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High-Frequency Sensorineural Hearing
Loss Alters Cue-Weighting Strategies for
Discriminating Stop Consonants in Noise
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Abstract

There is increasing evidence that hearing-impaired (HI) individuals do not use the same listening strategies as normal-hearing

(NH) individuals, even when wearing optimally fitted hearing aids. In this perspective, better characterization of individual

perceptual strategies is an important step toward designing more effective speech-processing algorithms. Here, we describe

two complementary approaches for (a) revealing the acoustic cues used by a participant in a /d/-/g/ categorization task in

noise and (b) measuring the relative contributions of these cues to decision. These two approaches involve natural speech

recordings altered by the addition of a “bump noise.” The bumps were narrowband bursts of noise localized on the

spectrotemporal locations of the acoustic cues, allowing the experimenter to manipulate the consonant percept.

The cue-weighting strategies were estimated for three groups of participants: 17 NH listeners, 18 HI listeners with high-

frequency loss, and 15 HI listeners with flat loss. HI participants were provided with individual frequency-dependent

amplification to compensate for their hearing loss. Although all listeners relied more heavily on the high-frequency cue

than on the low-frequency cue, an important variability was observed in the individual weights, mostly explained by

differences in internal noise. Individuals with high-frequency loss relied slightly less heavily on the high-frequency cue

relative to the low-frequency cue, compared with NH individuals, suggesting a possible influence of supra-threshold deficits

on cue-weighting strategies. Altogether, these results suggest a need for individually tailored speech-in-noise processing in

hearing aids, if more effective speech discriminability in noise is to be achieved.
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Introduction

As for any communication device, the decoding of

speech by the human auditory system relies on a

“code” associating a physical input, the speech sound,

with some linguistic representations, such as syllables.

This acoustic-linguistic conversion requires the detection

of specific features present in the incoming signal,

termed “acoustic cues,” which are associated with par-

ticular phonetic segments (Allen, 1994). This is not a

one-to-one relationship, however, as phonetic distinc-

tions may rely on the integration of multiple cues

(Clayards, 2018; Delattre, 1968). Speech sounds are

highly redundant in their acoustical content, so

several correlated acoustic cues are often available to

distinguish between two syllables, ensuring high flexibil-

ity and robustness to the human speech perception

system (e.g., Shannon, Zeng, Kamath, Wygonski, &
Ekelid, 1995). On the other hand, poor detection of
the cues or suboptimal processing of the information
that they convey, as may happen in individuals with
mild or severe hearing loss, can lead to a decrease in
intelligibility (Phatak, Yoon, Gooler, & Allen, 2009).
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Understanding which acoustic cues human listeners rely
on to discriminate speech sounds, how they use and
combine such cues, and how these perceptual strategies
are impacted by hearing loss, are important steps toward
designing more effective speech-processing algorithms
for hearing-impaired (HI) or normal-hearing (NH) indi-
viduals. The goal of this study was to examine these
questions by focusing on the example of voiced stop
consonant categorization in noise by individuals with
or without hearing loss.

The earliest psychoacoustic studies of voiced stop
consonant perception relied on the use of synthetic
speech continua to demonstrate that varying the
second (Liberman, Delattre, Cooper, & Gerstman,
1954) and third (Mann, 1980) formant onsets (F2 and
F3 onsets) affects the perception of the stimulus as an
instance of /d/ or /g/. This result has been replicated
many times since, confirming that F2/F3 onsets are a
primary cue for this task (see, e.g., Delattre, 1968;
Holt, 2005; Viswanathan, Magnuson, & Fowler, 2010).
In addition, several researchers have suggested a second-
ary role of F1 onset in place perception. In an early
exploratory study, Delattre, Liberman, and Cooper
(1955) noticed that, when the primary F2 cue was ambig-
uous (onset midway between /d/ and /g/), the phonetic
decision was driven by the height of the F1 onset. A
closer examination of natural recordings reveals a
small (�100Hz) but very consistent difference between
the F1 onset in /da/ and /ga/ (as can be seen, e.g., in
Mann, 1980; Summers & Leek, 1997; Turner, Fabry,
Barrett, & Horwitz, 1992; Varnet, Meunier, Trollé, &
Hoen, 2016), which may be used as a cue by the listener.
Furthermore, when the first formant of a stop consonant
is removed by filtering, the stimulus is less well identified
(Summers & Leek, 1997), whereas such removal does not
affect the recognition scores for artificial stimuli where
F1 characteristics are held constant (Dorman,
Lindholm, & Hannley, 1985). Summers and Leek also
reported that this effect of F1 suppression is particularly
strong when the speech stimuli are presented in noise.
Although these pioneering studies using synthetic or
artificially modified stimuli had a major impact on
speech perception research, a recurrent criticism of this
methodology is that the resulting sounds are very unnat-
ural and, therefore, that the results may not be general-
izable to everyday speech perception (Hazan & Rosen,
1991; Li, Menon, & Allen, 2010).

Recently, Varnet, Knoblauch, Meunier, and Hoen,
(2013) developed a new psychophysical reverse correla-
tion (revcorr) method to uncover perceptually relevant
acoustic cues for consonant discrimination using natural
speech stimuli (see also Brimijoin, Akeroyd, Tilbury, &
Porr, 2013; Mandel, Yoho, & Healy, 2016 for other
examples of speech auditory revcorr experiments).
They had participants listen to a series of speech

utterances embedded in white noise with a low signal-
to-noise ratio (SNR; �10.7 dB on average), and they
recorded the effect of the noise sample upon the syllable
categorization on a trial-by-trial basis. Then, they relat-
ed the spectrotemporal content of the noise in each trial
with the corresponding response of the participant, using
a generalized linear model (GLM). Each time–frequency
bin in the stimulus spectrogram was associated with one
weight in the phonetic decision, resulting in a spectro-
temporal matrix of weights termed an auditory classifi-
cation image (ACI). When calculated in the context of a
/da/-/ga/ categorization task in noise, the ACIs of NH
listeners consistently show a strong cluster of weights in
the spectrotemporal region of the second- and third-
formant (F2–F3) onsets, and a weaker set of weights
in the first-formant (F1) onset region (Varnet,
Knoblauch, Serniclaes, Meunier, & Hoen, 2015;
Varnet, Wang, Peter, Meunier, & Hoen, 2015). These
results confirm that this particular phonetic decision
mainly relies on the detection of a primary F2–F3 cue
and a secondary F1 cue.

