

For a time-evolving representation of the acoustic features, a spectrogram was generated from 234 

sounds using an auditory filter bank with 128 overlapping band-pass filter channels, with their 235 

central frequencies corresponding to the FFT frequency bands (following Pasley et al., 2012)  236 

(http://nsl.isr.umd.edu/downloads.html). This filter bank mimics the representation of sound in the 237 

human cochlea (Chi et al., 2005). The time resolution and other parameters were optimized for 238 

retaining the characteristic temporal modulations of the sounds, while enabling extraction of the 239 

relevant spectral structure of the sounds. The sounds were divided into frames of 10 ms and 240 

integrated over 16-ms time windows.  241 

 242 

Finally, we investigated a representation of the sounds that contains temporal modulation, but lacks 243 

fine spectral structure, by using the amplitude envelope of the sounds. The amplitude envelope was 244 

estimated through averaging the sound spectrogram across the 128 frequency bins in 10 ms 245 

windows, resulting in one feature vector. 246 

 247 

The number of acoustic features were on average 87 in amplitude envelope (1 amplitude envelope x 248 

87 time windows of 10 ms), 128 in FFT (128 frequency bands), 2048 in MPS (128 frequency bands 249 

x 4 spectral scales x 4 temporal modulation rates) and on average 11136 in spectrogram (128 250 

frequency bands x 87 time windows of 10 ms); for spectrogram and amplitude envelope, the length 251 

of the feature vectors varied with the sound length. To control for possible confounding effects of 252 

the varying lengths of feature vectors on the performance of the convolution model, the feature 253 

vectors for the two held-out test sounds (see sections Machine learning models and Performance 254 

evaluation, below) were always equalized to the length of the shorter one. 255 

 256 

Phoneme sequence. Phoneme sequence of the words were obtained through their phonemic 257 

annotation, manually time-aligned to the stimulus wavefile using Praat software (Di Liberto et al., 258 

2015; Mesgarani et al., 2014). This was a categorical representation, where each phoneme was set 259 

as 1 in those 10-ms time windows when it was present and otherwise as 0. There was no overlap, 260 

i.e. only one phoneme was marked “active” in each time window; it captures well the timing of 261 

phoneme onsets, but does not take coarticulation into account. Only phonemes with 10 or more 262 

instances in the stimulus set were included to reduce sparsity of the feature set, resulting in a set of 263 

15 phonemes, each occurring 10–40 times. This representation had on average 1305 features. 264 

 265 



 

9 

Combined spectrogram and phoneme features. For investigating whether the spectrogram and 266 

phoneme decoding results were based on fully overlapping information, we combined these into a 267 

single feature representation of the spoken words, with on average 11136 spectrogram features plus 268 

1305 phoneme features; the number of features varied with sound length. 269 

 270 

Semantic features. The semantic features were obtained by concatenating two sets of norms, one 271 

acquired through a questionnaire and the other using word co-occurrences in a large-scale text 272 

corpus. Question norms for the stimulus words were collected with a web-based survey. The 273 

questions in the survey were partly based on a previous study (Sudre et al., 2012) but modified to 274 

better represent the present selection of stimulus categories. Fifty-nine university students (32 275 

female, 27 male, mean age 26 years; none of them participated in the present MEG study) answered 276 

99 questions, presented in random order, about the semantic properties of each item on a scale from 277 

0 to 5 (from definitely not to definitely yes); values for each question were averaged across the 278 

participants. Each item was thus described with a vector with 99 values. 279 

 280 

For extracting the corpus statistics, the frequencies of co-occurrences of words in the immediate 281 

neighborhood (5 words before and 5 words after) of each lemmatized stimulus word (compound 282 

markers added, some words changed from plural to singular) were calculated from a 1.5 billion-283 

token Finnish Internet-derived text corpus (Kanerva & Ginter, 2014) using a continuous skip-gram 284 

Word2vec-algorithm using default parameters (Mikolov et al., 2013). The dimensionality of the 285 

trained vectors was 300, i.e. a vector with 300 values was used to describe each item. 286 

 287 

Similarity measures. To investigate how the different acoustic models (especially the MPS and 288 

spectrogram models) differ in the dissimilarity among the speech vs. non-speech sounds, we 289 

calculated the pairwise distances (1 minus sample correlation) for all spoken words and 290 

environmental sounds (Fig. 3-1 b & d). We chose correlation as our similarity measure, as 291 

correlation between the original sound and its reconstructed model was also used in the evaluation 292 

of the classification and reconstruction performance. Thus, this measure serves as a baseline 293 

measure of discriminability of the items with the different models, and for the spectrogram model it 294 

describes the cumulative dissimilarity of all time points at each frequency band of the spectrogram. 295 

To calculate the distances (1 minus correlation), the different frequency bands were concatenated.  296 

 297 

Sound complexity measures. For estimating how the spectral distribution fluctuates across time in 298 

environmental sounds and spoken words we calculated, first, the variance of the spectral structure 299 
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(spectral flatness measure SFM, an estimate of the number of distinct peaks in the frequency 300 

spectrum (Jayant & Noll, 1984)) across each 10-ms segment within the spectrogram and, then, the 301 

spectral structure index (SSI, a measure of spectral variability defined as the SFM across time and 302 

suggested as a measure of sound complexity (Jayant & Noll, 1984)). Larger values of SSI denote 303 

more variable spectral structure across time. 304 

 305 

MEG recording 306 

Magnetic fields associated with neural current flow were recorded with a 306-channel whole-head 307 

neuromagnetometer (Elekta Oy, Helsinki). The sensor array consists of 102 triple sensor elements, 308 

each with one magnetometer and two planar gradiometers. Planar gradiometers are most sensitive to 309 

neural activity close to the sensors and give maximum signal directly above a current source; 310 

magnetometers also pick up signals from more far away sources. The MEG signals were acquired at 311 

1000 Hz, with a hardware band-pass filter set between 0.03 and 330 Hz. Eye movements and blink 312 

artifacts were monitored by two diagonally placed electrodes measuring electro-oculogram signal 313 

(EOG). The position of the participant’s head within the MEG helmet was defined using five head 314 

position indicator coils. The locations of these coils, attached to the participant’s scalp, were 315 

determined with respect to three anatomical landmarks (nasion and two preauricular reference 316 

points) with a 3D digitizer, and with respect to the sensor array by briefly feeding current to the 317 

coils during the measurement. Head movements were monitored continuously (Uutela et al., 1999). 318 

The MEG measurement lasted approximately 40 minutes, with breaks every 5 minutes. 319 

 320 

Anatomical MRI acquisition 321 

Anatomical magnetic resonance images (MRIs) were obtained with a 3T MRI scanner (Magnetom 322 

Skyra, Siemens) for all 16 participants. The scan included a 3-plane localizer and a T1-weighted 323 

anatomical image. To enable attribution of MEG activation patterns to cortical loci, the MEG data 324 

were co-registered in the same coordinate system with the individual MR images. 325 

 326 
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MEG preprocessing and source modeling 327 

Spatio-temporal signal space separation (tSSS; Taulu & Simola, 2006) and movement 328 

compensation algorithms (Uutela et al., 1999)  were applied offline to the raw data using Max-329 

Filter™ software (Elekta Neuromag), to remove the effects of external interference and to 330 

compensate for head movements during the measurement. To obtain an estimate of the artifact 331 

signals caused by blinks or saccades, the MEG signals were averaged with respect to transient 332 

maxima in the EOG signal, principal component analysis (PCA) was performed on this average, 333 

and the corresponding magnetic field component was removed from the raw data (Uusitalo & 334 

Ilmoniemi, 1997).  335 

 336 

The MEG data analysis focused on planar gradiometer channels. Single trials were averaged from 337 

300 ms before to 2000 ms after the stimulus onset, rejecting trials contaminated by any remaining 338 

artifacts (signal strength exceeding 3000 fT/cm). On average 19.7 ± 0.6 (mean ± s.d.) artifact-free 339 

epochs (trials) per participant were gathered per item (maximum = 20). The averaged MEG 340 

responses were baseline-corrected to the 300-ms interval immediately preceding the stimulus onset. 341 

