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 7 
In quiet environments, hearing aids improve the perception of low-intensity sounds. However, for 8 
high-intensity sounds in background noise, the aids often fail to provide a benefit to the wearer. 9 
Here, by using large-scale single-neuron recordings from hearing-impaired gerbils — an established 10 
animal model of human hearing — we show that hearing aids restore the sensitivity of neural 11 
responses to speech, but not their selectivity. Rather than reflecting a deficit in supra-threshold 12 
auditory processing, the low selectivity is a consequence of hearing-aid compression (which 13 
decreases the spectral and temporal contrasts of incoming sound) and of amplification (which 14 
distorts neural responses, regardless of whether hearing is impaired). Processing strategies that 15 
avoid the trade-off between neural sensitivity and selectivity should improve the performance of 16 
hearing aids. 17 
 18 
Hearing loss is one of the most widespread and disabling chronic conditions in the world today. 19 
Approximately 500 million people worldwide are affected, making hearing loss the fourth leading cause of 20 
years lived with disability1 and imposing a substantial economic burden with estimated costs of more than 21 
$750 billion globally each year2. Hearing loss has also been linked to declines in mental health; in fact, a 22 
recent commission identified hearing loss as the leading modifiable risk factor for incident dementia 3. As the 23 
societal impact of hearing loss continues to grow, the need for improved treatments is becoming increasingly 24 
urgent. 25 
 26 
Hearing aids are the current treatment of choice for the most common forms of hearing loss that result from 27 
noise exposure and aging. But only a small fraction of people with hearing loss (15-20%) use hearing aids 28 
4,5. There are a number of reasons for this poor uptake, but one of the most important is lack of benefit in 29 
listening environments that are typical of real-world social settings. The primary problem associated with 30 
hearing impairment is loss of audibility, i.e. loss of the ability to detect low-intensity sounds 6,7. As a result of 31 
cochlear damage, sensitivity thresholds are increased and low-intensity sounds can no longer be perceived. 32 
Fortunately, hearing aids are generally able to correct this problem by providing amplification. But perception 33 
often remains impaired even after audibility is restored. It is well established that hearing aids improve the 34 
perception of low-intensity sounds in quiet environments but often fail to provide benefit for high-intensity 35 
sounds in background noise8,9. 36 
 37 
The reasons for this residual impairment remain unclear, but one possibility is the existence of additional 38 
deficits beyond loss of audibility that impair the processing of high-intensity sounds. Many such deficits have 39 
been reported such as broadened frequency tuning 10 and impaired temporal processing 11,12. But these 40 
deficits are typically observed when comparisons between normal and impaired hearing are made at 41 
different sound intensities to control for differences in audibility. This approach confounds the effects of 42 
hearing loss with the effects of intensity; amplification to high intensities impairs auditory processing even 43 
with normal hearing13–15. In fact, when listeners with mild-to-moderate hearing loss (typical of the vast 44 
majority of impairments) and normal hearing listeners are compared at the same high intensities, the 45 
performance of the two groups is often similar in both simple tasks such as tone-in-noise detection 16 and 46 
complex tasks such as speech-in-noise perception14,17–20. 47 
 48 
Another possibility is that the residual problems that persist after restoration of audibility are caused by the 49 
processing in the hearing aid itself. Most modern hearing aids share the same core processing algorithm 50 
known as multi-channel wide dynamic range compression (WDRC). This algorithm provides listeners with 51 
frequency-specific amplification based on measured changes in their sensitivity thresholds. It also provides 52 
compression by varying the amplification of each frequency over time based on the incoming sound intensity 53 
such that amplification decreases as the incoming sound intensity increases. This algorithm is designed to 54 
mimic the amplification and compression that normally take place within a healthy cochlea but are 55 



 

compromised by hearing loss. However, it ignores many other aspects of auditory processing that are also 56 
impacted by hearing loss21 and modifies the spectral and temporal properties of incoming sounds in ways 57 
that may actually be detrimental to perception22,23. 58 
 59 
Identifying the factors responsible for the failure of hearing aids to restore normal auditory perception through 60 
psychophysical studies has proven difficult. We approached the problem from the perspective of the neural 61 
code — the activity patterns in central auditory brain areas that provide the link between sound and 62 
perception. Hearing loss impairs perception because it causes distortions in the information carried by the 63 
neural code about incoming sounds. The failure of current hearing aids to restore normal perception 64 
suggests that there are critical features of the neural code that remain distorted. An ideal hearing aid would 65 
correct these distortions by transforming incoming sounds such that processing of the transformed sounds 66 
by the impaired system would result in the same neural activity patterns as the processing of the original 67 
sounds by the healthy system; current hearing aids fail to achieve this ideal. 68 
 69 
Little is known about the specific distortions in the neural code caused by hearing loss or the degree to which 70 
current hearing aids correct them. The effects of hearing loss on the neural code for complex sounds such 71 
as speech have been well characterized at the level of the auditory nerve24, but its impact on downstream 72 
central brain areas remains unclear as there have been few studies of single neuron responses with hearing 73 
loss and even fewer with hearing aids. Auditory processing in humans involves many brain areas from the 74 
brainstem, which performs general feature extraction and integration, to the cortex, which performs context- 75 
and language-specific processing. While large-scale studies of single neurons in these areas in humans are 76 
not yet possible, animal models can serve as a valuable surrogate, particularly for the early stages of 77 
processing which are largely conserved across mammals and appear to be the primary source of human 78 
perceptual deficits 7. Prior work has already shown that classifiers trained to identify speech phonemes 79 
based on neural activity patterns recorded from animals perform similarly to human listeners performing an 80 
analogous task 25. Thus, comparisons of the neural code with and without hearing loss and a hearing aid in 81 
an animal model can provide valuable insight into which distortions in the neural code underlie the failure of 82 
hearing aids to restore normal perception. 83 
 84 
The neural code is transformed through successive stages of processing from the auditory nerve to the 85 
auditory cortex. At the level of the auditory nerve, some of the important effects of hearing loss that underlie 86 
impaired perception are not yet manifest 26, while at the level of the thalamus and cortex, neural activity is 87 
modulated by contextual and behavioural factors (e.g. attention) that complicate the study of the general 88 
effects of hearing loss on the neural representation of acoustic features. We chose to study the neural code 89 
in the inferior colliculus (IC), the midbrain hub of the central auditory pathway that serves as an obligatory 90 
relay between the early brainstem and the thalamus. The neural activity in the IC reflects the integrated 91 
effects of processing in several peripheral pathways but is still primarily determined by the acoustic features 92 
of incoming sounds. 93 
 94 
We focused our study on mild-to-moderate sensorineural hearing loss, which reflects relatively modest 95 
cochlear damage27. Because peripheral processing is still highly functional with this form of hearing loss, 96 
there is potential for a hearing aid to provide substantial benefit. We found that most of the distortions in the 97 
neural code in the IC that are caused by hearing loss are, in fact, corrected by a hearing aid, but a loss of 98 
selectivity in neural responses that is specific to complex sounds remains. Our analysis suggests that the low 99 
selectivity of aided responses does not reflect a deficit in supra-threshold auditory processing, but is instead 100 
a consequence of the strategies used by current hearing aids to restore audibility. Our findings support the 101 
wide provision of simple devices to address the growing global burden of hearing loss in the short term and 102 
provide guidance for the development of improved hearing aids in the future. 103 
 104 
Results 105 
To study the neural code with high spatial and temporal resolution across large populations of neurons, we 106 
made recordings using custom-designed electrodes with a total of 512 channels spanning both brain 107 
hemispheres in gerbils, a commonly used animal model for studies of low-frequency hearing (Figure 1a; 108 
Figure S1). We used these large-scale recordings to study the activity patterns of more than 5,000 neurons 109 
in the IC. To induce sloping mild-to-moderate sensorineural hearing loss, we exposed young-adult gerbils to 110 