However, another set of studies based on natural
speech sounds has instead highlighted the key role of
prevocalic bursts in stop consonant perception
(Kapoor & Allen, 2012; Li et al., 2010; Li & Allen,
2011; Mackersie, 2007; Ohde & Stevens, 1983;
Summers & Leek, 1997). Kapoor and Allen suggest
that these bursts constitute a primary cue for correctly
identifying /t/, /d/, /g/, and /b/. At first sight, this result
seems in direct contradiction with the aforementioned
ACI experiments. To reconcile these observations with
those of Varnet et al., one must consider the effect of
background noise level. When the SNR is low, as in the
case of the ACI experiment (speech in white noise with
SNR � �10 dB), the burst becomes far less audible than
the formants (Régnier & Allen, 2008; Summers & Leek,
1997), especially in voiced stop consonants (Li et al.,
2010). Kapoor and Allen compared recognition scores
for natural utterances of stop consonants in noise, either
unmodified, or with the burst feature manually removed.
The presence of the burst improved intelligibility for the
highest SNR (��6 dB) but not when SNR¼�12 dB
(Kapoor & Allen, 2012). Therefore, it seems plausible
that the burst was the predominant cue for speech per-
ception in quiet while, for low SNRs where the burst cue
was not audible, the auditory system switched to the use
of formant information.

In the same vein, Serniclaes and Arrouas (1995) have
studied the /dᴐ/-/tᴐ/ contrast, which involves at least
three cues. The primary cue is the voice onset time
(VOT), the period of time between the release of the
tongue and the onset of the vocal fold vibrations.
Other cues available to the listener include the funda-
mental frequency and formant trajectories at the onset
of the consonant. The authors have shown that, in the
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absence of background noise, listeners rely on the VOT
cue only. However, in the presence of a background
noise, the VOT cue becomes less reliable and listeners
switch to the use of the transition cues. More generally,
there seems to be a dichotomy between primary cues,
which strongly affect categorization, and secondary
cues, which have a lesser influence on perception or are
used only when the primary cues are removed or degrad-
ed (Li et al., 2010; Varnet, Meunier, & Hoen, 2016).

The previous paragraphs focused on short-term adap-
tations. However, cue-weight changes may also occur on
longer scales when difficulties arise from the listener
himself instead of his or her immediate acoustic environ-
ment. For example, HI listeners may adapt their speech-
perception strategies depending on their specific hearing
loss profile. In particular, it has been suggested that
some listeners with high-frequency hearing loss have
learned to rely more heavily on low-frequency than on
high-frequency cues, the latter being either less audible
or more distorted for these listeners (Moore & Vinay,
2009; Seldran et al., 2011; Turner & Brus, 2001).

The most straightforward approach for investigating
phoneme perception by HI listeners is to examine their
patterns of error in phoneme-identification tasks. In
addition to the overall performance level, the distribu-
tion of confusions is informative about the type of errors
made. Confusion matrices have been measured for HI
listeners both in quiet and at very low noise levels (Bilger
& Wang, 1976; Dubno, Dirks, & Langhofer, 1982;
Owens, 1978) or with various SNRs (Phatak et al.,
2009; Trevino & Allen, 2013). The distribution of HI
participants’ answers reveals specific patterns of confu-
sions, different from those of NH listeners (Scheidiger &
Allen, 2013; Scheidiger, Allen, & Dau, 2017; Trevino &
Allen, 2013). Place of articulation errors are most fre-
quent in HI listeners, regardless of audiometric configu-
ration (Bilger & Wang, 1976; Dubno et al., 1982; Owens,
1978; Turner & Brus, 2001). In addition to having lower
overall performance than NH listeners, HI listeners also
show great variability (Phatak et al., 2009) when com-
pared with a control group with no hearing deficits
(Phatak & Allen, 2007). Some of this variability can be
accounted for based on audiometric thresholds (Bilger &
Wang, 1976). In particular, scores obtained by listeners
with a high-frequency loss are generally poorer than
those obtained by listeners with a flat loss (Dubno
et al., 1982), notably for plosive consonants (Phatak
et al., 2009). However, speech audibility is generally a
poor predictor of intelligibility in HI listeners (Glasberg
& Moore, 1989; Seldran et al., 2011). A recurrent finding
has been that the restoration of audibility through the
use of amplification provides only a limited benefit for
intelligibility (Abavisani & Allen, 2017; Hogan &
Turner, 1998; Plomp, 1978; Scheidiger & Allen, 2013).
Furthermore, for hearing aid users, interindividual

differences in phoneme recognition performance are
not well predicted by absolute hearing thresholds
(Bernstein et al., 2016; Humes, 2007), therefore suggest-
ing the existence of additional suprathreshold deficits
(Lesica, 2018; Plomp, 1978).

A few studies have tried to relate the intelligibility of
phoneme utterances to the audibility of acoustic cues in
a particular instance of the phoneme. Using such an
approach, Turner and Robb (1987) and Turner and
Brus (2001) have shown that, contrary to NH listeners,
whose scores were directly related to audibility of acous-
tic cues, HI listeners were unable to make efficient use of
acoustic cues even when these cues were presented at
suprathreshold levels. These findings are consistent
with the notion that speech recognition depends on audi-
tory deficits beyond the mere loss of absolute sensitivity
that usually characterizes hearing loss. In the same vein,
Turner et al. (1992) showed that, even if listeners with
and without hearing losses have very similar psychomet-
ric functions for consonant-in-noise detection, the
former show poorer psychometric functions for conso-
nant identification in noise. This inability to make use of
available information suggests that HI listeners may
apply different listening strategies, and rely on different
cues, than NH listeners. As noted by Trevino and Allen
(2013), the fact that utterances that are better identified
by NH participants are not necessarily the more robust
for HI participants is also evidence for a different use of
available acoustic cues.

Correlational methods have been extensively used to
explore the strategies of listeners in different auditory
categorization tasks. Once an estimate of NH listeners
weighting strategy has been obtained, some researchers
tried to compare it with the data of HI listeners perform-
ing the same task. Early examples come from two studies
by Doherty and Lutfi. These researchers measured
weighting strategies for both NH and HI listeners on a
nonspeech, level-discrimination task, either for a com-
plex tone (Doherty & Lutfi, 1996) or for one single com-
ponent of this complex (Doherty & Lutfi, 1999) and
showed that HI listeners were more sensitive to frequen-
cies associated with their cochlear damage. The authors
concluded that these participants may put more weight
on the information within the region of their hearing loss
to compensate for the degraded sensory information in
those regions.

A different kind of frequency weighting-function, close
to the “frequency-importance function” of the Speech
Intelligibility Index (American National Standards
Institute, 1997), has been derived in the case of speech
sentence comprehension in broadband noise for NH lis-
teners (Calandruccio & Doherty, 2007) and HI listeners
(Calandruccio & Doherty, 2008). The latter group was
tested both with and without hearing aid correction
(using a NAL-R fitting algorithm). Contrary to the
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previous experiment by Doherty and Lutfi, the regression
variable was not the content of the target but the SNR in
each frequency band. Therefore, each weight reflects the
difference in intelligibility when a specific band becomes
masked. For both conditions, the authors observed that
the weighting of the 1787 to 2807Hz frequency band was
less for HI than NH individuals. Calandruccio and
Doherty interpreted this as reflecting a different use of
the formant transition cues by HI listeners. In addition,
when not wearing hearing aids, HI listeners put more
weight on the high frequency band (2807–11000Hz).
Similar conclusions were reached by Gilbert, Micheyl,
Berger-Vachon, and Collet (2002) using a very similar
experimental procedure on NH listeners and HI listeners
without hearing aids.

