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ABSTRACT 

Speech-in-noise performance varies considerably among 
listeners with normal or near-normal audiometric 
thresholds and among hearing-impaired listeners even 
when the signal is amplified. Together, these findings 
suggest the existence of “suprathreshold” differences in 
speech processing. I have recently developed a procedure 
called Auditory Bubbles, which is designed to capture 
such differences by generating listener-specific 
classification images in the spectrotemporal modulation 
domain. These classification images are essentially 
“internal maps” of the acoustic speech patterns that drive 
changes in an outcome measure. In this brief review, I 
describe classification images produced for two outcome 
measures: keyword recognition/intelligibility (perceptual 
classification images) and physiological activity 
measured with blood-oxygen-level-dependent fMRI 
(neural classification images).  I summarize the results of 
two recently-completed studies in which perceptual 
classification images were generated for hearing-impaired 
listeners, showing respectively that: (1) the amount of 
global noise in a perceptual classification image predicts 
a given listener’s threshold for recognizing distorted 
speech, even after accounting for differences in 
audibility; and (2) variation in the local patterns of a 
perceptual classification image predict a given listener’s 
ability to recognize speech in the presence of a competing 
talker, even when speech is amplified to compensate for 
differences in audibility.  Finally, I introduce unpublished 
work examining individual differences in neural 
classification images for a competing speech task within 
a heterogeneous sample of listeners with near-normal 
audiometric thresholds. 

1. INTRODUCTION 

The ability to recognize speech in background noise 
varies widely across individuals, both within and between 
groups of listeners defined by age or hearing status [1, 2]. 
Even among young (< 40 years) listeners with normal 
hearing, word recognition in background noise varies 
considerably between individuals (percent-correct range 
~ 30% at a fixed signal-to-noise ratio), and these 
differences are stable across multiple testing sessions [3]. 
Within groups of older listeners with or without hearing 
loss, speech reception thresholds in modulated 
background noise vary up to 10 dB [2], and in hearing-
impaired listeners for whom speech has been amplified to 

achieve similar levels of audibility, word recognition 
performance in background noise varies across the entire 
psychometric range (0-100% correct) [4]. A simple but 
influential model of speech reception in background noise 
attributes interindividual variation to two factors [5]: at 
low levels of background noise, differences in speech 
reception are attributable to differences in audibility plus 
a second factor referred to as ‘distortion’; at high 
(suprathreshold) levels of background noise when speech 
is clearly audible, differences in speech reception are 
driven entirely by the distortion factor. Initially, 
distortion was taken to reflect changes in peripheral 
auditory encoding such as loss of temporal or spectral 
resolution, but more recent models imply that distortion 
can be understood as a “catch-all” category reflecting 
differences in peripheral and central auditory processing 
and the interaction of these systems with top-down 
cognitive processes [6]. 
 Two broad approaches have been taken to 
characterize the contribution of suprathreshold distortion 
to individual differences in speech reception: a 
“correlation approach” in which various ancillary 
measures of auditory and cognitive processing are used to 
predict speech recognition in background noise [7], and a 
“simulation approach” in which the speech signal itself is 
acoustically distorted along different dimensions to 
selectively modulate the auditory-perceptual and/or 
cognitive systems involved in speech recognition [8, 9]. 
While both approaches have borne fruit, research 
investigating the different aspects of distortion has failed 
to pin down a particular mechanism or combination of 
mechanisms that is consistently able to explain individual 
differences in speech recognition [7]. Recently, Bernstein 
[10] has developed a promising framework based on the 
correlation approach that attributes differences in 
suprathreshold speech recognition to differences in the 
ability to process spectrotemporal modulations (STMs) in 
the range of temporal fluctuations (4-12 Hz) and 
frequencies (< 2 kHz) that predominate in speech. Indeed, 
STMs have proven useful in the characterization of 
complex acoustic patterns in speech and other natural 
sounds [11], and in the characterization of high-level 
(e.g., cortical) representations of those sounds in the 
auditory nervous system [12]. 

In this short review, I introduce a psychoacoustical 
technique based on the simulation approach called 
Auditory Bubbles, which is designed to capture 
differences in suprathreshold processing of continuous 
speech in terms of its component STMs. Briefly, acoustic 
distortion is applied to a set of speech signals (typically 
sentences) by filtering out randomly-selected segments of 
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each sentence’s two-dimensional modulation power 
spectrum (MPS). A classification image (CImg) is 
produced by using the filter patterns to predict the effects 
of the resultant, idiosyncratic acoustic distortion on 
behavioral performance (e.g., keyword recognition). In 
recent work [13, 14], I have shown that listener-specific 
properties of these CImgs can explain individual 
differences in speech recognition. I have also extended 
Auditory Bubbles to the neurophysiological domain using 
functional magnetic resonance imaging (fMRI) [15], with 
an eye toward capturing how cortical speech processing 
networks may contribute to individual differences in 
speech recognition. Here, I summarize some of the key 
results from this work. 