For visualization purposes only, the averaged data was further low-pass filtered with the Elekta 342 

Neuromag Xplotter software, with a center frequency of 40 Hz and filter width of 10 Hz.  343 

 344 

An estimate of the underlying cortical sources was obtained with minimum norm estimates (MNE; 345 

Hämäläinen & Ilmoniemi, 1994) using MNE Suite software package (Gramfort et al., 2014). For 346 

MNE analysis, the cortical surface of each participant was reconstructed from their individual MR 347 

images with Freesurfer software (Dale et al., 1999; Fischl et al., 1999). Each hemisphere was 348 

covered with ~5000 potential source locations. Currents oriented normal to the cortical surface were 349 

favored by weighting the transverse currents by a factor of 0.2, and depth-weighting was used to 350 

reduce the bias towards superficial sources (Lin et al., 2006). Noise-normalized MNEs (dynamical 351 

Statistical Parametric Maps, dSPMs) were calculated over the whole cortical area to estimate the 352 

SNR in each potential source location (Dale et al., 2000). Noise covariance matrix was estimated 353 

from the 300-ms prestimulus baseline periods across all trials. The source space (~10000 vertices) 354 

was divided into 229 parcels of approximately equal size (101 in the left and 118 in the right 355 

hemisphere), using the Destrieux Atlas as a starting point (Destrieux et al., 2010). Medial and 356 

orbitofrontal areas were excluded, as MEG does not reliably measure activation in these areas. 357 

Before applying the parcellation, the cortical surface of each participant was morphed onto 358 

Freesurfer’s average cortical surface template (fsaverage). 359 

 360 
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Machine learning models 361 

Each decoding model was trained and tested separately within each individual participant. Before 362 

model fitting, MEG sensor level responses were downsampled to 100 Hz (i.e. sampled at 10 ms 363 

resolution). All decoding models were trained and tested separately for the spoken words and for 364 

environmental sounds (training and testing within spoken words or environmental sounds, not 365 

mixed together). Decoding was performed both on sensor-level and source-level. In the sensor 366 

space, the analysis was restricted to 28 planar gradiometer pairs over the bilateral auditory cortices 367 

for the acoustic and phoneme decoding, whereas signals from all 204 planar gradiometers were 368 

used for semantic decoding. For decoding of time-varying features, i.e. the spectrogram 369 

frequencies, amplitude envelope and phoneme sequences, we used a convolutional model. For 370 

decoding of non-time-varying features, i.e. semantic features, frequency spectrum (FFT) and time-371 

averaged MPS, we used a regression model.  372 

 373 

Prior to performing machine learning analysis, the stimulus features and MEG signals were 374 

standardized across all stimuli, such that the mean value was set to zero and standard deviation to 375 

unity: For the acoustic features, the FFT and spectrogram were normalized within each frequency 376 

band, and the MPS within each rate, scale and frequency band. Each semantic feature was similarly 377 

standardized across all stimuli. The phoneme sequences were categorical variables (with values 378 

0/1), and thus not standardized. The MEG signal power per sensor or source location was 379 

normalized within each 10 ms time window. When applied to both stimulus features and 380 

corresponding MEG responses, this procedure ensures that the absolute power (e.g. per frequency 381 

band) does not affect model estimation. Instead, the models use variation in the MEG signal power 382 

to reconstruct variation in each stimulus feature, across stimuli. Data standardization is a normal 383 

practice in statistical analysis and ensures that all the different data features are weighted equally in 384 

the analysis (Friedman et al., 2001).  385 

 386 

In the training phase, each model learns a mapping between a stimulus feature set and the MEG 387 

data based on all but two sounds (Fig. 1 a & b). The model is then evaluated on the remaining data 388 

from the same participant, i.e. used to tell apart the two held-out words/environmental sounds based 389 

on their decoded features (leave-two-out cross-validation, Fig. 1 c). The training and testing steps 390 

are repeated for all possible sound pairs.  391 

 392 

We had two machine-learning models: Time-sensitive decoding of the acoustic features was 393 

approached with lagged linear regression, that convolves the time-varying signal with a multivariate 394 
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response function, and non-time-sensitive decoding with regular regression. In the following, for 395 

simplicity, we will refer to these models as convolution and regression, respectively.  Both the 396 

regression and convolution models decode acoustic features from multivariate spatiotemporal 397 

neural patterns, but the regression model does not model the potential temporal tracking of stimulus 398 

features in the neural responses. 399 

 400 

The convolution model searches for a suitable mapping (stimulus response function) between the 401 

time-varying neural response and the time-varying stimulus features (Bialek et al., 1991; Mesgarani 402 

et al., 2009; Pasley et al., 2012) (Faisal et al., 2015). Here we use a scalable formulation of the 403 

model that allows decoding of time-varying properties of the sounds (s) by convolving the time-404 

varying MEG responses (r) at brain location x with the spatiotemporal response function . The 405 

model decodes stimulus features (^ , where f is a given stimulus feature, here the amplitude at one 406 

spectral frequency band or the value (0/1) of one phoneme) at time t, based on the MEG activation 407 

(r) integrated from time ( − ) to ( − ); − > 0,− ≥ 0 (see Fig. 1 b, where − =  180 408 

and − =  100). Thus, the convolution model decodes spectrogram at time  using neural 409 

responses at time ( − ) and at successive 10 ms time points until time ( − ). Thus, the lag 410 

values from stimulus to neural response are always positive (or zero), and the model incorporates 411 

the assumption that the neural activation follows (and never precedes) in time each time point of the 412 

stimulus that it is encoding. A short lag window entails that the activation of neuronal populations 413 

reflected in the MEG signal falls and rises closely following (i.e. time-locked to) the amplitude 414 

fluctuations within different frequency bands.  415 

 416 

The procedure is repeated independently for all feature time series (e.g. for each frequency band of 417 

the stimulus spectrogram), resulting in a reconstructed time series of amplitude changes of sound 418 

spectrogram, amplitude envelope or the phoneme sequence, 419 

 420 

 421 ̂ ( ) = ∑ ∑ ( , ) ( − , ). (1) 422 

 423 

To estimate the unknown spatiotemporal response functions  we use the dual representation of 424 

Equation 1, and impose an L2 prior on the unknown reconstruction weights, ( , ) as follows. 425 

Using matrix notation, Equation 1 can be written as, = , where we define ∈ ℝ( )× , 426 ∈  ℝ( )× , and the response matrix  ∈ ℝ( )×( ), such that each row ( ) in R represents 427 
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MEG response to a spoken word or environment sound n across all sensors x and all time points 428 

sampled from ( − ) to ( − ). The unknown  are estimated by minimizing the regularized 429 

sum of squared error between the original s  and the reconstructed sound features ̂ , e.g. 430 

spectrogram,  431 arg ∑ s ( , ) − ̂ ( , ) + , ∑ ( , ),  (2) 432 

Minimizing this loss function leads to the maximum-a-posteriori (MAP) estimate for , 433 =  +  I . 434 

This classical MAP estimate is not ideal for MEG studies where the number of conditions N are 435 

typically small compared to the dimensionality of neural responses since ∈ ℝ( )×( ) (Faisal 436 

et al., 2015; Mesgarani et al., 2009). Therefore, similar to kernel ridge regression (Bishop, 2006) 437 

(also known as dual representation of ridge regression) we obtain the MAP estimate of the 438 

convolution model using its dual representation where the inner product   is replaced with 439 

corresponding Gram matrix ,  440 =  +  I . 441 

To estimate the regularization parameter  we use a grid of pre-defined values for the hyper-442 

parameter and choose the optimum value that minimizes leave-one-out error within training data 443 

(Bishop, 2006). Given the lag parameters  and  the learned MAP estimates ( , ) are used to 444 

decode the acoustic and phonetic features of a new, previously unencountered, test sound as 445 

follows:  446 

 447 ̂ { }( ) = ∑ ∑ ( , ) { }( − , ). (3) 448 

 449 

The convolution model thus decodes the spectrogram at time  using neural responses at time ( −450 ), … , ( − ). To obtain an overview of the model’s performance, we used a lag window of 0 – 451 