These studies, using sentence stimuli, provide some
insight into the perceptual frequency-weighting strate-
gies of NH and HI listeners for speech perception in
noise. However, they provide only limited insight into
the difficulties of these individuals with specific phonetic
features such as place of articulation (Bilger & Wang,
1976; Dubno et al., 1982; Owens, 1978; Turner & Brus,
2001). A possible solution to identify the acoustic cues
that are used by these listeners to discriminate specific
phonemes is to apply the same correlational approach at
the “microscopic” level by artificially removing or
enhancing the cues and observing how this affects intel-
ligibility. Pittman and Stelmachowicz (2000) used four
vowel-fricative stimuli, divided into three temporal seg-
ments corresponding roughly to the vowel, the formantic
transition, and the fricative segment. Each of these seg-
ments was presented at a randomly chosen level. Then,
these levels were correlated with recognition scores on a
trial-by-trial basis. The researchers compared the results
of NH and HI participants in this task and observed that
all groups weighted the fricative segment more heavily
for /s/ and /S/, and all three segments equally for /f/ and
/h/, although small quantitative differences were
observed in the weightings. These conclusions were con-
firmed in a second experiment using the same approach
with different stimuli (Pittman, Stelmachowicz, Lewis, &
Hoover, 2002).

The present study aimed at evaluating quantitatively
the relative weightings of two cues involved in a phonetic
decision, for HI individuals with different audiometric
configurations. This was motivated by previous reports
of changes in listening strategy following cochlear
damage, despite restored audibility through linear
amplification. A novel experimental paradigm derived
from the ACI methodology was used, allowing for
more controlled and more precise manipulations of the
various acoustic cues involved in the perception of a
given phonetic contrast. A /d/-/g/ categorization task
was chosen because place of articulation contrasts is
known to be particularly challenging for HI listeners,

even when they are provided with a frequency-

dependent amplification. First, a preliminary pilot exper-

iment based on a revcorr approach very similar to that

of Varnet, Knoblauch, et al. (2015) aimed at determining

the frequency location of the formant acoustic cues for

four utterances of “Alda,” “Alga,” “Arga,” and “Arda.”

Then, in a second experiment, we actively manipulated

these acoustic cues to bias the perception of the partic-

ipants. The weights on the primary and secondary cues,

estimated through a GLM model of the phonetic deci-

sion, were obtained for each individual and each group

and compared between NH listeners and HI listeners

with a high-frequency loss corrected with a simulated

hearing aid. An additional group of HI listeners with a

relatively flat audiometric profile in the region of the

cues was included in an attempt to find evidence for a

relationship between pure-tone thresholds and cue-

weighting strategy.

Pilot Experiment

To confirm that two formant onset cues were involved in

the da/ga categorization task and determine their exact

frequency locations, we conducted a revcorr experiment

very similar to the ACI experiment described in the

“Introduction” section (Varnet, Knoblauch, et al., 2015)

but based on a different type of noise called “bump

noise.” This was done in order to restrict the number of

parameters (degrees of freedom) in the description of the

noise and thus reduce the duration of the experiment.

Such “dimensional noise” approaches, where the noise

is applied only to one dimension of interest of the stimuli,

have already been successfully used in previous visual

revcorr studies (Kurki & Eckstein, 2014; Kurki,

Saarinen, & Hyv€arinen, 2014; Li, Klein, & Levi, 2006).

Stimuli, Participants, and Procedure

Seven NH participants were asked to listen to a series of

noisy bisyllabic pseudowords (/alda/, /alga/, /a�da/, or/
a�ga/), in random order, and to categorize the second

syllable as a “da” or a “ga.” The four target stimuli were

the same as those used in previous experiments (Varnet,

Knoblauch, et al., 2015; Varnet, Meunier, Trollé, et al.,

2016; Varnet, Wang, et al., 2015) with the only refine-

ment being that their pitch contours were made similar

in Praat in order to avoid possible stimuli-specific strat-

egies based on subtle differences in f0 trajectories.

The spectrograms of the stimuli are shown in Figure 1.
As a first step, the participant’s SNR threshold was

determined through an adaptive 2-down 1-up staircase

procedure (mean of three measurements) targeting a per-

formance level of 70.7% correct. During this stage, stim-

uli were presented in a white noise masker.
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In the second part of the experiment, 1,000 stimuli

were presented to each participants at his or her individ-

ual SNR threshold level. The masker was a bump noise

comprising four bumps at random locations, as described

later. The experiment was divided into blocks of 200 stim-

uli separated with breaks, to limit mental fatigue.
Participants sat in front of a computer screen in a

sound-proof cabin and responded by using the mouse

or the keyboard. All stimuli were presented diotically

at 70 dB SPL through Sennheiser HD600 headphones

and an external audioengine D3 digital-to-analog

audio converter (Austin, TX).
The experiments were run under MATLAB R2016b

(The Mathworks, Natick, MA) using the AFC toolbox

(Ewert, 2013).

Bump Noise

The bump noise is designed to manipulate specific spec-

trotemporal regions of the speech target. It is very sim-

ilar to the “bubble noise” of Mandel et al. (2016), except

that the former is composed of Gaussian bumps super-

imposed on white noise, while the latter consists of

Gaussian holes in a speech-shaped noise.
In the pilot experiment, the bump noise added to the

targets was composed of four Gaussian bumps (identi-

fied by i 2 1: : : Nf g with N¼ 4), temporally aligned

with the onset of the second syllable in the targets

(ti ¼ 330 ms for all i). The center frequencies of the

bumps, fi, were chosen randomly at the beginning of
each trial. Two center frequencies were drawn from the
interval [50Hz, 1000Hz] and two others from the inter-
val [1000Hz, 5186.6Hz] from a uniform distribution on
the ERBN scale (Moore, 2005). The distance between
two center frequencies was at least 2 ERBN. The
widths (corresponding to the standard deviations) of
the Gaussian bumps were rt ¼ 30 ms on the time axis
and rf ¼ 1 ERBN on the frequency axis. The scaling
factor Ai controlling the amplitude of the bump relative
to the background noise, and therefore expressed in
units of baseline noise level, was the same for the four
bumps (Ai ¼ 7). This value was chosen empirically to be
sufficiently large for the bumps to measurably influence
the decision of the observer, yet sufficiently small to
avoid perceptual segregation of the bumps from the
remainder of the stimulus, which could have interfered
with the measurements.

The spectrotemporal envelope of the bump noise is
described by Equation 1.

B f; tð Þ ¼ 1þ
XN
i¼1

Ai � exp � t� tið Þ2
r2t

� E fð Þ � E fið Þð Þ2
r2f

" #

(1)

with E fð Þ ¼ q � log 1þ f
l�q

� �
, l ¼ 24:7 and q ¼ 9:265

(Hohmann, 2002).

