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Abstract 27 

In natural conversations, listeners must attend to what others are saying while ignoring 28 

extraneous background sounds. Recent studies have used encoding models to predict 29 

electroencephalography (EEG) responses to speech in noise-free listening situations, sometimes 30 

referred to as “speech tracking”. Researchers have analyzed how speech tracking changes with 31 

different types of background noise. It is unclear, however, whether neural responses from 32 

acoustically rich, naturalistic environments with and without background noise can be 33 

generalized to more controlled stimuli. If encoding models for acoustically rich, naturalistic 34 

stimuli are generalizable to other tasks, this could aid in data collection from populations who 35 

may not tolerate listening to more controlled and less-engaging stimuli for long periods of time. 36 

We recorded non-invasive scalp EEG while 17 human (8 male/9 female) participants listened to 37 

speech without noise and audiovisual speech stimuli containing overlapping speakers and 38 

background sounds. We fit multivariate temporal receptive field (mTRF) encoding models to 39 

predict EEG responses to pitch, the acoustic envelope, phonological features, and visual cues in 40 

both stimulus conditions. Our results suggested that neural responses to naturalistic stimuli were 41 

generalizable to more controlled data sets. EEG responses to speech in isolation were predicted 42 

accurately using phonological features alone, while responses to speech in a rich acoustic 43 

background were more accurate when including both phonological and acoustic features. Our 44 

findings suggest that naturalistic audiovisual stimuli can be used to measure receptive fields that 45 

are comparable and generalizable to more controlled audio-only stimuli.  46 

Significance Statement 47 

Understanding spoken language in natural environments requires listeners to parse acoustic and 48 

linguistic information in the presence of other distracting stimuli. However, most studies of 49 

auditory processing rely on highly controlled stimuli with no background noise, or with 50 

background noise inserted at specific times. Here, we compare models where EEG data are 51 

predicted based on a combination of acoustic, phonetic, and visual features in highly disparate 52 

stimuli – sentences from a speech corpus, and speech embedded within movie trailers. We show 53 

that modeling neural responses to highly noisy, audiovisual movies can uncover tuning for 54 

acoustic and phonetic information that generalizes to simpler stimuli typically used in sensory 55 

neuroscience experiments.  56 

Introduction  57 

Sound and speech perception rarely occur in isolation. Understanding speech in natural 58 

environments involves the detection and parsing of acoustic and linguistic cues within 59 

overlapping talkers and background noise. To understand how the brain performs this task, many 60 

researchers have started incorporating naturalistic stimuli in their experimental paradigms 61 

(Hamilton & Huth 2018, Fiedler et al. 2019). Such work has demonstrated comparable or even 62 

better results to responses from more controlled paradigms (Hamilton & Huth, 2018, Huth et al. 63 

2016, Wehbe et al. 2014, Lerner et al. 2011), and are more representative of our daily 64 

environment. What is considered “naturalistic” may vary: some studies use more naturalistic 65 

continuous or full sentence stimuli, while others use consonant-vowel (CV) syllables 66 

(Shankweiler & Studdert-Kennedy, 1966). Often the sentences used in these studies are 67 
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presented in isolation and are far less “natural” than those used in everyday communication. 68 

Many studies have successfully used controlled stimuli to understand speech perception, such as 69 

sentences from the Texas Instruments Massachusetts Institute of Technology (TIMIT) corpus 70 

(Akbari et al. 2018, Hamilton et al. 2018, Tang et al. 2017, Chang et al. 2010, Mesgarani et al. 71 

2014). Others have used audiobooks (Broderick et al. 2019), which arguably are more natural 72 

than TIMIT sentences, but can lack the natural variation of pitch, timbre, other suprasegmental 73 

features of speech present in natural communication, and may often be read by only one talker. 74 

In addition, sentences from speech corpora like TIMIT are often repetitive and tedious to listen 75 

to for EEG tasks longer than one hour. Part of our motivation for this study was to use stimuli 76 

that were more engaging for participants and to investigate if neural responses can still be 77 

modeled robustly. A secondary aim was to investigate if the observed receptive fields were 78 

similar across different stimulus types.  79 

 80 

Numerous electrophysiological studies have demonstrated neural tracking of the acoustic 81 

envelope (Di Liberto et al. 2015, Fuglsang et al. 2017, Horton et al. 2011, Kubanek et al. 2013, 82 

Vanthornhout et al. 2018), phoneme and phonological features (Di Liberto et al. 2015, Di Liberto 83 

et al. 2019, Khalighinejad et al. 2017, Brodbeck et al. 2018, Ding and Simon 2012), pitch (Teoh 84 

et al. 2019, Krishnan et al. 2005), and even semantic information (Broderick et al. 2019) in 85 

speech. We expand upon these studies by investigating acoustic and linguistic feature encoding 86 

in both controlled and noisy, naturalistic stimuli.  87 

 88 

Part of the current study assesses whether and how responses to audiovisual stimuli may 89 

generalize to dissimilar audio-only contexts. Speech perception involves both auditory and visual 90 

cues, especially when a listener must comprehend speech in noisy environments. Integrating 91 

visual and auditory information enables deciphering speech from noise, particularly for those 92 

with hearing impairments (Altieri & Wenger, 2013, Puschmann et al. 2019, Maglione et al. 2015, 93 

Hendrikse et al. 2019, Manfredi et al. 2018). Visual information also has been shown to 94 

modulate responses to auditory speech using ECoG and fMRI (Ozker et al. 2018, Karas et al 95 

2019), with stronger modulation when audiovisual speech is clear compared to when one 96 

modality is corrupted. These and other studies show that incorporating visual information, 97 

including lipreading, can enhance speech perception.  98 

 99 

Here we used EEG to model neural responses to speech to two entirely different stimulus sets – 100 

controlled sentences from the TIMIT corpus, and audiovisual stimuli from children’s movie 101 

trailers. Our first goal was to determine whether acoustic and phonological encoding in EEG are 102 

stimulus dependent. One motivation was to quantitatively assess whether it is possible to replace 103 

some of the more monotonous stimulus sets with more engaging stimuli. In addition, by 104 

exploring how well encoding models trained on one stimulus set can generalize to another, we 105 

can determine the robustness of observed feature selectivity in EEG. Finally, we demonstrate 106 

that visual and auditory information may be encoded separately for some stimuli, and that the 107 

influence of visual information on auditory input is likely stimulus specific.  108 

Materials and Methods  109 

Participants  110 
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Seventeen participants with typical hearing (8M, age 20-35, mean: 25.5±4.5 years) were 111 

recruited from the University of Texas at Austin community. The ethnicity of our participants are 112 

as follows: 68% White, 13% Asian, 13% Hispanic, 6% African American. All participants were 113 

native English speakers, but 88% of participants spoke one or more languages other than 114 

English. Pure tone and speech-in-noise hearing tests were performed using standard clinical 115 

procedures (ASHA, 2005) to ensure typical hearing ranges across all participants. Typical 116 

hearing responses for the pure tone test consisted of hearing thresholds <25 dB bilaterally for all 117 

frequency tones between 125 and 8000Hz, tested separately for each ear. The QuickSIN test 118 

(Duncan and Aarts 2006) was administered to assess typical hearing in noise (no greater than 0-3 119 

dB SNR loss). Participants provided their written consent for all portions of the experiment and 120 

were compensated $15/hour for their participation. All experimental procedures were approved 121 

by the Institutional Review Board at the University of Texas at Austin. 122 

Experimental Design and Statistical Analyses 123 

Two contrasting stimulus types were used in this study. The first set consisted of sentence stimuli 124 

from the TIMIT corpus, which included continuous sentences spoken in English by multiple 125 

male and female talkers with no background noise or overlapping sounds (Garofolo et al. 1993). 126 

These stimuli also included transcriptions of the precise timing of the onset and offset of each 127 

phoneme and word. The second set of stimuli were children’s movie trailers, which contained 128 

overlapping speakers, music, and background noise (available at https://trailers.apple.com/). 129 

While these stimuli were entirely unrelated to the TIMIT sentences, members of the laboratory 130 

similarly transcribed the onset and offset of each word and phoneme, alongside a high-level 131 

description of the auditory environment (e.g. speech, speech with background noise, or 132 

background noise only) using ELAN transcription software followed by automatic alignment 133 

using FAVE-align, a modified version of the Penn Phonetics forced aligner (Rosenfelder et al. 134 

2011). These timings were then manually corrected using Praat software (Boersma and 135 

Weenink). Each stimulus was transcribed by two authors (JH, CV, NC) to verify reliability of the 136 

transcribed boundaries. Although TIMIT and movie trailer stimuli were qualitatively very 137 

different in terms of the types of sounds present, we verified that the distribution of phoneme 138 

counts was comparable across TIMIT and movie trailers (2 sample Kolmogorov Smirnov test, 139 

