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ABSTRACT 

 
 
 Supervising Professor: Dr. Michael P. Kilgard, Ph.D. 
 
 
 
 
Perception of speech in humans remains robust under different adverse conditions such as 

spectral and temporal degradation of the signal and the presence of high level masking noise. 

Psychophysical studies in normal hearing subjects using cochlear implant simulations as well as 

cochlear implant recipients have demonstrated high performance accuracy when speech sounds 

are processed with few spectral bands and slow temporal modulations. The neural mechanisms 

supporting such robust behavioral discrimination ability remain vastly unknown. Based on 

previous observations showing that rats can reliably discriminate speech sounds and that such 

behavioral performance is highly correlated with the neural activity patterns generated in rat 

primary auditory cortex (A1), we developed a rat model to examine the behavioral and neural 

correlates of noise vocoded speech.  In these experiments we show that rats, like humans 

robustly discriminate spectrally and temporally degraded speech, and that the degree of 

degradation rats can tolerate is comparable to human performance. The neural activity patterns 
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recorded from rat A1 for spectrally and temporally degraded speech significantly accounted for 

the behavioral patterns observed in rats. Behavioral discrimination of consonants was better 

explained by the spatiotemporal patterns of A1, and the behavioral discrimination of vowels was 

better explained by the spatial patterns generated in A1. Next we examined the behavioral and 

neural discrimination of speech under modest degrees of neural degradation. Previous 

experiments have shown that exposing rat pups to a structured noise during early development 

degrade the receptive field properties of A1. We examined the behavioral discrimination ability, 

and the neural representation of A1 neurons after exposing to a pulsed noise, or speech sounds 

during early development. Despite receptive field changes that endured into adulthood after 

pulsed noise exposure, behavioral and neural discrimination of speech remained unimpaired. The 

exposure to speech sounds passively during early development did not provide an additional 

advantage for speech discrimination. These results indicate that discrimination of speech remains 

resistant to acoustic degradation as well as modest degrees of neural degradation.  
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CHAPTER 1 

INTRODUCTION 

Speech recognition remains accurate in high levels of  masking noise and in conditions of 

significant signal degradation. Listeners can identify speech sounds with high accuracy even 

when presented in continuous masking noise as loud as the speech signal itself (Miller and 

Nicely, 1955) . The spectral information in speech can be reduced to four bands of noise, while 

maintaining the recognition performance above 90% correct (Shannon et al., 1995; Xu et al., 

2005). Better than 90% correct speech recognition is also achieved even after the temporal 

envelop is low pass filtered at 4Hz (Drullman et al., 1994; Xu et al., 2005).  It is not clear 

whether this robust nature of perception is primarily due to the redundancy of the speech signal 

itself, or is a result of specialized neural processing mechanisms. 

 Auditory neurons robustly encode distinct acoustic characteristics of speech sounds. 

When ordered by characteristic frequency, the average firing rate of neurons from the auditory 

nerve to A1 exhibit clear formant peaks in response to vowels and fricatives (Young and Sachs, 

1979; Delgutte and Kiang, 1984). The differences in place of articulation of stop consonants 

activate different spatial patterns, while voiced and  voiceless consonants evoke distinct temporal 

patterns in A1 neurons (Steinschneider et al., 1999; Steinschneider et al., 1995a; Steinschneider 

et al., 1995b; Engineer et al., 2008). These studies support the hypothesis that auditory neural 

representations carry sufficient information to discriminate phonemic contrasts. A recent study 

examining neural and behavioral correlates of consonant discrimination by rats showed that the 
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behavioral perception can be significantly predicted by the spatiotemporal patterns generated in 

the primary auditory cortex (A1) (Engineer et al., 2008). Rats discriminated easily between 

consonant pairs that generate distinctly different patterns and discriminated poorly between pairs 

that generated similar patterns. The ability of such A1 neural activity patterns to account for the 

robustness of speech discrimination that has been observed under spectral and temporal 

degradation has not been tested. 

 In 1939 Hormer Dudley’s vocoder introduced the technique of systematic manipulation 

of spectral and temporal properties of the speech signal. Since then many studies reported 

consistent psychophysical consequences of noise vocoded speech (Drullman et al., 1994; 

Shannon et al., 1995; Xu et al., 2005; Van Tasell et al., 1987). In a noise vocoder,  the speech 

signal is first divided into one or more bands by bandpass filtering. The temporal envelop of each 

band is then extracted by low pass filtering. The extracted envelop is used to modulate a band of 

noise, that is filtered with the same band pass filters as the original speech. The spectral 

information is determined by the number of band pass filters, while low pass filter cut off 

frequency determines the temporal modulations. When four or more bands are used, speech 

recognition remained highly accurate even after temporal envelop modulations above 16Hz were 

removed  (Shannon et al., 1995; Xu et al., 2005). Although neural representations paralleling 

spectral and temporal distortions of the speech signal would likely provide helpful hints of 

underlying neural correlates, only a few studies have reported physiological responses to 

degraded speech sounds. Loebach et al. reported that auditory nerve responses to four band 

speech contain sufficient cues to identify consonants(Loebach and Wickesberg, 2006). Another 

study using noise vocoded communication signals showed that A1 responses to monkey 
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vocalizations are robust to noise and spectral degradation, but are sensitive to temporal 

degradation (Nagarajan et al., 2002). These observations support the hypothesis that neural 

activity patterns generated in auditory system will be robust under significant acoustic 

degradation.  

 In Chapter 2 we tested the hypothesis that the neural discrimination ability of A1 neurons 

will significantly account for the behavioral discrimination of noise vocoded speech. We show 

that rats, like humans can reliably discriminate noise vocoded speech and that A1 neural activity 

patterns are significantly correlated with the behavioral patterns. Our results further support the 

evidence that representation of complex signals in central auditory system occurs in multiple 

time scales, for neural representation of consonants in A1 is better explained by spatiotemporal 

patterns while the neural representation of vowels is better explained by spatial patterns. 

The structural and functional organization of primary auditory cortex is significantly 

modified by auditory experience during early postnatal development.  When exposed to a pulsed 

noise background during postnatal development of  rat pups, the primary auditory cortex neurons 

displayed lasting changes of altered temporal response properties, broader than normal tuning 

curves, discontinuous tonotopic responses and receptive fields 8-10. Exposure of rat pups to 

downward FM sweeps during the postnatal development produced most neurons to fire for 

down-sweeps, in contrast to the preferentially up-sweep direction sensitive neurons in naive 

animals 11. In another manipulation of early acoustic experience, rat pups were exposed to a tone 

sequence including two sets of low and high tones(no mid tones). The primary auditory cortex 

neurons of exposed animals selectively fired for the frequencies that got exposed, and showed 

gaps in their frequency tuning for the mid frequency range 12. These findings indicate that the 
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specific spectro-temporal characteristics of the early auditory inputs play a crucial role in the 

experience dependent plasticity changes of primary auditory cortex. 

Audition, being the main sensory modality involved in the experience of speech during 

early development, likely plays an important role in this process of experience-based learning. 

Despite many animal models of varying acoustic experience during the early development, the 

consequences of altered auditory experience on speech processing ability of the auditory cortex 

has not been tested. The clinical populations mimicking such altered auditory exposure would 

largely represent the hearing impairment during early developmental period. Such individuals 

face the challenge of processing complex stimuli via an auditory system developed under the 

influence of deprived inputs. A better understanding of the effects of neural representation of 

speech sounds by early auditory experience would be useful in developing more effective 

interventions to improve speech and language development in these clinical sub-populations.  

Considering the amount of speech that is directed to an infant it is likely that speech 

signals constitute a significant amount of the early auditory inputs, shaping the neural networks 

of human subjects. Correlation between the development of speech reception abilities and early 

speech exposure has been well-documented in human infants, apparently manifesting an early 

plasticity for complex-stimulus specific auditory cortex organization 13,14.  Studying the 

spatiotemporal pattern of neuronal activity that is evoked by such early auditory experience may 

expand our understanding of the role of auditory neural processing in the development of speech 

perception ability. 

In Chapter 3 we show that exposure to pulsed noise or passive speech sounds during 

early development does not either impair or improve speech discrimination ability in later life. 
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Despite the enduring changes on tuning curve properties and tonotopic derangements of A1, 

exposure to a pulsed noise does not affect the behavioral discrimination and neural 

representation of speech. Exposure to passive speech during early development does not produce 

significant changes in A1 receptive field properties, nor provide any added advantage on speech 

discrimination ability.  

This dissertation consists of 4 chapters. Chapter 2 explores the neural and behavioral 

correlates of speech discrimination under acoustic degradation. Chapter 3 explores neural and 

behavioral consequence of speech discrimination under modest degree of neural degradation. In 

Chapter 4 we discuss the clinical relevance of these experiments and possible future extensions.  
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ABSTRACT 

Cochlear implants provide good speech discrimination ability despite highly limited 

amount of information they transmit compared to normal cochlea. Noise vocoded speech, 

simulating cochlear implants in normal hearing listeners have demonstrated that spectrally and 

temporally degraded speech contains sufficient cues to provide accurate speech discrimination. 

We hypothesized that neural activity patterns generated in the primary auditory cortex by 

spectrally and temporally degraded speech sounds will account for the robust behavioral 

discrimination of speech. We examined the behavioral discrimination of noise vocoded 

consonants and vowels by rats and recorded neural activity patterns from rat primary auditory 

cortex (A1) for the same sounds. Our results indicate that rats are able to accurately discriminate 

both consonant and vowel sounds even after significant spectral and temporal degradation. The 

degree of degradation that rats can tolerate is comparable to human listeners. Neural 

discrimination based on spatiotemporal patterns (spike timing) of A1 neurons is highly correlated 
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with behavioral discrimination of consonants. Neural discrimination based on spatial activity 

patterns (spike count) of A1 neurons is highly correlated with behavioral discrimination of 

vowels. Our results indicate that speech discrimination is resistant to degradation as long as the 

degraded sounds generate distinct patterns of neural activity. Our results confirm that, in primary 

auditory cortex, consonant sounds are represented using spike timing precise to milliseconds, 

while vowel sounds are represented using mean firing rates averaged over hundreds of 

milliseconds. 