Figure 1. Spectrograms of the four stimuli used in this study (frequency axis displayed with a logarithmic scale). The white dotted line at
t¼ 0.33 s marks the boundary between the two syllables and the temporal position of the bumps in the two experiments.
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This “ideal” template was multiplied by the spectro-

gram of a white noise to obtain the spectrogram of the

masker (white noise plus bumps).

Results

Overall, participants obtained 60.2% correct (�5.8%

SD) on average in the pilot experiment (using bump

noises). The SNR level at which they performed the

task corresponded to a theoretical 70.7% correct recog-

nition in white noise (performance level targeted by the

initial staircase, see Table 1). Therefore, the masking

effect due to the addition of four random bumps on

the onset of the syllable can be estimated as correspond-

ing to approximately a 10 percentage-point change in

overall performance (i.e., participants made an addition-

al 10% errors when targets were presented in bump

noise instead of white noise).
Figure 2 shows the frequency distribution of the

bumps across trials on which the participants responded

“da” (red line) or “ga” (blue line). This percentage rep-

resentation was preferred over a simple count of the

“da” and “ga” bumps at each frequency because it cor-

rects for a possible bias of the participants toward one

response.
Figure 2 confirms that there were two main critical

regions where noise influences the decision of the listen-

er: a high-frequency region (between 1400 and 2700Hz)

corresponding to the F2 and F3 onsets, which will

be referred to as “HF cue” hereafter, and a weaker

low-frequency region (between 350 and 700Hz)

corresponding to the F1 onset, which will be referred
to as “LF cue” (shaded regions in Figure 2).
These results allowed us to determine the center frequen-
cies for which the bumps impacted the perceptual pho-
netic categorization of the stimuli the most, on average.
The bump center frequencies that were retained, to be
used in the main experiment, were the following: 578Hz
(“da”-percept-inducing bumps on the F1 onset), 1500Hz
and 2641Hz (“da”-percept-inducing bumps on the
F2/F3 onsets), 390Hz (“ga”-percept-inducing bumps
on the F1 onset), and 1975Hz and 2125Hz (“ga”-per-
cept-inducing bumps on the F2/F3 onsets). Note that the
choice of the exact frequency values was somewhat arbi-
trary as the distributions in Figure 2 appear to be quite
noisy. However, our main focus in this experiment was
to ensure that the bump noise can actively bias the pho-
netic decision of the participant toward one response or
the other, which turned out to be the case.

Parametric Bump Noise Experiment

The main aim of this study was not to identify the acoustic
cues involved in the da/ga categorization in noise, already
known from previous studies (e.g., Varnet, Knoblauch,
et al., 2015), but rather to evaluate quantitatively the rel-
ative contributions of these cues to the phonetic decision.
Accordingly, the main experiment was designed to mea-
sure the sensitivity of the listener to the earlier defined
cues. By varying parametrically the amplitude of the
bumps in the masker from a “ga”-percept-inducing
bump noise to a “da”-percept-inducing bump noise

Table 1. Summary of the Characteristics of the Three Groups.

Group name N Age (years) Hearing aid experience (months) SNR (dB)

NH 17 27.4� 3.6 SD – �10.4� 2.0 SD

HI–HF 18 64.3� 6.3 SD 36.1� 34.3 SD �6.7� 2.3 SD

HI–flat 15 62.9� 6.4 SD 20.8� 24.5 SD �6.0� 2.5 SD

Note. SNR¼ signal-to-noise ratio; NH¼ normal-hearing; HI¼ hearing-impaired; HF¼ high-frequency loss; flat¼ flat loss.

Figure 2. Mean distributions of the bumps yielding a “da” (red line) or a “ga” (blue line) response as a function of their frequency (�0.5
SD). The two shaded areas represent the regions of the HF and LF cues. Arrows mark the approximate locations of F1, F2, and F3 onsets
for “da” (red arrow) and “ga” (blue arrow).
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(see later) and measuring the proportion of confusions in

the labeling of the masked speech stimuli, we were able to

estimate psychometric functions corresponding to each of

the two cues.

Participants

Three groups of listeners participated in the main exper-

iment. All participants were native speakers of French.

The first consisted of 17 young adults (age¼ 27.4 years

� 3.6 SD), all with normal audiometric thresholds

(�20 dB HL) for octave frequencies between 125 and

8000Hz. This group will be referred to as the NH

group. The second and third groups consisted of older

listeners with sensorineural hearing loss profiles in the

right ear. The 18 individuals in the high-frequency loss

(HI-HF) group had moderate to severe loss in the

1000Hz to 8000Hz region (audiometric thresholds

> 30 dB HL) but normal or near-normal between 125

and 750Hz (thresholds �20 dB HL). Their age ranged

from 55 to 73 years (mean¼ 64.3 years� 6.3 SD). The 15

individuals in the flat loss (HI-flat) group had moderate

and flat or quasi-flat loss in the 500Hz to 4000Hz region

(thresholds between 20 dB HL and 50 dB HL with a

maximum difference of 15 dB). Their age ranged from

51 to 72 years (mean¼ 62.9 years� 6.4 SD). Across the

two HI groups, 29 participants were current users of

hearing aids and 4 had no or very little (<1month) pre-

vious experience with hearing aids. All hearing losses

were of sensory origin, as confirmed by the absence of

air-bone gaps in the audiometric thresholds. Although

the experiment was only conducted on the right ear,

we made sure that the hearing losses were broadly sym-

metrical (between-ear difference of maximum 15 dB).

We excluded from this study all listeners suffering

from tinnitus or Ménière’s disease, or having any psy-

chiatric disorders.
Figure 3 shows individual and mean right ear audio-

grams for the three groups. A summary of the character-

istics of the three groups is provided in Table 1.
All listeners were fully informed about the goal of the

study, provided written consent, and received financial

compensation for their participation. The study received

the approval of the Ethical Committee CPP Ile de

France III with the ID RCB: 2016-A0176901769-42.

Stimuli and Procedure

In the main experiment, all stimuli were presented

monaurally to the right ear at 70 dB SPL. For HI

participants, the sounds were amplified in a frequency-

dependent manner depending on their pure-tone

audiogram, using the NAL-R formula (Byrne &

Dillon, 1986; Palmer & Lindley, 2002).

The target sounds were the same as in the pilot exper-
iment, and the general procedure was largely similar:
First, the individual SNR threshold for 70.7% correct
categorization in white noise was determined by means
of an adaptive 2-down 1-up staircase procedure. Then,
the SNR was fixed at this level for the second phase of
the experiment.