Figure 1. Auditory bubbles schematic: (1) obtain log-
magnitude spectrogram with Gaussian windows (top 
left); (2) obtain log-magnitude MPS via two-
dimensional Fourier transform of the spectrogram; (3) 
remove randomly-selected segments of the MPS using a 
multiplicative bubbles filter (mid left); (4) recover 
waveform from the filtered MPS (mid right) via inverse 
Fourier transform and spectrogram inversion [16]; (5) 
store bubbles filters, Xi, and behavioral responses, Yi, 

across trials; (6) obtain CImg, , and predicted 
behavioral responses, , via regression (bottom). 

2. AUDITORY BUBBLES: TECHNIQUE 

The Auditory Bubbles procedure receives its name from 
an analogous procedure developed in visual 
psychophysics [17]. In the visual procedure, an image 
(e.g., of a human face) is overlayed with an opaque noise 

masker. The masker is “pierced” with a number of 
transparent Gaussian apertures to allow partial 
information about the underlying image through to the 
observer. The observer is asked to do a simple behavioral 
task using this partial information (e.g., identify the 
gender of the face). From trial to trial, the location of the 
Gaussian apertures is varied at random. On each trial, the 
particular masker from that trial is stored along with a 
record of behavioral performance (e.g., correctness of 
gender identification judgments). At the end of the 
experiment, the noise maskers are sorted according to 
performance (correct vs. incorrect) and summed, similar 
to a spike-triggered average in unit neurophysiology. The 
result is a CImg: essentially a “heat map” showing the 
underlying visual features that contributed to successful 
performance of the task (e.g., those facial features 
required for gender identification). 
 In Auditory Bubbles (Fig. 1), the procedure is 
similar except that the bubbles “masker” is a 
multiplicative filter applied to the MPS of the speech 
signal. In the example shown in Fig. 1, the speech signal 
is a mixture of two sentences spoken by female and male 
talkers, respectively. The MPS, which decomposes the 
spectrogram in terms of its component STMs, plots 
coarse (fine) spectrotemporal patterns near (far from) the 
origin; temporal (spectral) patterns are plotted in terms of 
modulation rate in Hz (cyc/kHz) along the abscissa 
(ordinate). Speech energy clusters in three regions along 
the ordinate: vocal harmonics associated with the male 
talker (male pitch) are represented at the highest spectral 
modulation rates, vocal harmonics associated with the 
female talker (female pitch) are represented at mid 
spectral modulation rates, and the shared phonetic content 
of the two talkers (formants) is represented at the lowest 
spectral modulation rates. In our example, the task is the 
Coordinate Response Measure (CRM) [18], a matrix-
style test in which the listener must identify a color-
number combination spoken by one of the talkers (here 
the female) while ignoring a competing combination 
spoken by the other talker (here the male). An example 
sentence is “Ready baron go to green two now,” where 
the target is “green two.” Crucially, the task is performed 
only after the MPS of the two-talker mixture is filtered 
via bubbles, such that the listener must generate a 
response using only a subset of the STM patterns from 
the original signal. As in the visual procedure, the idea is 
that certain STM patterns – characterized from trial to 
trial by the shape of the bubbles filter – should reliably 
produce good task performance. A unique bubbles filter 
is applied on each trial and stored along with the 
behavioral response. As in the visual procedure, a CImg 
is obtained by comparing the bubbles filters from correct 
trials to those from incorrect trials. As shown in Fig. 1, 
for the CRM task the resultant CImg places most of the 
“perceptual weight” on the vocal harmonics of the target 
(female) talker and on the shared phonetic content of the 
two talkers ( , warm colors). 
 In practice, the CImg is obtained by entering the 
bubbles filters as predictors (with each pixel in the filter 
representing a different feature) of trial-by-trial behavior in a 
regression model. A typical approach is to use the generalized 
linear model wherein the behavioral responses Yi are taken to 

10.48465/fa.2020.0200 1392 e-Forum Acusticum, December 7-11, 2020



  
 
be drawn from one of the exponential family of 
probability distributions, and the mean of the distribution, 