INTRODUCTION 

Cochlear implants are one of the most successful neural prostheses ever developed. 

Bypassing the function of normal cochlea, the cochlear implant signal processor decomposes the 

input signal into different frequency bands and delivers the temporal envelope modulation of 

each band to an array of electrodes. Each electrode acts as a channel and stimulates a different 

set of auditory nerve fibers. Cochlear implants with only 8 channels and envelope modulations 

below 200 Hz provide highly accurate speech discrimination under quiet conditions (Fishman et 

al., 1997; Hedrick and Carney, 1997; Dorman et al., 1998; Kiefer et al., 2000; Loizou et al., 

2000; Valimaa et al., 2002; Nie et al., 2006; Won et al., 2007). The spectral and temporal 

encoding of the speech signal by the cochlear implant speech processor is significantly less 

detailed than that by the normal cochlea (Loizou, 1998, 2006). The neural mechanisms 

underlying the cochlear implant function are not clearly identified. 

Experiments using noise vocoded speech that simulates cochlear implant inputs in normal 

hearing subjects have suggested that neural mechanisms of speech processing do not depend on 

fine spectral and temporal details. A noise vocoder decomposes the speech signal into different 
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frequency bands and the temporal envelop of each band is then used to modulate a broadband 

noise signal (Shannon et al., 1995). Discrimination of noise vocoded speech remains highly 

accurate with significant spectral and temporal degradation (Van Tasell et al., 1987; Drullman et 

al., 1994; Shannon et al., 1995; Dorman and Loizou, 1997; Xu et al., 2005). More than 90% 

correct word and sentence discrimination is achieved with 4 spectral bands and envelope 

modulations low pass filtered at 256 Hz (Shannon et al., 1995; Loizou et al., 1999; Xu et al., 

2005). With 8 spectral channels and envelope modulations low pass filtered at 200Hz, subjects 

achieve the same discrimination accuracy as of normal speech (Dorman and Loizou, 1997; Xu et 

al., 2005). These results indicate that neural processing of speech occurs with a few spectral 

channels and slow envelope modulations, independent of whether speech is processed by a 

normal cochlea or by a cochlear implant. 

        To date no study has examined the potential ability of neural activity patterns 

generated by degraded speech stimuli to explain the behavioral discrimination of speech. One 

study examined the chinchilla auditory nerve responses to noise vocoded speech processed with 

1, 2, 3 or 4 spectral bands (Loebach and Wickesberg, 2006). Distinctions between consonants 

that were identifiable in response to normal speech were still prominent with consonants noise 

vocoded with 4 spectral bands. We propose that neural activity patterns generated in primary 

auditory cortex (A1) neurons by speech sounds noise vocoded with few channels (8-16) and slow 

modulations (less than 256 Hz), will produce similar degree of neural discrimination ability as of 

those generated by normal speech. We examined the behavioral performance in rats to 

discriminate noise vocoded consonants and vowels, degraded into 10 different levels (9 noise 

vocoded levels plus undegraded). We recorded spatiotemporal activity patterns from rat A1 for 
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the same stimuli and the differences between activity patterns were used to examine the neural 

discrimination ability. We predicted that neural discrimination based on A1 activity patterns will 

be correlated with the behavioral patterns observed, and that neural and behavioral 

discrimination of noise vocoded speech with 8 spectral bands containing modulations below 256 

Hz will achieve the same accuracy of normal speech. 

METHODS 

Speech stimuli and noise vocoding of speech 

We used seven English words including ‘dad’, ‘bad, ‘sad’, ‘tad’, ‘dud’, ‘deed’, and 

‘dood’, spoken by a native female English speaker in a double walled sound proof booth. The 

fundamental frequency and the spectral envelope of each recorded word was shifted up in 

frequency by a factor of two using the STRAIGHT vocoder (Kawahara, 1997) to better match 

the rat hearing range (Engineer et al., 2008). Each octave-shifted word was then degraded 

through a noise vocoder (Shannon et al., 1995). The first step in the noise vocoder was to pass 

each word through a bank of bandpass filters. The number of bandpass filters used in this step 

varied between 2 and 16 (2, 4, 8, 16), and determined the four levels of spectral degradation 

(Figure.1). The overall bandwidth of the degraded speech sounds ranged from 300 to 11,000Hz. 

Logarithmic filter spacing was used to set the bandwidths of the filters (Loizou et al., 1999). 

Next, the temporal envelope of each analysis band was extracted by half-wave rectification and 

low-pass filtering. The low pass filter cutoff frequency varied between 4 Hz to 256 Hz (4, 16, 64, 

256) determining the four levels of temporal degradation (Figure.1). The extracted envelope was 

then used to modulate a band of noise that was filtered with the same bandpass filters as the 

original speech. The modulated noise bands were summed to create the final degraded speech 
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sound. The intensity of all the speech sounds used in the study was adjusted so that the intensity 

of the most intense 100 ms was at 60 dB SPL. The signal processing was done using MatLab 

(MathWorks, Natick, MA). 

 

Figure 1. Levels of degradation. Four spectral levels (along the vertical axis) were defined by 
the number of band pass filters as 16, 8, 4, and 2. Four temporal levels (along the horizontal axis) 
were defined by the low pass filter cutoff frequency as 256 Hz, 64 Hz, 16 Hz and 4 Hz. The 
stages used in the experiment are shown in squares. Together with the undegraded stimuli this 
made up to 10 levels. The 9 degraded levels included, four spectrally degraded levels 
(maintaining the temporal LPF at 256 Hz), four temporally degraded levels (maintaining the 
spectral level at 16 bands) and two levels with both spectrally and temporally degraded as 8 
bands/64 Hz and 4 bands/16 Hz.   
 
 

The four spectral levels and the four temporal levels created a combination of 16 

degraded levels. Out of this we selected 9 levels for behavior training and neural recordings 

(Figure.1). In addition to the degraded speech sounds, we also used the undegraded versions of 

the seven words for both behavior training and neural recordings. A total of 70 speech stimuli (9 

degraded levels x 7 words plus 7 undegraded words) were used in this study.   

Behavior training and analysis 

Nine rats underwent behavior training. Each rat was placed in a sound-shielded operant 

training booth for one-hour session, twice daily for five days per week. The booth contained a 
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cage with a lever, a lever light, a house light, and a pellet receptacle. A pellet dispenser was 

connected to the pellet receptacle and located outside the booth. A calibrated speaker was 

mounted approximately 20 cm from the mid point between the lever and the pellet receptacle 

(which is the most common location of the rat’s head position while inside the booth). The rats 

were watched via video monitoring during each session. An operant go-no-go paradigm was 

used to discriminate speech sounds. 

The training began with a brief shaping period to teach the rat to press the lever in order 

to receive a food pellet reward. Each time the rat was in close proximity to the lever, it heard the 

target sound, and received a sugar pellet reward. The target sound during the initial shaping was 

undegraded ‘dad’. Eventually the rat learned to press the lever without assistance. The rat heard 

the target sound after each lever press, and received a sugar pellet. The shaping continued until 

the rat was able to earn a minimum of 120 pellets per session, which lasted on average 3-5 days. 

The rats were food deprived to encourage motivation, and were weighed daily to make sure that 

above 85% of their pre-behavior body weight was maintained. During the next stage of training 

the rat began a detection task where it was trained to press the lever when the target sound was 

presented. Initially the sound was presented every 10 seconds and the rat was given an 8 second 

window to press the lever. The rat received a sugar pellet reward for pressing the lever within 8 

seconds. The sound interval was gradually reduced to 6 seconds and the lever press window to 3 

seconds. The target sound was randomly interleaved with silent catch trials during each training 

session to prevent rats pressing the lever every 6 seconds habitually. Performance of the rat was 

monitored using the d’ value, which is a measure of discriminability according to signal 

detection theory (Green and Sets, 1989). Training continued until the rats reached a d’ ≥ 1.5 for 
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ten sessions. Following the detection phase, the rats started discrimination training where they 

learned to discriminate the target sound (‘dad’) from several non-target sounds. The non-target 

sounds included ‘bad’, ‘sad’, ‘tad’, ‘dud’, ‘deed’ and ‘dood’. In a given one hour session the rat 

discriminated the target sound against the six non-target sounds that were presented randomly 

interleaved with silent catch trials. Rats were rewarded with a sugar pellet reward when they 

pressed the lever within 3 seconds following the target stimulus. In this training, rats 

discriminated three consonant tasks such as ‘dad’ vs ‘bad’, ‘dad’ vs ‘sad’, ‘dad’ vs ‘tad’ (/d/ vs 

/b/, /d/ vs /s/ and /d/ vs /t/) and three vowel tasks such as ‘dad’ vs ‘dud’, ‘dad’ vs ‘deed’, ‘dad’ vs 

‘dood’ (/æ/ vs /ʌ/, /æ/ vs /i/, /æ/ vs /u/). Once the rat performed the discrimination for 20 sessions 

(10 days) on undegraded target and undegraded non-target sounds, they were introduced to the 

degraded speech sounds.  

Introduction to the degraded speech sounds began with a brief period where the rats 

listened to all 10 versions of the target sound (undegraded ‘dad’ plus 9 degraded ‘dad’s), and the 

six undegraded non-target sounds. The rat received a sugar pellet reward if the lever was pressed 

within 3 seconds following the presentation of any version of the target stimulus. Once the rats 

performed the above task with a d’ ≥ 1.5 (which took ~3.5 days), they started discriminating the 

degraded target sounds (all versions of ‘dad’) from degraded non-target sounds (all versions of 

‘bad, ‘sad’, ‘tad’, ‘dud’, ‘deed’, and ‘dood’). The sounds were presented in a randomized block 

design where a given block contained one level of degraded speech sounds. This created a total 

of 10 blocks (one undegraded plus 9 degraded levels). For a given 1 hour session a single block 

was played. Presentation of blocks was pseudo-randomized so that the rats performed a complete 

cycle of the 10 blocks presented in random order, and then started on another cycle. The training 
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continued until the rats completed 8-10 sessions for all the blocks (~10 - 12 weeks). Within a 

block (a single 1 hour session) the rats discriminated the target sound (dad) against the six non-

target stimuli (‘bad’, ‘sad’, ‘tad’, ‘dud’, ‘deed’ and ‘dood’), all degraded to a certain level. The 

stimuli were presented randomly and also interleaved with silent catch trials. Percent correct 

discriminations were calculated using the correct lever press and correct rejection rates. 