 

broadband noise (118 dB sound pressure level (SPL), 3 hours). Compared to normal hearing gerbils, the 111 
resulting pure-tone threshold shifts measured one month after exposure using auditory brainstem response 112 
(ABR) recordings typically ranged from 20-30 dB at low frequencies to 40-50 dB at high frequencies (Figure 113 
1b). Pure-tone threshold shifts with hearing loss were also evident in frequency response areas (FRAs) 114 
measured from multi-unit activity (MUA) recorded in the IC, which illustrate the degree to which populations 115 
of neurons were responsive to tones with different frequencies and intensities (Figure 1c). 116 
 117 
For gerbils with hearing loss, we presented sounds both before and after processing with a multi-channel 118 
WDRC hearing aid. The amplification and compression parameters for the hearing aid were custom fit to 119 
each ear of each gerbil based on the measured ABR threshold shifts. The hearing aid amplified sounds in a 120 
frequency-dependent manner, with amplification for sounds at moderate intensity typically increasing from 121 
approximately 10 dB at low frequencies to approximately 20 dB at high frequencies (Figure 1b). This 122 
amplification was sufficient to restore the pure-tone IC MUA thresholds with hearing loss to normal (Figure 123 
1c). 124 
 125 
To begin our study of the neural code, we first presented speech to normal hearing gerbils at moderate 126 
intensity (62 dB SPL; typical of a conversation in a quiet environment). We used a set of nonsense 127 
consonant-vowel syllables, as is common in human studies that focus on acoustic cues for speech 128 
perception rather than linguistic or cognitive factors. The set of syllables consisted of all possible 129 
combinations of 12 consonants and 4 vowels, each spoken by 8 different talkers. For individual neurons, 130 
individual instances of different syllables elicited complex response patterns (Figure 2a). For a population of 131 
neurons, the response patterns can be thought of as trajectories in a high-dimensional space in which each 132 
dimension corresponds to the activity of one neuron and each point on a trajectory indicates the activity of 133 
each neuron in the population at one point in time. To visualize these patterns, we performed dimensionality 134 
reduction via principal component analysis, which identified linear combinations of all neurons that best 135 
represented the full population. Within the space defined by the first three principal components, the 136 
responses to individual instances of different syllables followed distinct trajectories that were reliable across 137 
repeated trials (Figure 2b, left). 138 
 139 
To assess the degree to which the neural code allowed for accurate identification of consonants, we used a 140 
classifier to identify the consonant in each syllable based on the population response patterns. Despite the 141 
variability in the responses to each consonant across syllables with different vowels and talkers, the average 142 
responses to different consonants were still distinct (Figure 2b, right). We trained a support vector machine 143 
to classify the first 150 ms of single-trial responses represented as spike counts with 5 ms time bins. We 144 
formed populations of 150 neurons by sampling at random, without replacement, from neurons from all 145 
normal hearing gerbils until there were no longer enough neurons remaining to form another population. The 146 
classifier identified consonants with high accuracy (Figure 2c) and error patterns that reflected confusions 147 
within consonant classes as expected from human perceptual studies 28,29. Accuracy was high for the sibilant 148 
fricatives (ʃ, ʒ, s, z), moderate for the stops (t, k, b, d), and low for the nasals (n, m) and the non-sibilant 149 
fricatives (v, ð). 150 
 151 
We presented the same set of syllables to gerbils with hearing loss before and after processing with the 152 
hearing aid. The mean spike rate of individual neurons was decreased by hearing loss but restored to normal 153 
by the hearing aid (Figures 3a,b; for full details of all statistical tests including sample sizes and p-values, 154 
see Table S1). A classifier trained to detect speech in silence based on the neural response patterns of 155 
individual neurons confirmed that the hearing aid restored audibility to normal (Figure 3b, right). Consonant 156 
identification was also impacted by hearing loss but, unlike audibility, remained well below normal even with 157 
the hearing aid (Figure 3c). The hearing aid failed to restore consonant identification not only for speech in 158 
quiet, but also for speech presented in the presence of either a second independent talker or multi-talker 159 
noise. This failure was evident across a range of different classifiers, neural representations, and population 160 
sizes (Figures S2,S3) and, thus, reflects a general deficit in the neural code. 161 
 162 
Hearing aids fail to restore the selectivity of responses to speech 163 
To understand why the hearing aid failed to restore consonant identification to normal, we investigated how 164 
different features of the neural response patterns varied across hearing conditions. Accurate auditory 165 



 

perception requires the response patterns elicited by different sounds to be distinct and reliable. For 166 
consonant identification, the response to a particular instance of a consonant must be similar to responses to 167 
other instances of that consonant but different from responses to other consonants. 168 
In the context of any perceptual task, a neural response pattern can be separated into signal and noise, i.e. 169 
the components of the response which are helpful for the task and the components of the response which 170 
are not (Figure 4a). For consonant identification, the signal can be further divided into a common signal, 171 
which is common to all consonants, and a differential signal, which is specific to each consonant. The 172 
common signal reflects the average detectability (that is, audibility) of all consonants, while the differential 173 
signal determines how well different consonants can be discriminated. 174 
 175 
The noise can also be further divided based on the different sources of variability in neural response 176 
patterns. The first source of variability is nuisance noise, which arises because consonants are followed by 177 
different vowels or spoken by different talkers (note that while this component of the response serves as 178 
noise for this task, it could also serve as signal for a different task, such as talker identification). The second 179 
source of variability is internal noise, which reflects the fundamental limitations on neural coding due to the 180 
stochastic nature of spiking and other intrinsic factors. For speech in the presence of additional sounds, 181 
there is also external noise, which is the variability in responses that is caused by the additional sounds 182 
themselves. 183 
 184 
All of these signal and noise components have the potential to influence consonant identification through 185 
their impact on the neural response patterns and together they form a complete description of any response. 186 
To isolate each of these components in turn, we computed the covariance between response patterns with 187 
different forms of shuffling across consonants, vowels, and talkers. We performed this decomposition of the 188 
responses in the frequency domain by computing spectral densities in order to gain further insight into which 189 
features of speech were reflected in each component. 190 
 191 
The results are shown for a typical neuron for speech in quiet in Figure 4b. We first isolated the internal 192 
noise by comparing the power spectral density (PSD) of responses across a single trial of every syllable with 193 
the cross spectral density (CSD) of responses to repeated trials of the same speech (i.e. with the order of 194 
consonants, vowels, and talkers preserved). The PSD provides a frequency-resolved measure of the 195 
variance in a single neural response, while the CSD provides a frequency-resolved measure of the 196 
covariance between two responses. For an ideal neuron, repeated trials of identical speech would elicit 197 
identical responses and the CSD would be equal to the PSD. For a real neuron, the difference between the 198 
PSD and the CSD gives a measure of the internal noise. For the example neuron, the CSD was less than 199 
the PSD at all frequencies. The difference between the PSD and the CSD increased with increasing 200 
frequency up to 80 Hz and then remained relatively constant, indicating that the internal noise was smallest 201 
(and, thus, the neural responses most reliable) at frequencies corresponding to the envelope of the speech. 202 
We next isolated the nuisance noise by comparing the CSD to the cross spectral density of responses to 203 
repeated trials after shuffling across vowels and talkers (denoted as , ). After this shuffling, the only 204 
remaining covariance between the responses is that which is shared across different instances of the same 205 
consonants. For the example neuron, this covariance was only significant at frequencies corresponding to 206 
the speech envelope; at frequencies higher than 40 Hz, the ,  dropped below chance (denoted as 207 