D=0.1, p=0.99). 140 

 141 

During the task, participants listened to 23 unique movie trailer stimuli alternated with TIMIT 142 

sentence stimuli in four blocks of 125 sentences each, and a fifth block of 100 sentences. The first 143 

four TIMIT blocks consisted of unique sentences with the exception of the final sentence. The fifth 144 

block contained 10 unique sentences with 10 repeats of each in a randomized order. The average 145 

length of each TIMIT sentence varied between 1.5-2 seconds long with an inter-time interval of 146 

one second between each stimulus presentation. For the movie trailer stimuli, 23 unique movie 147 

trailers were used, and each was presented once, however two unique stimuli (Inside Out and 148 

Paddington 2) were presented twice. The TIMIT sentences and movie trailers were presented 149 

through an iPad running custom software written in Swift (version 150 

4, https://developer.apple.com/swift/), presented via an external monitor (see Data 151 

Acquisition). While the precise recording time for the EEG experience differed across participants, 152 

participants heard an average of 1184 seconds of TIMIT sentences and 3055.11 seconds of movie 153 

trailers. The average length of the EEG recording time was 4856.27 seconds (~ 81 minutes).  154 

 155 
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During the task, participants were asked to watch and listen to the movie trailers but were not 156 

asked to attend to any particular speaker. For TIMIT, the participants were instructed to listen to 157 

the sentences while staring at a fixation cross. The overall task alternated between presenting five 158 

unique movie trailers and then 1 block of TIMIT sentences (125 sentences in the first four blocks 159 

and 100 in the fifth). One participant (MT0007) was excluded due to poor quality of data, and 160 

another participant (MT0017) was excluded for the TIMIT data analysis only due to poor quality 161 

of data.  162 

Data Acquisition  163 

Neural responses were continuously recorded from a 64-electrode scalp EEG cap at a sampling 164 

rate of 25kHz using the BrainVision actiChamp system (Brain Products, Gilching, Germany). 165 

The impedance level for the EEG signal was kept below 15 kΩ. Eye movements were measured 166 

through electrooculography (EOG), with vEOG and hEOG measurements taken to aid in 167 

removing ocular artifacts from the neural data. The auditory stimuli were directly synchronized 168 

with the EEG data using a StimTrak stimulus processor (Brain Products). These stimuli were 169 

controlled by the experimenters outside of the EEG suite, with visual stimuli projected on a 170 

ViewPixx monitor inside the EEG suite. Audio levels were tested prior to the start of the task and 171 

were presented through insert earbuds (3M, E-A-Rtone Gold 10Ω, Minnesota, USA) at a 172 

comfortable volume.  173 

Preprocessing  174 

EEG and EOG data were downsampled to 128Hz using BrainVision Analyzer software. The 175 

remaining neural preprocessing steps were conducted using customized Python scripts and 176 

functions from the MNE-python software package (Gramfort et al. 2013). First, EEG data were 177 

re-referenced offline to the average of the mastoid electrodes (TP9 and TP10) and notch-filtered 178 

at 60Hz to remove any electrical artifact. Data were then bandpass filtered between 1 and 15 Hz 179 

using a zero-phase, non-causal bandpass FIR filter (Hamming window, 0.0194 passband ripple 180 

with 53 dB stopband attenuation, -6 dB falloff). This filtering approach has been used in 181 

previous studies of neural tracking of speech using EEG (Di Liberto et al. 2015, Broderick et al. 182 

2019, O’Sullivan et al. 2014). Raw data were visually inspected and specific timepoints were 183 

manually rejected based on any non-biological sources of movement, such as if the participant 184 

moved or clenched their jaw and created electromyographic noise. No more than 10% of the data 185 

were manually rejected. An independent component analysis (ICA) was conducted to identify 186 

the components response for eye blinks and saccade artifacts as the EOG responses were 187 

recorded in separate channels alongside the 64-channels of scalp EEG data. Components 188 

reflecting ocular movements were subsequently removed from the data.  189 

 190 

EEG data were epoched according to the onset and offset of acoustic stimuli to analyze the EEG 191 

signals which corresponded with the TIMIT and movie trailer stimuli. The onset of each trial was 192 

identified through a customized script using a match filter procedure (Turin 1960), where the 193 

sound waveform of individual stimuli was convolved with the audio signal recorded to the EEG 194 

system, and the peak of the convolution was used to determine the offset and onset of each trial. 195 

Once data were epoched according to specific sentences or movie trailer stimuli, we then used 196 

the stimulus transcription textgrids to identify the timing of specific auditory and visual features.  197 
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Auditory and visual feature extraction   198 

The auditory features extracted from our stimuli included phonological features, the acoustic 199 

envelope, and the pitch of each stimulus. For the phonological features, we created a binary 200 

phoneme feature matrix to indicate the timing of place and manner of articulation features for all 201 

phonemes for a given TIMIT sentence or for the movie trailer. Each element of the matrix was 202 

labeled with a 1 for the presence of a feature, and 0 for the absence of a given feature (Hamilton 203 

et al. 2018). Previous work using electrocorticography has demonstrated that speech-sensitive 204 

regions of the superior temporal gyrus respond to phonological features as opposed to the 205 

phonemes alone (Mesgarani et al. 2014). Further research shows these features are well tracked 206 

in EEG data as well (Khalighinejad et al. 2017, DiLiberto et al. 2015). Thus, we included the 207 

following place and manner of articulation features into the binary feature matrix: sonorant, 208 

voiced, obstruent, back, front, low, high, dorsal, coronal, labial, syllabic, plosive, fricative, and 209 

nasal. For example, the feature matrix would include a value of “1” at the onset of the 210 

“obstruent”, “fricative”, and “voiced” categories to indicate the onset of a /v/ sound.  211 

 212 

The acoustic envelope of each speech stimulus was extracted using the Hilbert transform 213 

followed by a lowpass filter (3rd order Butterworth filter, cut off frequency 25 Hz). The envelope, 214 

which represents the dynamic temporal changes in speech (Raphael et al. 2007), was extracted 215 

for each of the individual TIMIT and movie trailer audio files. Prior research has also shown that 216 

the auditory cortex tracks the pitch of a given sound (Chung and Bidelman, 2016, Tang et al. 217 

2017, Teoh et al. 2019). To fit encoding models to predict neural responses to pitch, we first 218 

computed the absolute pitch of each stimulus using the PraatIO package in Python (Jadoul et al. 219 

2018), which provides a Python-based interface to the linguistics software, Praat. To ensure that 220 

the absolute pitch (fundamental frequency) of each stimulus yielded better model performance, 221 

we compared the fundamental frequency with binned representations of the pitch, as in Tang et 222 

al. (2017). The binned pitches were calculated by extracting 10 log-spaced bins from 50 to 300 223 

Hz. To determine whether a spectrogram representation might further improve model 224 

performance, we also fit a model incorporating the mel-band spectrogram with 15 frequencies 225 

spaced between 75 Hz and 8 kHz.  226 

 227 

A major difference between the TIMIT stimuli and movie trailer stimuli is the presence of visual 228 

information in the movie clips. Since concurrent visual information can also affect encoding of 229 

auditory features (Beauchamp, MS., 2005, Schneider et al. 2008, Holcomb et al. 2005, Kaiser et 230 

al. 2005, Molholm et al. 2004, Besle et al. 2009, Puschmann et al. 2019, Atilgan et al. 2018, 231 

Baskent & Bazo, 2011, Besle et al. 2008, Chandrasekaran et al. 2009, Crosse et al. 2015, Grant 232 

& Seitz, 2000, Kayser et al. 2010, Di Liberto et al. 2019), we wanted to control for this potential 233 

difference in modeling EEG responses to our auditory features. This analysis also relates to our 234 

overall goal of understanding how generalizable encoding models can be when derived from an 235 

acoustically rich, audiovisual, naturalistic stimulus sets as compared to TIMIT. Visual features 236 

were calculated for the movie trailer condition using a nonlinear Gabor motion energy filter bank 237 

(Nishimoto et al. 2011). Briefly, each frame of the movie was zero-padded with black pixels at 238 

the top and bottom (to convert a 720 x 1280 pixel frame into 1280 x 1280 pixels), and then each 239 

image frame was downsampled to 96 x 96 pixels. These frames were then converted to grayscale 240 

by first transforming RGB pixel values into L*A*B* color space and retaining only the 241 

luminance channel. Next, each grayscale movie was decomposed into 2,139 3D Gabor wavelet 242 

filters. These filters are created by multiplying a 3D spatiotemporal sinusoid by a 3D 243 
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spatiotemporal Gaussian envelope. We used filters with 5 spatial frequencies, log-spaced from 244 

1.5 to 24 cycles/image, 3 temporal frequencies (0, 1.33, and 2.667 Hz), and eight directions (0 – 245 