420 ms (delay from time point in the spectrogram to a range of time points in the MEG signal, i.e. 452 

from −  to − , where = −420 and = 0. Next, we advanced the lag window in non-453 

overlapping 80 ms steps (20 – 100 ms, 100 – 180 ms, …, 340 – 420 ms) to investigate the 454 

dependence of the decoding accuracy on the lag timing. A relatively large step size (80 ms) was 455 

chosen due to the high computational load of the analysis and also motivated by previous research 456 

showing speech tracking at latencies of about 100–180 ms (Abrams et al., 2008; Aiken & Picton, 457 

2008; Koskinen et al., 2013). The same convolution model was additionally used for categorical 458 

phoneme features to investigate whether spectrogram decoding reflects the emergence of 459 



 

15 

categorical phoneme information and whether the time lag differs for decoding of these two feature 460 

sets. Note, however, that the model is not optimized for categorical variables, which may affect the 461 

decoding performance.  462 

 463 

The time-averaged frequency / modulation content of the sounds, estimated with FFT / MPS 464 

respectively, was decoded using a regression model, in which each feature of the stimuli is 465 

reconstructed based on all time points (or a selected time window) of the MEG responses (Fig. 1 b) 466 

(Sudre et al., 2012). In the regression model, the dependent (decoded/reconstructed) variables were 467 

the semantic or non-time-varying acoustic features, while the independent variables were the MEG 468 

responses r(t,x) at brain location x and time t from stimulus onset. Unknown weights ( , ) and 469 

the L2 regularization parameters were learned in a similar fashion as for the convolution model 470 

using dual representation of the regression model (Sudre et al., 2012). Using the same notation as in 471 

Equation 1, the reconstruction value (^ ) for one semantic or non-time-varying acoustic feature f 472 

can be written as: 473 

 474 ̂ = ∑ ∑ ( , ) ( , ). (4) 475 

 476 

We first utilized MEG data at 0 – 1000 ms from stimulus onset to obtain an overview of model 477 

performance and then analyzed sensitivity of successive 50-ms time windows (0–50 ms, 50–100 478 

ms, etc.) in the MEG responses to see how the decoding of semantic/acoustic features varied with 479 

time. This resolution was considered sufficient to cover the early transient response components 480 

which were expected to be especially important for encoding the acoustic features (Salmelin, 2007). 481 

In the source space, the models were learned, for each participant, separately for the vertices within 482 

each cortical parcel, and visualized by averaging the decoding performance within each cortical 483 

parcel across participants. We visualized the sensitivity of cortical areas in decoding stimulus 484 

features by averaging the decoding performance within each cortical parcel, across all participants. 485 

 486 
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Performance evaluation 487 

We adopted a two-stage evaluation scheme (Palatucci et al., 2009; Sudre et al., 2012). In the first 488 

stage, the convolution or the regression model was trained to learn the unknown weights using all 489 

but two held-out items/sounds. In the second stage the learned weights were used to decode 490 

stimulus features (acoustic, phonemic or semantic features) for the two held-out test items. The 491 

decoding was considered correct if the combined similarity between the true features of sounds (s1 492 

and s2) and the decoded features of the sound (p1 and p2) was greater than the reverse labeling, i.e. 493 

 494 ( , ) + ( , ) > ( , ) + ( , ), (5) 495 

 496 

where ( , ) is the Pearson correlation between original  and decoded features . Here, all 497 

features were considered together (e.g. all frequency bands of the spectrogram). The evaluation 498 

scheme of Equation 5 was repeated for all possible combinations in a leave-two-out cross-499 

validation approach as follows: For item-level decoding (for all acoustic and phoneme features), the 500 

44 items (spoken words or environmental sounds) were divided into 42 training and 2 test sounds in 501 

all possible pair-wise combinations, leading to a total of 946 pair-wise tests. For category-level 502 

decoding (for semantic features), the two held-out test sounds were always chosen from two 503 

different semantic categories, resulting in 66 possible pair-wise tests. The evaluation was done 504 

separately for spoken words and environmental sounds. For spoken words, these test sounds were 505 

always chosen from the same speaker (i.e. within-speaker decoding); thus category-level decoding 506 

is not influenced by speaker-related acoustic differences. The reported participant-level decoding 507 

accuracy is an average over all pair-wise combinations of the held-out pairs. 508 

 509 

Statistical significance 510 

Statistical significance was established by repeating each analysis with permuted data, and 511 

empirical p-values were obtained for single participants. In each permutation run, data from one 512 

participant was chosen at random and the item labels for the averaged evoked responses were 513 

randomly permuted across the different sounds (within spoken words or environmental sounds). 514 

This procedure was repeated 200 times for each convolution model and 1000 times for each 515 

regression model. For each permutation, the models were evaluated using all possible pairwise tests 516 

in a leave-two-out cross-validation scheme. Empirical p-values were computed by calculating the 517 

number of times the permutation result was better than the observed decoding accuracy for each of 518 

the 16 participants. The p-values across all 16 participants were combined using Fisher’s method 519 

and corrected for multiple comparisons (over time in the reported time courses) using false 520 



 

17 

discovery rate (FDR) at an alpha level of 0.01. Two-tailed Wilcoxon signed rank test was used for 521 

comparing the decoding performance between different models and sound classes across all 16 522 

participants. 523 

 524 

Data and code availability 525 

Ethical restrictions imposed by the university’s research ethics committee prevent the authors from 526 

making brain imaging data publicly available without restrictions, as this data cannot be fully 527 

anonymized. Making the data freely available under the Creative Common licence would not enable 528 

us to restrict its use to scientific purposes. However, the relevant pseudonymized data used in this 529 

study are available from the authors upon reasonable request and with permission of the university’s 530 

research ethics committee, for researchers aiming to reproduce the results. The machine-learning 531 

analysis has been performed with our custom-made Matlab scripts, which are available in 532 

https://aaltoimaginglanguage.github.io/speechness/. 533 

 534 

Results 535 

Acoustic decoding of spoken words relies on neural responses that closely follow time-varying 536 

spectral features 537 

The FFT features (non-time-varying frequency spectrum) were decoded reasonably well based on 538 

the MEG responses for spoken words using the regression model (average item-level decoding 539 

accuracy 65%, p < 10-14; Fig. 1 c). Use of MPS (modulation power spectrum) and regression model 540 

resulted in similar performance (65%, p < 10-11; FFT vs. MPS, two-tailed Wilcoxon signed rank 541 

test, Z = 0.10, p = 0.94). In contrast, the time-sensitive convolution model using spectrogram was 542 

remarkably successful at decoding spoken words (83%, p < 10-16), with a significant improvement 543 

in comparison to the regression model that used time-averaged MPS (Z = 3.5, p = 0.000031; Fig. 1 544 

c); to obtain an overview of the convolution model’s performance, we used a lag window of 0 – 420 545 

ms (delay from time point in the spectrogram to a range of time points in the MEG signal).  546 

 547 

The success of the spectrogram convolution model in decoding spoken words was not merely due to 548 

increased information content (e.g. number of features) of the time-varying (spectrogram) compared 549 

to the time-averaged (FFT/ MPS) feature sets: When we used a regression model to predict the 550 

spectrogram frequencies of spoken words by including all time-points of the MEG response to 551 

predict each time point in the spectrogram separately, the convolution model continued to perform 552 
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significantly better (spectrogram regression 73%, spectrogram convolution 83%; Z = 3.3, p = 553 

0.00031; Fig. 1 c). Thus, the salient improvement of decoding accuracy with the spectrogram 554 

convolution model suggests that the neuronal population activity in the auditory cortices closely 555 

follows the speech signal in time, to accurately encode the minute changes within spoken words.  556 

 557 

We then investigated whether changes in the amplitude envelope of the spoken words, 558 

corresponding to the slow temporal modulations within the speech rhythm, are important for the 559 

particularly successful decoding of spoken words, by separately decoding the amplitude envelope 560 