). Thus, the nuisance noise, given by the difference between the CSD and the , , was largest at 208 
the frequencies corresponding to pitch (which is expected because pitch is reliably encoded in the response 209 
patterns but is not useful for talker-independent consonant identification). 210 
 211 
Finally, we isolated the common signal from the differential signal by comparing the , 	with the cross 212 
spectral density of the responses after shuffling across talkers, vowels, and consonants (denoted as 213 , , ). The only covariance between the responses that remains after this shuffling is that which is 214 
shared across all syllables. For the example neuron, both the differential signal, given by the difference 215 
between the , and the , , , and the common signal, given directly by the , , , were 216 
significant across the full range of speech envelope frequencies. 217 
 218 



 

At the population level, hearing loss impacted all components of the responses, with internal noise, nuisance 219 
noise, common signal, and differential signal all decreasing in magnitude (Figure 4c). The hearing aid 220 
increased the magnitude of both the internal noise and the nuisance noise (corresponding to the light and 221 
dark blue areas in Figure 4b, respectively), but both remained at or below normal levels. This suggests that 222 
mild-to-moderate hearing loss does not result in either fundamental limitations on neural coding or increased 223 
sensitivity to uninformative features of speech that can account for the failure of the hearing aid to restore 224 
consonant identification to normal. 225 
 226 
The hearing aid also restored the common signal (corresponding to the dark red area in Figure 4b) to 227 
normal, but failed to increase the magnitude of the differential signal (corresponding to the light red area in 228 
Figure 4b). Thus, the key difference between normal and aided responses appears to be their selectivity, i.e. 229 
the degree to which their average responses to different consonants are distinct. This difference was most 230 
pronounced in the low-frequency component of the responses (Figure 4d, left). In fact, the same failure of 231 
the hearing aid to increase the differential signal was evident when looking only at spike counts (Figure 4d, 232 
right), suggesting that the hearing aid fails to restore even the differences in overall activity across 233 
consonants. 234 
 235 
The selectivity of aided responses to tones is normal 236 
One possible explanation for the low selectivity of aided responses to speech is broadened frequency tuning, 237 
which would decrease sensitivity to differences in the spectral content of different consonants and increase 238 
the degree to which features of speech at one frequency are susceptible to masking by noise at other 239 
frequencies. The width of cochlear frequency tuning can increase with cochlear damage 27 and impaired 240 
frequency selectivity is often reported in people with hearing loss 10. However, the degree to which frequency 241 
tuning is broadened with hearing loss depends on both the severity of the hearing loss and the intensity of 242 
incoming sounds (because frequency tuning broadens with increasing intensity even with normal hearing). 243 
Forward-masking paradigms that provide psychophysical estimates that closely match neural tuning 244 
curves30–32 suggest changes in frequency tuning may not be significant for mild-to-moderate hearing loss at 245 
moderate sound intensities16. 246 
 247 
To characterize frequency tuning, we examined responses to pure tones presented at different frequencies 248 
and intensities. We defined the characteristic frequency (CF) of each neuron as the frequency that elicited a 249 
significant response at the lowest intensity and the threshold as the minimum intensity required to elicit a 250 
significant response at the CF (Figure 5a). Hearing loss caused an increase in thresholds across the range 251 
of speech-relevant frequencies, but this threshold shift was corrected by the hearing aid; in fact, aided 252 
thresholds were lower than those for normal hearing for CFs at both edges of the speech-relevant range 253 
(Figure 5b). 254 
 255 
The mean spike rate of individual neurons in response to pure tones presented at the same intensity as the 256 
speech (62 dB SPL) was decreased by hearing loss, but restored to normal by the hearing aid (Figure 5c, 257 
left). The width of frequency tuning (defined as the range of frequencies for which the mean spike rate was at 258 
least half of its maximum value) at the same relative intensity (14 dB above threshold) for each neuron was 259 
increased by hearing loss, as expected, but restored to normal by the hearing aid (Figure 5c, middle left). 260 
The width of frequency tuning at a fixed intensity of 62 dB SPL was decreased by hearing loss (Figure 5c, 261 
middle), as expected given the increased thresholds. Tuning width at this intensity was increased with the 262 
hearing aid, but remained slightly narrower than normal. This suggests that mild-to-moderate hearing loss 263 
does not result in broadened frequency tuning at moderate intensities even after amplification by the hearing 264 
aid. 265 
 266 
To determine directly whether the selectivity of responses to pure tones was impacted by hearing loss, we 267 
again isolated the differential signal component (that is, the component of the response that varies with tone 268 
frequency). The magnitude of the differential signal was unimpacted by hearing loss and was slightly higher 269 
than normal with the hearing aid (Figure 5c, middle right), indicating that there was no loss of selectivity. To 270 
confirm the normal selectivity of aided responses to tones, we trained a classifier to identify tone frequencies 271 
based on neural response patterns. The performance of the classifier was decreased by hearing loss but 272 
returned to normal with the hearing aid (Figure 5c, right). Thus, the failure of the hearing aid to restore 273 



 

consonant identification to normal does not appear to result from a general loss of frequency selectivity in 274 
neural responses. 275 
 276 
Hearing aid compression decreases the selectivity of responses to speech 277 
Our results thus far suggest that if the low selectivity of aided responses to speech reflects a supra-threshold 278 
auditory processing deficit with hearing loss, the deficit is only manifest for complex sounds. While this is 279 
certainly possible given the nonlinear nature of auditory processing, there is also another potential 280 
explanation: the low selectivity of responses to speech may be a result of distortions caused by the hearing 281 
aid itself 22,23. The multi-channel WDRC algorithm in the hearing aid constantly adjusts the amplification 282 
across frequencies, with each frequency receiving more amplification when it is weakly present in the 283 
incoming sound and less amplification when it is strongly present. This results in a compression of incoming 284 
sound across frequencies and time into a reduced range. Since a pure tone is a simple sound with a single 285 
frequency and constant amplitude, this compression has relatively little impact. But for complex sounds with 286 
multiple frequencies that vary in amplitude over time, such as speech, this compression serves to decrease 287 
both spectral and temporal contrast. 288 
 289 
The WDRC algorithm is designed to replace the normal amplification and compression that are lost because 290 
of cochlear damage. But there are two potential problems with this approach. First, whereas normal cochlear 291 
compression does decrease spectral and temporal contrast, there are also other mechanisms acting in a 292 
healthy cochlea that counteract this by increasing contrast (for example, cross-frequency suppression) that 293 
are not included in the WDRC algorithm21. Second, there is evidence to suggest that with mild-to-moderate 294 
hearing loss, amplification of low intensity sounds is impaired but compression of moderate and high 295 
intensity sounds remains normal33–35. Thus, the total compression for the aided condition with mild-to-296 
moderate hearing loss may be higher than normal, resulting in an effective decrease in the spectral and 297 
temporal contrast of complex sounds as represented in the neural code. 298 
 299 
To investigate the impact of the hearing aid compression on the selectivity of responses to speech, we first 300 
computed the spectrograms of each instance of each consonant before and after processing with the 301 
hearing aid and measured their contrast (Figure 6a). On average, the spectrotemporal contrast after 302 
processing with the hearing aid was 15% lower than in the original sound (Figure 6b, left). This decrease in 303 
contrast was reflected in the performance of a classifier trained to identify the consonant in each 304 
spectrogram, which also decreased after processing with the hearing aid (Figure 6b, right). 305 
 306 
If the hearing aid compression is responsible for the low selectivity of neural responses, then it should be 307 
possible to improve selectivity (and, thus, consonant identification) by providing amplification without 308 
compression. We presented the same consonant-vowel syllables after linear amplification (with a fixed gain 309 
of 20 dB applied across all frequencies) and compared the results of classification and response 310 
decomposition to those for the original speech. Linear amplification without compression restored both 311 
classifier performance and the magnitude of the differential signal to normal (Figure 6c). Thus, the failure of 312 
the hearing aid to restore response selectivity and consonant identification for speech in quiet appears to 313 
result from hearing aid compression rather than a deficit in supra-threshold auditory processing with hearing 314 
loss. Linear amplification is able to restore the selectivity of neural responses and, consequently, consonant 315 
identification by restoring audibility without distorting the spectral and temporal features of speech. 316 
 317 
Amplification decreases consonant identification in noise for all hearing conditions 318 
We next investigated whether removing hearing aid compression and providing only linear amplification was 319 
also sufficient to restore consonant identification to normal for speech in the presence of additional sounds. 320 
While linear amplification was sufficient to restore consonant identification in the presence of a second 321 
independent talker, it failed in multi-talker noise (Figure 6d). This suggests that for speech in noise, there are 322 
additional reasons for the failure of the hearing aid to restore consonant identification beyond just the 323 
distortions caused by hearing aid compression. 324 
 325 
The failure of both the hearing aid and linear amplification to restore consonant identification in noise could 326 
reflect a supra-threshold auditory processing deficit with hearing loss that is only manifest in difficult listening 327 
conditions, but this is not necessarily the case. Even with normal hearing, the intelligibility of speech in noise 328 