Neural recordings and neural data analysis 

We recorded neural responses from 120 multi-unit sites of A1 from experimentally naive, 

anesthetized, female Sprague-Dawley rats (n=5). Rats were anesthetized with pentobarbital (50 

mg/kg), and received supplemental dilute pentobarbital (8 mg/ml) every ½ to 1 hour, 

subcutaneously, along with a 1:1 mixture of dextrose and Ringers lactate. The supplemental 

dosage was adjusted as needed to maintain areflexia. Heart rate and body temperature were 

monitored throughout the experiment. A1 responses were recorded Parylene-coated tungsten 

micro-electrodes (1-2 MΩ, FHC). Four electrodes were lowered simultaneously to 600 -700 µm 

below the surface of the right cortex corresponding to layer IV. Each electrode penetration site 

was marked on a representative map, using cortical blood vessels as landmarks. At each 

recording site 25 ms tones were played at 90 logarithmically spaced (1-47 kHz) frequencies at 16 

intensities (0-75 dB SPL), to determine the frequency-intensity tuning curves of each site. 

Speech stimuli consisting of 63 degraded speech sounds and the seven undegraded speech 

sounds were presented after the tones. Each stimulus was played 20 times per site, in random 

order. The stimuli were presented every 2300 ms at 65 dB SPL from a calibrated speaker 

mounted approximately 10 cm from the base of the left pinna. Stimulus generation, data 

acquisition and spike sorting was performed with Tucker-Davis hardware (RP2.1 and RX5) and 
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software (Brainware). Protocols and recording procedures were approved by the University of 

Texas at Dallas Institutional Animal Care and Use Committee. 

Tuning curve analysis of each penetration determined the characteristic frequency of each 

site. Neural similarity between speech sounds was computed using Euclidean distance. The 

Euclidean distance between a given neurogram pair is the square root of the sum of the squared 

differences between the firing rates for each bin for each recording site. Each neurogram 

consisted of responses from each of the 120 A1 recording sites on the y axis ordered from low to 

high characteristic frequency. Neurogram response at each site consisted of the average of the 20 

repetitions. Consonant neurograms were constructed from the first 40 ms speech-evoked 

responses for ‘dad’, ‘bad’, ‘sad’, and ‘tad’, beginning from the point where neural activity 

exceeded the spontaneous firing rate by three standard deviations.  The two bin sizes used in 

consonant analysis consisted of 1 ms bins(providing 1 ms precise spike timing information), and 

40 ms single bin(providing the total spike count). Vowel neurograms were constructed from the 

first 400 ms of ‘dad’, ‘dud’, ‘deed’ and ‘dood’. The consonant onset of each CVC syllable was 

considered as the stimulus onset. The two bin sizes used in vowel analysis consisted of 1 ms bins 

(providing 1 ms precise spike timing information), and 400 ms single bin (providing the total 

spike count). 

A PSTH classifier (Engineer et al. 2008; Foffani and Moxon 2004) was used to calculate 

the neural discrimination between speech stimuli in units of percent correct. The classifier 

randomly picked five sites (each having 20 sweeps) at a time and made a template from 19 

sweeps (the sweep being considered was excluded) for each speech sound. The sweep under 

consideration was then compared to these templates using the Euclidean distance to determine 
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how similar it is to each template. The classifier determined that the response to single sweep 

was generated by the sound whose template was closest in Euclidean distance. This model 

assumed that the average template (created from 19 sweeps for each site) for a given stimulus is 

analogous to the neural memory of that particular stimulus. For consonant analysis the classifier 

used the first 40 ms of the speech evoked responses of ‘dad’, ‘bad’, ‘sad’, and ‘tad’, beginning 

from the point when neural activity exceeded the spontaneous firing rate by three standard 

deviations. For vowel analysis the classifier used the first 400 ms of the speech-evoked activity 

of ‘dad’, ‘dud’, ‘deed’ and ‘dood’, beginning from the point where neural activity of the initial 

consonant exceeded the spontaneous firing rate by three standard deviations. Pearson’s 

correlation coefficient was used to examine the relationship between neural and behavioral 

discrimination. 

 

RESULTS 

We trained nine rats to discriminate noise vocoded speech sounds (CVC syllables) 

including three consonant pairs (/d/vs/b/, /d/vs/s/, /d/vs/t/) and three vowel pairs (/æ/vs/ʌ/, 

/æ/vs/i/, /æ/vs/u/), and recorded neural activity patterns for the same stimuli from the rat A1. The 

noise vocoder degraded the spectral and temporal content of the stimuli defining 9 levels of 

degradation of consonants and vowels (Figure.1, and see methods).  

Rats were able to accurately discriminate speech sounds that were spectrally or 

temporally degraded.  Rats correctly discriminated undegraded speech sounds on 85 ± 1% of 

trials (Figure.2a). Rats were able to achieve the same accuracy with 8 spectral bands (86 ± 3 %, 

P>0.05, Tukey’s HSD)(Figure.2a). Even with the spectral degradation as low as 4 bands, rats 
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discriminated speech sounds at 77 ± 1% correct, which is well above the chance performance 

(50%) (Figure.2a). These observations are remarkably similar to noise vocoded speech 

discrimination by human listeners who also reach their asymptotic performance at 8 spectral 

bands, and continue to show robust behavioral perception at 4 bands (Shannon et al., 1995; Xu et 

al., 2005). More severe degradation of spectral content down to 2 spectral bands greatly reduced 

the rats’ accuracy (64 ± 3%) (Figure.2a). Across all levels of temporal degradation, rats 

continued to discriminate speech with high accuracy (Figure.2b). Rats were able to achieve the 

same high level of accuracy with 64 Hz low pass filtered speech (83 ± 1%, P>0.05, Tukey’s 

HSD) compared to undegraded speech (Figure.2b). Even at the highest level of temporal 

degradation (4 Hz low pass), performance was well above chance (76 ± 4%, Figure.2b). The 

high accuracy of speech discrimination behavior observed when the temporal envelope was low 

pass filtered at or above 4Hz, is comparable to human performance reported in earlier studies 

(Xu et al., 2005). These findings show that rats, like humans, can reliably discriminate speech 

sounds without the fine spectral and temporal details that are normally contained in the signal. 

Human psychophysical studies have shown that spectral degradation and temporal 

degradation differently affect vowel recognition and consonant recognition. Vowel recognition is 

more sensitive to spectral degradation, while consonant recognition is more sensitive to temporal 

degradation (Drullman et al., 1994; Shannon et al., 1995; Xu et al., 2005; Nie et al., 2006). 

Consistent with observations in humans, spectral degradation affected vowel recognition by rats 

significantly more than it affected consonant recognition (Figure.2c; F(1,8)=77.74, MSE=8.52, 

P<0.0001). For example reducing the spectral frequency bands from 16 to 2 reduced the vowel 

recognition by 32%, but only reduced the consonant recognition by 18%. Finer resolution of F1 
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and F2 representation of vowels as a result of increased spectral number of bands has been 

suggested as a likely explanation for the dominant effect of spectral degradation on vowel 

recognition (Peterson and Barney, 1952; Xu et al., 2005). Temporal degradations below 64Hz 

affected consonant recognition by rats significantly more than it affected vowel recognition 

(Figure.2d). For example when the temporal envelope is low pass filtered at 16 Hz or at 4 Hz, 

while maintaining the spectral number of bands at 16, the performance accuracies of consonant 

recognition (78 ± 4% and 74 ± 5%, respectively, F(1,32)=92.7, P<0.01) were significantly below 

that of vowels(80 ± 3%, 78 ± 5% respectively, F(1,32)=23.39, P<0.01) (Figure.2d). These results 

indicate that, like in humans, discrimination of vowels by rats is more sensitive to spectral 

degradation while discrimination of consonants is more sensitive to temporal degradation.   

Each of the three consonant pairs chosen in the current study differed by one of the three 

main articulatory features including voicing (/d/ vs. /t/), manner (/d/ vs. /s/) and place (/d/ vs. 

/b/). Consistent with prior observations in rats discriminating undegraded consonant sounds 

(Engineer et al., 2008; Porter et al., 2011), our rats found it easier to discriminate /d/ vs. /b/(92 ± 

1%), and /d/ vs. /s/ (92 ± 1%) compared to /d/ vs. /t/ (71 ± 2%) (Figure.2e, f). This pattern was 

consistent across most of the spectral degradation levels (16, 8, and 4 bands) as well as temporal 

degradation levels (256, 64, 16 Hz). Among the three vowel discrimination tasks, rats 

discriminated /æ/ vs. /i/ (93 ± 1%) and /æ/ vs. /u/ (87 ± 1%) easier than /æ/ vs. /ʌ/(73 ± 

4%)(Figure.2g, h). These findings are consistent with the distribution of æ, i, u, and ʌ, in the 

acoustic space determined by the first and second formant peaks (Peterson and Barney, 1952). 

The wide range of difficulty levels created by parametric degradation of spectral and temporal 
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content of speech sounds was useful in our search for neural correlates of speech discrimination 

behavior. 