(spectrogram averaged across frequency) with the convolution model. The results reveal remarkably 561 

high classification performance for the spoken words (91%, significant difference from spectrogram 562 

decoding for speech, Z = 3.5, p < 0.001; Fig. 1 c), further highlight the importance of the temporal 563 

aspects of the stimulus for speech decoding.  564 

 565 

Time-locked encoding of spoken words reflects acoustic-to-phoneme mapping 566 

Leave-one-out-reconstruction of the spoken word waveforms with the spectrogram convolution 567 

model suggested preservation of acoustic properties characteristic of different phonemes (Audio 1, 568 

Fig. 2-1). To test this hypothesis, phonemic annotation of the speech sounds was aligned to the 569 

stimulus time-course (Di Liberto et al., 2015; Mesgarani et al., 2014), and the same convolution 570 

model was used for decoding these categorical phoneme features; please note that this model is not 571 

optimized to deal with categorical variables, which may affect model performance. These phoneme 572 

sequences (Fig. 1 a) were decoded successfully with the convolution model (73%; p < 10-16; Fig. 1 573 

c). Furthermore, a representation of the spoken words that combined both the speech spectrogram 574 

and the sequence of phonemes performed even above the spectrogram alone (84%; Z = 2.5, p = 575 

0.01).  576 

 577 

To determine at what delay after each time point in a sound the brain responses reflect encoding of 578 

its acoustic and phoneme information, we investigated different lag windows between time points 579 

of the stimulus and the MEG response. For this analysis, we chose the spectrogram model, which 580 

allows for a reconstruction of the spoken words that retains the relevant sound features (in contrast 581 

to the amplitude envelope alone), and additionally analyzed whether phoneme information is 582 

represented at a similar lag. The lag window was advanced in non-overlapping 80-ms steps (20 – 583 

100 ms, 100 – 180 ms, and so on until 340 – 420 ms). Both spectrogram and phoneme decoding 584 

with the convolution model performed best when MEG responses at a lagged window of 100–180 585 

ms after each time point in the sound were used (81% at 100–180 ms vs. 73% at 180–260 ms lag Z 586 
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= 3.5, p = 0.000031; for phonemes 69% at 100–180 ms vs. 62% at 180–260 ms lag Z = 2.4, p = 587 

0.016; Fig. 2 a). For a sanity check, we also calculated the decoding accuracy for speech 588 

spectrogram using a counterintuitive lagged window of -80–0 ms, i.e. evaluating if “past” neural 589 

response could predict “future” spectrogram. With this lag, decoding performance was at chance 590 

level (mean decoding accuracy across 16 subjects 55%, SEM = 1.85). The cortical areas 591 

contributing to successful performance of the acoustic and phoneme models concentrated in and 592 

around the left and right auditory cortices (Fig. 2 b). 593 

 594 

To explore the contribution of semantics in the acoustic-phonetic decoding of spoken words, we 595 

investigated how these different models decoded pseudowords, by training the models with all the 596 

meaningful spoken words, and using all possible pairs of the 8 pseudowords (28 combinations) for 597 

testing. Pseudoword decoding showed similar performance as decoding of the meaningful words 598 

(FFT 68%, MPS 66%, spectrogram convolution 86%, phoneme convolution 75%), with significant 599 

improvement for the spectrogram convolution compared to the MPS (Z = 3.4, p = 0.00015). The 600 

convolution model was able to decode the phoneme content of the pseudowords with a similar 601 

accuracy (75%) as for the real words. Thus, time-locked encoding does not seem to depend on 602 

lexical content, giving further support to the idea that it might reflect mapping of acoustic content to 603 

prelexical linguistic units. 604 
 605 
Decoding of environmental sound acoustics does not benefit from time-locked models 606 

To investigate whether the convolution model performs better than time-averaged models for other 607 

sounds than speech, we separately applied the different acoustic models to a variety of 608 

environmental sounds (Fig. 1-1, Fig. 1-3). They conveyed the same meanings as the spoken words, 609 

thus the conceptual endpoint of neural processing is presumed to be the same. Also, their cortical 610 

responses were similar to spoken words (Fig. 1-2). However, the processing steps for accessing the 611 

meaning of environmental sounds are presumably different than for spoken words. 612 

 613 

The FFT features were decoded based on the MEG responses for environmental sounds at a 614 

significant level with the regression model (60%, p < 0.0001; Fig. 3 a). Use of MPS together with 615 

regression model resulted in better performance than FFT (70%, p < 10-15; FFT vs. MPS, Z = 3.5, 616 

p = 0.000031); such an improvement in decoding was not observed for spoken words (for spoken 617 

words FFT and MPS decoding were both at 65%). In contrast, the accuracy with spectrogram 618 

convolution (68%, p < 10-4) did not improve compared to the MPS result (Z = 1.1, p = 0.27), as was 619 

observed for words (spectrogram convolution decoding for words was at 83%, with significant 620 



 

20 

difference between spoken words and environmental sounds: Z = 3.5, p < 0.0001). Using a 621 

regression model to decode the spectrogram frequencies of environmental sounds resulted in similar 622 

decoding performance (68%, Z = 0.18, p = 0.87), and was also fairly similar to spoken word 623 

decoding (spectrogram regression 73%; no significant difference between spoken words and 624 

environmental sounds: Z = 1.9, p = 0.058). No time-dependence was observed for environmental 625 

sounds using different lag windows (61% at 100–180 ms vs. 62% at 180–260 ms lag; Z = 0.052, p = 626 

0.98; Fig. 3 b). The amplitude envelope decoding showed some improvement for the environmental 627 

sounds compared to the spectrogram convolution decoding (Z = 2.3, p = 0.021), but was still low 628 

(72%) compared to the remarkably high decoding performance for speech amplitude envelope 629 

(91%; significant difference between spoken words and environmental sounds: Z = 3.5, p < 630 

0.0001). Similarly to the convolution spectrogram decoding for speech, the cortical areas 631 

contributing to decoding environmental sound acoustics mainly concentrated in and around the left 632 

and right auditory cortices (Fig. 3 c). 633 

 634 

Enhanced performance with the time-locked model for spoken words, but not environmental 635 

sounds, is not explained by possible confounds in the comparison of models 636 

In visual inspection, all sounds showed typical auditory evoked responses at the sensor level, at 637 

good signal-to-noise ratio (Fig. 1-2 a), with activation around the auditory cortices in the left and 638 

right temporal lobes (Fig. 1-2 b). Subtle differences in the averaged evoked responses between 639 

spoken words and environmental sounds were not investigated; only the variability among items 640 

(within spoken words or environmental sounds) affects the machine learning modeling.  641 

 642 

However, as the sounds were a selection of natural sounds, there were several differences between 643 

the spoken words vs. environmental sounds (Fig. 3-1 a, Fig. 3-2). Thus, we sought to rule out 644 

potential confounds arising from these differences that could be thought to influence the observed 645 

striking improvement of decoding performance with the convolution model for speech but lack of 646 

similar improvement for environmental sounds.  647 

 648 

The benefit for spoken word but not environmental sound decoding was not due to larger 649 

dissimilarity among the spoken word stimuli with added temporal detail: While the spectrograms of 650 

spoken words do show larger dissimilarity than the MPSs (two-tailed t-test: t(945) = 139.5, p < 651 

0.001), this is also true for the environmental sounds (t(945) = 14.8, p < 0.001; Fig. 3-1 b). Notably, 652 

the dissimilarity among items, which typically leads to better decoding performance, is overall 653 

significantly greater for the environmental than speech stimuli, also with the spectrogram model 654 
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(t(945) = 22.5, p < 0.001). This confirms that increased stimulus dissimilarity alone cannot explain 655 

the significantly better classification performance for spoken words than environmental sounds.  656 

 657 

We also verified that the difference for time-locked decoding between spoken words and 658 

environmental sounds was present already at the onset of the stimulus: The spectrograms were cut 659 

to 0–100 ms length and decoded with the convolution model using a lag window of 100–180 ms. 660 