The purpose of this experiment was not to find the
location of the acoustic cues, as in the pilot study, but
rather to measure the sensitivity of the listener to prede-
fined cues. Accordingly, the bump noises used here were
slightly different from those described earlier. As before,
they were generated according to Equation 1, with
ti ¼ 330 ms, rt ¼ 30 ms, and rf ¼ 1 ERB. However,
they were composed of six bumps with fixed frequency
positions (three formant onset frequencies for the “da”-
percept-inducing bump and three formant onset fre-
quencies for the “ga”-percept-inducing bump). The
four higher frequency bumps (at 1500, 1975, 2641, and
2125Hz) corresponded to the primary HF cue on the
F2/F3 onsets, while the two lower bumps (at 390 and
578Hz) corresponded to the secondary LF cue on the
F1 onset (see Table 2). The two ga-percept-inducing
HF bumps were relatively close (1975Hz and 2125Hz)
and therefore overlapped to some extent. This was not an
issue for the current investigation, however, as the F2 and
F3 onsets were considered as a single cue (in line with the
ACIs in Varnet, Knoblauch, et al., 2015 which show a
single cluster of weights between the two formants).

Contrary to the pilot experiment, the bump ampli-
tudes, Ai, were not equal from one trial to another and
between bumps. We created a two-dimensional continu-
um of bump noise profiles B f; tð Þ by varying orthogo-
nally the amplitudes of the HF cue bumps and those of
the LF cue bumps from 0 to 5. There were five levels for
each of the two cues, totaling 25 bump noise profiles,
illustrated in Figure 4. The top left condition corre-
sponds to the most /da/-percept-inducing configuration

Figure 3. Individual and mean audiometric thresholds for the
listeners with HF (orange line) or flat (indigo line) loss for the right
ear. The two shaded areas represent the regions of the HF and
LF cues.
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of the bumps (level of all da-bumps set to 5, level of all
ga-bumps set to 0), and the bottom right condition to the
most /da/-percept-inducing configuration (level of all da-
bumps set to 0, level of all ga-bumps set to 5). These
bump noises were superimposed with one of the four
possible targets in a full-factorial design. Note that,
because of the presence of bumps in each condition, it
is very likely that the underlying target cues were never
available to the listener as such, being either masked

(level 3) or “replaced” by a da-percept inducing bump

(level 1) or a ga-percept inducing bump (level 5). In this

respect, the experiment was more similar to a cue-

manipulation study than to a SNR-based regression

study. Indeed, in the former, the target cues are artifi-

cially modified (Clayards, 2018; Hazan & Rosen, 1991;

Liberman et al., 1954; Pittman & Stelmachowicz, 2000)

while in the latter, the continuum goes from “target cues

fully available” to “target cues fully unavailable”

(Calandruccio & Doherty, 2007, 2008; Gilbert et al.,

2002).
Each condition was repeated 10 times for each subject

in a random order, yielding 1,000 trials, which were

divided into five blocks of 200 trials separated with

pauses to avoid mental fatigue. The total duration of

the experiment was approximately 2.5 hr.

Analysis

We modeled the relationship between participants’

responses and the acoustic content of the stimuli, on a

trial-by-trial basis, using a GLM. The model includes an

Table 2. Frequency Location of the Bumps Used in the
Parametric Bump Noise Experiment.

Cue name

Formant

onsets

Center frequency

of the bumps Bias toward

HF cue F2/F3 2641 Hz “da”

2125 Hz “ga”

1975 Hz “ga”

1500 Hz “da”

LF cue F1 578 Hz “da”

390 Hz “ga”

Note. HF¼ high-frequency region; LF¼ low-frequency region.

Figure 4. Stimulus design of bump variation along the two-dimensional continuum. Each bump condition corresponds to one of the 5	 5
ideal time–frequency profile (i.e., to a particular level of the 6 bumps). Arrows indicate the two dimensions along which the bump noise
was varied, with the corresponding level of the bump.
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effect of HF cue and LF cue (bHF and bLF, respectively),
an interaction effect between them (bHF	LF), and a

four-level factor corresponding to the target actually

presented (ak with k 2 1; 4).
Let rj denote the response of one participant to trial

j (1 for “da,” 0 for “ga”). The probability of a “da”

response is given by:

P rj ¼ 1ð Þ ¼ UðbHF � lvlHFj þ bLF � lvlLFj

þ bHF	LF � lvlHFj � lvlLFj þ atjÞ
(2)

with lvlHFj and lvlLFj the levels of the bumps superim-

posed with HF and LF cues, respectively, and tj the

number of the target presented. Variables lvlHF and

lvlLF are centered and normalized. U denotes the logit

function. In this model, the general bias of a listener in

favor of “da” or “ga” materializes as bbias ¼ meanðaÞ.
By construction of the bump continuum, bHF and bLF

cannot take negative values. Therefore, they were

assigned with log-normal priors. More precisely, the

parameters to be estimated are logbHF ¼ log bHFð Þ and

logbLF ¼ log bLFð Þ. These new parameters logbHF and

logbLF were associated with Gaussian priors, as well as

all other parameters in the model.
Each participant in the experiment was described by

an individual set of parameters fbHF; bLF; bHF	LF; ag.
The dependencies between data from different listeners

were accounted for by using hierarchical modelling.

As random-effects models in frequentist terms, hierar-

chical models not only allow the estimation of individual

parameters but also take into account their similarities.

More specifically, we assumed here that each individual

coefficient is drawn from a common distribution corre-

sponding to his group, and that the three group distri-

butions are in turn drawn from a single general

distribution. Estimating group and population parame-

ters and using them as priors in a three-level hierarchical

model allows pooling the information across individuals,

rather than treating them as independent measurements,

and improves accuracy.
The computed values of bHF and bLF are estimates of

the “true” weights used in the decision process, BHF

and BLF, but they additionally incorporate the effect of

internal noise (i.e., the stochastic part of the decision

process), which acts as a factor on all weights

(bHF ¼ a � BHF and bLF ¼ a � BLF) (Kurki et al., 2014;

Murray, 2011; Richards & Zhu, 1994). Since in this

study we were interested only in the relative (rather than

absolute) decision weights, in the analysis, we focused

exclusively on the weight ratios, bHF=bLF ¼ BHF=BLF.

Note that the internal noise factors out in the division,

so that the preceding equality holds regardless of the mag-

nitude of the internal noise. Because weight ratios do not,

in general, have a Gaussian distribution, we actually used
log-transformed ratio, log bHF=bLFð Þ.

The distribution of individual SNRs, scores, and
biases were modeled with three separate three-level hier-
archical Bayesian models. A simple regression with
Gaussian(0,1) priors on the mean values was used
for the SNRs while a logistic regression with Gaussian
(0,1) priors on the log-odds was used for the scores
and biases.

All Bayesian analyses were conducted using JAGS
(Plummer, 2003). Seven chains were run independently
with 2,000 burn-in samples (estimates based on 8,000
samples in each chain) and were checked visually for
convergence. Throughout this article, Bayesian estimates
will be reported along with their 95% credible intervals,
providing an assessment of the reliability of the estimate.

Results

Behavioral Results

All participants were included in the final analysis. On
average, the experiment lasted approximately 3 hr per HI
participants and 2.5 hr per NH participants.