, is modeled as: 

 

where g is the link function, Xi is the (vectorized) bubbles 
filters across trials, and  is a parameter vector of 
regression weights that must be estimated from the data. 
The estimated parameter vector, , is the CImg (when 
reshaped to two dimensions). In fact, since a high degree of 
collinearity exists among the X variables, some degree of 
regularization must be applied to . Thus, the model must 
be tuned to optimize one or more regularizing 
hyperparameters using cross-validation [13, 14]. 
Moreover, a subset of the data is left aside to assess the 
model’s ability to predict behavioral responses (i.e, 
generate ) on trials that were not used to tune the model. If, 
instead of behavioral responses, the goal is to model a 
continuous neurophysiological time series such as in fMRI, the 
regression model takes the form: 

 

where the blood-oxygen level dependent (BOLD) signal 
across time, , is modeled as the convolution of n 
predictors (pixels in the bubbles filter), , with an n-
dimensional kernel, , over a restricted set of time lags, 
. Here, the CImg, , is in fact a “classification volume” 

or a series of CImgs over unfolding over the lags in . In 
neurophysiology, this is referred to as a spectrotemporal 
receptive field (STRF). Again, cross-validation is applied 
to regularize  and provide independent data to test the 
model predictions. As such, the regression models in Eqs. 
1 and 2 yield two crucial outputs: the CImg or STRF, and 
a set of unbiased model predictions from held-out trials 
that can be used to assess the model’s ability to predict a 
listener’s behavior or neural response on unseen data. A 
third crucial parameter in Auditory Bubbles is the number 
of bubbles applied to the speech signal on each trial. In 
general, fewer bubbles result in poorer performance (less 
acoustic information and therefore more distortion); in 
practice, the number of bubbles is calibrated individually 
to each listener using an adaptive procedure to target a 
pre-defined level of performance [19]. Threshold 
performance is defined as the average number of bubbles 
(or, alternatively, the proportion of total STM content 
remaining in the MPS) required to achieve this pre-
defined performance level (lower = better performance). 

3. AUDITORY BUBBLES: BEHAVIORAL 
RESULTS 

In the first study to use Auditory Bubbles [19], 10 young, 
normal-hearing (YNH) listeners were assessed on 
keyword recognition for IEEE sentences [20] spoken by 
a single female talker in a quiet background. CImgs were 
generated for each listener from approximately 450 trials 
using the procedure described above (Eq. 1). The CImg 

pattern was highly reliable across listeners: maximal 
weight was placed on STMs < 2 cyc/kHz in the spectral 
modulation domain and 2-10 Hz in the temporal 
modulation domain. The temporal modulation peak was 
at 4 Hz, roughly equal to the peak of the third-octave 
spectrum for the speech envelope. To test whether CImg 
patterns were attributable entirely to the underlying 
envelope spectrum, a second set of CImgs were obtained 
from different listeners using IEEE sentences that had 
been 50% time-compressed, thus producing an octave 
shift in the envelope spectrum (peak at 8 Hz). In fact, the 
peak of these time-compressed CImgs did shift up along 
the temporal modulation axis, but only by one-third of an 
octave. This suggests that CImg weights reflect 
perception and not just the physical characteristics of the 
speech signal. 

 With this as a proof of concept, a follow-up 
study used the same paradigm (without time 
compression) to obtain CImgs from groups of 10 YNH 
listeners, 19 older, normal-hearing (ONH) listeners, and 
20 older, hearing-impaired (OHI) listeners [14]. The idea 
was to test whether CImgs would be different within or 
between groups, presumably reflecting individual 
differences in suprathreshold distortion of speech due to 
aging and/or hearing loss. Surprisingly, no such 
differences were observed between the groups. The mean 
CImg from each group faithfully replicated the pattern 
observed in the original study [19]. The CImg weights in 
the OHI group were found to be correlated significantly 
with high-frequency audiometric thresholds, but this 
could not be conclusively attributed to suprathreshold 
aspects of hearing loss. However, CImg regression-
model predictions were also found to be poorer in OHI 
listeners compared to the other groups, suggesting a less 
reliable relation between bubbles-based acoustic 
distortion and behavior in these listeners. Indeed, the 
CImgs themselves were found to be more variable in 
OHI listeners, exhibiting different amounts of 