 

decreases as overall intensity increases (an effect known as ‘rollover’ with a complex physiological 329 
basis13,15,36). When the background noise is dominated by low frequencies (as is the case for multi-talker 330 
noise), speech intelligibility decreases by approximately 5% for every 10 dB increase in overall intensity 331 
above moderate levels, even when the speech-to-noise ratio remains constant 14,37. Thus, the differences in 332 
the perception of moderate-intensity speech-in-noise with normal hearing and that of amplified speech-in-333 
noise with hearing loss may not reflect the effects of hearing loss per se, but rather the unintended 334 
consequences of amplifying sounds to high intensities to restore audibility. 335 
 336 
To assess the impact of rollover on the neural code, we compared consonant identification and response 337 
decomposition with normal hearing before and after linear amplification. The amplification to high intensity 338 
did not impact consonant identification in quiet or in the presence of second talker, but decreased consonant 339 
identification in multi-talker noise (Figure 7a). This decrease in consonant identification in noise at high 340 
intensities with normal hearing appears to result from a decrease in response selectivity; the magnitude of 341 
the differential signal was significantly smaller after amplification, while the magnitudes of the common signal 342 
and total noise were unchanged (Figure 7b; note that because we did not present repeated trials of ‘frozen’ 343 
multi-talker noise, we cannot isolate the individual noise components but we can still measure the total 344 
magnitude of all noise components as the difference between the PSD and the , ). 345 
 346 
To determine whether rollover can account for the deficit in consonant identification in noise with hearing 347 
loss that remains even after linear amplification, we compared consonant identification after linear 348 
amplification for both hearing loss and normal hearing (that is, using responses to amplified speech for both 349 
conditions). When compared at the same high intensity, consonant identification with or without hearing loss 350 
was not significantly different (Figure 7c). Thus, the failure of both the hearing aid and linear amplification to 351 
restore consonant identification in noise does not appear to reflect a deficit in supra-threshold processing 352 
caused by hearing loss, but rather a deficit in high-intensity processing that is present even with normal 353 
hearing. 354 
 355 
Taken together, our results provide a clear picture of the challenge that must be overcome to restore normal 356 
auditory perception after mild-to-moderate hearing loss. Amplification is required to restore audibility, but can 357 
also reduce the selectivity of neural responses in complex listening conditions. Thus, a hearing aid must 358 
provide amplification while also transforming incoming sounds to compensate for the loss of selectivity at 359 
high intensities. Current hearing aids provide the appropriate amplification but fail to implement the required 360 
additional transformation and, in fact, appear to further decrease selectivity through compression that 361 
decreases the spectrotemporal contrast of incoming sounds. 362 
 363 
Discussion 364 
This study was designed to identify the reasons why hearing aids fail to restore normal auditory perception 365 
through analysis of the underlying neural code. Our results suggest that difficulties during aided listening with 366 
mild-to-moderate hearing loss arise primarily from the decreased selectivity of neural responses. While a 367 
hearing aid corrected many of the changes in neural response patterns that were caused by hearing loss, 368 
the average response patterns elicited by different consonants remained less distinct than with normal 369 
hearing. The low selectivity of aided responses to speech did not appear to reflect a fundamental deficit in 370 
supra-threshold auditory processing as the selectivity of responses to moderate-intensity tones was normal. 371 
In fact, for speech in quiet, the low selectivity resulted from compression in the hearing aid itself that 372 
decreased the spectrotemporal contrast of incoming sounds; linear amplification without compression 373 
restored selectivity and consonant identification to normal. For speech in multi-talker noise, however, 374 
selectivity and consonant identification remained low even after linear amplification. But linear amplification 375 
also decreased the selectivity of neural responses with normal hearing such that, when compared at the 376 
same high intensity, consonant identification in noise with normal hearing and hearing loss were similar. 377 
These results are consistent with the idea that for mild-to-moderate hearing loss, decreased speech 378 
intelligibility is primarily caused by decreased audibility 38 rather than supra-threshold processing deficits. 379 
While real-world speech perception is influenced by contextual and linguistic factors that our analysis of 380 
responses to isolated consonants cannot account for, performance in consonant identification and open-set 381 
word recognition tasks are highly correlated for both normal hearing listeners and listeners with hearing loss 382 