Despite partial restoration of audibility through
frequency-dependent amplification (NAL-R), HI partici-
pants performed more poorly than NH participants in
the phoneme-categorization task. HI participants usually
needed a higher SNR than NH participants to perform the
task at similar performance level (see Figure 5(a)).
Individual SNRs spanned values between �6.5 and
�13dB for the NH group, between �3.0 and �10.6 dB
for the HF-loss group, and between �1.7 and �10.6dB
for the flat-loss group. According to the Bayesian model
on the individual SNR values, the probability that the
SNRs from the NH and HI groups come from the same
distribution was lower than 0.05 (as also suggested by the
disjoint credibility intervals in Figure 5(a)).

In the main experiment, the average percentage of
correct responses was 58.8%, whereas the correct recog-
nition scores in white noise targeted by the initial stair-
case was 70.7% (see Table 1). Therefore, the effect of the
addition of bumps in the spectrotemporal regions corre-
sponding to the acoustic cues can be estimated at
approximately 12 percentage points. The NH group
obtained an average of 56.2% correct, against 60.0%
for the HF-loss group and 61.0% for the flat-loss
group (see Figure 5(b)). There was a large variability
in the individual results (from approximately 50% cor-
rect up to 72.3% correct). Note, however, that scores
near chance level (50%) may not imply that a participant
is responding at random, but only that his or her
decision is not driven by the target actually presented.
His or her responses may depend on other factors.
In particular, it could be influenced by the bump
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noises, with “da”-like bumps inducing more “da”-like

responses than “ga”-like bumps, and vice-versa.

According to the Bayesian model on individual scores,

there was no strong (<5% chance) group difference

between the three groups.
Surprisingly, there was a large interindividual vari-

ability in the response bias, as depicted in Figure 5(c),

with some participants strongly biased toward response

“ga” while others were biased toward “da.” Again, no

strong difference was found at the group level when

modeling the data with a three-level hierarchical logistic

regression. The same variability was found at the target

level. This is, for example, the case for the “Alda” target,

which was mostly perceived as “da” by 43 participants,

and mostly as “ga” by six participants.

Cue Sensitivity Analysis

A GLM was fitted on the data from the main experiment

to link the amplitude of the bumps (“HF cue level” and

“LF cue level”) to the percentage of da responses, as

described in the “Methods” section. The model included

two weights corresponding to the effects of HF and LF

cues (bHF and bLF), an interaction between the two

(bHF	LF), and a bias factor with one level for each of

the four possible targets (a).

Overall, the GLM was quite good at predicting the

individual participants’ responses. Figure 6 plots the

data for each listener (dots) and the model’s predictions

(lines), averaged across the four targets. In each panel,

showing the proportion of “da” answer as a function of

LF cue level, with HF cue level as a parameter, the influ-

ence of HF cue is reflected by the spacing between lines

and the influence of LF cue as the slope of the lines.

There was a very good match between the data and

the model overall, with less than 4.2% mean absolute

error across all listeners and conditions.
Figure 7 represents the values of parameters bHF, bLF

and bHF	LF for each level and each group (Panels A, B,

and C, respectively). As expected, the weight associated

to the HF cue was clearly higher than the one associated

to the LF cue (by a ratio of approximately 7.4, across all

groups and participants). This is consistent with the idea

that the F2–F3 onset is used as a primary cue for this

task, whereas the F1 onset plays only a secondary role in

the decision. Furthermore, the Bayesian analysis sug-

gests that there is no strong interaction effect between

the two cues (the credible intervals for bHF	LF overlap

with zero for 43/50 participants), consistent with a model

in which the two sources of information are combined

linearly for most of the listeners. This is confirmed by

the deviance information criterion (DIC), which is a

Figure 5. Behavioral results for each participant and each group. (a) SNR thresholds measured in the first phase of the experiment. (b)
Performances in the second phase of the experiment (correct response rate). Chance level (50%) is represented with a dashed line. (c)
General bias (rate of “da” answers). Fifty percent (dashed line) corresponds to an unbiased behavior. Participants are ordered according to
group (black: NH; orange: HI with HF loss; indigo: HI with flat loss) and per SNR. Circles represent the individual SNR thresholds and dots
represent the outcome of hierarchical Bayesian models, with 95% credible intervals.
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measure of accuracy for a Bayesian model accounting
for overfitting, and is therefore useful for comparing
models with different numbers of parameters
(Spiegelhalter, Best, Carlin, & Van Der Linde, 2002).
The DIC was 1.272�104 for the model described earlier
and 1.275�104 for the same model without interaction
effect. As suggested by the very small difference between
the two, including an interaction parameter in the model
does not add much to its predictions. On the contrary,
the effect of LF cue, although limited, is necessary from
this point of view, as removing the bLF parameter results
in a relatively large increase in DIC (DIC¼ 1.345�104).

The main goal of this study was to compare the rel-
ative weightings of each cue for the three groups of lis-
teners. For this purpose, we computed the log ratio
between the weights associated to HF cue or LF cue
(see Figure 7(d)). At the group level, a difference is
observed between the log ratios of NH listeners (mean
log ratio¼ 1.0) and HI (HF) listeners (mean log
ratio¼ 0.76)—The probability that the two groups
have different log ratios is above 95%, according to
the model. The log ratio for the HI (flat) group (mean
log ratio¼ 0.87) has an intermediate value between those
for the NH and HI (HF) groups.

Figure 6. Data measured for all participants (dots) and predictions of the model (lines), averaged across targets. The proportion of “da”
answer is plotted as a function of LF cue level, with HF cue level as a parameter (shade of blue).
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Discussion

This study aimed at building upon previous research,

which showed that the F2/F3 and F1 onsets are used

as acoustic cues for stop-consonant perception in noise

(Delattre et al., 1955; Mann, 1980; Varnet, Knoblauch,

et al., 2015). Specifically, this study sought to estimate

the relative weights of these two cues, thus determining

listening strategies in normal- and impaired-hearing lis-

teners for consonant-in-noise comprehensions. To do so,

we set up two experiments, both based on recordings of

natural speech signals masked by the addition of a

“bump noise.” The bumps were narrowband bursts of

noise placed at the onset of the consonant. In the first

(pilot) experiment, the bump noise was used as a mean

to determine the frequency locations of the two acoustic

cues. In the main experiment, it was designed to alter the

perception of consonant (changing “d” into “g” or vice

versa) by manipulating specifically these cues, therefore

allowing us to measure their respective weights.
As clearly revealed by the differences in overall per-

formance across the two experiments, the bumps had a

strong deleterious impact on intelligibility. Each

experiment was composed of two phases, the first one
(adaptive staircase) using white noise and the other using
bump noise at the SNR threshold determined in the first
phase. Therefore, the effect of masking on intelligibility
due to the addition of the bumps can be estimated by
computing the differences in scores across in the two
phases. In presence of a bump noise, the percentage of
correct answers decreased by approximately 10 to 12
percentage points on average, across groups.