Figure 2. Left: internal noise estimated from CImgs in the 
IEEE bubbles task (standard normal units; abscissa) plotted 
against threshold performance on the task (average 
proportion STMs revealed to the listener at 50% correct; 
ordinate). Right: compositive weight derived from CImgs in 
the CRM bubbles task (arbitrary units; abscissa) plotted 
against CRM score on clean trials (rationalized arcsine 
units; ordinate). All listeners OHI. Adapted with permission 
from [13, 14]. 
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idiosyncratic “distortion” of the broader CImg pattern in 
different listeners. These deviations were characterized 
in terms of a single distortion factor (D-NOISE). In Fig. 
2 (left panel), D-NOISE is transformed into units of 
internal noise (standard normal) using a signal detection 
model and plotted against threshold performance 
(average proportion of STMs retained in the MPS) on the 
bubbles task for OHI listeners. Indeed, a strong 
correlation is observed (r = 0.72) and remains significant 
after accounting for variance explained by high-
frequency audiometric thresholds (partial correlation: rhfa 
= 0.5, p < 0.03). This suggests that CImgs are sensitive 
to an aspect of suprathreshold distortion in OHI listeners 
that reflects not which STM patterns are encoded, but 
how efficiently those patterns can be used by a given 
listener to support speech recognition. 
 One possible explanation for the lack of 
listener-group differences in mean CImg patterns is that 
speech recognition in quiet is not sufficiently challenging 
to produce such differences. Therefore, in a second 
follow-up study [13], groups of 10 ONH listeners and 10 
OHI listeners were tested in Auditory Bubbles using the 
two-talker CRM task described in Section 2. Here, the 
ability to recognize speech in a background of competing 
speech was tested at a reasonably challenging signal-to-
noise ratio (+ 3 dB). Crucially, the speech signals 
presented to OHI listeners were amplified using an 
individualized gain profile to compensate for differences 
in audibility. CImgs were obtained from 800 CRM trials 
for each listener. Additionally, each listener performed 
50 “clean” trials without the addition of bubbles. This 
time, significant differences in mean CImg patterns were 
observed between the ONH and OHI groups. In 
particular, compared to ONH listeners, OHI listeners 
showed reduced weight on phonetic speech content 
modulated at 5-10 Hz, indicating less efficient encoding 
of these modulation rates, and negative weight on the 
competing (male) talker’s harmonics, indicating 
relatively more competing-talker interference 
experienced by OHI listeners. In Figure 2 (right panel), a 
composite measure reflecting the overall CImg weight 
across these two regions (obtained via principal 
component analysis) is plotted against performance on 
clean CRM trials (rationalized arcsine units) for OHI 
listeners. A strong correlation was observed (r = 0.85) 
and did not diminish after accounting for variance 
explained by high-frequency audiometric thresholds 
(partial correlation: rhfa = 0.85, p < 0.01). These findings 
confirm that CImg weights reflect not just idiosyncratic 
[14] but also systematic distortion of perceptual 
representations for  continuous speech whose magnitude 
predicts the ability of an individual listener to recognize 
(undistorted) speech in background noise. 

4. AUDITORY BUBBLES: FMRI RESULTS 

In parallel with these behavioral studies, a study  was 
undertaken to extend Auditory Bubbles into the 