 

Figure 2. Behavioral discrimination of degraded speech sounds (a) Percent correct 
discrimination across all tasks including /b/, /s/, /t/, /ʌ/, /i/, /u/, with spectral degradation. The 
black squares are low pass filtered at 256 Hz, diamond at 64 Hz and the triangle at 16 Hz. (b) 
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Percent correct discrimination across all tasks including /b/, /s/,/t/, /ʌ/, /i/,/u/, with temporal 
degradation. The black squares are band pass filtered with 16 channels, diamond with 8 channels 
and the triangle with 4 channels. (c) Percent correct discrimination for consonants (/b/, /s/, /t/) 
and vowels (/ʌ/, /i/, /u/) across spectral degradation. The circles are low pass filtered at 256 Hz, 
diamonds at 64 Hz and the triangles at 16 Hz. (d) Percent correct discrimination for consonants 
(/b/, /s/, /t/) and vowels (/ʌ/, /i/, /u/) across temporal degradation. The circles are band pass 
filtered with 16 channels, diamonds with 8 channels and the triangles with 4 channels. (e) 
Percent correct discrimination for each of the consonant task across spectral levels. The circles 
are low pass filtered at 256 Hz, the diamonds at 64 Hz and the triangles at 16 Hz. The solid line 
connects the /b/, the dotted line connects /s/, and the dashed line connects /t/. (f) Percent correct 
discrimination for each of the consonant task across temporal levels. The circles are band pass 
filtered at 16 channels, the diamonds at 8 channels and the triangles at 4 channels. (g) Percent 
correct discrimination for each of the vowel task across spectral levels. The circles are low pass 
filtered at 256 Hz, the diamonds at 64 Hz and the triangles at 16 Hz. (h) Percent correct 
discrimination for each of the vowel task across temporal levels. The circles are band pass 
filtered at 16 channels the diamonds at 8 channels and the triangles at 4 channels.  The solid line 
connects the /ʌ/, the dotted line connects /i/ and the dashed line connects /u/. The stars indicate 
statistical significance. 

 

Multiunit activity was recorded from 120 A1 sites in response to each of the behaviorally 

tested speech sounds. The spatiotemporal activity pattern evoked by each sound was illustrated 

using neurograms, based on peristimulus time histogram (PSTH) from each A1 site ordered by 

its characteristic frequency. The neurograms contained precise spike timing information of 1 ms 

bins (Figure.3a,b,c). The response patterns for the undegraded /d/, /b/, /s/ and /t/ (Figure.3a) were 

consistent with the observations reported in earlier studies (Steinschneider et al., 1999; 

Steinschneider et al., 2003; Steinschneider et al., 2005; Engineer et al., 2008). The stop 

consonants (/d/, /b/, /t/) generated sharper onset activity compared to the fricative /s/ (Figure.3a). 

As described in previous experiments, each consonant evoked a different firing pattern in A1 

neurons (Engineer et al., 2008). For example /d/ evoked high frequency tuned neurons early in 

their response followed by low frequency tuned neurons. In contrast, /b/ evoked an early low 

frequency tuned neuronal response followed by a late high a frequency response (Figure.3a). 
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Subtraction of neurogram /d/ from neurogram /b/ clearly illustrated these distinct temporal 

patterns of spatially tuned neurons in rat A1 (Figure.3b). These results confirm earlier 

observations that each consonant generate a unique spatiotemporal activity pattern in A1.  

The distinct spatiotemporal activity patterns generated by consonants remained 

distinguishable, with spectral and temporal degradation of the sounds. For example, when the 

signal was degraded down to 8 spectral bands and low pass filtered at 64 Hz (8 bands / 64 Hz), 

the early firing of high frequency neurons followed by late firing of low frequency neurons 

evoked by /d/ still remained clearly identifiable (Figure.3c). Similarly the early low frequency 

firing followed by late high frequency firing pattern of /b/, stayed clearly identifiable at 8 bands / 

64 Hz level (Figure.3c). As observed in undegraded consonants, subtracting /d/ neurogram from 

/b/ clearly demonstrated the spatiotemporal differences, suggesting that the neural activity 

patterns remained resistant to spectral and temporal degradation at 8 bands / 64 Hz. (Figure.3d).  

With further degradation in spectral and temporal dimensions of the signal the neural activity 

patterns became less distinct. For example when the signals were degraded down to 4 spectral 

bands and low pass filtered at 16 Hz (4bands /16 Hz) the neurograms of /d/ and /b/ looked nearly 

identical (Figure.3e). Subtraction of /d/ neurogram activity from that of /b/ at 4bands /16 Hz 

stage confirmed this minimal difference (Figure.3f). These results show that spatiotemporal 

activity patterns generated in A1 neurons continue to encode stimulus differences in the absence 

of fine spectral and temporal details of speech until it fails at severe degrees of signal 

degradation. We predicted that the behavioral perception of consonants by rats would be robust 

across the stages where neural dissimilarity is maintained, while falling to chance level with 

severe degradation following the subsequent loss of neural dissimilarity. 
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Figure 3. Neural responses to consonants Neurograms plotting the evoked activity over the 
first 40 ms for the consonants /d/, /b/, /s/ and /t/ at undegraded stimuli (a), 8 bands /64 Hz (b), 4 
bands / 16 Hz (c). Neurogram differences plotting /b/ minus /d/, /s/ minus /d/ and /t/ minus /d/ for 
undegraded stimuli (d), 8 bands /64 Hz (e), 4 bands / 16 Hz (f). 
 

As a measure of neural dissimilarity we calculated the Euclidean distance between the 

onset neurograms for /d/vs/b/, /d/vs/s/ and /d/vs/t/, at each signal degradation level. As we 

predicted, the pattern of consonant discrimination across different levels of degradation was well 

explained by the neural differences (r2=0.48, P<0.0001; Figure.4a). We then further quantified 

the neural discrimination ability of A1 responses using each individual stimulus presentation 

separately, which allowed us to calculate the neural discrimination in units of percent correct. 

This analysis was accomplished with the use of PSTH classifier. The classifier determined the  
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Figure.4 Neural and behavioral correlates of consonant discrimination Behavioral 
discrimination of consonants is significantly correlated with the neural differences 
estimated in either way as the Euclidean distance between onset neurograms considering 
the precise spike timing information of 1 ms (a), or the average spike count of the onset 
response in a single bin of 40 ms (b). Neural classifier based on Euclidean distance 
between A1 onset neurograms (considering spike timing information of 1 ms ) as well as 
the average spike count for the first 40 ms, significantly predicted the behavioral 
discrimination performance of consonants (c) and (d). Inclusion of spike timing (c) 
explained more variability of behavioral performance than elimination of spike timing 
(d). Sizes of the symbols indicate the spectral resolution where the largest shows the 
undegraded consonants. The brightness of the symbols indicates temporal resolution 
where the brightest shows undegraded consonants. 

 

neural discrimination performance using single sweeps of neural activity (see methods). The 

neural classifier performance when using the precise temporal spike timing information (1 ms 

resolution) was strongly and significantly correlated with the behavioral discrimination of 
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consonants by rats (r2=0.58, P<0.0001, Figure.4b). The neural discrimination between consonant 

pairs remained high across the degradation levels that rats found it easier to discriminate  

 

 

Figure 5. Neural discrimination of degraded speech sounds. (a) Neural classifier 
discrimination across all tasks including /b/,/s/,/t/, /ʌ /,/i/,/u/, with spectral degradation. 
The black squares are low pass filtered at 256 Hz, diamond at 64 Hz and the triangle at 
16 Hz. (b) Neural classifier discrimination across all tasks including /b/,/s/,/t/, /ʌ/,/i/,/u/, 
with temporal degradation. The black squares are band pass filtered with 16 channels, 
diamond with 8 channels and the triangle with 4 channels. (c) Neural classifier 
discrimination for consonants (/b/,/s/,/t/) and vowels (/ʌ/,/i/,/u/) across spectral 
degradation. The circles are low pass filtered at 256 Hz, diamonds at 64 Hz and the 
triangles at 16 Hz. (d) Neural classifier discrimination for consonants (/b/,/s/,/t/) and 
vowels (/ʌ/,/i/,/u/) across temporal degradation. The circles are band pass filtered with 16 
channels, diamonds with 8 channels and the triangles with 4 channels. (e) Neural 
classifier discrimination for each of the consonant task across spectral levels. The circles 
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are low pass filtered at 256 Hz, the diamonds at 64 Hz and the triangles at 16 Hz. The 
solid line connects the /b/, the dotted line connects /s/, and the dashed line connects /t/. (f) 
Neural classifier discrimination for each of the consonant task across temporal levels. 
The circles are band pass filtered at 16 channels, the diamonds at 8 channels and the 
triangles at 4 channels. (g) Neural classifier discrimination for each of the vowel task 
across spectral levels. The circles are low pass filtered at 256 Hz, the diamonds at 64 Hz 
and the triangles at 16 Hz. (h) Neural classifier discrimination for each of the vowel task 
across temporal levels. The circles are band pass filtered at 16 channels the diamonds at 8 
channels and the triangles at 4 channels.  The solid line connects the /ʌ/, the dotted line 
connects /i/, and the dashed line connects /u/. The stars indicate statistical significance. 

 

compared to the levels that rats found difficult to discriminate. For example the neural classifier 

performance between /d/vs/b/ was the highest and /d/vs/t/ was the lowest across all the 

degradation levels except the two most temporally degraded  (4 Hz and 16 Hz) stages (Figure.5e, 

5f). The same pattern was seen in the behavioral performance by rats where /d/vs/b/ was the  

easiest task and /d/vs/t/ was the most difficult task across all stages of degradation except 4 Hz 

and 16 Hz LPF (Figure.2e, 2f). These findings indicate that the spatiotemporal activity patterns 

generated in A1 neurons sufficiently encode neural dissimilarities and suggest that behavioral 

discrimination of speech remains robust as long as the neural activity patterns remains distinct.   

Absence of precise spike timing information decreased the strength of neural and 

behavioral correlates of noise vocoded consonant discrimination. Neural differences calculated 

from Euclidean distance between the spike count during the first 40 ms in response to each 

consonant, only explained 28% variance of the behavioral discrimination (r2=0.28, P<0.003; 

Figure.4c). The neural classifier based on spike count over the 40 ms window explained 44 % of 

the behavioral variance of consonant discrimination (r2=0.44, P<0.0001; Figure.4d). These 

results highlight the importance of temporal patterns of neural activity when encoding stimuli 

with rapidly varying spectral details such as consonants. This finding is consistent with previous 
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neurophysiological and behavioral studies showing that spike timing information with temporal 

precision strongly contribute to consonant representation in the auditory cortex (Engineer et al., 

2008). 