This resulted in an average decoding accuracy of 69% for spoken words and 58% for environmental 661 

sounds (significantly better for spoken words; Z = 3.16, p = 0.002). Thus, although the decoding 662 

performance is overall worse with only the start of the word/sounds, as we expected, a significant 663 

difference remains between the spoken words and the environmental sounds (for the whole duration 664 

of the words and the same lag the decoding accuracies were 81% for speech and 61% for 665 

nonspeech). This additional analysis shows that the enhanced decoding of words with the time-666 

locked model is not explained by longer analysis time that would be needed to extract word 667 

meanings; instead, the time-locked model applies from the start of the word. 668 

 669 

Furthermore, the benefits of the convolution model for modeling the cortical encoding of spoken 670 

words are not restricted to the leave-two-out classification task: Direct leave-one-out-reconstruction 671 

(correlation of the original and reconstructed features) demonstrated that spoken words were better 672 

reconstructed with the spectrogram convolution than MPS regression model (0.19 vs. 0.10, Z = 3.5, 673 

p < 0.001; Fig. 3-1 c; see Fig. 2-1 and Audio 1 for examples of reconstructed sounds), whereas 674 

environmental sounds were better reconstructed with the MPS regression than spectrogram 675 

convolution (0.14 vs. 0.08 , Z = 3.5, p = 0.001; Fig. 3-1 c; see Fig. 2-1 and Audio 2 for examples of 676 

reconstructions based on the spectrogram convolution model). The amplitude envelope of spoken 677 

words was also remarkably well reconstructed in comparison to the amplitude envelope of 678 

environmental sounds (reconstruction accuracy for spoken words 0.67 and for environmental 679 

sounds 0.32; Z = 3.5, p < 0.001; Fig. 3-1 c). Moreover, correlating the pair-wise reconstructed 680 

spectrogram distances with the distances between original sound spectrograms shows that relatively 681 

more information is preserved in the reconstructions of spoken words compared to environmental 682 

sounds based on their respective cortical responses (Spearman correlation r = 0.41, p < 0.001 for 683 

spoken words, r = 0.22, p < 0.001 for environmental sounds; Fig. 3-1 d). 684 

 685 

The improved performance of the time-locked encoding model for spoken words was also unlikely 686 

to be solely due to different kinds of temporal properties of the words and other sounds. 687 

Specifically, speech has prominent slow (1–7 Hz) temporal modulations (Fig. 4 a & b, Fig. 3-1 a, 688 
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Fig. 3-2) that are important for its intelligibility (Elliott & Theunissen, 2009) and have been 689 

suggested to be represented in the auditory cortices through a linear coding scheme (Pasley et al., 690 

2012). Environmental sounds produced by the human vocal tract (laughter, crying etc.) are very 691 

similar to speech in terms of spectrotemporal characteristics and temporal modulation rates (with a 692 

small difference observed only for the highest rate (t(50) = 4.5, p = 0.004; Bonferroni corrected for 693 

multiple comparisons; Fig. 4 c). Spoken words showed a more variable spectral structure across 694 

time (larger values of SSI, Spectral Structure Index) than environmental sounds (t(86) = 3.9, p < 695 

0.001). However, the SSI did not differ between spoken words and human nonverbal sounds (t(50) 696 

= 0.45, p = 0.65), which were similar to each other also in their co-modulation properties 697 

(correlated temporal modulations between frequency channels; see Fig. 4 d). Yet, we saw no 698 

improvement in decoding of this subset of environmental sounds with the convolution model (MPS 699 

regression 68% vs. spectrogram convolution 69%; Z = 0.31, p = 0.84). The results indicate that 700 

particularly spoken words, with their specific combination of spectrotemporal features, show 701 

remarkably improved decoding when neuronal population activity in the auditory cortices is 702 

modeled as tightly following the time-evolving acoustics.  703 
 704 
Semantic features are successfully decoded for both spoken words and environmental sounds, 705 

but with different timing 706 

To ensure that the sounds were processed up to their meaning, the participants’ task was to identify 707 

immediate repetitions of the same meaning, i.e. two different exemplars of a sound presented one 708 

after the other. The task was easier for the spoken words than for the environmental sounds 709 

(average percentage of hits for spoken words 94%, for environmental sounds 78%; two-tailed 710 

Wilcoxon signed rank test, Z = 3.6, p = 0.00003). Reaction times were also longer for the 711 

environmental sounds (average RT for hits 1.7 s) than the spoken words (average RT for hits 1.5 s; 712 

two-tailed Wilcoxon signed rank test, Z = 3.5, p = 0.001). The same set of semantic features (see 713 

Fig. 1 a, right) was used for modeling the environmental sounds and spoken words. The semantic 714 

feature representations captured meanings of individual items and formed salient clusters of the five 715 

semantic stimulus categories. We focused on telling apart two sounds from two different categories 716 

based on their reconstructed feature (combination of question features and text corpus features). The 717 

regression model was successful in decoding the semantic category of both environmental sounds 718 

(81%; p < 10-15) and spoken words (58%; p = 0.0015), with significantly better accuracy for 719 

environmental sounds (Z = 3.5; p = 0.000031).  720 

 721 
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Semantic decoding reached significance for environmental sounds at 50–100 ms, and remained 722 

significant (p < 0.01) from 150 ms on until the end of the analysis window (Fig. 5 a); we analyzed 723 

sensitivity of all successive 50-ms time windows in the MEG responses. In the same analysis for 724 

spoken words, best performance for decoding spoken word semantics was reached late, and was 725 

significant only at 650–700 ms (Fig. 5 a). In contrast, MPS-based acoustic decoding of 726 

environmental sounds was significant at 50–150 and 200–300 ms after stimulus onset for 727 

environmental sounds and at 250–300 ms for spoken words. Cortical sources contributing to 728 

semantic decoding are illustrated in Fig. 5 b (see also Fig. 5-1). 729 

Discussion 730 

Cortical activation faithfully tracks the spectrotemporal detail of spoken words 731 

The cortical processing of speech as compared to the processing of other sounds has remained a 732 

major open question in human neuroscience. Here, by combining time-sensitive brain imaging and 733 

advanced computational modeling, we discovered that the acoustic-phonetic content of natural, 734 

meaningful spoken words is encoded in a special manner, where the cortical evoked responses 735 

faithfully track in time the unfolding spectrotemporal structure and the amplitude envelope of the 736 

spoken words. This time-locked encoding was observed also for meaningless pseudowords. 737 

However, responses to environmental sounds, even human-made non-speech sounds with spectral 738 

and temporal modulations comparable to speech, did not show improved decoding with the 739 

dynamic time-locked mechanism, and were better reconstructed using the time-averaged spectral 740 

and temporal modulation content, suggesting that a time-averaged analysis is sufficient to reach 741 

their meanings. 742 

 743 

Phase-locking of oscillatory activation to the amplitude envelope of sounds has recently gained 744 

wide interest as a potential mechanism for cortical encoding of speech (Ding et al., 2016; Ding & 745 

Simon, 2014). However, it has remained controversial whether entrainment is directly related to 746 

speech parsing: It might reflect several different underlying processes (Ding & Simon, 2014), some 747 

of which are not specific to speech nor to the human auditory system (Steinschneider et al., 2013). 748 

Based on the current results, cortical auditory evoked activation tracks fine-scale spectral detail of 749 

single spoken words in a temporally accurate manner, relying heavily on both the spectrotemporal 750 

and overall amplitude changes within the sound. We propose that this time-locking of evoked 751 

responses to an unfolding spoken word may partly reflect the same phenomenon as the reported 752 

entrainment of oscillatory activity to continuous speech envelope. It has been suggested that phase-753 
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locking of oscillatory activation to the stimulus amplitude envelope may be driven by acoustic 754 

edges at syllable onsets (Doelling et al., 2014), and it can be modelled as a series of transient 755 

responses to changes in the stimulus (Aiken & Picton, 2008). Furthermore, the spectral content and 756 

temporal modulations within speech are non-independent, and envelope entrainment also depends 757 

on fine spectrotemporal detail (Ding et al., 2014). Thus, phase-locked oscillations can at least partly 758 

be thought of as reflecting the superposition of transient evoked responses that track the fine-scale 759 

spectrotemporal evolution of the speech stimulus (Alexandrou et al., 2018; Obleser & Kayser, 760 