315 degrees in 45° steps). Velocities were calculated over 10 frames of the movie at a time. We 246 

also included zero temporal frequency filters at 0, 45, 90, and 135 degrees, and one zero spatial 247 

frequency filter. The filters are positioned on each frame of the movie. Adjacent Gabor wavelets 248 

were separated by 4 standard deviations of the spatial Gaussian envelope. Each filter was also 249 

computed at two quadratic phases (0 and 90 degrees), as in Nishimoto et al. 2011. The Gabor 250 

features were then log-transformed to scale down very large values. Finally, we took the first 10 251 

principal components of this stimulus matrix to reduce the dimensionality of the Gabor basis 252 

function matrix. Reducing the dimensionality from 2,139 to 10 PCs explained approximately 253 

60% of the variance in the data. This also corresponded to the point at which the second 254 

derivative of the variance explained curve approached zero (the “elbow” of the curve). 255 

 256 

In addition to calculating the Gabor wavelet filters, we also identified time segments with 257 

contained scene cuts in the movie trailers. We wanted to assess if these scene cuts contained 258 

comparable visual information. Authors MD and BH watched all 23 unique movie trailers and 259 

hand-annotated the onset and offset timing information in ELAN (Version 6.0 [computer 260 

software] 2020) every time a scene changed in all of the trailers. The neural data were epoched 261 

using the single scene cut features. We assessed model performance by comparing the wavelet 262 

filters and scene cuts and found that the Gabor wavelets and scene cuts contained complementary 263 

information, with the best model performance incorporating both (Wilcoxon signed rank test, full 264 

visual model with scene cut and gabor wavelet versus gabor only: W=22244.0, p=5.44x10-144 265 

and full visual model versus scene cut: W=152030.0, p=2.06x10-31). By incorporating these 266 

visual features into our model, we were able to regress out any EEG activity related to both static 267 

and moving aspects of the visual stimulus in the movie trailer stimuli. This also allowed us to 268 

assess whether including visual feature information significantly changes the measured auditory 269 

feature encoding weights. 270 

Encoding Models for Neural Tracking of Acoustic, Linguistic, and Visual Features  271 

To model EEG responses to both audio and audiovisual stimuli, we used a linear regression 272 

approach with different sets of acoustic, linguistic, and/or visual features. This approach is 273 

sometimes referred to as an encoding model, a spectrotemporal receptive field (STRF), a 274 

multivariate temporal response function (mTRF), or simply a linear model (DiLiberto et al. 2015, 275 

Hamilton et al. 2018, Mesgarani et al. 2014, Theunissen et al. 2000). The goal of the forward 276 

modeling TRFs is to describe the statistical relationship between the input (auditory speech 277 

feature or visual feature) and output (the predicted EEG response based on the stimulus features).  278 

All 64 channels were used for all EEG participants, and separate models were fit to predict the 279 

activity in each EEG channel. The equation for the forward model TRF is shown below:  280 

 281 

𝐸𝐸𝐺(𝑡, 𝑛) =  ∑ ∑ 𝑤(𝑓, 𝜏, 𝑛)𝑠(𝑓, 𝑡 −

τ

𝜏)

f

+  𝜀(𝑡, 𝑛) 282 

This model calculates the instantaneous neural response EEG at time t from electrode n and is 283 

expressed as a convolution between an input speech stimulus property, 𝑠(𝑓, 𝑡 − 𝜏), with the EEG 284 

TRF weights, 𝑤(𝑓, 𝜏, 𝑛). The TRF is thus the mathematical transformation of a stimulus feature f 285 

into the EEG signal at different time lags τ. 𝜀(t,n) are the residual values from the linear 286 

regression otherwise not accounted for the input values. Figure 1 depicts all components of the 287 
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forward modeling paradigm. The schematic for the predicted response from the TRF at a specific 288 

channel can be seen for the three unique features (pitch, acoustic envelope, and phonological 289 

features) as well as the combined model, which incorporates all three unique features as 290 

individual (f) values into the TRF model. For our audiovisual analysis, we could also 291 

simultaneously model responses to auditory and visual features of the stimulus. This framework 292 

allowed us to test different hypotheses about which features (acoustic, linguistic, or visual) were 293 

represented in the EEG data, and whether we could model how the brain tracks these features in 294 

a stimulus that contains background noise, music, or overlapping speech, with comparable 295 

fidelity to speech in isolation. A schematic including visual features is shown in Figure 7.   296 

 297 

For all acoustic and linguistic feature models, we fit multivariate TRFs (mTRFs) using time 298 

delays from 0 to 600ms, which encompasses the temporal integration times for such responses as 299 

found in prior work (Hamilton et al. 2018). These analyses were performed in Python using 300 

custom scripts that implement cross-validated ridge regression. The weights (w) were fit using 301 

ridge regression on a subset of the data (the training set), with the regularization parameter 302 

chosen by a bootstrap procedure (n=100 bootstraps) and tested on a validation set that was 303 

separate from our final test set. The ridge parameter was chosen as the value that resulted in the 304 

highest average correlation performance across all bootstraps, and was set to the same value 305 

across electrodes. We tested ridge parameters of 0 as well as from 102 to 108, in 20 log-spaced 306 

steps. For TIMIT, the training set consisted of 489 out of 499 sentences (the TIMIT blocks 1-4, 307 

described above). The 10 unique sentences that were heard in TIMIT block 5 and were also 308 

heard in blocks 1-4 were used as the test set, so no identical sentences were used in training and 309 

testing. For movie trailers, the training set consisted of 21 out of the 23 movie trailers. The 310 

remaining two movie trailers were averaged and used as the test set to evaluate the model 311 

performance was then used to evaluate the model performance in which these repetitions were 312 

averaged and used as the test set for the model for the clean speech condition. The performance 313 

of the model was assessed by calculating the predicted EEG response for held out data using 314 

separate model features, and then calculating the correlation between this predicted EEG and the 315 

actual held out EEG. Noise-ceiling correction was applied using methods detailed in Schoppe et 316 

al. 2016, where each of these correlations was divided by the maximum possible correlation 317 

given the trial-to-trial noise in the EEG data. In a separate analysis, we also tested the effect on 318 

model performance when repeating the movie trailers in the test set up to 10 times. 319 

 320 

In order to statistically evaluate the model performance in TIMIT, we conducted a Friedman 321 

ANOVA, which is a nonparametric version of the repeated measures ANOVA test. This was 322 

used rather than a standard ANOVA because our data violated the normality assumption. The 323 

dependent variable was the model performance, while the independent variable was the model 324 

type (all individual feature models and the full combined model).  325 

 326 

To compare performance across models, we plotted the individual model performance against 327 

the full model for each possible feature. To visualize the general distribution of correlation 328 

values, we plotted each point separately in addition to the convex hull surrounding those points 329 

(Figure 3). The significance of each model was determined by randomly shuffling the stimulus 330 

labels in 2-second chunks and computing a model based on this randomized data (using the ridge 331 

parameter from the true, unshuffled data), calculating the correlation between the predicted and 332 
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held out data, and comparing that correlation to the unshuffled data. This was performed 100 333 

times, which corresponded to a bootstrap p-value < 0.01.  334 

 335 

 336 
 337 

Figure 1: Analysis schematic showing encoding model framework for predicting EEG 338 

responses to a given speech feature. We fit encoding models to neural data collected from 339 

participants as they listened to sentences from the TIMIT corpus and as they watched 340 

movie trailers, which contained speech in the presence of background noise. Speech 341 

features included the acoustic envelope, phonological features, pitch, and a combined or 342 

full model consisting of all the aforementioned features. Forward modeling was utilized to 343 

compute the temporal receptive field (TRF), which was then used to predict the neural 344 

response to a specific speech feature (pitch, acoustic envelope, phonological feature) or a 345 

combination of features from a given EEG channel in both conditions from the EEG task 346 

(TIMIT and movie trailers). Adapted from (Crosse et al. 2016).  347 

Variance Partitioning 348 

A consequence of using natural speech is that the stimulus features may be correlated with one 349 

another. For example, in the absence of background noise, the acoustic envelope is correlated 350 

with when phonological features occur in speech. To determine the shared versus unique 351 

contributions of each feature set, we used a variance partition analysis (de Heer et al. 2017). The 352 
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unique variance for a given feature represents the amount of additional variance that is added 353 

when including those features in a model. The purpose of this analysis was to identify the 354 

individual contribution of each feature, the variance shared by pairs of features, and the variance 355 

explained by a combination of all features. R2 values were calculated directly from the mTRF 356 

linear models. A total of seven unique features and intersections were used in this analysis.  357 

 358 

The unique variance for a given feature was calculated by subtracting the R2 for a paired model 359 

from the R2 for a total model. For example, the unique variance for pitch was calculated by 360 

fitting the full model (envelope, phonological features, and pitch), and fitting a model with only 361 

envelope and phonological features. Taking the R2 value for the full model and subtracting the 362 