In contrast to rapid spectral changes of consonants, vowels represent relatively stable 

spectral patterns. The neural evoked responses reflected these steady acoustic properties with a 

tonic response characterizing the vowel component of the syllable following the phasic onset 

response characterizing the initial consonant (Figure.6a). We analyzed a 400ms window starting 

from the onset of the initial consonant and containing all or most of the vowel component of the 

syllables (Figure.6a). The neural differences of the first 400 ms window between the pairs ‘dad’ 

vs ‘dud’ , ‘dad’ vs ‘deed’ and ‘dad’ vs ‘dood’ were used to evaluate the three vowel tasks of 

/æ/vs/ʌ/, /æ/vs/i/ and /æ/vs/u/. The pattern of neural firing was distinct for each of the four 

vowels tested /æ/, /ʌ/, /i/ and /u/. For example, in the undegraded condition /æ/ evoked more 

spikes in low frequency tuned neurons and less number of spikes in high frequency tuned 

neurons (Figure.6b). In contrast /u/ evoked less spikes in low frequency tuned neurons and more 

spikes in high frequency tuned neurons (Figure.6b). The finding that different vowel sounds 

generate distinct spatial patterns in the central auditory system is consistent with earlier studies 

(Young and Sachs, 1979; Delgutte, 1984; Delgutte and Kiang, 1984). 

The relative differences between the spike counts generated in A1 neurons by /æ/, /ʌ/, /i/ 

and /u/ matched the behavioral patterns observed in rats. For example, in the undegraded 

condition, subtraction of /æ/ spike count from that of /u/ produced a response which lies clearly 

away from the zero line (the zero line corresponds to /æ/ minus /æ/ or zero difference, 

Figure.6c). In contrast subtraction of /æ/ from /ʌ/ produced a response which lies closer to the 
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zero difference line (Figure.6c). This pattern is consistent with the rats performance in the 

undegraded condition who found it easer to discriminate /æ/ vs /u/ (87 ± 1%) compared to /æ/ vs 

/ʌ/ (72 ± 4%). These results suggest that differences in neural spike count could be used to 

discriminate between vowel sounds. 

 

Figure.6 Neural responses to vowels Neurogram for the first 600 ms of word ‘dad’ from A1 
responses (a). The average spike count during the first 400 ms (smoothed across the 10 adjacent 
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sites) of A1 neural response for /æ/,/ʌ/, /i/ and /u/ for undegraded stimuli (b), 8 bands and 64 Hz 
(d), and 4 bands / 16 Hz (f). The neural difference plots depicting /ʌ/ minus /æ/, /i/ minus /æ/ and 
/u/ minus /æ/, in their average spike count profiles for the first 400 ms response for undegraded 
stimuli (c), 8 bands and 64 Hz (e), and 4 bands / 16 Hz (g).  

 
 

The distinct spike count patterns produced by different vowels remained resistant to 

spectral and temporal degradation of the signal. For example when the speech sounds were 

spectrally degraded into 8 bands and the temporal envelope low pass filtered at 64 Hz, the 

dominant low frequency spike count of /æ/ and the dominant high frequency spike count of /u/ 

remained clearly distinguishable (Figure.6d). As observed in the undegraded vowel responses, 

the relative differences created by subtracting spike count of /æ/ from other three vowels still 

remained distinct at 8 bands/64 Hz degradation (Figure.6e). For example the response pattern of  

/u/ minus /æ/ was clearly away from the zero difference line, while the response pattern of /ʌ/ 

minus /æ/ lied more closer to zero line (Figure.6e). With more severe spectral and temporal 

degradation of the signal the spatial patterns became less distinctive. For example when the 

signal is degraded down to 4 spectral bands and low pass filtered at 16 Hz, the dominant low 

frequency spike count of /æ/ as well as the dominant high frequency spike count of /u/ was less 

prominent, compared to the undegraded condition (Figure.6f). The response patterns created by 

/u/ minus /æ/ as well as /ʌ/ minus /æ/ both got more closer to zero difference line at 4 bands /16 

Hz stage (Figure.6g). These results show that unique spatial patterns defined by spike count 

function of A1 neurons encoded spectral characteristics of vowels even in the absence of fine 

spectral and temporal details of the signal, and continued to do so until it fails at severe degrees 

of signal degradation. We expect that the behavioral discrimination of vowel pairs would be 

highly accurate across stages of degradation that neural responses remain largely distinct while 
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reaching chance level accuracy with severe degradation and subsequent loss of neural 

dissimilarity.  

 

Figure 7. Neural and behavioral correlates of vowel discrimination The behavioral 
discrimination of vowels was significantly correlated with the neural differences only 
when the average spike count over the first 400 ms window was considered (b). 
Euclidean distance between the neurograms containing precise spike timing information 
(1 ms) of the first 400 ms was not correlated with behavioral performance of vowels (a). 
Neural classifier based on Euclidean distance between A1 neurogram responses (1 ms) of 
the first 400 ms response was far exceeding the behavioral performance of vowel 
discrimination and did not significantly predict the latter (c). Neural classifier based on 
the Euclidean distance between the average spike count of the first 400 ms of A1 neural 
responses significantly predicted the vowel discrimination behavior (d). Sizes of the 
symbols indicate the spectral resolution where the largest shows the undegraded vowels. 
The brightness of the symbols indicates temporal resolution where the brightest shows 
the undegraded vowels. 
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The neural dissimilarity quantified by spike count activity for different vowels accurately 

predicted behavioral discrimination of noise vocoded vowels. The Euclidean distance between 

the number of spikes evoked in each site for /æ/vs/ʌ/, /æ/vs/i/ and /æ/vs/u/, across different levels 

of degradation, was significantly correlated with the behavioral perception (r2=0.52, P<0.0001, 

Figure.7a). The neural classifier, using spike count profiles from single sweeps was used to 

quantify neural discrimination in units of percent correct (see methods). Neural discrimination 

based on average spike count was strongly correlated with behavioral discrimination of noise 

vocoded vowels bay rats (r2=0.51, P<0.0001; Figure.7b). The neural discrimination between 

vowel pairs remained high across the degradation levels that rats found it easier to discriminate 

compared to the levels that rats found difficult to discriminate. For example the neural classifier 

performance between /æ/vs/ ʌ / was the lowest across all the degradation levels except the most 

spectrally degraded  (4 bands) stage (Figure.5g, 5h). The same pattern was seen in the behavioral 

performance by rats where /æ/vs/ ʌ / was the most difficult task across all stages of degradation 

except the 4 bands spectral stage (Figure.2e, 2f). These findings indicate that spatial patterns 

generated by vowels in A1 sufficiently encode neural dissimilarities and that behavioral 

discrimination of speech remains robust as long as the neural activity patterns remain distinct.  

Spatiotemporal activity patterns containing precise timing of action potentials failed to 

explain behavioral perception of noise vocoded vowels. Inclusion of precise spike timing 

information over the 400 ms window created a ceiling effect placing the neural discriminability 

at a level far exceeding the behavioral ability of vowel discrimination. The neural dissimilarity 

computed by Euclidean distance of 1 ms precise spike timing patterns between /æ/vs/ʌ/, /æ/vs/i/ 

and /æ/vs/u/ was not correlated with behavioral discrimination of noise vocoded vowels 
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(r2=0.0001, P=0.849; Figure.7c). The neural classifier, when provided with spike timing 

information also failed to produce significant neural correlates with behavioral discrimination of 

vowels (r2=0.0001, P=0.866; Figure.7d). These results suggest that the potential neural 

mechanisms underlying vowel perception operate on spatial patterns as opposed to the 

spatiotemporal patterns of consonant perception. 

 

DISCUSSION 

Summary 

In this study we examined the behavioral discrimination of noise vocoded consonants and 

vowels by rats and recorded neural activity patterns generated in rat A1 for the same stimuli. 

Rats, like humans, discriminated noise vocoded speech processed with 8 spectral bands and 

envelope information low pass filtered at 256 Hz and normal speech with similar accuracy. 

Spatiotemporal activity patterns generated in rat A1 by speech sounds noise vocoded with 8 to 

16 spectral bands and envelope modulations below 256 Hz produced neurograms similar to 

undegraded speech. Behavioral discrimination ability was correlated with the discrimination 

ability of neural classifier based on neural activity patterns generated in A1. The behavioral 

discrimination of speech remained accurate as long as the degraded speech stimuli generated 

distinct neural activity patterns in A1 neurons.  

The rats’ ability to discriminate noise vocoded speech reported in this study is 

comparable to human psychophysical findings in several aspects. First, the degree of tolerance 

rats showed in their behavioral discrimination of noise vocoded sounds was very similar to 

human data. Both humans and rats performed speech discrimination above 75% correct when the 
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spectral information was limited to 4 bands or above, and when the temporal envelope 

information was low pass filtered at 4 Hz or above (Shannon et al., 1995; Loizou et al., 1999; Xu 

et al., 2005). Second, the level of degradation at which behavior reached a performance 

maximum was the same in rats and humans. Speech discrimination in quiet by human subjects 

either listening through cochlear implants or to noise vocoded speech, reached a peak at 8 

spectral bands and increasing the spectral bands more than 8 did not improve the performance 

(Fishman et al., 1997; Loizou et al., 1999; Xu et al., 2005). These observations are essentially 

replicated in our results, where rats’ performance reached an asymptote with eight spectral 

bands. Third, spectral degradation affected vowel discrimination by rats, significantly more than 

consonants. Recognition of noise vocoded vowels by normal hearing people also reported the 

same pattern with spectral degradation (Shannon et al., 1995; Xu et al., 2005). Fourth, temporal 

degradation affected consonant discrimination by rats, significantly more than vowels and the 

human behavior on noise vocoded speech also showed similar patterns (Drullman et al., 1994; 

Xu et al., 2005). These findings suggest that general auditory processing mechanisms underlying 

speech discrimination are likely shared by humans and animals. 

A noise vocoder only transmits limited spectral and temporal details of original speech. 