 
39,40. Of course, there are many listeners whose problems go beyond audibility and selectivity for the basic 383 
acoustic features of speech: more severe or specific hearing loss may result in additional supra-threshold 384 
deficits 10; cognitive factors may interact with hearing loss to create additional difficulties in real-world 385 
scenarios 7; and supra-threshold deficits can exist without any significant loss of audibility for a variety of 386 
reasons 41. But numerous perceptual studies have reported that the intelligibility of speech-in-noise at high 387 
intensities for people with mild-to-moderate hearing loss is essentially normal in both consonant identification 388 
and open-set word recognition tasks 14,17–20. Unfortunately, because of rollover, even normal processing is 389 
impaired at high intensities. Thus, those with hearing loss must currently choose between listening naturally 390 
to low- and moderate-intensity sounds and suffering from reduced audibility, or artificially amplifying sounds 391 
to high intensities and suffering from rollover (Figure 7d). 392 
 393 
Overcoming the current trade-off between loss of audibility and rollover is a challenge, but our results are 394 
encouraging with respect to the potential of future hearing aids to bring significant improvements. We found 395 
that current hearing aids already restore many aspects of the neural code for speech to normal, including 396 
mean spike rates, selectivity for pure tones, fundamental limitations on coding (as reflected by internal 397 
noise), and sensitivity to prosodic aspects of speech (as reflected by nuisance noise). Instead of 398 
compression, which appears to exacerbate the loss of selectivity that accompanies amplification to high 399 
intensities, the next-generation of hearing aids must incorporate additional processing to counteract the 400 
mechanisms that cause rollover. There have been a number of previous attempts to manipulate the features 401 
of speech to improve perception by, for example, enhancing spectral contrast 42–47. But these strategies have 402 
typically been developed to counteract processing deficits that are a direct result of severe hearing loss, e.g. 403 
loss of cross-frequency suppression, that may not be present with mild-to-moderate loss. New approaches 404 
that are specifically designed to improve perception at high intensities even for normal hearing listeners may 405 
be more effective. 406 
 407 
The mechanisms that underlie rollover are not well understood. One likely contributor is the broadening of 408 
cochlear frequency tuning with increasing sound level, which decreases the frequency selectivity of 409 
individual auditory nerve fibres and increases the spread of masking from one frequency to another 48. But 410 
rollover is also apparent when speech is processed to contain primarily temporal cues, suggesting that there 411 
are contributions from additional factors such as increased cochlear compression at high intensities that 412 
distorts the speech envelope or reduced differential sensitivity of auditory nerve fibres at intensities that 413 
exceed their dynamic range36. The simplest way to avoid rollover is, of course, to decrease the intensity of 414 
incoming sounds. There are already consumer devices that seek to improve speech perception by 415 
controlling intensity through sealed in-ear headphones and active noise cancellation49. But for traditional 416 
open-ear hearing aids, complete control of intensity is not an option; such devices must instead employ 417 
complex sound transformations to counteract the negative effects of high intensities without necessarily 418 
changing the overall intensity itself. 419 
 420 
The required sound transformations are likely to be highly nonlinear and identifying them through traditional 421 
engineering approaches may be difficult. But recent advances in machine learning may provide a way 422 
forward. It may be possible to train deep neural networks to learn complex sound transformations to 423 
counteract the effects of rollover in normal hearing listeners or the joint effects of rollover and hearing loss in 424 
impaired listeners. These complex transformations could also potentially address other issues that are 425 
ignored by the WDRC algorithm in current hearing aids, such as adaptive processes that modulate neural 426 
activity based on high-order sound statistics or over long timescales50,51. Deep neural networks may also be 427 
able to learn sound transformations that avoid the distortions in binaural cues created by current hearing aids 428 
53,54, enabling the design of new strategies for cooperative processing between devices. 429 
 430 
The multi-channel WDRC algorithm in current hearing aids is designed to compensate for the dysfunction of 431 
outer hair cells (OHCs) in the cochlea. The OHCs normally provide amplification and compression of 432 
incoming sounds, but with hearing loss their function is often impaired either through direct damage or 433 
through damage to supporting structures55. The true degree of OHC dysfunction in any individual is difficult 434 
to determine, so the WDRC algorithm provides amplification and compression in proportion to the measured 435 
loss of audibility across different frequencies, which reflects loss of amplification. But while severe hearing 436 
loss may result in a loss of both amplification and compression, several studies have found that mild-to-437 



 

moderate hearing loss appears to result in a loss of amplification only33–35. Thus, with mild-to-moderate loss, 438 
the use of a WDRC hearing aid can result in excess compression that distorts the acoustic features of 439 
speech22,23. Our results demonstrate that these distortions result in the representation of different speech 440 
elements in the neural code being less distinct from each other. 441 
 442 
A number of studies of speech perception in people with mild-to-moderate hearing loss have found that 443 
linear amplification without compression is often comparable or superior to WDRC hearing aids9,23,56,57. Our 444 
analysis of the neural code provides a physiological explanation for these findings and adds support to the 445 
growing movement to increase uptake of hearing aids through the development and provision of simple, 446 
inexpensive devices that can be obtained over-the-counter58,59. Cost is a major barrier to hearing aid use, 447 
with a typical device in the US costing more than $2000 (ref. 60). However, most of this cost can be attributed 448 
to associated services that are bundled with the device, e.g. testing and fitting. The hardware itself typically 449 
accounts for less than $100 (indeed, a recent study demonstrated a prototype device that provided 450 
adjustable, frequency-specific amplification costing less than $1; ref. 61). Fortunately, neither the services nor 451 
premium features that increase cost are essential 62. Recent clinical evaluations of over-the-counter personal 452 
sound amplification products (PSAPs) have shown that they often provide similar benefit to premium hearing 453 
aids fit by professional audiologists63–65. Thus, there is now compelling physiological, psychophysical, and 454 
clinical evidence to suggest that inexpensive, self-fitting devices can provide benefit for people with mild-to-455 
moderate hearing loss that is comparable to that provided by current state-of-the-art devices. 456 
 457 
This conclusion has important implications for strategies to combat the global burden of hearing loss. Simple 458 
devices may only be appropriate for people with mild-to-moderate loss, but this group currently includes 459 
more than 500 million people worldwide1. Thus, the wide adoption of simple devices could have a substantial 460 
impact, especially in low-and middle-income countries where the burden of hearing loss is largest and the 461 
uptake of hearing aids is lowest. Ideally, the next generation of state-of-the-art hearing aids will bring 462 
improvements in both benefit and affordability. But given the need for urgent action to mitigate the impact of 463 
hearing loss on wellbeing and mental health1,3 and the potential for simple devices to provide significant 464 
benefit, promoting their use should be considered as a potential public health priority. 465 
 466 
 467 
Methods 468 
 469 
Experimental protocol 470 
Experiments were performed on 35 young-adult gerbils of both sexes that were born and raised in standard 471 
laboratory conditions. Twenty of the gerbils were exposed to noise when they were 10-12 weeks old. ABR 472 
recordings and large-scale IC recordings were made from all gerbils when they were 14-18 weeks old. The 473 
study protocol was approved by the Home Office of the United Kingdom under license number 7007573. All 474 
experimental control and data analysis was carried out using custom code in Matlab R2019a. 475 
 476 
Noise exposure 477 
Sloping mild-to-moderate sensorineural hearing loss was induced by exposing anesthetized gerbils to high-478 
pass filtered noise with a 3 dB/octave roll-off below 2 kHz at 118 dB SPL for 3 hours 66.  For anesthesia, an 479 
initial injection of 0.2 ml per 100 g body weight was given with fentanyl (0.05 mg per ml), medetomidine (1 480 
mg per ml), and midazolam (5 mg per ml) in a ratio of 4:1:10. A supplemental injection of approximately 1/3 481 
of the initial dose was given after 90 minutes. Internal temperature was monitored and maintained at 38.7° C. 482 
 483 
Auditory brainstem responses 484 
Animals were placed in a sound-attenuated chamber, and anesthesia and internal temperature were 485 
maintained as for noise exposure. An ear plug was inserted into one ear and a free-field speaker was placed 486 
10 cm from the other ear. The sound level was calibrated prior to each recording using a microphone that 487 
was placed next to the open ear. Subdermal needles were used as electrodes with the active electrode 488 
placed behind the open ear, the reference placed over the nose, and the ground placed in a rear leg. 489 
Recordings were bandpass filtered between 300 and 3000 Hz. Clicks (0.1 ms) and tones (4 ms with 490 
frequencies ranging from 500 Hz to 8000 Hz in 1 octave steps with 0.5 ms cosine on and off ramps) were 491 
presented at intensities ranging from 5 dB SPL to 85 dB SPL in 5 dB steps with a 25 ms pause between 492 