R2 value for the pairwise model would generate the unique contribution that was explained by 363 

adding pitch to the model. Unique individual features: 364 

𝑟𝑢𝑛𝑖𝑞𝑢𝑒𝑝ℎ𝑛𝑓𝑒𝑎𝑡

2 = 𝑟𝑓𝑢𝑙𝑙
2 − 𝑟𝑝𝑖𝑡𝑐ℎ+𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒

2  365 

𝑟𝑢𝑛𝑖𝑞𝑢𝑒𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒

2 = 𝑟𝑓𝑢𝑙𝑙
2 − 𝑟𝑝𝑖𝑡𝑐ℎ+𝑝ℎ𝑛𝑓𝑒𝑎𝑡

2  366 

𝑟𝑢𝑛𝑖𝑞𝑢𝑒𝑝𝑖𝑡𝑐ℎ

2 = 𝑟𝑓𝑢𝑙𝑙
2 − 𝑟𝑝ℎ𝑛𝑓𝑒𝑎𝑡+𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒

2  367 

 368 

Equations for variation partitioning are shown below. In brief, we calculated model fits for each 369 

of the following features by using individual feature sets or the union of all pairwise and triplet 370 

combinations: 371 

 372 

Single models: Phonological feature (phnfeat), envelope, pitch 373 

Pairwise models: phnfeat ∪ envelope, envelope ∪ pitch, phnfeat ∪ pitch 374 

Full model: phnfeat ∪ envelope ∪ pitch 375 

 376 

We then obtained the shared variance for each pair of models from the following equations: 377 

 378 

phn feat ∩ envelope = phn feat + envelope - phn feat ∪ envelope  379 

phn feat  ∩ pitch = phn feat + pitch - phn feat ∪ pitch 380 

envelope ∩ pitch = envelope + pitch - envelope ∪ pitch 381 

 382 

We then use these values to determine the intersection of all three models (the shared variance): 383 

 384 

phn feat ∩ envelope ∩ pitch = phn feat ∪ envelope ∪ pitch + phn feat + envelope + pitch - phn 385 

feat ∪ envelope - phn feat ∪ pitch - envelope ∪ pitch 386 

 387 

Finally, we could calculate the shared variance for each of the pairs of models without including 388 

the intersection of the combination of all three feature types: 389 

 390 

(phn feat ∩ envelope)\pitch = phn feat + envelope - phn feat ∩ envelope - phn feat ∩ envelope ∩ 391 

pitch 392 

(phn feat ∩ pitch)\envelope = phn feat + pitch - phn feat ∪ pitch - phn feat ∩ envelope ∩ pitch 393 

 394 

(envelope ∩ pitch)\phn feat = envelope + pitch - envelope ∪ pitch - phn feat ∩ envelope ∩ pitch 395 

 396 
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For some of the variance partition estimates, a correction needed to take place as certain models 397 

(single and pairwise) contained noise, some of which could be attributed to overfitting. In such 398 

cases, the variance partition calculations resulted in negative values where a post-hoc correction 399 

was used to remove the biased values (described in detail in DeHeer et al 2017).  400 

 401 

In addition to the variance partitioning calculations, we conducted an additional correlation 402 

analysis for both TIMIT and movie trailer stimuli. For all acoustic features, we calculated the 403 

instantaneous correlation between the different sound feature representations (Figure 2). This 404 

shows that the correlation structure for TIMIT and movie trailers is relatively similar, with the 405 

strongest differences in the spectrogram correlations, which are likely driven by the presence of 406 

multiple simultaneous sound sources in movie trailers but not TIMIT.   407 

 408 

 409 
Figure 2. Speech feature correlation analysis for TIMIT and movie trailers. A) 410 

Stimulus correlations within TIMIT shows the cooccurrence of features within the TIMIT 411 

stimuli. For example, sonorant phonemes are likely to be voiced and syllabic. The co-412 

occurrence of specific phonological features with spectral and pitch features was low, 413 

since sentences were spoken by a variety of speakers. B) Stimulus correlations within the 414 

movie trailers. Co-occurrence of phonological features was highly similar to TIMIT. The 415 

spectrogram features were more correlated with one another, likely due to the presence of 416 

background noise, music, and other sounds in tandem with speech. C) The difference in 417 
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stimulus correlation values between TIMIT and movie trailers. Overall, phonological 418 

feature correlations were very similar, but differences were observed in the co-occurrence 419 

of low and high spectrotemporal information, with TIMIT showing separate epochs with 420 

low or high frequency content (but not both), and movie trailers showing epochs with 421 

frequencies across the spectrum. D) Average stimulus correlations for acoustic and 422 

linguistic features in TIMIT and movie trailers. Acoustic features were generally more 423 

correlated than the phonological features, but the degree of correlation across stimulus 424 

sets was relatively similar.  425 

 426 

mTRF generalization across stimulus types 427 

We next wished to assess the degree to which models trained on TIMIT sentences or movie 428 

trailers (MT) could generalize to the other stimulus set. This analysis allowed us to assess 429 

whether stimulus selectivity was similar across conditions, or whether neural tracking measures 430 

were stimulus specific. We conducted the same mTRF analysis for all speech features in both 431 

conditions from the EEG experiment to generate our weights and correlation values. We then 432 

used the weights calculated from using TIMIT as the training set to predict the neural responses 433 

of the respective speech features in the movie trailer EEG data. That is, using pretrained models 434 

from TIMIT, we then assessed model performance using movie trailers as the test set. We then 435 

compared the correlation between the new predicted and actual EEG response to the correlation 436 

values generated by our original analysis, where training and test data came from the same 437 

stimulus type. We then performed the same analysis using pretrained models from the movie 438 

trailer data, evaluated on the TIMIT test set. The purpose of this analysis was to see if responses 439 

from TIMIT were generalizable to the responses from the movie trailers and vice versa. For 440 

example, to predict the EEG in response to the movie trailers from mTRFs calculated from 441 

TIMIT: 442 

 443 

𝐸𝐸𝐺pred MT from TIMIT(𝑡, 𝑛) =  ∑ ∑ 𝑤𝑇𝐼𝑀𝐼𝑇(𝑓, 𝜏, 𝑛)𝑠𝑀𝑇(𝑓, 𝑡 −

τ

𝜏)

f

+  𝜀(𝑡, 𝑛) 444 

And to calculate EEG in response to TIMIT from mTRFs calculated from movie trailer stimuli: 445 

𝐸𝐸𝐺pred TIMIT from MT(𝑡, 𝑛) =  ∑ ∑ 𝑤𝑀𝑇(𝑓, 𝜏, 𝑛)𝑠𝑇𝐼𝑀𝐼𝑇(𝑓, 𝑡 −

τ

𝜏)

f

+  𝜀(𝑡, 𝑛) 446 

Finally, we determined whether there was a relationship between the performance on the cross-447 

stimulus models and the original models by computing the linear correlation between the r 448 

values when the test set was held constant. We also assessed the correlation between the weight 449 

matrices themselves by calculating the linear correlation between wTIMIT and wMT for each 450 

channel and participant.  451 

Segmented correlation analysis 452 

An additional difference between the movie trailers and TIMIT stimuli is that the trailers 453 

contained more acoustic information with multiple overlapping sound sources. While the mTRF 454 

and the variance partition analysis demonstrated correlation values between the predicted and 455 

actual EEG and the unique feature contribution to model performance, respectively, they did not 456 
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reveal whether specific time points within the stimulus were more reliably predicted by our 457 

model. We thus implemented a segmented correlation analysis to assess the correlation between 458 

the predicted and actual EEG for given acoustic features based on whether the stimulus was 459 

speech alone, speech with background noise, or background only (no speech). The purpose of 460 

this analysis was to determine whether responses during speech alone were better modeled than 461 

speech in background noise. We segmented the data for one test set movie trailer (Inside Out) 462 

into intervals with speech only, speech and background, or background only using Praat 463 

software. We then calculated EEG predictions for only each interval of interest, and assessed the 464 

correlation between actual and predicted EEG using each of the individual models (envelope, 465 

phonological features, pitch) or the full model. 466 

 467 

The segmented correlations were then averaged within each of the individual auditory 468 

environments for models using each speech feature (phonological feature, pitch, and envelope) in 469 

isolation and in the full model. For the “background sounds only” auditory environment, the 470 

phonological feature model correlations were set to zero as there were no linguistic features from 471 

which to predict. We hypothesized that the phonological features during the clean speech only 472 

should generate higher correlation values overall than speech with background noise or 473 

background only. 474 

Effect of number of repeats of test set on model evaluation performance 475 

The purpose of this analysis was to identify if increasing the number of repetitions for the movie 476 

trailer test set stimuli improved the overall model performance through increased EEG SNR. 477 