However, the purpose of using bump noise was not
only to impair intelligibility, but rather to manipulate
the listener’s phonetic percept. As revealed by the
bump distributions in Figure 2, depending on its spectral
content, the bump noise biased the listener’s percept
toward “da” or “ga.” On the whole, bumps placed at
time–frequency positions corresponding to an acoustic
cue tended to enhance the percept normally induced by
this cue. The two frequencies where the presence of a
bump had the strongest impact on the listener’s
responses are 1500Hz (for the “da” bump) and
1975Hz (for the “ga” bump). As may be seen on the
spectrograms of the targets displayed in Figure 1, these
frequencies match those of the F2 onsets in the syllables

Figure 7. Estimated values for parameters bHF (Panel A), bLF (Panel B), and bHF	LF (Panel C) at the individual and group levels, with 95%
credible intervals. The lower panel shows the values of log ratio logðbHF=bLFÞ. Note the different y-axis scales used in the three panels.
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/da/ and /ga/, respectively. Therefore, a bump noise con-
taining more energy around 1500Hz probably made the
onset of the second formant be perceived as lower than it
actually was, and the participant was more likely to
answer “da.” This is consistent with the idea that the
frequency of F2 at onset is an important cue for stop-
consonant categorization (Delattre et al., 1955;
Liberman et al., 1954). Following the same reasoning,
the pilot experiment revealed that two broad regions
play a critically important role in influencing the listen-
er’s decision: a high-frequency region (HF cue, between
1400 and 2700Hz) corresponding to the F2 and F3
onsets and a weaker low-frequency region (LF cue,
between 350 and 600Hz) corresponding to the F1
onset (shaded regions in Figure 2). These observations
are consistent with the results obtained by Varnet et al.
on the same stimuli, using a different psychophysical
revcorr method (Varnet, Knoblauch, et al., 2015;
Varnet, Meunier, Trollé, et al., 2016; Varnet, Wang,
et al., 2015). As highlighted in the introduction, this lis-
tening strategy may be specific to speech-in-noise com-
prehension. In quiet, however, additional cues, such as
burst cues, may be used (Kapoor & Allen, 2012).

The implication of the two aforementioned cues was
further confirmed in the main experiment. Here, the posi-
tions of the bumps were fixed on the six most critical
frequencies listed in Table 2, but their amplitude were
varied, so as to create a 5	 5 continuum (full factorial
design with five factorial levels on each of the two cues,
see Figure 4). This particular type of noise appears to
have a dramatic effect on perception. As can be seen on
Figure 6, for most of the NH participants, varying the
amplitude of the bumps on HF cue from Level 1 (light
blue dots) to Level 5 (dark blue dots) increased the per-
centage of “da” responses from almost 0% to near 100%.
The LF cue level factor appears to have a weaker effect
on perception, as indicated by the shallower psychometric
functions. When HF cue is ambiguous (level¼ 3), the var-
iation of the bump amplitude on LF cue induces a 12.5%
change in the percentage of “da” responses from NH
participants, on average. This may be related to
Delattre’s observation that “when the straight second for-
mant is about midway between the g locus (at 3000 cps)
and the d locus (at 1800 cps), raising or lowering the level
of the first formant tends to push the sounds toward d or
g” (Delattre et al., 1955, p. 3).

To evaluate quantitatively the relative influence of the
low- and high-frequency cues, we fitted a GLM to the
participants’ data (see “Methods” section). The model
included an effect of HF cue and LF cue (bHF and bLF,
respectively), an interaction effect between them
(bHF	LF), and a four-level factor corresponding to the
target actually presented (ak with k 2 1; 4). The fit of
the model was very good (with a mean absolute error
of less than 4.2 percentage points across all listeners and

conditions), supporting the idea that this model,
although simple, already provides a good account of
the data. Consistent with previous observations on the
secondary role of the F1 cue in the da/ga categorization

in noise (Varnet, Knoblauch, et al., 2015), the weight of
the HF cue in this model was always stronger (by a
factor of about 7) than the weight of the LF cue.
The scatterplot of bLF as a function of bHF, presented
in Figure 8, gives a graphical representation of the ratio

between the two cues as well as the variability between
participants.

For most of the participants, the interaction effect, if

any, was small, suggesting a linear combination of two
cues (prior to nonlinear transformation of the decision
variable by the logistic link function). Various authors
have assumed that secondary cues were used only when
primary cues were unreliable or removed (Delattre et al.,

1955; Li et al., 2010; Serniclaes & Arrouas, 1995). If this
assumption of a binary process was true, one would
expect the interaction term in our model to be signifi-
cant. On the contrary, the small values of bHF	LF

observed in all participants point to a constant contribu-

tion of the secondary cue to the internal decision vari-
able, whatever the primary cue level. According to this
view, the observation by Delattre that secondary cues
are used, or not, conditionally on the value of the pri-
mary cue, may be an artifact due to the percentage rep-

resentation, which introduces floor and ceiling effects
when the primary cue is at one end of the continuum.

Although the same listening strategy (differential

weighting of HF and LF cues with no or very little inter-
action between them) is shared by all 17 participants in
the NH group, there is still a large heterogeneity in the

Figure 8. Scatterplot of bHF as a function of bLF , at the individual
(dots) and group (stars) levels.
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exact values of the estimated weights in the individual
models (Figures 7 and 8). This may indicate idiosyncrat-
ic differences in the processing of the cues by listeners
(i.e., in the actual weights used by NH listeners).
Alternatively, this variability may arise from a different,
later-occurring factor, such as attentional effects. For
example, all other things being equal, the estimated
weights of the two cues will be smaller overall if a par-
ticipant is less focused on the task, yielding more vari-
able responses (i.e., more internal noise). Within the
standard signal detection theory framework, these
effects are modeled as a source of noise added to the
internal decision variable (Green, 1964; Neri, 2013).
Taking the log ratio of the two cues allowed us to
factor out the effect of internal noise.

The main objective of this article was to compare the
log ratio values of the NH group with those obtained by
listeners with hearing loss. Two types of audiometric
configurations were considered: high-frequency loss
(HI with HF-loss group) and flat or gradually sloping
loss (HI with flat-loss group). For these two groups,
stimuli were presented at the same overall level as for
NH listeners (70 dB SPL), but the sounds were processed
through a simulated hearing aid adjusted to individual
hearing loss profile according to the NAL-R formula
(Byrne & Dillon, 1986; Palmer & Lindley, 2002). We
reasoned that if the three groups used different listening
strategies, this should be reflected in an assessable differ-
ence in log ratios at the group level. As a matter of fact,
Figure 7(d) reveals that HI participants with a HF loss,
as a group, relied less on the high-frequency cue than on
the low-frequency one, compared with NH listeners,
even though stimuli were amplified in order to partially
compensate for audibility.