2019); this does not exclude the possible involvement of endogenous oscillatory activity. Here, for 761 

evoked responses to isolated spoken words the best decoding performance was obtained for the 762 

amplitude envelope of the sound (reconstructed with 67% accuracy), indicating that the cortical 763 

responses carry a lot of the characteristics of the envelope. However, the particularly high 764 

performance for the amplitude envelope compared to the spectrogram may be partly due to the 765 

reduced dimensionality of the decoded features (1 amplitude envelope vs. 128 frequency bands, 766 

respectively), reducing the influence of noise. Also, the different acoustic features within speech are 767 

temporally coupled, and the online analysis of features in the spectro-temporal fine structure is 768 

modulated by cues in the envelope (Shamma et al., 2011). As an average of all the frequency 769 

channels, the amplitude envelope may carry the most prominent temporal events in the spoken 770 

words, and its decoding may thus highlight the most salient speech-tracking features of the MEG 771 

signal. 772 

 773 

Speech comprehension has been shown to rely strongly on slow-rate temporal modulations of the 774 

speech envelope (Elliott & Theunissen, 2009). Notably, in our study, human vocalizations—the 775 

environmental sounds most similar to speech in that they contain prominent slow temporal 776 

modulations as well as similar co-modulations across frequencies—did not show any improvement 777 

in decoding with the time-sensitive spectrogram model. The dynamic mode of encoding uncovered 778 

here thus seems to take place for the particular combination of spectrotemporal features that are 779 

characteristic of speech. The high performance (83%) of the spectrogram convolution model, in 780 

which each time-frequency-point was reconstructed based on the MEG signal, showed that the fine 781 

spectral content of speech is tracked alongside the amplitude envelope at a high temporal resolution, 782 

and the spoken word spectrograms can be fairly accurately reconstructed based on this model. 783 

Furthermore, the difference in decoding performance is visible right form the onset of the sound, for 784 

the first 100 ms, when the sound is first recognized as speech. Our results, along with recent 785 

findings based on decoding sounds from fMRI responses (Santoro et al., 2017), indicate that human 786 
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auditory cortical processing might be optimally tuned for encoding the spectrotemporal structure of 787 

speech.  788 

 789 

The current results corroborate previous work highlighting the importance of temporal modulations 790 

within speech (Overath et al., 2015), but they should not be interpreted to mean that auditory 791 

cortical activation would not be time-locked to non-speech sounds. Non-speech sounds also elicit 792 

prominent cortical auditory evoked responses time-locked to the acoustic changes within the sound, 793 

and phase-locking of cortical oscillations to the amplitude envelope is observed also for non-speech 794 

sounds (e.g. Doelling & Poeppel, 2015). The current results further show that the amplitude 795 

envelope of environmental sounds is tracked in cortical evoked responses, as it can be reconstructed 796 

at 32% accuracy with the convolution model. Thus, a part of the time-locking phenomenon seems 797 

to be non-speech-specific. However, overall the best reconstruction of the environmental sounds 798 

(14%) was achieved by modeling their time-averaged modulation content (MPS), suggesting that 799 

the time-averaged spectral and temporal modulation content may be the information most 800 

accurately represented in cortical activation and sufficient for accessing meanings of nonspeech 801 

sounds. Indeed, the identification of common sounds in the environment may be based on the 802 

encoded summary statistics (McDermott et al., 2013; Santoro et al., 2014). Interestingly, the overall 803 

modulation content was a more accurate model of environmental sounds encoding than the 804 

frequency spectrum alone, whereas for speech there was no such improvement with modulation 805 

filters, consistent with a recent fMRI study (de Heer et al., 2017).  806 

 807 

For mapping speech acoustics to linguistic representations, accurate dynamic encoding of the 808 

temporal evolution within each frequency band at each time point is needed. An interesting parallel 809 

can be found from animal studies, where single-unit recordings in the auditory cortex suggest 810 

frequency-bin selective synchronization of neuronal population discharges to the temporal envelope 811 

of species-specific calls, which in many ways resemble human speech; thus, temporal envelope 812 

information within different frequency bands in behaviorally relevant vocalizations might be 813 

encoded cortically by coherent discharge patterns in distributed neuronal populations (Gehr et al., 814 

2000; Gourevitch & Eggermont, 2007; Nagarajan et al., 2002). The current results suggest that, in 815 

humans, similar encoding mechanisms might have become especially important for speech, with 816 

extensive exposure to the language environment during development. Future studies should 817 

determine whether similar time-locking might be observed with tasks requiring attention to fine-818 

grained temporal detail or specialization to categorical perception in other sounds through 819 

experience, e.g. for instrumental sounds in musicians. 820 
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 821 

Accurate temporal encoding of the acoustic stream is necessary for lexical and semantic access 822 

of spoken words 823 

Despite the different acoustic content of spoken words and corresponding environmental sounds, 824 

their processing converged at the endpoint; the same set of semantic features was successful in 825 

decoding both classes of sounds. Spoken words showed relatively low semantic decoding 826 

performance, in line with previous studies (Correia et al., 2015; Simanova et al., 2010). One reason 827 

for the different semantic decoding performance of spoken words and environmental sounds may 828 

have been the fact that environmental sounds are inherently less familiar and their semantic access 829 

may thus require a more active effort and longer time than for spoken words. This conclusion is also 830 

suggested by the performance in the one-back task (detecting two subsequent sounds with the same 831 

meaning) which was more effortful, with more errors and longer reaction times, for environmental 832 

sounds than spoken words. Nonetheless, our set of environmental sounds was tested for fast and 833 

consistent naming. Together, results of the behavioral task and the semantic decoding results 834 

indicate that attentional engagement was equal or even stronger for the environmental sounds than 835 

spoken words, and in fact more effort and time was needed to decipher the meanings of the 836 

environmental sounds. Thus, increased attention or longer identification times cannot explain the 837 

strikingly more successful acoustic decoding for spoken words than environmental sounds. 838 

Furthermore, the differential decoding performance was visible already during the first 100 ms of 839 

the sounds.  840 

 841 

Semantic decoding of environmental sounds first reached significance at 50–100 ms, at the same 842 

time as acoustic decoding, and continued to be successful until the end of the analysis period, 843 

whereas semantic decoding of spoken words reached significance at 650–700 ms (this one 844 

significant time bin likely represents only a part of a wider time range). The current results are 845 

complementary to traditional experimental paradigms of semantic processing, where the violation 846 

of semantic expectation for spoken words and sounds shows in cortical responses at around 200–847 

700 ms (Aramaki et al., 2009; Frey et al., 2014; Hendrickson et al., 2015). Comparable latencies 848 

(200–700 ms) were also recently observed in decoding the similarity of spoken word meanings 849 

based on preceding content in continuous speech, using EEG (Broderick et al., 2018). The current 850 

decoding results indicate that for environmental sounds the acoustic features may be informative of 851 

the physical sources (i.e. meaning) of the sound early on, but that the identification may be 852 

extended in time or its timing and duration may be variable between sounds, whereas for spoken 853 

words identification seems to occur within a more distinct and narrow time window, when the 854 



 

27 

correct word candidate has been identified in the lexicon. The identification of spoken words 855 

involves the comparison of the incoming input signal to the lexical representations stored in 856 

memory in a continuous manner and selection of the correct lexical candidate (Marslen-Wilson, 857 

1987). For our stimulus words, which contained compound words, the uniqueness point and 858 

selection of one lexical candidate for semantic access was fairly late (on average 500 ms), which 859 

may have contributed to the late time window for the semantic decoding.  860 

 861 

Both phoneme and acoustic information could be decoded from the MEG signal best at a latency of 862 

100–180 ms, suggesting that those representations might exist simultaneously in the cortical 863 

activation sequence. It has to be noted, that our decoding model was not optimally designed for 864 

decoding categorical variables such as the phoneme labels which probably explains the overall 865 

lower decoding accuracy for phoneme labels (73%). However, the similarity of the optimal lags in 866 

spectrogram and phoneme decoding is not affected by this confound. Several other studies also 867 

indicate that the optimal temporal integration window for parsing speech acoustics into linguistic 868 

units might lie within this range. The amplitude envelope of continuous speech is tracked by phase-869 

locked cortical oscillations at 100–180 ms latency (Abrams et al., 2008; Aiken & Picton, 2008; 870 