Rather than averaging all possible repetitions of the test set, we tested how the performance of 478 

the modeled varied as a result of averaging between 1 and 10 repetitions of the test set. Since 479 

most participants heard 10 repeats of the test set for TIMIT but only 2 repeats for movie trailers, 480 

we collected additional Movie Trailer data from one participant. This participant heard the two 481 

unique movie trailer test set stimuli a total of 10 times each, in addition to the original training 482 

set trailers.  483 

 484 

We performed the same mTRF analysis on the full model (containing all acoustic and linguistic 485 

features) and compared encoding model performance between TIMIT and the movie trailers. To 486 

choose the repetition subsets, we used a bootstrapping analysis such that different random 487 

subsets of 1 to 10 repetitions were used in the test set, with a maximum of 10 bootstraps. This 488 

analysis examined how the model performance affected the average correlation value between 489 

the actual and predicted EEG data for each increase in test set stimuli in the movie trailer data 490 

set.  491 

 492 

Data and code availability 493 

The code for reproducing the figures in this paper is available at 494 

https://github.com/HamiltonLabUT/generalizable_EEG_manuscript. The EEG data are available 495 

https://osf.io/p7qy8/?view_only=bd1ca019ba08411fac723d48097c231d 496 

 497 

 498 

Results  499 
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Acoustic and linguistic representations of speech  500 

Speech occurs in many different environments in the real world. People may listen to speech in a 501 

quiet environment (e.g. listening to an audiobook), in the presence of light background noise 502 

(e.g. working at home with home appliance sounds, other individuals talking in common spaces), 503 

or even in highly noisy environments with a variety of background sounds (e.g. attempting to 504 

converse in a restaurant or at a music festival). Many encoding model approaches rely on 505 

responses recorded in relatively controlled stimuli in the absence of noise, or in specific 506 

controlled noise conditions. While such models have been helpful in improving our 507 

understanding of the neural representations of natural speech, it is unclear whether these findings 508 

might generalize to a more naturalistic and acoustically rich stimulus set, such as movie trailers. 509 

Here we investigated whether the brain tracks similar acoustic and phonological features in 510 

acoustically diverse stimuli (TIMIT sentences and Movie Trailers). We also investigated whether 511 

comparable model performance was observed across both conditions, and whether this depended 512 

on the specific features included in the model. We chose the acoustic envelope, phonological 513 

features, pitch, and a combination of these three models to encompass a broad range of features 514 

that are involved in speech processing (Mesgarani et al. 2014, Oganian et al. 2019, Hamilton et 515 

al. 2018, Di Liberto et al. 2018).  516 

 517 

We trained on 64-channel EEG data responses using a full model (combining the acoustic and 518 

phonological features of envelope, phonological features, and pitch into one model) and 519 

individual speech features in both speech conditions (envelope only, phonological features only, 520 

or pitch only). Model performance was assessed by correlating the EEG responses predicted by 521 

our model and the actual EEG responses for held out data. We hypothesized that the combination 522 

of acoustic and linguistic features would contribute to higher model performance for movie 523 

trailers, since speech occurs in the presence of other unrelated sounds, and modeling these 524 

features separately can effectively lead to “denoising” of the data. In contrast, we expected that 525 

models based on predicting EEG from individual features (e.g. pitch or acoustic envelope or 526 

phonological features) should still perform relatively well when predicting responses to TIMIT.  527 

 528 

We first compared the noise-ceiling corrected correlation values between the individual models 529 

against the full model (Figure 3A-B). Model performance across all participants in TIMIT for the 530 

individual features was more similar to the full model performance (Figure 3A). The average 531 

correlation value across all subjects for TIMIT was highest for the full model (r=0.35) and 532 

phonological features (r=0.34), with lower performance for the acoustic envelope (r=0.26), and 533 

pitch (r=0.31). Despite relatively similar performance, there was a significant effect of model 534 

type for TIMIT (Friedman ANOVA Chi-sq=17, df.8=3, p=0.0005). Post-hoc Wilcoxon signed 535 

rank tests showed that this effect was driven by significant differences between the full model 536 

and pitch (W=6.0, p=0.0009), along with the full model and the acoustic envelope (W=0.0, 537 

p=0.00006). In contrast, the full model and phonological features models were not statistically 538 

different from each other for TIMIT data (W=37.0, p=0.17). Performance differences between 539 

the phonological features model and pitch were not significant (W=27.0, p=0.06), but the 540 

phonological feature model was significantly better than the acoustic envelope model (W=18.0, 541 

p=0.015). The envelope model performed worse than the pitch model (W=19.0, p=0.02). 542 

Overall, these results demonstrate that the linguistic content from the phonological features 543 

seems to drive model performance.  544 

 545 
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We next performed the same comparisons for models fit on the movie trailer stimulus set, which 546 

included overlapping talkers and visual information (Fig. 3B). We found a significant effect of 547 

model type across participants (Friedman ANOVA, Chi-sq=31.8, df=3, p=5.77 x10-7). Post-hoc 548 

Wilcoxon signed rank tests showed that the full model consistently outperformed the pitch model 549 

(W=0.0, p=0.00003), the acoustic envelope (W=1.0, p=0.000061), and the phonological feature 550 

model (W=1.0, p=0.00001). Post-hoc tests demonstrated that, for movie trailers, correlations for 551 

the phonological feature model were statistically higher than the pitch model (W=3.0, p=0.0002), 552 

the envelope model was statistically higher than pitch (W=26.0, p=0.03), and the performance 553 

did not differ between the acoustic envelope and phonological feature models (W=43.0, p=0.21). 554 

Similar to TIMIT, the average correlation performance across all subjects for movie trailers was 555 

highest for the full model (r=0.10) and phonological features (r=0.08), with the acoustic 556 

envelope (r=0.07) and pitch yielding lower average correlations (r=0.05). 557 

 558 

 559 

 560 

 561 
 562 

Figure 3: Contributions of phonological and acoustic representations in predicting 563 

EEG. Comparing individual speech features (pitch, acoustic envelope, phonological 564 

features) with the full model (combination of all auditory features). (A) Prediction 565 

performance (noise-ceiling corrected correlation between predicted and actual EEG data) 566 
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of significant electrodes for each condition in models fit using TIMIT responses. Each 567 

individual dot is a single electrode. The shaded regions indicate the convex hull around 568 

the scatter points for each comparison, to indicate how the points are distributed along, 569 

above, or below the unity line. (B) Same as (A), for movie trailers. (C) Variance partition 570 

analysis shows the unique variance explained by individual features (phonological 571 

features, pitch, and envelope) for each participant separately (bar chart) and across all 572 

participants (pie chart) when fit on TIMIT data. (D) Same as C, for movie trailers 573 

condition.  574 

 575 

 576 

This first analysis shows how individual feature models compare to a joint model with acoustic 577 

and phonological features, but it does not explain how individual features may uniquely 578 

contribute to model performance. Thus, we used a variance partitioning analysis in which we 579 

computed the unique variance explained by each individual feature, all pairwise combinations of 580 

features, and the variance shared by all acoustic and phonological features (Fig. 3C). Overall, we 581 

saw higher shared variance across features for TIMIT, and more unique variance contributed by 582 

each feature for Movie Trailers.  583 

 584 

Individual features contributed relatively more unique information to the overall model 585 

performance for movie trailers (Fig 3D, Venn diagram). As with TIMIT, the phonological 586 

features contributed the most unique variance across participants (Fig. 3D). Unlike TIMIT, the 587 

amount of shared information was lower for the movie trailers compared to TIMIT, as indicated 588 

by a smaller relative area for shared variance in the Venn diagram.  589 

 590 

While these results showed strong tracking of acoustic and phonological features, we also tested 591 

whether other feature representations for pitch and acoustic information might yield better model 592 

performance. For example, we previously used binned pitch representations rather than the single 593 

fundamental frequency (F0) value to uncover pitch tuning in intracranial EEG (Tang et al. 2017). 594 

In this study, however, the single F0 model outperformed the binned pitch model (TIMIT: 595 

ravg=0.31, movie trailers: ravg=0.05 for single F0, TIMIT: ravg=0.27, movie trailers: ravg=0.04 for 596 

binned pitch). This was the case both for TIMIT (Wilcoxon signed rank test, W=17575.0, 597 

p=1.88x10-7) and for movie trailers (Wilcoxon signed rank test, W=199624.0, p=3.32x10-11). 598 

Thus, for all subsequent analyses, we used the single F0 feature. In addition to testing different 599 

representations for pitch, we tested whether spectrogram features would improve the 600 

performance of the full model. This was not the case – the overall correlations for both the full 601 

and individual models were lower when using the spectrogram instead of the envelope, 602 

suggesting that fine-grained spectrotemporal information is not as strongly represented in the 603 

EEG (Figure 4). 604 

 605 
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 606 
Figure 4: Model performance when incorporating spectrogram features in addition 607 

to phonological features and pitch. (A) Prediction performance (correlation between 608 

predicted and actual EEG data) of significant electrodes for each condition in models fit 609 

using TIMIT. Each individual dot is a single electrode. Electrode color indicates the 610 

individual model type. The shaded regions indicate the convex hull around the scatter 611 

points for each comparison, to indicate how the points are distributed along, above, or 612 

below the unity line. The average correlation value for each individual performance for 613 