For example a noise vocoder with 8 bandpass filters provides a coarser frequency analysis of 

speech, compared to normal cochlea. The formant structure created by vocal tract resonances is 

significantly altered in vocoded speech. Formant transitions and pitch are removed (Shannon et 

al. 1995). Neurophysiology from the current study shows that A1 representation of noise 

vocoded speech processed with 8 spectral bands and modulations below 256Hz is 

indistinguishable from that of normal speech. This finding suggests that central auditory 
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representation of speech do not rely on the detailed frequency assessment provided by 

physiological cochlea. Our result is consistent with recent human imaging evidence that superior 

and middle temporal gyri exhibit equally strong activations for normal speech and equally 

intelligible noise vocoded speech (Scott et al., 2000; Davis and Johnsrude, 2003; Scott et al., 

2006). Based on these results it is reasonable to conclude that a cochlear implant with 8 spectral 

channels and envelope modulations up to 256 Hz would successfully recreate the neural 

representation of normal speech in A1 (Fishman et al., 1997; Hedrick and Carney, 1997; Kiefer 

et al., 2000; Loizou et al., 2000; Loebach and Wickesberg, 2006). Successful generation of 

auditory neural activity patterns similar to those generated by normal speech provides a potential 

neural substrate for cochlear implant function. 

In post-linguistically deaf cochlear implant recipients the speech perception performance 

gradually improves over the first few months after implantation (Hughes et al., 2001; Krueger et 

al., 2008). This acclimatization is generally attributed to the slow process of learning how to 

interpret inputs from the cochlear implant (Tyler and Summerfield, 1996). This process appears 

to involve substantial plasticity in the central auditory system (Kral and Tillein, 2006; Sharma et 

al., 2007; Beitel et al., 2011). It is not clear whether this plasticity is required either to learn the 

patterns generated by cochlear implant, or simply because the auditory system has been deprived 

of inputs for such a long period of time (Moore and Shannon, 2009). Our results indicate that 

spectral and temporal degradation of auditory inputs has a surprisingly small impact on the 

activity patterns evoked by speech. The fact that both human and rat listeners can rapidly learn to 

accurately discriminate noise vocoded speech demonstrates that large scale plasticity is not 

required to process degraded speech (Shannon et al., 1995; Xu et al., 2005). Thus the most likely 
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explanation for the long period of acclimatization following cochlear implantation is that a slow 

process is required to restore the normal operation of an auditory system long deprived of 

auditory inputs. In auditory cortex, deafness is known to cause increased spontaneous activity, 

tonotopic distortion, homeostatic changes and strengthening of non-auditory inputs (Kral, 2007; 

Rao et al., 2010). It is likely that the time a cochlear implant recipient spends acclimatizing to the 

device is a period of recovery from sensory deprivation, rather than a protracted period required 

for learning to compensate for degraded speech. These observations suggest that acclimatization 

might be accelerated to achieve higher levels of asymptotic performance by focusing on 

strategies designed to restore normal operation to the auditory system. For example, patients 

might be better served by listening to scales, rather than speech sounds which simultaneously 

activate many channels (Gatehouse, 1992). 

Sensory systems encode stimulus characteristics in multiple time scales distributed from 

milliseconds to few hundred seconds. Precise spike timing of action potentials as well as spike 

count averaged over long integration windows have been shown to transmit information about 

perceptually important stimulus characteristics in different sensory modalities including vision, 

audition and somatosensation. Psychophysical and neurophysiological studies of vibrotactile and 

visual motion processing have revealed that the average firing rate of cortical neurons are well 

correlated with perception (Britten et al., 1992; Romo and Salinas, 2003; Liu and Newsome, 

2005). The additional information encoded in precise timing of action potentials was reportedly 

not useful in these tasks. On the other hand, the relative timing of neural activity was required to 

represent complex stimuli in the auditory system (Engineer et al., 2008). The behavioral 

perception of consonant recognition tasks were only correlated when the precise spike timing 
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information was included in the neural discrimination, and were not correlated with the average 

spike count. Recent work reviewing these opposite arguments have suggested that sensory 

information is likely encoded in multiple time scales including both millisecond precision and 

averaging of spikes (Kumar et al., 2010; Panzeri et al., 2010). Our data support this argument by 

showing that within the auditory system, dynamic acoustic properties of consonants are better 

represented by spike timing of A1 neurons, while the steady state properties of vowels are better 

represented in spike count. These results are in agreement with the neural representation of 

consonants and vowels observed in previous experiments (C. A Perez, C. T. Engineer, V. 

Jakkamsetti, R. S. Carraway, M. S. Perry, M. P. Kilgard unpublished observations). The choice 

of temporal resolution used by the neural decoding mechanisms appears to be determined by the 

properties of stimulus characteristics. These conclusions are also consistent with previous 

theoretical explanations of the ability of auditory system to encode stimulus properties in 

multiple timescales in bilateral primary auditory areas, later lateralizing into right and left 

hemispheres for subsequent stages of processing (Poeppel, 2003; Boemio et al., 2005). It has 

been suggested that such multiple coding inputs provide complementary rather than competing 

information in the representation of temporally varying spectral components of complex signals 

(Panzeri et al., 2010). 

Our previous experiments reported that differences created by precise spike timing 

patterns of A1 neurons by consonants are highly correlated with the behavioral ability to 

discriminate consonants (Engineer et al., 2008). The temporal coding of A1 neurons represented 

acoustic transients of consonants in a continuous neural encoding of 1-10 ms resolution of action 

potential firing. Since the consonants itself carry millisecond precise acoustic transients it is 
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possible that the spike timing precision of A1 activity patterns to be totally driven by stimulus 

properties. In the current study we removed the fast temporal modulations of the stimuli by low 

pass filtering. Our results demonstrated that noise vocoded consonant recognition was not 

significantly different from that of normal consonants even after removing envelope modulations 

above 64 Hz, and that millisecond precise spike timing of A1 neural activity is still highly 

correlated with this behavior. These results indicate it is possible to represent the differences 

between consonants in the precise timing of action potential firing, independent of the timing of 

acoustic transformations. Our results are also in agreement with several theoretical studies 

showing that temporal coding of neurons have the ability to encode not only the time varying 

temporal patterns of stimulus characteristics but also static spatial patterns (Buonomano and 

Merzenich, 1995; Mauk and Buonomano, 2004). For example the temporal patterns generated in 

a model of visual cortex neurons by handwritten numerals potentially represented distinct neural 

firing patterns for each numeral (Buonomano and Merzenich, 1999). Collectively these findings 

substantiate the fact that temporal codes are not simply faithful representations of time varying 

stimulus features but an abstract representation of input signals distributed in action potential 

timing. 

The current study reports the first evidence of noise vocoded speech discrimination in an 

animal model. Our results demonstrate that speech signals separated into a small number of 

spectral channels and limited to slow modulations generate patterns of activity in the auditory 

cortex that are indistinguishable from the patterns generated by normal speech. Apart from 

providing a potential neural mechanism to explain the remarkable success of cochlear implants, 

our results clarify the level of detail at which normal speech is represented in auditory cortex. 
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Future neural and behavioral studies of speech sound processing in animals with cochlear 

implants are needed to confirm that these devices are capable of fully restoring speech evoked 

activity patterns in auditory cortex. 
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ABSTRACT 

Early experience of structured inputs and complex sound features generate lasting 

changes in tonotopy and receptive field properties of primary auditory cortex (A1). In this study 

we tested whether these changes are severe enough to alter neural representations and behavioral 

discrimination of speech. We exposed two groups of rat pups during the critical period of 

auditory development (P9:P38) to pulsed noise or speech. Both groups of rats were trained to 

discriminate speech sounds when they were young adults, and anesthetized neural responses 

were recorded from A1. The representation of speech in A1 and behavioral discrimination of 

speech remained unimpaired after exposure to a pulsed noise during development. Exposure to 

passive speech during early development provided no added advantage in speech sound 

processing. Speech training increased A1 neuronal firing rate for speech stimuli in naïve rats, but 

did not increase responses in rats that experienced early exposure to pulsed noise or passive 

speech. These results suggest that speech sound processing is fairly robust to manipulations of 

the early acoustic environment. 
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INTRODUCTION 

Early auditory experience alters the development of primary auditory cortex (A1). 

Exposure to structured inputs during critical period of auditory development induces changes of 

receptive field properties and temporal response dynamics that endure into adulthood (de Villers-

Sidani et al. 2007; Han et al. 2007; Insanally et al. 2010; Insanally et al. 2009; Kim and Bao 

2009; Zhang et al. 2002, 2001; Zhou and Merzenich 2009, 2008, 2007). Exposure to moderate 

intensity pulsed noise during development results in deteriorated tonotopicity, broader tone 

frequency tuning and degraded cortical temporal processing manifested by weaker responses to 

rapid tone trains (Zhang et al. 2002; Zhou and Merzenich 2009, 2008). Exposure to pulsed tones 

during development broadens tone frequency tuning and results in an expansion of the A1 

representations of the exposed tone frequency (de Villers-Sidani et al. 2007; Zhang et al. 2001). 

Exposure to downward FM sweeps during development gives rise to greater selectivity for the 

sweep rate and direction of the exposed stimulus (Insanally et al. 2009). It was suggested that 

cortical plasticity induced by manipulating early acoustic inputs could impair the processing of 

complex sounds such as speech (Chang et al. 2005; Zhou and Merzenich 2009, 2008, 2007).  

Given the profound effects of native language exposure on speech perception in later life, the 

early acoustic experience of speech itself likely play an important role in shaping the auditory 

cortex (Kuhl 2004; Kuhl et al. 1997a; Kuhl et al. 1997b; Kuhl et al. 2003). Neural circuits shaped 

by unique language experience during infancy have been suggested as a primary determinant 

factor in behavioral ability to discrimination speech (Cheour et al. 1998; Kuhl 2010; Naatanen et 

al. 1997). However, the degree of developmental auditory cortex plasticity that is necessary to 
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produce a significant effect on neural representation and behavioral discrimination of speech has 

not been tested. 

Earlier studies have shown that neural activity patterns generated in A1 are significantly 

correlated with behavioral discrimination of speech by rats (Engineer et al. 2008). Rats 

discriminated easily between consonant pairs that generated distinct spatiotemporal patterns and 

did poorly between pairs that generated similar patterns. Recent evidence from intraoperative 

recordings in humans have shown that representation of speech signals in posterior superior 

temporal gyri significantly predict the psychophysical behavior of speech recognition by humans 

(Chang et al. 2010). These observations suggest that A1 representations play a key role in speech 

sound processing and subsequent behavioral outcome of speech perception. In this study we 

tested the hypothesis that the effects generated by early acoustic environmental patterns on A1 

are severe enough to influence the behavioral and neural discrimination of speech. We exposed 

rat pups to two different manipulations of early auditory experience (i.e. exposure to pulsed-

noise or speech) and later trained them to discriminate speech sounds. We examined the 

anesthetized A1 neural activity patterns of noise-reared and speech-reared rats before and after 

speech training.  