Koskinen et al., 2013), and this has also been shown to be approximately the time frame in which 871 

the categorical neural organization for phonemes transiently emerges (Chang et al., 2010). Also, 872 

studies with isolated speech syllables have demonstrated that the evoked responses can be seen as a 873 

combination of transient ‘impulse responses’ to the onsets of constituent phonemes, with latencies 874 

of about 100–200 ms (Ostroff et al., 1998; Tremblay et al., 2003). However, the performance of the 875 

convolution model for spectrogram and phoneme decoding was fairly high also at 20-100 ms lag, 876 

suggesting that the acoustic-phonetic content of the words might in fact be tracked over multiple 877 

different integration windows. This may reflect the encoding of phonemes with different temporal 878 

characteristics (Khalighinejad et al., 2017), but may also be related to simultaneous phoneme and 879 

syllable level encoding, similarly to what has been suggested in entrainment of nested cortical 880 

oscillations (Ding et al., 2016; Ding & Simon, 2014). However, obtaining temporally and spatially 881 

distinct neural response fields for each phoneme was not the goal of this study, and forward models 882 

would be more useful for this purpose.  883 

 884 

Categorical perception of phonemes is a well-established phenomenon in behavioral studies, and its 885 

development is the basis of tuning to mother tongue in early infancy. However, the neural 886 

underpinnings of this phenomenon are still debated. Previous neuroimaging studies have shown that 887 

the superior temporal areas are tuned to phoneme categories, which rely on integration of several 888 
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spectral and temporal cues (Formisano et al., 2008; Mesgarani et al., 2014). In the current results,  889 

spoken word decoding improved, compared to the spectrogram, when we included a combination of 890 

the spectrogram and the phoneme sequence of the word. These results echo those of a recent EEG 891 

study, where articulatory features of phonemes and the spectrogram together were the best model 892 

for decoding continuous speech based on phase-locked cortical oscillatory activation (Di Liberto et 893 

al., 2015). These results together might be interpreted to suggest pre-lexical categorical 894 

representations that are separate from the analysis of acoustic properties of the speech signal. 895 

However, a recent MEG study (Daube et al., 2019) suggested that the gain in predictive power of 896 

the phonemic/articulatory features may be explained by acoustic features of the phonemes: When 897 

including Gabor patterns of the sounds (different spectrotemporal modulations akin to our MPS 898 

model, with a time-series) or even only the phoneme onset timings, performance gain was similar as 899 

when the categorical articulatory features were combined with the spectrogram. In that study, the 900 

best model was a relatively simple acoustic feature space that focused on acoustic edges. This might 901 

suggest that purely acoustic models are sufficient in explaining MEG/EEG responses to speech. 902 

Thus, it remains unclear what the successful decoding of categorical phonemes or phonemic 903 

features across studies tells us about prelexical stages of speech processing, and further research is 904 

needed.  905 

 906 

In any case, the current results are compatible with the idea that linguistic representations emerge 907 

directly from tuning to the complex spectrotemporal acoustic features characteristic of different 908 

phonemes (de Heer et al., 2017; Mesgarani et al., 2014), and that the quasi-rhythmic changes in the 909 

amplitude envelope at syllable boundaries might be crucial in guiding this process. As noted above, 910 

the processing step where the continuous acoustic signal interfaces with phonological 911 

representations is only required for speech, and this is where time-locked encoding for speech 912 

appears to come into play. Decoding performance was similar for pseudowords and real words, 913 

indicating that this mode of encoding is related to the low-level parsing of the acoustic signal, and 914 

might not be directly affected by the lexical-semantic status of the speech utterance. However, this 915 

warrants further examination. Speech processing is interactive, such that top-down influences from 916 

semantic and syntactic context are expected to influence low-level acoustic processing, particularly 917 

with sentence-level and narrative speech. Indeed, a recent fMRI study showed that not only the 918 

spectral content and phonemic features, but also semantic features within narrative speech are 919 

represented in highly overlapping regions early in the acoustic processing hierarchy (de Heer et al., 920 

2017), indicating top-down influences of semantic content on acoustic and phonological processing. 921 

In the current study, cortical sources contributing to acoustic and phoneme decoding were both 922 
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concentrated around bilateral auditory cortices and did not show clear lateralization, consistent with 923 

previous studies (Brodbeck et al., 2018; de Heer et al., 2017) and compatible with the view that 924 

acoustic-phonetic processing is bilaterally implemented (Poeppel, 2003).  925 

 926 

Future directions 927 

The present finding of time-locked encoding for speech, but not other sounds, deepens the 928 

understanding of the computations required for mapping between acoustic and linguistic 929 

representations. The current findings raise the question of what specific aspects within sounds are 930 

crucial for cueing the brain into using this special mode of encoding. Future work could investigate 931 

the contribution of different statistical properties within speech acoustics by using synthetized 932 

stimuli, the possible effect of experimental task to boost the use of time-locked or time-averaged 933 

mode in sound processing, and the role of top-down semantic contributions using real-life like 934 

auditory environments. The rapidly computable convolution model for high-dimensional 935 

MEG/EEG signals can be further developed for decoding of a time-varying modulation 936 

representation, which might even better model the time-locked cortical encoding of speech (Pasley 937 

et al., 2012). Finally, the present findings may in the future help to bridge the gap between 938 

investigations of cortical temporal tracking of continuous speech and isolated linguistic stimuli. 939 
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Figure legends 1091 