TIMIT is as follows: phonological features (r=0.33), spectrogram (r=0.09), and pitch 614 

(r=0.29) (B) Same as (A), for movie trailers. The average correlation value for each 615 

individual performance for movie trailers is as follows: phonological features (r=0.07), 616 

spectrogram (r=0.02) and pitch (r=0.05) (C) Variance partition analysis shows the 617 

average unique variance explained by individual features (phonological features, pitch, 618 

and spectrogram) for each participant separately (bar chart) and across all participants 619 

(pie chart) when fit on TIMIT data. (D) Same as C, for movie trailers condition. 620 

 621 

Altogether, our results suggest that neural tracking occurs in response to multiple individual 622 

features. While the unique variance was highest for phonological features, we were also able to 623 

identify robust model performance for the acoustic envelope and additional unique variance 624 

explained by this feature. This suggests that the brain may not only track the envelope of speech, 625 

but also of the background sounds and music from the movie trailers. Overall, our results suggest 626 
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that neural tracking for phonological features occurs both in noise-free as well as more 627 

uncontrolled, naturalistic settings despite the presence of varied background noise.  628 

Are receptive field models from each condition generalizable to the other? 629 

Our previous analysis showed that we were able to predict EEG in noise-free continuous speech 630 

and in naturalistic, noisy conditions using linear models that incorporated acoustic and linguistic 631 

features. We next asked whether models fit on one stimulus set would generalize so that they 632 

could predict neural responses for another stimulus type. This would allow us to answer whether 633 

naturalistic stimuli are a feasible replacement for receptive field analyses. We used the weights 634 

from the individual feature models and the full model calculated from responses to TIMIT in 635 

order to predict responses to untrained TIMIT and movie trailer neural data. For each of these 636 

cross-predictions, we compared the performance of the model trained on one dataset and tested 637 

on the same stimulus type (e.g. predict TIMIT responses from TIMIT training data) or trained on 638 

a different stimulus type (e.g. predict TIMIT responses from movie trailer training data). This 639 

cross-prediction schematic is depicted in Figure 5A.  640 

 641 
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 642 
 643 

Figure 5: Cross prediction analysis shows that models fit to TIMIT and movie trailer 644 

stimuli are generalizable to the other stimulus set. (A) The cross-prediction analysis 645 

schematic is shown for the following conditions: training on TIMIT and testing on 646 

TIMIT, training on TIMIT and testing on MT, training on MT and testing on MT, 647 

training on MT and testing on TIMIT. In each of these training and testing conditions, the 648 

weights for the training condition were used for a given stimulus set and the stimulus 649 
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feature for either the same or different stimulus was used for testing. (B) Model 650 

performance for TIMIT test sets with TIMIT training data (x-axis) or Movie Trailer 651 

training data (y-axis). Each dot in the individual convex hull plots represents an 652 

individual electrode, where clusters of the same colored dots represent electrodes for a 653 

corresponding feature across participants. Dots in gray show non-significant models 654 

(p>0.05, bootstrap test). Dashed black line = unity line, red line = regression line. (C) 655 

Same as (B), but with model performance on Movie Trailer test set for Movie Trailer 656 

training (x-axis) or TIMIT training data (y-axis). (D) Weight matrix for the TIMIT full 657 

model in one example channel 27 (FC6) from one participant (MT0008). (E) Same as D 658 

for movie trailers. Note that the weights are highly similar to (D) despite training the 659 

model on separate stimuli. (F) Average correlation between TIMIT and movie trailer 660 

weights for all participants. Across all participants, correlations between the receptive 661 

field weights were highest in central/temporal electrodes. 662 

 663 

Results of this cross-prediction comparison are shown in Fig. 5B-C. Noise-ceiling corrected 664 

correlation values below the unity line indicate electrodes for which the within-stimulus model 665 

performance was better, and above the unity line indicates better cross-stimulus performance. 666 

Overall, using the same stimulus type for training and testing (e.g. predict TIMIT from TIMIT or 667 

predict MT from MT) tends to result in better model performance. Still, the response to one 668 

stimulus could be modeled from the other, although with slightly worse performance. We saw a 669 

statistically significant correlation between performance in one condition (i.e. predict TIMIT 670 

from TIMIT or predict MT from MT) to the generalization condition (i.e. predict TIMIT from 671 

MT or predict MT from TIMIT) (see red regression lines in Fig. 5B-C). This was the case across 672 

all feature condition types, whether this be the individual models or the full model.  673 

Finally, to determine whether models trained on TIMIT or Movie Trailer stimuli yielded similar 674 

encoding model weights and thus inferred selectivity, we directly compared the TRF weights 675 

derived from TIMIT or Movie Trailer training data (Fig. 5D-F). Fig 5D-E shows the weights for 676 

one example channel using TIMIT (D) or Movie Trailers (E), which are highly visually similar 677 

and show the same pattern of positive and negative weights for each of the acoustic and 678 

phonological features. When compared quantitatively, weights derived from the different 679 

datasets were significantly correlated (with a maximum of up to 0.35 when averaged across 16 680 

subjects, Fig. 5F). 681 

Overall, we found that the model performance was better for TIMIT (Fig. 5B) when we trained 682 

and tested on TIMIT stimuli. While unsurprising, these responses were still able to be predicted 683 

from models using movie trailers as the training set, suggesting that feature encoding derived 684 

from neural responses to highly uncontrolled, noisy stimuli, can generalize to a more controlled 685 

stimulus set (and vice versa). The high model performance for predicting held out TIMIT EEG 686 

data from models also trained on TIMIT data could partially be attributed to the fact that listeners 687 

do not have to filter extraneous background sounds while attending to the primary speech source, 688 

so the signal-to-noise ratio of responses is higher. In addition, the correlation structure of the 689 

training/test stimuli may play a role (Fig. 2). Prediction correlations were generally lower for the 690 

movie trailers, but were still significantly higher than chance (Fig. 5C).  691 
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Although models fit on the movie trailers generalized to predicting responses to TIMIT, the 692 

model performance correlations for movie trailers were still lower on average. Thus, we next 693 

examined whether these results were due to differences in the amount of testing data for both 694 

TIMIT and movie trailers, or whether this was due to inherent differences in the amount of 695 

speech alone versus speech in background noise.  696 

The effect of stimulus repetitions on model evaluation and performance 697 

We observed overall lower model performance for all feature types in the movie trailer condition 698 

compared to TIMIT (Fig. 3-5). This led us to ask whether this discrepancy was due to the 699 

different number of test set repeats for TIMIT and movie trailers, or whether other factors were 700 

responsible. We hypothesized that more repetitions of test set stimuli would improve the average 701 

correlation performance of our encoding models, because averaging more EEG repetitions 702 

should increase the signal-to-noise (SNR) ratio of neural responses. We used the same TRF 703 

models in a single participant who had two separate recording sessions. In the first recording 704 

session the participant listened to all blocks of TIMIT and listened to and watched all of the 705 

movie trailers. In this session, the participant watched and listened to two repetitions of the test 706 

set (Paddington and Inside Out) stimuli. In the second recording session, the same participant 707 

watched and listened to all of the movie trailers. However, during this session, the participant 708 

also heard Paddington and Inside Out a total of 10 times each. No additional TIMIT sentences 709 

were played in this second session. We assessed model performance for TIMIT in session 1 (Fig. 710 

6B) and the repeated movie trailers in session 2 (Fig. 6B).  711 

 712 

We observed an increase in model performance with increasing numbers of repeats for the 713 

TIMIT test set stimuli (Fig. 6A) and movie trailer test set stimuli (Fig. 6B). However, the 714 

average correlations for two repetitions of TIMIT were still greater than those of the movie 715 

trailers, even with 10 repetitions. This suggests that the overall signal-to-noise ratio was not the 716 

only factor driving poorer model performance for movie trailers as compared to TIMIT. 717 

Including 10 repetitions of the movie trailer test set stimuli significantly improved model 718 

performance (Figure 6B), (W = 1.0, p=3.79x10-12).  719 

 720 

As with TIMIT, adding more test set repetitions for the movie trailer stimuli increased the 721 

observed model performance (Fig. 6B-C). This improvement may be attributed to averaging over 722 

more trials of EEG data, which decreases trial-specific noise in the response. However, because 723 

the correlation performance never reached that of TIMIT, other factors must also be at play. 724 

 725 
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 726 
 727 

Figure 6. Effects of number of repetitions and auditory environment on prediction 728 

performance. (A) The average correlation value between the predicted and actual EEG 729 

data in response to TIMIT increases as repetitions are added to the test set. (B) Same as (A) 730 

for movie trailers. (C) Convex hull showing correlation values in one subject from two 731 

separate recording sessions, where the x-axis consists of 10 repetitions of the test set 732 

stimuli, whereas the correlations shown on the y-axis were evaluated using 2 repetitions of 733 

the test set. Each brown dot represents a single electrode. Averages are across different 734 

partitions of the test set using a bootstrap procedure without replacement. (D) Average 735 

correlation performance for one test set trailer (Inside Out) in which the stimulus was 736 

segmented as speech only, speech with background noise, and background noise alone. 737 