This result contrasts with those of previous studies
using correlational methods on individuals with hearing
impairment. In speech (Calandruccio & Doherty, 2008;
Gilbert et al., 2002) as in nonspeech (Doherty & Lutfi,
1996, 1999) tasks, participants with HF loss appear to
weight high-frequency information more heavily, even
when audibility is restored through a simulated hearing
aid. Authors have interpreted this as an attempt of HI
listeners to compensate for the degraded sensory infor-
mation by using a different listening strategy. However,
in the aforementioned studies, the two groups were
matched in terms of performances but not in overall
presentation level. HI listeners were presented with
more energetic (and possibly louder) stimuli on average
in order to partially compensate for their hearing loss
and to reach the desired performance level. Therefore,
the increased weighting of the HF regions could be
explained by a difference in presentation levels alone
(Calandruccio, Buss, & Doherty, 2016; Jesteadt,
Valente, Joshi, Schmid, 2014; Leibold, Tan, & Jesteadt,
2009; Lentz & Leek, 2002). To avoid this potential pitfall,

the present study was carried out with NH and HI
participants listening at the same overall level of 70 dB
SPL. The results suggest a greater reliance on
low-frequency information in HI listeners with high-
frequency hearing loss.

A possible explanation for this result is that any resid-
ual effect of hearing loss after the partial compensation
of audibility by frequency-dependent amplification (with
NAL-R) was still large enough for acoustic cues falling
into the frequency region of the loss to be less reliable or,
at least, less relied upon by the listener. Such an expla-
nation would be in agreement with previous works
showing that HI listeners are not fully able to make
use of available (audible) acoustic cues (Trevino &
Allen, 2013; Turner & Brus, 2001; Turner et al., 1992;
Turner & Robb, 1987), a phenomenon often cited as
evidence for “supra-threshold” deficits (Léger, Moore,
& Lorenzi, 2012; Plomp, 1978). From this point of
view, the results of this study may shed some light on
why HI individuals often have difficulties correctly iden-
tifying consonants, even when wearing their hearing aids
(Abavisani & Allen, 2017; Scheidiger & Allen, 2013;
Scheidiger et al., 2017).

Although the overall presentation levels of the stimuli
were equalized across the three groups, another potential
confounding factor must be considered in the interpre-
tation of the results. As apparent in Figure 5(a), the
SNR at which each group was able to perform the
task at 70.7% correct in white noise was markedly
different (average 4 dB SNR difference between the
NH group and the HI groups). Furthermore, the indi-
vidual correct response rates in the main experiment are
strongly correlated with SNR levels, as revealed by a
hierarchical Bayesian logit regression model between
percent correct scores and SNR with Gaussian(0,1)
priors on model parameters (credible interval above
zero for the slope parameters for the three groups).
Figure 9(a) plots the individual correct response rates
as a function of SNR, as well as the regression curves
and the posterior predictive confidence intervals (dotted
lines). The relationship between SNR and performance
in bump noise is primarily due to the fact that SNR
thresholds were measured in white noise. As bump
levels were specified relative to the baseline noise level,
participants performing at lower SNRs were confronted
with bump noise more deleterious to intelligibility than
participants at high SNRs. This may not be an issue
here, however, as our main interest is on the relative
importance of the cues, log bHF=bLFð Þ, and not on the
absolute magnitude of the weights bHF and bLF. Yet
another phenomenon, such as an adaptation of the lis-
tening strategy to the level of background noise, may
have come into play. The influence of SNR on the log
ratio was assessed by means of a hierarchical Bayesian
regression model taking into account the uncertainty in
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the estimation of the log ratio, as described in Matzke

et al. (2017). The strength of the correlation measured in

this way is always higher than the traditional point-wise

Pearson’s correlation coefficient because it allows for

shrinkage of individual data points toward the regres-

sion line. In Figure 9(b), the dots represent the original

log ratio estimates from Figure 7(d). whereas the open

circles correspond to the “true” values inferred by the

regression. Even taking into account this source of

uncertainty, the correlation between SNR thresholds

and log ratios was very weak (see Figure 9(b)), with

the credible intervals for the three groups’ slope coeffi-

cients intersecting zero. Therefore, we can exclude that

individual variations in SNR thresholds explain the

observed difference in listening strategies between HI

and NH groups.
From a methodological point of view, this study

introduces a new type of noise, called “bump noise,”

that allows the experimenter to control the percept of

consonants in noise through the manipulation of

acoustic cues. We demonstrated two potential applica-

tions of such bump noise. First, the “bump noise ACI”
technique, used in the pilot experiment, is a revcorr

approach based on the presentation of randomly located

bump. As noted in the “Methods” section, this approach
is very close conceptually to the “white noise ACI”

method described in Varnet et al., (2015). Despite the
power and flexibility of the latter, its implementation is

limited by the amount of data that can be obtained in a

given psychoacoustical task. Using a bump noise instead
of a white noise effectively reduces the dimensionality of

the problem, and therefore the duration of the experi-

ment, by introducing additional assumptions in the pro-
cess (here, the fact that the acoustic cues been sought are

located on the onset of the second syllable and have a
width of at least 1 ERBN). For example, the white noise

ACI experiment on the da/ga categorization task

required 10,000 trials per participant (Varnet,
Knoblauch, et al., 2015) whereas 1,000 trials per partic-

ipants were sufficient in the pilot experiment using a

bump noise ACI approach on the same task. In this
study, we decided to use white noise as basis for the

bump noise, in order to stay as close as possible to the
original white noise ACI experiments which inspired this

work (Varnet, Knoblauch, et al., 2015). However, flat

spectral densities are very uncommon in natural
sounds. Furthermore, spectral distribution of the

masker is likely to affect the listening strategies, as

high- and low-frequency cues will be differently reliable
(Phatak, Lovitt, & Allen, 2008). Further experiments

(e.g., using speech-shaped bump noise) could be carried
in the future to quantify the change in cue-weighting

strategy depending on the type of noise encountered.
In the main experiment, the bump noise content was

varied in a more parametric way to estimate the psy-

chometric functions associated to each acoustic cue.

Although previous studies have already explored qual-
itatively the relationship between primary and second-

ary cues using continua of modified speech signals (e.g.,
Delattre et al., 1955; Li et al., 2010; Ohde & Stevens,

1983; Serniclaes & Arrouas, 1995), few have attempted

to estimate quantitatively the relative weightings of dif-
ferent cues in a phoneme categorization task (Clayards,

2018; Gilbertson & Lutfi, 2014; Hazan & Rosen, 1991;

Pittman & Stelmachowicz, 2000; Pittman et al., 2002).
These two approaches provide insights into the individ-

ual HI listener’s perceptual strategy. As such, the
observed variability in cue weighting despite restored

audibility points toward the need for more individually

tailored speech-in-noise processing in hearing aids.

Data Accessibility Statement

The data supporting the findings of this study are openly avail-

able as supplementary materials.

Figure 9. Correlations between correct response rate and SNR
(a) and between log ratios and SNR (b), assessed with two hier-
archical Bayesian regression models. The dotted lines correspond
to the 95% posterior predictive confidence intervals. The open
circles in panel b represents the “true” log ratios inferred by the
regression model (see text).
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