neurophysiological domain with fMRI [15]. The goal was 
to characterize how neural CImgs (or STRFs) vary across 
regions of the auditory cortex. Ten YNH listeners 
performed the IEEE bubbles task while undergoing fMRI 
scanning. A STRF was estimated for each voxel and 
second-level (group-average) STRFs were obtained by 
calculating a t-score for each pixel in the STRF. An 
unsupervised learning procedure was then carried out to 
cluster all of the significantly tuned second-level STRFs 
(those with sufficiently large t-scores) according to their 
response patterns. In fact, four groups of STRFs were 
identified: a primary-like group that responded to vocal 
harmonics and phonetic speech content across a wide 
range of modulation rates, and high-, mid-, and low-
modulation rate groups that responded to phonetic 
content modulated at approximately 8, 6, and 4 Hz, 
respectively. The primary-like group localized to the core 
auditory cortex and surrounds, while the high-modulation 
rate group localized to the posterior superior temporal 
plane, and the mid- and low-modulation rate groups 
localized to classic speech areas in the bilateral superior 
temporal gyrus (STG) and sulcus (STS). Importantly, this 
hierarchical organization of STRFs across the auditory 
cortex was highly reliable across individuals, as 
determined by applying the clustering algorithm to each 
listener’s data individually and shuffling the cluster labels 
to maximize functional overlap with the group clusters. 
This suggests that STRFs can be reliably estimated using 
Auditory Bubbles at the level of individual listeners. 
 In my ongoing work (unpublished at the time of 
this writing), Auditory Bubbles is used with fMRI to 
estimate STRFs for a modified, three-alternative forced 
choice (3-AFC) version of the two-talker CRM bubbles 
task in listeners with near-normal audiometric thresholds. 
At present, data have been obtained from 25 Veterans of 
the United States Armed Forces (22 male, 3 female) 
whose average age is 49.4 years (SD = 9.2  years, range = 
30-60 years), and who report varying degrees of 
subjective difficulty understanding speech in background 
noise. Each listener performs 400 trials in each of two 
conditions: the typical task, wherein the target (female) 
and competing (male) talkers utter different color-number 
combinations, which we term “Competing”; and a control 
task in which the two talkers utter the exact same 
sentence in perfect harmony (essentially replicating a 
single-talker scenario), which we term “Unison.” STRFs 
are estimated at each cortical voxel in each condition (Eq. 
2) and used to predict the brain response in held-out data. 
One crucial aim is to determine which cortical regions 
will yield significantly different STRF-based predictions 
for Unison vs. Competing. In fact, significant differences 
are observed in three cortical networks: a bilateral speech 
network in the STG, a bilateral sensorimotor network in 
the inferior frontal and parietal lobes, and a semantic 
memory network in the left superior frontal and inferior 
parietal lobe and bilateral midline regions. From each of 
these networks, a ‘beta time series’ was estimated for 
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each listener representing fluctuations in the overall 
BOLD amplitude from trial to trial. These were entered 
as predictors in a generalized linear model (Eq. 1) to 
explain trial-by-trial behavior in the 3-AFC task (correct 
vs. incorrect). The output of the model is a ‘neurometric’ 
function relating BOLD activation to performance across 
trials. Threshold task performance (number of bubbles 
required to achieve 67% correct) was entered as a 
mediating between-subjects predictor in the model. 
Although activation was significantly associated with 
behavior in the sensorimotor and STG networks, only in 
the STG network were neurometric functions 
significantly modulated by threshold performance across 
listeners. As shown in Fig. 3, neurometric functions 
tended to be steeper in those listeners who performed best 
on the task, suggesting that individual differences in STG 
STRFs may serve as a biomarker or cortical “readout” of 
distortions in the ascending auditory system. 
Alternatively, STG STRFs could be modulated by top-
down systems differentially across listeners. Interestingly, 
STG STRFs tend to strongly resemble behavioral CImgs 
for speech recognition [15]. 

5. DISCUSSION 

To summarize, Auditory Bubbles can be used to produce 
CImgs (STRFs) that reflect perceptual (neural) 
representations of STM patterns in continuous speech. 
These STMs are hypothesized to be crucial elements of 
speech whose processing and representation in the central 
auditory nervous system may be responsible for the 
significant interindividual differences observed for 
speech-in-noise recognition at suprathreshold levels. 
Indeed, I have shown that individual differences in CImg 
patterns (“suprathreshold distortion”) can explain 
differences in recognition of distorted speech and speech 

in background noise. Moreover, cortical STRFs derived 
from Auditory Bubbles in fMRI reveal how speech is 
represented across multiple, hierarchical processing 
stages, each of which may be sensitive to suprathreshold 
distortion from different sources. Ongoing and future 
work will aim to leverage the sensitivity of Auditory 
Bubbles to improve our mechanistic understanding of 
individual differences in auditory processing related to 
aging, hearing loss, and brain injury.  

One significant weakness of Auditory Bubbles is 
that the regression models at its core (Eqs. 1 and 2) are 
sensitive to any mechanism (auditory, cognitive, etc.) 
whose function may be correlated with the presence or 
absence of STMs in the speech signal. Thus, Auditory 
Bubbles alone cannot provide a complete mechanistic 
description of suprathreshold distortion. In my ongoing 
work, I collect a large battery of audiological, 
psychoacoustic, cognitive, and mental health measures to 
help drill down on the sources of individual differences in 
the CImgs and STRFs derived from Auditory Bubbles. 
However, in the long term, a more promising approach 
may be to combine process-specific models with 
Auditory Bubbles. For example, acoustic speech features 
could be “pre-processed” through an auditory model prior 
to the bubbles regression step, perhaps tuning parameters 
of the auditory model to best predict data from hearing 
impaired vs. normal hearing listeners [21]; additionally, 
STRFs could be explicitly modulated by listener-level 
variables during model fitting to improve brain 
predictions across listeners [22]. 
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