 

presentations. All sounds were presented 2048 times (1024 times with each polarity). Thresholds were 493 
defined as the lowest intensity at which the root mean square (RMS) of the mean response across 494 
presentations was more than twice the RMS of the mean of 2048 trials of activity recorded during silence. 495 
 496 
Large-scale electrophysiology 497 
Animals were placed in a sound-attenuated chamber and anesthetized for surgery with an initial injection of 498 
1 ml per 100 g body weight of ketamine (100 mg per ml), xylazine (20 mg per ml), and saline in a ratio of 499 
5:1:19. The same solution was infused continuously during recording at a rate of approximately 2.2 μl per 500 
min. Internal temperature was monitored and maintained at 38.7° C. A small metal rod was mounted on the 501 
skull and used to secure the head of the gerbil in a stereotaxic device. Two craniotomies were made along 502 
with incisions in the dura mater, and a 256-channel multi-electrode array (Neuronexus) was inserted into the 503 
central nucleus of the IC in each hemisphere (Figure 1a, Figure S1). The arrays were custom-designed to 504 
maximize coverage of the portion of the gerbil IC that is sensitive to the frequencies that are present in 505 
speech. 506 
 507 
Multi-unit activity 508 
MUA was measured from recordings on each channel of the array as follows: (1) a high pass filter was 509 
applied with a cutoff frequency of 500 Hz; (2) the absolute value was taken; (3) a low pass filter was applied 510 
with a cutoff frequency of 300 Hz. This measure of multi-unit activity does not require choosing a threshold; it 511 
simply assumes that the temporal fluctuations in the power at frequencies above 500 Hz reflect the spiking of 512 
neurons near each recording site. 513 
 514 
Spike sorting 515 
Single-unit spikes were isolated using Kilosort 67 with default parameters. Recordings were separated into 516 
overlapping 1-hour segments with a new segment starting every 15 minutes. Kilosort was run separately on 517 
each segment and clusters from separate segments were chained together if at least 90% of their events 518 
were identical during their period of overlap. Clusters were retained for analysis only if they were present for 519 
at least 2.5 hours of continuous recording. This persistence criterion alone was sufficient to identify clusters 520 
that also satisfied the usual single-unit criteria with clear isolation from other clusters, lack of refractory period 521 
violations, and symmetric amplitude distributions (see Figure S4). 522 
 523 
Sounds 524 
Sounds were delivered to speakers (Etymotic ER-2) coupled to tubes inserted into both ear canals along 525 
with microphones (Etymotic ER-10B+) for calibration. The frequency response of these speakers measured 526 
at the entrance of the ear canal was flat ( ± 5 dB SPL) between 0.2 and 8 kHz. The full set of sounds 527 
presented is described below. All sounds were presented diotically except for multi-talker speech babble 528 
noise, which was processed by a head-related transfer function to simulate talkers from many different 529 
spatial locations. 530 
 (1) Tone set 1: 50 ms tones with frequencies ranging from 500 Hz to 8000 Hz in 0.5 octave steps and 531 
intensities ranging from 6 dB SPL to 83 dB SPL in 7 dB steps with 2 ms cosine on and off ramps and 175 ms 532 
pause between tones. Tones were presented 8 times each in random order.  533 
(2) Tone set 2: 50 ms tones with frequencies ranging from 500 Hz to 8000 Hz in 0.5 octave steps at 62 dB 534 
SPL with 5 ms cosine on and off ramps and 175 ms pause between tones. Tones were presented 128 times 535 
each in random order.  536 
(3) Consonant-vowel (CV) syllables: Speech utterances taken from the Articulation Index LSCP (LDC 537 
Catalog No.: LDC2015S12). Utterances were from 8 American English speakers (4 male, 4 female). Each 538 
speaker pronounced CV syllables made from all possible combinations of 12 consonants and 4 vowels. The 539 
consonants included the sibilant fricatives ʃ, ʒ, s, and z, the stops t, k, b, and d, the nasals n and m, and the 540 
non-sibilant fricatives v and ð. The vowels included a, æ, i, and o. Utterances were presented in random 541 
order with 175 ms pause between sounds at an intensity of 62 dB SPL (or 82 dB SPL after 20 dB linear 542 
amplification). Two identical trials of the full set of syllables were presented for each condition (e.g. 62 or 82 543 
dB SPL, with or without second talker or multi-talker noise, with or without hearing aid). All results reported 544 
are based on analysis of only the first trial, except for those relying on computation of cross spectral 545 
densities and noise correlations for which both trials were used. 546 



 

(4) Second independent talker: Speech from 16 different talkers taken from the UCL Scribe database 547 
(https://www.phon.ucl.ac.uk/resource/scribe) provided by Prof. Mark Huckvale was concatenated to create a 548 
continuous stream of ongoing speech with one talker at a time. 549 
(5) Omni-directional multi-talker speech babble noise: Speech from 16 different talkers from the Scribe 550 
database was summed to create speech babble. The speech from each talker was first passed through a 551 
gerbil head-related transfer function 68 using software provided by Dr. Rainer Beutelmann (Carl von 552 
Ossietzky University) to simulate its presentation from a random azimuthal angle. 553 
 554 
Hearing aid simulation 555 
10-channel WDRC processing was simulated using a program provided by Prof. Johsua Alexander (Purdue 556 
University) 69. The crossover frequencies between channels were 200, 500, 1000, 1750, 2750, 4000, 5500, 557 
7000, and 8500 Hz. The intensity thresholds below which amplification was linear for each channel were 45, 558 
43, 40, 38, 35, 33, 28, 30, 36, and 44 dB SPL. The attack and release times (the time constants of the 559 
changes in gain following an increase or decrease in the intensity of the incoming sound, respectively) for all 560 
channels were 5 and 40 ms, respectively. The gain and compression ratio for each channel were fit 561 
individually for each ear of each gerbil using the Cam2B.v2 software provided by Prof. Brian Moore 562 
(Cambridge University) 70. The gain before compression typically ranged from 10 dB at low frequencies to 25 563 
dB at high frequencies. The compression ratios typically ranged from 1 to 2.5, i.e. the increase in sound 564 
intensity required to elicit a 1 dB increase in the hearing output ranged from 1 dB to 2.5 dB when 565 
compression was engaged.  566 
 567 
Data analysis 568 
Visualization of population response patterns 569 
To reduce the dimensionality of population response patterns, the responses for each neuron were first 570 
converted to spike count vectors with 5 ms time bins. The responses to all syllables from all neurons across 571 
all gerbils for a given hearing condition were combined into one matrix and a principal component 572 
decomposition was performed to find a small number of linear combinations of neurons that best described 573 
the full population. To visualize responses in three dimensions, single trial or mean responses were 574 
projected into the space defined by the first three principal components.  575 
 576 
Classification of population response patterns 577 
Populations were formed by sampling at random, without replacement, from neurons from across all gerbils 578 
for a given hearing condition until there were no longer enough neurons remaining to form another 579 
population. (Note that each population thus contained both simultaneously and non-simultaneously recorded 580 
neurons. The simultaneity of recordings could impact classification if the responses contain noise 581 
correlations, i.e. correlations in trial-to-trial variability, which would be present only in simultaneous 582 
recordings. But we have shown previously under the same experimental conditions that the noise 583 
correlations in IC populations are negligible 71. This was also true of the populations used in this study 584 
(Figure S5)). 585 
 586 
Unless otherwise noted, populations of 150 neurons were used and classification was performed after 587 
converting the responses for each neuron to spike count vectors with 5 ms time bins. Only the first 150 ms of 588 
the responses to each syllable were used to minimize the influence of the vowel. The classifier was a 589 
support vector machine with a max-wins voting strategy based on all possible combinations of binary 590 
classifiers and 10-fold cross validation. To ensure the generality of the results, different classifiers, neural 591 
representations, and population sizes were also tested (see Figures S2,S3).  592 
 593 
Computation of spectral densities 594 
Spectral densities were computed as a measure of the frequency-specific covariance between two 595 
responses (or variance of a single response). To compute spectral densities, responses to all syllables with 596 
different consonants and vowels spoken by different talkers were concatenated in time and converted to 597 
binary spike count vectors with 1 ms time bins  598 = [ , , 	 , , …	 , , ]	 
where , , = [ , , [1]	 , , [2]… , , [ ]] is the binary spike count vector with N time bins for the response to 599 
one syllable composed of consonant c and vowel v spoken by talker t. Responses were then separated into 600 