Models were fit on individual speech features (phonological features, acoustic envelope, 738 

pitch) or a combination of all three (full model). Performance was highest during speech 739 

only epochs.  740 

 741 

As the TIMIT condition consisted of continuous speech without any background noise, we 742 

hypothesized that prediction performance for the movie trailer dataset might be higher for time 743 

points where no background noise was present. Thus, we parsed the movie trailer testing 744 

stimulus Inside Out into three different auditory environments: speech (~34% of the trailer 745 

presented), speech with background noise (~35%), and background only (~18%). Of note, the 746 
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remaining 13% of Inside Out was silence, and the segmented analysis was conducted on all 747 

participants except for MT0001, as this participant did not hear this trailer as a part of the EEG 748 

experiment. We then calculated EEG predictions for each of these environments separately. We 749 

observed the highest correlations for speech without background noise, followed by speech with 750 

background noise, and finally background noise alone (Fig. 6D). The phonological features 751 

models outperformed the other models in speech alone and speech in background noise, but 752 

obviously could not adequately predict activity during background noise only (when no speech is 753 

present). While the magnitude of these correlations across all auditory environments was still 754 

lower than TIMIT, this suggests that the presence of background noise in the stimulus can also 755 

lead to less robust tracking of acoustic and phonetic features. 756 

 When comparing the performance of models within each of these auditory conditions 757 

quantitatively, we found a significant effect of model type for speech with noise (Friedman 758 

ANOVA Chi-sq=18.92, df=3, p=0.0003), speech only, (Friedman ANOVA Chi-sq=14.6, df=3, 759 

p=0.002), and noise only (Friedman ANOVA Chi-sq=27.56, df=3, p<0.0001). For speech only, 760 

post-hoc Wilcoxon signed rank tests showed that this effect was driven by significant differences 761 

between the full model and pitch (W=2.0, p=0.0001), the full model and phonological features 762 

model (W=10.0, p=0.002) and the full model and acoustic envelope (W=8.0, p=0.002). In 763 

addition, the phonological feature and pitch models were significantly different (W=24.0, 764 

p=0.04), but the acoustic envelope was not statistically different from pitch (W=36.0, p=0.19) 765 

and phonological features were not statistically different from the acoustic envelope (W=47.0, 766 

p=0.49). Overall, this suggests that the joint information of phonological features and acoustic 767 

information is helpful in predicting EEG responses to clear speech without background noise, but 768 

the phonological feature model still performs well. 769 

 When comparing model performance for speech in noise, the full model was not 770 

significantly different from the phonological features model (W=26.0, p=0.06). In contrast, the 771 

full model significantly outperformed the envelope (W=0.0, p<0.00006) and pitch models 772 

(W=10.0, p=0.003). Phonological feature models showed higher performance than the individual 773 

pitch (W=15.0, p=0.008) and acoustic envelope models (W=25.0, p=0.048). The acoustic 774 

envelope and pitch models did not show statistically significant differences in performance 775 

(W=45.0, p=0.42). Similar to the clear speech condition, the phonological feature model appears 776 

to drive performance even in the presence of background noise. 777 

Finally, when assessing noise only, the full model and acoustic envelope showed similar 778 

performance (W=26.0, p=0.06), but the full model significantly outperformed the phonological 779 

features (W=1.0, p=0.0001) and pitch models (W=1.0, p=0.0001). The poor performance of the 780 

model for phonological features is to be expected here, as these features are all zeros during 781 

“noise only” epochs. On the other hand, the background sounds may have associated pitch, but 782 

this did not appear to model responses well, and in fact the pitch model performed similarly to 783 

phonological features (W=55.0, p=0.80). We found that the acoustic envelope and pitch (W=2.0, 784 

p<0.0002) and phonological features and acoustic envelope (W=0.0, p<0.0001) were 785 

significantly different. The similar performance of the envelope and full model indicates that, in 786 

the presence of background sounds that do not include speech, the envelope is adequate for 787 

modeling EEG responses to auditory information.  788 

Audiovisual components for speech tracking in a noisy environment 789 

Up to this point, we have examined tracking of specific acoustic or phonological features in 790 

TIMIT and movie trailer stimuli. However, one obvious difference between the two stimuli is 791 
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that the movie trailers also include visual information, which has been shown to influence 792 

auditory perception (Beauchamp, MS., 2005, Schneider et al. 2008, Holcomb et al. 2005, Di 793 

Liberto et al. 2018). If we wish to replace a more controlled stimulus like TIMIT with an 794 

uncontrolled stimulus like movie trailers, we must also examine to what extent the visual 795 

features influence auditory feature selectivity. As a final analysis, we examined how the visual 796 

components were involved in speech tracking of the movie trailer stimuli. We built the same 797 

linear regression models, which now included all of the audio features (pitch, phonological 798 

features, and acoustic envelope) and added an additional set of visual features. The visual 799 

features were calculated from a motion energy model in which movie stimuli were decomposed 800 

into a set of spatiotemporal Gabor wavelet basis functions (Nishimoto et al. 2011) and manually 801 

annotated scene cuts.  802 

 803 

The spatiotemporal Gabor wavelets allow us to investigate visual feature selectivity using Gabor 804 

wavelets that capture both static and moving visual aspects of the movie trailer. Fig. 7A 805 

illustrates some example spatiotemporal features, with each row representing a feature, and each 806 

column representing the evolution of that feature over time. The relative weights for each of 807 

these Gabor wavelets are used to construct a visual feature matrix (Fig. 7B) that describes visual 808 

motion parameters over time. In order to make the problem more tractable and to include a 809 

comparable number of auditory and visual features, we reduced the dimensionality of the Gabor 810 

feature matrix using a principal component analysis (PCA). A final example of the features that 811 

are used in the full audiovisual model is shown in Fig. 7C, with some video stills to illustrate the 812 

visual scene at four example time points in our test set stimulus. We also used an additional 813 

“scene cut” visual feature alongside the Gabor wavelets for the visual and combined auditory and 814 

visual analysis, which improved model performance over the Gabor filters alone (see methods).  815 

 816 

 817 
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 818 
 819 

Figure 7: Unique contribution of visual features for the noisy (Movie Trailer 820 

condition) to assess model performance. (A) Visual stimuli in the movie trailers were 821 

decomposed into a set of Gabor wavelet features using a motion energy model. These 822 

features are static or drifting gratings at different spatial and temporal frequencies. 10 823 

example spatiotemporal Gabors are shown, where each row represents one spatiotemporal 824 

feature set, and each column represents the evolution of that feature over time. In our 825 

experiment, we used a total of 2,139 features, so these represent only a small fraction of the 826 

total set. (B) The 2,139 Gabor features are decomposed into their first 10 principal 827 

components using principal component analysis (PCA) on the entire Gabor feature matrix 828 

(2,139 features over time). For illustration purposes, only 15 seconds of data are shown. 829 

This reduced dimensionality matrix then serves as the visual input to our mTRF models. 830 

(C) Example combined visual and acoustic/linguistic features for 15 seconds of our test 831 

stimulus, “Inside Out”. The acoustic features are identical to those used in the previous 832 

model fits, while the visual features include the Gabors shown in (A-C). Example frames 833 

are shown for four timepoints in the stimulus. (D) Model performance for the audiovisual 834 

combined model versus visual only or audio only models. Each dot represents an individual 835 

EEG channel. The topo map shows the difference between the audiovisual correlations and 836 

visual only correlations, averaged across all participants. Red indicates increased variance 837 

explained when adding auditory information. (E) Unique variance explained by visual, 838 

auditory, or combined audiovisual information. The visual features contribute a large 839 

amount of variance of the EEG responses to movie trailers. Such results are further 840 

corroborated by the pie chart, demonstrating unique variance between the visual only, 841 

audio only, and shared audiovisual features. (F) A comparison of the cross-prediction 842 
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analysis where both an audio-only or an audiovisual model was used to derive feature 843 

weights for movie trailers. The auditory weights for each analysis were then used to predict 844 

TIMIT responses. Overall, these models are highly correlated, showing that partialing out 845 

the visual information does not strongly affect cross-prediction performance.  846 

 847 

Next, we determined whether including visual features in the movie trailer model fitting 848 

influenced our ability to assess model performance between audio and visual only responses 849 

(Figure 7D). We used the noise-ceiling corrected correlation values and found that the average 850 

performance scores across all subjects for the full auditory model was r=0.10, whereas adding 851 

the visual information into the auditory model yielded a correlation value of r=0.33, across all 64 852 

EEG channels. Combining auditory and visual information resulted in more robust model 853 

performance than just having the auditory features alone (Wilcoxon signed rank statistical test  854 

W = 6201.0, p<0.0001, mauve points in Fig. 7D). Surprisingly, the visual information alone 855 