Figure 1. Different decoding models and their prediction accuracy. 1092 
a) Stimulus features for a spoken word. The Fourier transform (FFT) model represents the frequency spectrum of the 1093 
sound extracted in 128 frequency bands with logarithmically spaced center frequencies. The modulation power 1094 
spectrum (MPS) model represents energy in four spectral scales (wide to narrow) and four temporal modulation rates 1095 
(slow to fast), averaged over time. The sound spectrogram quantifies the time-evolving frequency content of the sound 1096 
extracted in 128 frequency bands and 10-ms time windows by using short-term FFT. The amplitude envelope carries the 1097 
temporal changes without frequency information (shown below the phoneme model). The phoneme sequence is the 1098 
phoneme annotation of the word for each 10-ms time window. Semantic features were represented by scores of 99 1099 
questions (a few example questions shown) and a 300-dimensional vector trained with the co-occurrences of context 1100 
words (words occurring near the stimulus words) in a large text corpus. 1101 
b) Model estimation for the regression model (left) and the convolution model (right). A mapping between the cortical 1102 
MEG responses (here illustrated on one sensor) and each stimulus feature was learned with kernel regression or kernel 1103 
convolution model. As illustrated here, the regression model predicts, for example, power at each frequency-rate-scale 1104 
point of the MPS by multiplying cortical responses at all (or selected) time points with unknown weights (w). The 1105 
convolution model predicts the amplitude at each time-frequency point of the spectrogram by convolving the time-1106 
sequence of cortical responses with an unknown spatiotemporal response function (g). Specifically, values at each 1107 
frequency band of a new spoken word are predicted at each time point t (moving from 0 to end of the sound) based on 1108 
MEG responses in the time range from ( − ) to ( − ), here illustrated for the lag window − = 100 to − =1109 180 ms at time points .  1110 
c) Model testing aimed to tell apart two left-out sounds by reconstructing the sound features (here, spectrogram) and 1111 
correlating them with the original features. The procedure was repeated for all possible pairings of sounds. Predictive 1112 
accuracy for the spoken words across all test sound pairs and 16 participants (mean ± SEM) is shown on the right. The 1113 
regression model was used for the decoding of non-time-varying features (FFT frequency bins / MPS rate-scale-1114 
frequency points / semantic question scores and corpus statistics) and the convolution model was used for decoding of 1115 
time-varying features (spectrogram time-frequency points / phonemes at each time point / amplitude envelope); for a 1116 
control analysis, the spectrogram was also decoded with the regression model. Predictive accuracy improved markedly 1117 
when spoken words were modeled with the convolution spectrogram model, formalizing the concept that the neuronal 1118 
population response follows closely in time the unfolding time-sequence of the sound acoustics. Even better 1119 
performance was obtained when the spoken words were modeled using both the spectrogram and the phoneme 1120 
sequence descriptions, and the best performance was obtained using the sounds’ amplitude envelope.  1121 
 1122 
Figure 2. Influence of convolution lag and cortical sources for spectrogram and phoneme decoding. 1123 
a) Spectrogram and phoneme decoding accuracy at different lags between a time point in the stimulus and a time 1124 
window in the MEG response (average across all 16 participants +/- SEM). Note that the lag window does not 1125 
correspond to timing relative to the stimulus onset in the MEG evoked response. The best predictive accuracy for 1126 
decoding spectrogram and phoneme sequence of spoken words was reached with a lag of 100–180 ms (significant 1127 
difference to 180–260 ms lag, p = 0.000031 for spectrogram, p = 0.016 for phonemes). b) Cortical sources contributing 1128 
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to decoding of acoustic and phoneme features in spoken words with the convolution model at 100–180 ms lag (this time 1129 
window showed best performance). Color scale denotes average decoding accuracy (> 50%) across all 16 participants. 1130 
 1131 
Figure 3. Comparison of different acoustic models for environmental sound decoding.  1132 
a) Predictive accuracy for environmental sounds (blue) across all test sound pairs and 16 participants (mean ± SEM). 1133 
The regression model was used for the decoding of non-time-varying features (FFT frequency bins / MPS rate-scale-1134 
frequency points / semantic features) and the convolution model was used for decoding of time-varying features 1135 
(spectrogram time-frequency points / amplitude envelope); for a control analysis, the spectrogram was also decoded 1136 
with the regression model. b) Investigation of convolution lag on spectrogram decoding accuracy for environmental 1137 
sounds (average across all 16 participants +/- SEM) c) Cortical sources contributing to decoding of acoustic features in 1138 
environmental sounds with the MPS regression model at 50–100 ms after stimulus onset (performance was best with 1139 
this model and time window). Color scale denotes average decoding accuracy (> 50%) across all 16 participants. 1140 
 1141 
Figure 4. Comparison of human nonverbal sounds and spoken words.  1142 
a) Dissimilarity (1 minus correlation) of the MPS temporal rates across the environmental sounds and spoken words. b) 1143 
Average temporal modulation rate x frequency representations for human sounds (top) and spoken words (bottom). c) 1144 
Power (mean ± SEM) at different temporal modulation rates for spoken words (red), human nonverbal sounds (grey) 1145 
and other categories of environmental sounds (blue). d) Dissimilarity of different frequency bands of the sounds, 1146 
indicating the degree of correlated temporal modulations (co-modulations), calculated separately for each item and 1147 
averaged over spoken words (left), human nonverbal sounds (middle), and other environmental sounds (right). 1148 
 1149 
Figure 5. Comparison of semantic decoding for spoken words and environmental sounds.  1150 
a) Time course of regression-model based predictive accuracy in semantic features of environmental sounds and spoken 1151 
words (16 participants, mean ± SEM). The values on the x-axis represent the starting time of the 50-ms time windows 1152 
in the MEG responses. Time 0 indicates the onset of the sound stimulus. Decoding of the semantic feature set was 1153 
performed for successive 50-ms time windows fot the whole stimulus duration, for both stimulus types. The time 1154 
windows with statistically significant decoding (p < 0.01) are indicated by thick horizontal lines above the x axis. Grey 1155 
solid line denotes chance level performance (50%). The grey bar represents the time window used for source level 1156 
decoding. b) Source areas contributing to decoding of semantic features for environmental sounds and spoken words at 1157 
650 – 700 ms from stimulus onset. This time window had significant decoding performance for both classes of sounds. 1158 

Extended Data Legends 1159 

Figure 1-1 1160 
Examples of spoken words (left) and environmental sounds (right), one from each semantic category. For each sound, 1161 
the signal waveform is depicted on top, with the three models of the sound below: frequency spectrum (FFT), 1162 
spectrogram, and MPS (temporal rates and spectral scales shown here separately). Note the considerable variability in 1163 
the spectral content and temporal evolution of the different sounds, especially for the environmental sounds. 1164 
 1165 
Figure 1-2 1166 



 

35 

a) Sensor-level responses to spoken words (left, orange) and environmental sounds (right, blue), in one MEG 1167 
sensor above the left and right temporal lobes, for one participant. The signals were averaged across 20 1168 
presentations of the same sound, from 300 ms before to 2000 ms after stimulus onset, and here also averaged 1169 
over the different items within each semantic category (for visualization only). Both spoken words and 1170 
environmental sounds elicited a typical time-sequence of activation, with a transient response at about 100 ms 1171 
that was followed by a more sustained response from about 250 ms onwards and return to baseline after 1000 1172 
ms. b) Grand average (n=16) dynamical Statistical Parametric Maps (dSPMs) to spoken words (left) and 1173 
environmental sounds (right) demonstrate that, for both types of stimuli, activation originated mainly in the 1174 
bilateral temporal regions in the vicinity of the primary auditory cortex, with additional activation in inferior 1175 
frontal areas, and the left hemisphere was highlighted particularly for spoken words in the later time window. 1176 

 1177 
Figure 1-3 1178 
Table containing a complete list of stimulus items. 1179 

 1180 
 1181 
Figure 2-1 1182 
Original and reconstructed spectrograms of selected spoken words (top) and environmental sounds (bottom) based on 1183 
the convolution model. The corresponding sound files are in Audio 1 and 2.  1184 
 1185 
Figure 3-1 1186 
a) The median (with 25% and 75% interquartile ranges) power spectra (left), as well as spectral scales (middle) and 1187 
temporal rates (right) pooled across the 128 frequency bins, for speech and environmental stimuli, illustrating the 1188 
differences between spoken words and environmental sounds. Also, the environmental sounds have more variability in 1189 
their spectral scales and temporal rates, whereas spoken words display prominent slow temporal modulations. b) Pair-1190 
wise distances (1 minus correlation) of the original stimulus MPS and spectrogram (mean ± SD). c) Leave-one-out 1191 
reconstruction fidelity, i.e. correlations of reconstructed and original MPSs / spectrograms / amplitude envelopes for 1192 
spoken words and environmental sounds (mean ± SEM). d) Scatterplot of the pair-wise distances (1 minus correlation) 1193 
among original (x-axis) and pair-wise distances among reconstructed (y-axis) spectrograms. 1194 
 1195 
Figure 3-2  1196 
The median (with 25% and 75% interquartile ranges) power spectra (left), as well as spectral scales (middle) and 1197 
temporal rates (right) pooled across the 128 frequency bins, for speech and different categories of environmental 1198 
stimuli. The human nonspeech sounds are most similar to speech in the spectral scales and temporal rates. 1199 
 1200 
Figure 5-1 1201 
Illustration of the cortical parcellation template and the top 20 ranking cortical areas (parcels) for the decoding of 1202 
acoustic (orange) and semantic (red) features for spoken words (left), and acoustic (light blue) and semantic (dark blue) 1203 
features for environmental sounds (right). The parcel names are listed in the table below. Sources for acoustic decoding 1204 
of spoken words are based on the convolution model and spectrogram, with the best lag (100–180 ms). Sources for 1205 
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acoustic decoding of environmental sounds are based on the regression model and MPS, at 50–100 ms. For semantic 1206 
decoding, the regression model at 650–700 ms was used for both classes of sounds. L = left, R = right.  1207 
 1208 
Audio 1 1209 
Reconstructed audio files of a selection of spoken words and environmental sounds, based on the convolution model 1210 
and spectrogram. The original stimulus is presented first, followed by the reconstructed sound; this order of presentation 1211 
is used to ease the listener’s perception of relevant speech features, but please note that it produces a priming effect. For 1212 
corresponding spectrograms see Fig. 2-1. 1213 
 1214 
Audio 2 1215 
Reconstructed audio files of a selection of environmental sounds, based on the convolution model and spectrogram. The 1216 
original stimulus is presented first, followed by the reconstructed sound. For corresponding spectrograms see Fig. 2-1. 1217 
 1218 
 1219 
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