 

300 ms segments with 50% overlap and each segment was multiplied by a Hanning window. The cross 601 
spectral density between two responses was then computed as the average across segments of the discrete 602 
Fourier transform of one response with the complex conjugate of the discrete Fourier transform of the other 603 
response 604 

, ( ) = 	 1 [ ( )∗	 ( )] 
where , ( ) is the cross spectral density between responses  and ,  is the total number of segments, 605 ( )∗ is the complex conjugate of the discrete Fourier transform of the  segment of , and ( )	is the 606 
discrete Fourier transform of the  segment of . The values for negative frequencies were discarded. 607 
The final spectral density was smoothed using a median filter with a width of 0.2 octaves and scaled such 608 
that its sum across all frequencies was equal to the total covariance between the two responses 609 

, ( ) = ( , ). 
Several different spectral densities were computed before and after shuffling the order of the syllables in the 610 
concatenated responses to isolate different sources of covariance as described in the Results. 611 
PSD - the power spectral density of a single response: 612 

 = = response to one trial of speech with all syllables in original order 613 
CSD - the cross spectral density of responses to repeated identical trials: 614 

 = response to one trial of speech with all syllables in original order 615 
 = response to another trial of speech with all syllables in original order 616 ,  - the cross spectral density of responses after shuffling of vowels and talkers, leaving the 617 

responses matched for consonants only:  618 
 = response to one trial of speech with all syllables in original order 619 
 = response to another trial of speech after shuffling of vowels and talkers 620 , ,  - the cross spectral density of responses after shuffling of consonants, vowels and talkers, leaving 621 

the responses matched for syllable onset only: 622 
 = response to one trial of speech with all syllables in original order 623 
 = response to another trial of speech after shuffling of consonants, vowels and talkers 624 	- the cross spectral density of responses after shuffling of consonants, vowels and talkers and 625 

randomization of the phase of the Fourier transform of each response segment, leaving the responses 626 
matched for overall magnitude spectrum only: 627 

 = response to one trial of speech with all syllables in original order 628 
 = response to another trial of speech after shuffling of consonants, vowels and talkers 629 

To isolate the differential signal component of responses to tones, the same approach was used with 630 
shuffling of frequencies. 631 
 632 
Classification of spectrograms 633 
To convert sound waveforms to spectrograms, they were first separated into 80 ms segments with 87.5% 634 
overlap, then multiplied by a Hamming window. The discrete Fourier transform of each segment was taken, 635 
then the magnitude was extracted and converted to a logarithmic scale. Classification was performed using a 636 
support vector machine as described above for neural responses. Only the first 150 ms of the responses to 637 
each syllable were used. 638 
 639 
Reporting summary 640 
Further information on research design is available in the Nature Research Reporting Summary linked to this 641 
article. 642 
 643 
Data availability 644 
Recordings of consonant-vowel syllables are available from the Linguistic Data Consortium (Catalog No.: 645 
LDC2015S12). Recordings of continuous speech are available from the UCL Scribe database 646 
(https://www.phon.ucl.ac.uk/resource/scribe). The database of neural recordings that were analysed in this 647 



 

study is too large to be publicly shared, but is available from the corresponding author on reasonable 648 
request. 649 
 650 
Code availability 651 
The custom Matlab code used in this study is available at https://github.com/nicklesica/neuro. 652 
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 833 
Figure captions 834 
 835 
Fig. 1 | Large-scale recordings of neural activity from the inferior colliculus with normal hearing and 836 
mild-to-moderate hearing loss. a, Schematic diagram showing the geometry of custom-designed electrode 837 
arrays for large-scale recordings in relation to the inferior colliculus in gerbils. b, Threshold shifts with hearing 838 
loss and corresponding hearing aid amplification. Top: Hearing loss as a function of frequency in noise-839 
exposed gerbils (mean ± standard error, n = 20). The values shown are the ABR threshold shift relative to 840 
the mean of all gerbils (n = 15) with normal hearing. Bottom: Hearing aid amplification as a function of 841 
frequency for speech at 62 dB SPL with gain and compression parameters fit to the average hearing loss 842 
after noise exposure. The values shown are the average across 5 minutes of continuous speech. c, MUA 843 
recorded in the inferior colliculus during the presentation of tones. Left, The MUA FRAs for 16 channels from 844 
a normal hearing gerbil. Each subplot shows the average activity recorded from a single channel during the 845 
presentation of tones with different frequencies and intensities. The colormap for each plot is normalized to 846 
the minimum and maximum activity level across all frequencies and intensities. Middle: MUA FRAs for 16 847 
channels from a gerbil with hearing loss. Right, The average MUA FRAs across all channels from all gerbils 848 
for each hearing condition. The lines indicate the lowest intensity for each frequency at which the mean MUA 849 
was more than 3 standard deviations above the mean MUA during silence. The line for normal hearing is 850 
shown in blue on all three subplots. 851 
 852 
Fig. 2 | Single-trial responses to speech can be classified with high accuracy. a, Single-unit responses 853 
to speech. Each column shows the sound waveform for one instance of a syllable and the corresponding 854 
raster plots for repeated presentations of that syllable for two example neurons from a gerbil with normal 855 
hearing. b, Left, Low-dimensional visualization of population single-trial responses to speech. Each line 856 
shows the responses from all neurons from all gerbils with normal hearing after principal component 857 
decomposition and projection into the space defined by the first three principal components. Responses to 858 
two repeated presentations for each of three syllables (indicated by the three colours) are shown. The time 859 
points corresponding to syllable onset are indicated by t = 0 s. Right, Low-dimensional visualization of mean 860 
population response to each consonant. Each line shows responses as in b after averaging across all 861 
presentations of syllables with the same consonant. Mean responses to each of 12 consonants are shown, 862 
with colours corresponding to consonant categories: sibilant fricatives (orange), stops (pink), and nasals and 863 
non-sibilant fricatives (blue). c, Performance and confusion patterns for a support-vector-machine classifier 864 



 