 

METHODS 

Early exposure 

We exposed two groups of Sparague-Dawly rat pups during their postnatal development 

from day 9 (P9) through day 38 (P38) to either a pulsed noise stimulus or to speech sounds 

(Figure 1). The pulsed-noise-rearing consisted of exposure to fifty- millisecond noise pulses (5-
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ms ramps) at 6 pps with 1-s intervals in between. The speech-rearing exposure consisted of 13 

CVC (consonant-vowel-consonant) speech syllables, each 1.5 seconds long. To match the most 

ethological rates of presentation the 13 speech sounds were randomly interleaved with 13 silent 

wave files of the same duration and a single wave (speech or silent) was presented once every 2 

seconds in random order. These 13 syllables consisted of the same CVC syllables that rats were 

trained to discriminate in later life (see methods below). Both pulsed-noise and speech sounds 

ranged in their energy level from 1-25kHz. All sounds were played through an iPOD connected 

to a speaker placed ~15 cm above the rats and with 65-dB sound pressure level. During the 

exposure period litters of rat pups and their mothers were placed in a sound shielded chamber. A 

reverse 12-hour light/ 12-hour dark cycle was maintained to provide the normal physiological 

balance during awake and sleep states. We also housed a control group of rat litters from P9-P38, 

in an identical sound shielded chamber that did not play any sounds. 50% of control rats were 

reared in standard housing room environments. Only the female pups were used in the 

experiments. The tuning curve properties of the rats reared in the sound shielded chamber 

without any sounds were not significantly different from the rats reared in the standard housing 

room condition. For the analysis, therefore, we combined the two sets of control rats into a single 

control group. All experimental procedures were approved by the Animal Care and Use 

Committee at the University of Texas at Dallas. 

 

Speech training and analysis 

We trained 50 day (P50) old juvenile rats to discriminate 6 consonant pairs and 6 vowel 

pairs (Figure 1). The 6 consonant pairs included Dad/Bad, Dad/Gad, Dad/Tad, Sad/Shad, 
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Sad/Had, and Sad/Dad. The 6 vowel pairs included Dad/Dud, Dad/Did, Dad/Dayed, Sad/Seed, 

Sad/Sead, and Sad/Sood. 12 rats from each group of pulsed-noise-reared, speech-reared and 

control group were trained to discriminate speech in an operant training paradigm where rats 

pressed a lever for a food reward for a target stimulus (CS plus) and rejected the lever for non-

target stimuli (CS minus). Half the rats in each group (6 rats) were trained on the target ‘Dad’ 

(non-targets: Bad, Gad, Tad, Dud, Did, Dayed) and the other half were trained on the target 

‘Sad’ (non-targets: Shad, Had, Dad, Seed, Sead, Sood), so that each rat performed three 

consonant discrimination tasks and three vowel discrimination tasks. The speech sounds were 

spoken by a native female English speaker inside a double walled sound-proof booth. To better 

match the rat hearing range, the fundamental frequency of the spectral envelope of each recorded 

syllable was shifted up in frequency by a factor of two using the STRAIGHT vocoder (Kawahara 

1997). The intensity of each speech sound was adjusted so that the intensity of the loudest 100ms 

of the syllable is at 65 dB SPL.  

The operant training chamber consisted of a double walled, sound shielded booth 

containing a cage with a lever, a pellet receptacle and a house light. A pellet dispenser mounted 

outside the booth was connected to the pellet receptacle via a tube. A calibrated speaker was 

mounted approximately 20 cm from the most common location of the rat’s head position while 

inside the booth (the mid point between the lever and the pellet receptacle). Rats were food 

deprived during the training days to motivate behavior, but were fed otherwise to maintain 

between 85%-100% of their ideal body weight. Each rat was placed in the operant training booth 

for one-hour session, twice daily for five days per week. 
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Figure 1. Experimental timelines. PNR=pulsed-noise reared, SpR=speech reared, 
CON=unexposed control. Exposure period for PNR and SpR was from postnatal day 9 (P9) 
through P38. Note that 50% of the control rats were reared in standard housing room conditions, 
and the rest reared in identical sound proof exposure booth without pulsed-noise or speech inputs 
n=12 rats from each group was trained to discriminate speech sounds starting from P50. 
Physiology recordings from both trained and untrained subgroups of each group were done 
during a window of P85:P100. 
 

The training began with a brief shaping period to teach the rat to press the lever in order 

to receive a food pellet reward. Each time the rat was in close proximity to the lever, it heard the 

target sound, and received a sugar pellet reward. Eventually the rat learned to press the lever 

without assistance. The shaping continued until the rat was able to earn a minimum of 120 

pellets per session, which lasted on average 3-5 days. During the next stage of training the rat 

began a detection task where it was trained to press the lever when the target sound was 

presented. Initially the sound was presented every 10 seconds and the rat received a sugar pellet 

reward for pressing the lever within 8 seconds. The sound interval was gradually reduced to 6 

seconds and the lever press window to 3 seconds. The target sound was randomly interleaved 

with silent catch trials during each training session to prevent rats pressing the lever habitually. 

Performance of the rat was monitored using the d-prime (d’) value, which is a measure of 

discriminability according to signal detection theory (Green and Sets 1989). Training continued 
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until the rats reached a d’ ≥ 1.5 for six sessions. Following the detection phase, the rats started 

discrimination training where they learned to discriminate the target sound from the non-targets. 

In a given one hour session each rat discriminated the target sound against the six non-target 

sounds that were presented randomly interleaved with silent catch trials. Rats were rewarded 

with a sugar pellet when they pressed the lever within 3 seconds following the target stimulus. 

Pressing the lever for a non-target stimulus resulted in a 6 second time-out in which the training 

program paused and the house light was turned off. The discrimination training consisted of 20 

sessions (10 days). The final percent correct discrimination performance for each task was 

computed using the number of hits/misses/false-alarm and correct-rejection rates recorded during 

the last four sessions for each rat. 

 

Electrophysiology and analysis 

Multiunit clusters from right A1 were recorded from behavior trained rats and untrained 

rats of each group (Figure 1) (pulsed-noise-reared, speech-reared, control), under anesthesia. We 

recorded 242 A1 sites of pulsed-noise-reared untrained (n=6), 335 A1 sites of pulsed-noise-

reared trained (n=8), 155 A1 sites of speech-reared untrained (n=4), 320 A1 sites of speech-

reared trained (n=8), 281 A1 sites of control untrained (n=9), and 290 A1 sites of control trained 

(n=8) rats. Rats were aged from 85-100 days at the time of physiology recordings. Rats were 

anesthetized with pentobarbital (50 mg/kg). To maintain anesthesia rats received supplemental 

dilute pentobarbital (8 mg/ml) every ½ to 1 hour, subcutaneously. The supplemental dosage was 

adjusted as needed to maintain areflexia. A 1:1 mixture of dextrose and Ringers lactate was 

given every ½ hour to 1 hour to prevent dehydration. Heart rate, respiratory rate, Oxygen 
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saturation and body temperature were monitored throughout the experiment. A1 responses were 

recorded with four Parylene-coated tungsten micro-electrodes (1-2 MΩ, FHC). The electrodes 

were lowered simultaneously to 600 -700 µm below the surface of the right cortex corresponding 

to layer IV. Each electrode penetration site was marked on a representative map using cortical 

blood vessels as landmarks. At each recording site 25 ms tones were played at 90 logarithmically 

spaced (1-47 kHz) frequencies at 16 intensities (0-75 dB SPL), to determine the frequency-

intensity tuning curves of each site. After recording the tuning curve for each site speech stimuli 

consisting 13 speech sounds were presented. Each stimulus was played 20 times per site, in 

random order and once every 2000 ms at 65 dB SPL. After the presentation of tones and speech, 

we played noie-burst-trains of variable repetition rates to determine the RRTF for each site. 

Eight different repetition rates (2, 4, 7 10 12.5, 15, 17.5, 20 pps) were used and each noise-burst-

train was presented 20 times, at 65 dB SPL. To minimize adaptation effects, repetition rates were 

randomly interleaved, and 200 ms of silence separated each train. All stimuli were played from a 

calibrated speaker mounted approximately 10 cm from the base of the left pinna. Stimulus 

generation, data acquisition and spike sorting was performed with Tucker-Davis hardware 

(RP2.1 and RX5) and software (Brainware). 

We quantified the receptive field properties for each group, including threshold, 

bandwidths, latency, spontaneous firing, and response strength to tones. Threshold was defined 

as the lowest intensity that evoked a response at the characteristic frequency for each site. 

Bandwidths were measured in octaves as the frequency range that evokes a response 10, 20, 30, 

and 40 dB above the threshold. We used a customized MATLAB software to analyze these 

properties and the analysis was done by a blind observer. The percent of A1 responding to each 
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tone at each intensity level was calculated for each group (pulsed-noise-reared, speech-reared, 

control), for both trained and untrained subgroups. The percent of cortex was compared between 

different exposure groups and between trained and untrained groups, using measures described 

in previous studies (Puckett et al. 2007).  