(maximum r=0.35) had a better model performance compared to the combined audiovisual 856 

model and we found that that these two models were not statistically significant from one 857 

another (Wilcoxon signed-rank statistical test W = 255416.0, p=0.46). However, this was mainly 858 

the case for EEG electrodes outside the typical auditory ROI (see inset topomap in Fig. 7D). We 859 

found that the visual stimulus information contributed a significant proportion of variance in the 860 

audiovisual speech condition (max r=0.8). In fact, the visual components occupied a 861 

significantly larger subspace in the bar plot compared to the audio only or the joint audiovisual 862 

components (Fig. 7E). Despite this large contribution of visual information to overall explained 863 

variance, the shared region of the Venn diagram shows that each of these features (audio versus 864 

audiovisual) can be modeled separately, suggesting that this particular audiovisual stimulus does 865 

not significantly alter how the auditory features of speech are tracked in the movie trailers. To 866 

test this directly, we conducted a cross-prediction analysis (as in Fig. 5) to predict neural 867 

responses to TIMIT from models fit using movie trailer training data with audio features only, 868 

and predict TIMIT from models fit using movie trailer data with the combined audiovisual 869 

features (Fig. 7F). Notably, no visual information was presented during TIMIT stimulus 870 

presentation, so the visual features are set to zero in the TIMIT stimulus matrix used for the 871 

prediction. We found that correlation values for both models were concentrated long the unity 872 

line, suggesting that the model performance was comparable for both conditions, and that 873 

regressing out the visual information did not significantly alter the predictability of the response 874 

to auditory information. Finally, we demonstrated that the auditory-related weights fit on audio 875 

only and audiovisual stimuli (including Gabor wavelet features plus scene cuts) were similar, 876 

suggesting that regressing out the visual information does not alter auditory encoding 877 

information (Figure 8).  878 
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 879 
Figure 8: Weights from full auditory encoding model are similar to the auditory information 880 

in the audiovisual model. (A) Weights from the audiovisual model that included all 16 auditory 881 

features along with 10 Gabor wavelet features and one visual feature for scene cuts. (B) Heat map 882 

of weights from the full auditory model without visual information (16 features). (C) Topographic 883 

map of the correlation between auditory feature weights from the audiovisual model and audio-884 

only models averaged across participants. Model weights were highly correlated, especially over 885 

temporal and central electrodes.  886 

 887 

Discussion  888 

Understanding speech in real-world scenarios involves parsing noisy mixtures of acoustic 889 

information that may include speech and non-speech sources. Natural environments are also 890 

inherently multisensory. Much of our understanding of how the brain processes speech relies on 891 

tightly controlled stimuli in the absence of noise, or parametrically controlled noise added to 892 

continuous speech stimuli. While these endeavors have been highly fruitful in uncovering 893 

acoustic and phonological tuning in the brain, it is not clear to what extent models based on 894 

controlled stimuli can generalize to more complex stimuli. Taken further, in some experimental 895 

environments, it may be desirable to investigate speech processing using stimuli that are more 896 

enjoyable to listen to, so more data could be acquired without participants becoming bored or 897 
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frustrated. This could include, for example, clinical populations or research involving children. 898 

Still, absent is an evaluation of how such models generalize to more controlled datasets, where it 899 

is difficult to interpret whether models based on naturalistic stimuli reflect the same processes 900 

involved in parsing more controlled stimuli.  901 

 902 

In this study, we addressed these questions by collecting neural responses to acoustic and 903 

linguistic features in clean speech (TIMIT) and naturalistic noisy speech (movie trailers) 904 

conditions using EEG. We were able to show that tracking of phonological features, pitch, and 905 

the acoustic envelope were both achievable and generalizable using a multisensory stimulus.  906 

 907 

In our first analysis, we described how individual acoustic or phonological features could predict 908 

brain data, and how that compared to a full model incorporating all of these features. Generally, 909 

the acoustic envelope and phonological features were more predictive of EEG data than pitch, 910 

which contributed a small but significant proportion of unique variance for both TIMIT and 911 

movie trailers. A possible reason for lower correlation values in the individual pitch models in 912 

both speech conditions (TIMIT and movie trailers) could be attributed to the fact that pitch 913 

tracking may be more robustly identified in higher frequencies of the EEG, for example the 914 

following response (FFR) (Krishnan 1999, Galbraith et al. 2000, Zhu et al. 2013).  915 

 916 

While our model performance correlation values were substantially lower in the movie trailers 917 

compared to TIMIT, it may be that the background noise corrupted measurement of the acoustic 918 

envelope from the individual sources. This effect on the envelope may have been partially 919 

mitigated by including additional features for the pitch and phonological features in the movie 920 

trailer dataset. The full model always outperformed any one feature set alone, and the shared 921 

variance was relatively low for this dataset (Fig. 2D). This suggests that including these 922 

additional features allows for more robust assessment of neural tracking. 923 

 924 

Perhaps most promising for moving toward more natural stimulus experiments is our finding that 925 

encoding models for TIMIT and movie trailers are generalizable and not stimulus-specific. It was 926 

possible to use the weights fitted from the movie trailer condition to predict responses to the 927 

TIMIT sentences and vice versa. This indicates that using more naturalistic stimuli is a valid 928 

approach for characterizing auditory receptive fields. This corroborates findings by Jessen et al. 929 

(2019), who built encoding models to analyze EEG responses to naturalistic audiovisual stimuli 930 

in infants, and found robust encoding of both the auditory envelope and visual motion features. 931 

Di Liberto et al. (2018) also showed largely separable responses to auditory and visual 932 

information in an EEG study on speech entrainment in participants with dyslexia. In our dataset, 933 

the visual components did not affect the auditory encoding model weights to any significant 934 

degree. While others have shown that visual information can significantly affect encoding of 935 

auditory information, much of the visual information in the movie trailers was not directly 936 

related to the speech. For example, some scenes were narrated, so the speaker was not visible, 937 

and in many scenes the action of the characters went beyond speech-related mouth movements. 938 

For a movie clip where much of the speech is accompanied by a view of the person talking (and 939 

their mouth moving), we might expect more overlap in the variance explained by auditory and 940 

visual features (O’Sullivan et al. 2017, Ozker et al. 2018, O’Sullivan et al. 2020). Future studies 941 

could investigate this directly by comparing movies where the auditory and visual information 942 
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are either correlated (as in a “talking head” interview) or decorrelated (narration of a visual 943 

scene).  944 

 945 

Finally, the segmentation analysis demonstrated that times in the movie trailers where speech 946 

occurred without background noise could be more robustly predicted than times where background 947 

noise was present. While the prediction performance was still worse compared to using TIMIT as 948 

the input speech feature, model performance improved with more test set averaging. In future 949 

studies, it may be useful to separate the speech and non-speech stimuli and fit the same encoding 950 

models on multiple tiers of speakers and non-speech sounds in order to assess model performance. 951 

Others have demonstrated that multi-talker separation is possible with deep neural networks (Luo 952 

et al. 2018), but separating music, speech, and sound effects present in movie trailers is 953 

significantly more complex.  954 

 955 

While we were able to predict EEG responses to phonological and acoustic features in 956 

continuous speech, a caveat is that some nonlinear effects may not be well modeled. For 957 

example, in traditional auditory “odd-ball” tasks, the response to the same stimulus may differ 958 

based on prior expectations of its appearance (Squires et al. 1975). This would not be captured 959 

by our mTRF modeling, which assumes the same response to acoustic and phonological features 960 

for every presentation. Future studies could incorporate contextual sensitivity into these models 961 

to better explain such nonlinearities. 962 

 963 

Finally, an additional caveat of this study is that participants were not asked about the semantic 964 

content of either stimulus, and nor was attention assessed directly. However, other studies 965 

incorporating naturalistic stimuli with mixed noise have shown strong entrainment to speech 966 

even in the presence of strong background noise (cite Ding & Simon 2013), separable responses 967 

to mixtures of music stimuli (Treder et al. 2014), and that the degree of speech intelligibility can 968 

be predicted from envelope entrainment (Vanthornhout et al. 2018).  969 

Conclusion  970 

Our study demonstrates that movie trailer stimuli can be used to identify acoustic and phonological 971 

feature tuning that can still predict responses to more controlled stimuli. This suggests that 972 

researchers can use stimuli that may be both more representative of our daily environment and 973 

more enjoyable to listen to or watch. Our results also provide some intuition for how mTRF model 974 

performance changes based on stimulus characteristics as well as the amount of data and number 975 

of repetitions. Lastly, while visual responses added significant variance to the EEG responses to 976 

the movie trailers, this visual information did not significantly change auditory tuning. Overall, 977 

our results provide evidence that robust auditory and audiovisual selectivity can be uncovered 978 

using more naturalistic, multimodal stimuli. This is promising for clinical research or research on 979 

populations who may not tolerate or become fatigued by traditional psychoacoustics paradigms. 980 
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