trained to identify consonants based on population single-trial responses to speech at 62 dB SPL. Left, Each 865 
row shows the frequency with which responses to one consonant were identified as that consonant (diagonal 866 
entries) or other consonants (off-diagonal entries) by the classifier. The values on the diagonal entries are 867 
the F1 score computed as 2 x (precision x recall) / (precision + recall), where precision = true positives / (true 868 
positives + false positives) and recall = true positives / (true positives + false negatives). The values shown 869 
are the average across all populations. Right, Consonants were assigned angles along a unit circle 870 
(indicated by black letters). For each single-trial response for a given actual consonant, a vector was formed 871 
with magnitude 1 and angle corresponding to the consonant that the response was identified as by the 872 
classifier. The positions of the coloured letters indicate the sum of these vectors across all responses for 873 
each consonant. 874 
 875 
Fig. 3 | Hearing aids restore speech audibility but not consonant identification. a, Single-unit 876 
responses to speech. Each column shows the sound waveform for one instance of a syllable and the 877 
corresponding raster plots for repeated presentations of that syllable for two example neurons from a gerbil 878 
with hearing loss, without and with a hearing aid. b, Left, Spike rate of single-unit responses to speech at 62 879 
dB SPL. Results are shown for neurons from normal hearing gerbils (NH) and gerbils with hearing loss 880 
without (HL) and with (HA) a hearing aid (mean ± 95% confidence intervals derived from bootstrap 881 
resampling across neurons; *** indicates p < 0.001, ** indicates p < 0.01, * indicates p < 0.05, ns indicates 882 
not significant; for sample sizes and details of statistical tests for all figures, see Table S1). Right, 883 
Performance of a support-vector-machine classifier trained to detect speech at 62 dB SPL in silence based 884 
on individual single-unit responses (the first 150 ms of single-trial responses represented as spike counts 885 
with 5 ms time bins), presented as in the panel on the left. c, Performance of a support-vector-machine 886 
classifier trained to identify consonants based on population single-trial responses to speech at 62 dB SPL. 887 
Results are shown for three conditions: speech in quiet, speech in the presence of ongoing speech from a 888 
second talker at equal intensity, and speech in the presence of multi-talker babble noise at equal intensity 889 
(values for each population are shown along with mean ± 95% confidence intervals derived from bootstrap 890 
resampling across populations). 891 
 892 
Fig. 4 | Hearing aids fail to restore the selectivity of neural responses to speech. a, The different signal 893 
and noise components of neural responses in the context of a consonant identification task. b, Spectral 894 
decomposition of responses for an example neuron. Each line shows a power spectral density or cross 895 
spectral density computed from responses before and after different forms of shuffling, and each filled area 896 
indicates the fraction of the total response variance corresponding to each response component. The 897 
superscripts C, V, and T denote consonants, vowels, and talkers, respectively. CSD0 was computed after 898 
shuffling and phase randomization in the spectral domain. c, Magnitude of different response components 899 
for single-unit responses to speech at 62 dB SPL. Results are shown for neurons from normal hearing 900 
gerbils (NH) and gerbils with hearing loss without (HL) and with (HA) a hearing aid (mean ± 95% confidence 901 
intervals derived from bootstrap resampling across neurons). d, Left, Magnitude of the differential signal 902 
component as a function of frequency for single-unit responses to speech at 62 dB SPL (mean ± 95% 903 
confidence intervals derived from bootstrap resampling across neurons indicated by shaded regions). Right, 904 
Magnitude of the differential signal component for single-unit spike counts (the total number of spikes in the 905 
response to each syllable) for speech at 62 dB SPL, presented as in c. 906 
 907 
Fig. 5 | Hearing aids restore the selectivity of neural responses to tones. a, Single-unit responses to 908 
tones. The FRA for an example single-unit from a gerbil with hearing loss showing the mean spike rate 909 
during the presentation of tones with different frequencies and intensities without (left) and with (right) a 910 
hearing aid. The center frequency (CF) and threshold (white dot) are indicated. The lines indicate the lowest 911 
intensity for each frequency at which the response was significantly greater than responses recorded during 912 
silence (probability of observed spike count p < 0.01 assuming Poisson-distributed counts; no correction was 913 
made for multiple comparisons). The colormap for each plot is normalized to the minimum and maximum 914 
spike rate across all frequencies and intensities. b, Threshold shift as a function of frequency for single-unit 915 
responses to tones. Results are shown for neurons (n = 2664) from gerbils with hearing loss without (HL) 916 
and with (HA) a hearing aid. The values shown are the threshold shift relative to the mean of all neurons 917 
from all gerbils with normal hearing (mean ± 95% confidence intervals derived from bootstrap resampling 918 
across neurons). c, Left, Spike rate of single-unit responses to tones at 62 dB SPL. Results are shown for 919 



 

neurons from normal hearing gerbils (NH) and gerbils with hearing loss without (HL) and with (HA) a hearing 920 
aid (mean ± 95% confidence intervals derived from bootstrap resampling across neurons). Middle left, 921 
Tuning width of single-unit responses to tones at 14 dB above threshold, presented as in the leftmost panel. 922 
The values shown are the range of frequencies for which the mean spike rate during the presentation of a 923 
tone was at least half of its maximum value across all frequencies. Middle, Tuning width of single-unit 924 
responses to tones at 62 dB SPL, presented as in the leftmost panel. Middle right, Magnitude of the 925 
differential signal component for single-unit responses to tones at 62 dB SPL, presented as in leftmost panel. 926 
Right, Performance of a support-vector-machine classifier trained to identify tone frequency based on 927 
population single-trial responses (represented as spike counts with 5 ms time bins) to tones at 62 dB SPL 928 
(mean ± 95% confidence intervals derived from bootstrap resampling across populations). Populations of 10 929 
neurons were formed by sampling at random, without replacement, from neurons from all gerbils until there 930 
were no longer enough neurons remaining to form another population. A population size of 10 was used to 931 
allow for accurate classifier performance for all conditions while avoiding the 100% ceiling for any condition.  932 
 933 
Fig. 6 | Hearing aid compression decreases the selectivity of neural responses to speech. a, 934 
Spectrograms showing the log power across frequencies at each time point in one instance of the syllable 935 
“za” before and after processing with a hearing aid. b, Left, percent change in RMS contrast of all syllables 936 
(n = 384 instances with 16 consonants followed by each of 4 vowels spoken by each of 8 talkers) after 937 
processing with a hearing aid. Only the first 150 ms of each syllable were used. Right, Performance of a 938 
support-vector-machine classifier trained to identify consonants based on spectrograms either before 939 
(Original) or after (HA) processing with a hearing aid (mean ± standard error across 10 different held-out 940 
samples). c, Left, Performance of a support-vector-machine classifier trained to identify consonants based 941 
on population single-trial responses to speech at 62 dB SPL. Results are shown for normal hearing gerbils 942 
(NH) and gerbils with hearing loss without a hearing aid (HL), with a hearing aid (HA), and with linear 943 
amplification (HL+20dB) (values for each population are shown along with mean ± 95% confidence intervals 944 
derived from bootstrap resampling across populations). Right, Magnitude of the differential signal component 945 
for single-unit responses to speech at 62 dB SPL (mean ± 95% confidence intervals derived from bootstrap 946 
resampling across neurons). d, Performance of a support-vector-machine classifier trained to identify 947 
consonants based on population single-trial responses to speech at 62 dB SPL. Results are shown for 948 
speech in the presence of ongoing speech from a second talker at equal intensity and speech in the 949 
presence of multi-talker babble noise at equal intensity, presented as in c. 950 
 951 
Fig. 7 | Amplification decreases consonant identification even with normal hearing. a, Performance of 952 
a support-vector-machine classifier trained to identify consonants based on population single-trial responses 953 
to speech at 62 dB SPL. Results are shown for normal hearing gerbils without (NH) and with (NH+20dB) 954 
linear amplification (values for each population are shown along with mean ± 95% confidence intervals 955 
derived from bootstrap resampling across populations) for three conditions: speech in quiet, speech in the 956 
presence of ongoing speech from a second talker at equal intensity, and speech in the presence of multi-957 
talker babble noise at equal intensity. b, Magnitude of different response components for single-unit 958 
responses to speech at 62 dB SPL in multi-talker babble noise (mean ± 95% confidence intervals derived 959 
from bootstrap resampling across neurons). c, Performance of a support-vector-machine classifier trained to 960 
identify consonants based on population single-trial responses to speech in noise at 62 dB SPL with linear 961 
amplification. Results are shown for normal hearing gerbils (NH+20dB) and gerbils with hearing loss 962 
(HL+20dB), presented as in a. d, Schematic showing the effects of intensity on speech intelligibility with and 963 
without hearing loss and amplification. The range of intensities of typical speech is shown in gray. Left, The 964 
loss of intelligibility with hearing loss that results from the loss of audibility without amplification. Right, The 965 
loss of intelligibility with hearing loss that results from rollover with amplification. 966 
 967 
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