We created neurograms using the A1 evoked activity of the onset consonant (first 40 ms 

of the CVC syllable) for the seven consonants used in the study(D, B, G, T, S, SH, H). Each 

neurogram consisted of responses from all of the A1 recording sites (per rat) on the y axis 

ordered from low to high characteristic frequency, and time (0 – 40 ms) on x axis providing 1 ms 

precise spike timing information. Neurogram response at each site consisted of the average of the 

20 repetitions of a given stimulus played at each site. Neural dissimilarity between different 

consonant pairs was computed using the Euclidean distance between neurograms. The Euclidean 

distance between a given neurogram pair is the square root of the mean of the squared 

differences between the firing rates for each bin averaged across the number of sites for a given 

rat. To maintain an adequate representation of low, mid and high frequency tuned neurons for 

each rat we only used data from rats that had more than 25 A1sites for this analysis. The 

Euclidean distance per group (pulsed-noise-reared, speech-reared, control) was computed by 

averaging across the rats in each group. The measures used in analyzing neural dissimilarity 

between consonant pairs were identical to those described in previous experiments (Engineer et 

al. 2008)  

We created spike-count profiles for each rat using the A1 evoked activity for the first 350 

ms after voicing of the CVC syllable depicting the neural activity pattern for the vowel. A spike-

count profile for a given stimulus consisted of the total number of spikes fired plotted on y axis, 



48 

 

by each recording site arranged from low to high frequency on x axis. The neural response at 

each site consisted of the average of the 20 repetitions of a given stimulus played at that site. The 

Euclidean distance between spike-count profiles were computed as a measure of neural 

dissimilarity between vowels. The Euclidean distance between a given spike-count pair is the 

square root of the mean of the squared differences between the firing rates during the 350ms 

window (350 ms bin) averaged across the number of sites for a given rat. Similar to consonant 

analysis, to maintain an adequate representation of low, mid and high frequency tuned neurons 

for each rat we only used data from rats that had more than 25 A1sites for this analysis. The 

Euclidean distance per group (pulsed-noise-reared, speech-reared, control) was computed by 

averaging across the rats in each group. The analysis criteria of the neural evoked activity of 

spike count for vowels were based on the measures described in previous studies  (C. A Perez, C. 

T. Engineer, V. Jakkamsetti, R. S. Carraway, M. S. Perry, M. P. Kilgard unpublished 

observations).  

A neural classifier (Engineer et al. 2008; Foffani and Moxon 2004) was used to calculate 

the neural discrimination between speech stimuli in units of percent correct by using the 

individual sweeps. The neural classifier randomly picked a sweep (out of 20 repetitions) at a time 

and made a template from 19 sweeps (the sweep being considered was excluded) for each speech 

sound. The sweep under consideration was then compared to these templates using the Euclidean 

distance to determine how similar it is to each template. The classifier determined that the single 

sweep response under consideration was generated by the sound whose template was closest to it 

in Euclidean space. This model assumed that the average templates are analogous to the neural 

memory of different sounds. For consonant analysis the classifier used the first 40 ms of the 
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speech evoked responses and considered the precise spike timing information (used 40 of 1 ms 

bins). For vowel analysis the classifier used the first 350 ms of the voiced speech evoked activity 

and considered the total number of spikes fired (used a single 350 ms bin). 

 

RESULTS 

Early acoustic experience can modify A1 response characteristics 

We examined the tonotopic arrangement and tuning bandwidths of A1 neurons in pulsed-

noise-reared rats and speech-reared rats in comparison to control rats. Pulsed-noise rearing 

resulted in a low-frequency map shift compared to controls. For example the percent of cortex in 

pulsed-noise-reared rats that was tuned to low frequencies was significantly higher than normal 

controls, while the percent of cortex that was tuned to high frequencies was significantly lower 

(Figure  2a, b, c). Speech rearing, on the other hand only had minimal effects of cortical map 

arrangement, with a slight mid frequency map expansion of high intensity sounds (Figure 2e, f, 

g). Pulsed-noise rearing resulted in a modest broadening of bandwidths above 10 dB above 

threshold, while speech rearing did not produce any significant effects on bandwidth measures 

(Figure 2i). There were no significant differences in pulsed-noise-reared rats and speech-reared 

rats in their onset latencies (ANOVA, F(2,15)=2.18, P=0.15) or sound intensity thresholds 

(ANOVA, F(2,15)=0.6, P=0.56) of A1 neurons, compared to control rats (Figure 2g). Our 

observations of broader than normal bandwidths, and low-frequency map shift in pulsed-noise 

reared rats are consistent with previous reports and confirm the long lasting effects of structured 

noise on developing A1 (Zhang et al. 2002; Zhou and Merzenich 2009, 2008). Our results 
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suggest that passive exposure to speech during early development has little effect on the 

responses of A1 neurons to tones. 

 

 

Figure 2. Changes in percent of cortex and tuning curve properties after pulsed-noise and 
passive speech exposure. Exposure to pulsed-noise resulted in expansion of the low frequency 
tuned region of A1 map, and shrinkage of high frequency tuned region. % of cortex responding 
to A1 neurons tuned to different Cfs is plotted against intensity for control rats  (a) for pulsed-
noise-reared rats (b). Change in % cortex between PNR and CON (c). Significance of % cortex 
difference between PNR and CON in a paired ttest (P<0.05) (d). Exposure to passive speech only 
produced slight changes in the tonotopic map of A1 (f) compared to controls (e).  % of cortex 
responding to mid frequency showed a modest increase in the difference plot (g)  Significance of 
% cortex difference between SpR and CON in a paired ttest (P<0.05) (h). Comparisons of 
bandwidth between three groups (i) BW10=bandwidth at 10 dB, BW20= bandwidth at 20dB, 
BW30=bandwidth at 30 dB and BW40=bandwidth at 40dB; stars indicate significant difference 
from CON group (*=P<0.05), Comparison of threshold (j), and Latency (k), between groups. All 
data are from untrained rats. Error bars represent SE. 

 

 Previous studies have shown that pulsed-noise exposure during early development 

significantly decreased the ability of A1 neurons to respond to rapidly presented tone trains 
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(Zhou and Merzenich 2009, 2008). We examined the temporal modulation transfer function 

(tMTF) of A1 neurons, for different repetition rates of a broadband noise-burst stimulus. In naive 

controls most cortical neurons followed noise-bursts repeated at or below 7 pps, with each burst 

generating either the same or more number of spikes as for the first burst.  Pulsed-noise reared 

rats also demonstrated unimpaired ability to follow noise-bursts repeated at or below 7 Hz, 

although these neurons showed significantly less facilitation at 2 Hz and 4 Hz compared to naïve 

controls (Figure 3a). For repetition rates below 10 Hz, speech-reared A1 neurons showed 

identical tMTF activity like the naïve control rats (Figure 3a). Both pulsed-noise reared and 

speech reared rats demonstrated significantly better following rates at 10 Hz. There was no 

difference between the three groups of rats in their ability to follow noise-burst trains above 12.5 

Hz. We also calculated the vector strength and Rayleigh statistic to examine the temporal fidelity 

of A1 responses to noise-burst trains. Pulsed-noise-reared rats and speech-reared rats both 

demonstrated similar band-pass characteristics in their vector strength responses (Figure 3b). All 

three groups had their vector strength curves peaking around 7 Hz, while pulsed-noise reared rats 

and speech reared rats showed significant right shift in their curves (Figure 3b). Taken together, 

the vector strength and Rayleigh statistics of pulsed-noise-reared rats and speech reared rats 

showed better phase locking with higher rates compared to control rats (Figure 3b,c). Our results 

indicate that pulsed-noise rearing does not significantly impair the ability of A1 neurons to 

follow a noise-burst stimulus, compared to naïve controls, and in fact we observed significantly 

better tMTF at 10 Hz. This is in sharp contrast to the decreased ability of pulsed-noise-reared A1 

neurons to follow a tonic stimulus repeated at 10 Hz, as reported in previous studies (Zhou and 

Merzenich 2009, 2008). These results suggest that, even though A1 neurons of pulsed-noise 
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exposed rats have difficulty following a repetitive tonic stimulus, their ability to follow a 

repetitive broadband stimulus remains unimpaired. The current study chose to examine the tMTF 

for a noise-burst stimulus since it would bear more resemblance to speech, which is also a 

temporally varying broadband stimulus. Collectively we observed unimpaired temporal 

modulation functions and improved phase locking in pulsed-noise reared and speech-reared rats.  

 

 

Figure 3. Post exposure temporal modulation functions. Normalized cortical following 
response of A1 neurons for PNR, SpR and CON groups for a noise burst train (a). Cortical 
response was computed by considering the average of spikes evoked by the second through sixth 
bursts of the stimulus train. Circles mark the data points for PNR and SpR, which are 
significantly different from CON in a paired ttest with P< 0.01. Exposure to pulsed noise made 
A1 neurons significantly faster at 10 Hz and slower at 15 and 20 Hz. Exposure to speech made 
A1 neurons to fire slower at 15 and 20 Hz levels. Average vector strengths (b) average Rayleigh 
statistics(c) measured at different repetition rates of the noise burst stimulus, for PNR, SpR and 
CON rats. Circles indicate significant differenced compared to CON in a paired ttest with 
P<0.01. Error bars represent SE. All data are from untrained rats. 
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Pulsed-noise or passive speech exposure does not change speech discrimination ability 

Pulsed-noise-reared rats and speech-reared rats did not show significant differences in 

behavioral speech discrimination compared to control rats. Across the 10 days of training the 

average d-prime of discriminating the target sound from non targets were within the same range 

of performance for all three groups (Figure 4a; ANOVA, F(2,33)=0.26, P=0.77). The final 

performance level as estimated by the average percent correct discrimination during the last four 

sessions of training for each rat were not significantly different between the three groups for any 

of the discrimination pairs (Figure 4b & c; ANOVA for Sad vs Had, Shad, Dad, Sead, Sood, 

Seed, F(2,15)=1.23, P=0.32; ANOVA for Dad vs Tad, Gad, Bad, Dud, Did, Dayed, 

F(2,15)=0.19, P=0.82). Our results indicate that pulsed-noise-rearing does not impair the ability 

to discriminate speech in later life. This finding is consistent with previous experiments showing 

that similarly pulsed-noise-reared rats achieve the same final performance as control rats in 

identifying a target tone train of a specific repetition rate (Zhou and Merzenich 2009). Our 

results demonstrated no significant impairments of learning during the early part of speech 

discrimination training in the pulsed-noise-reared rats. This observation is different from the 

observation of significantly slow learning of pulsed-noise-reared rats in a temporal frequency 

discrimination task described in previous studies (Zhou and Merzenich 2009). Our results also 

show that exposure to passive speech during development does not provide added advantage for 

the level of performance in speech discrimination in later life. Overall the psychophysical results 

of the current study demonstrate that behavioral discrimination of speech is neither impaired nor 

improved by early exposure to pulsed-noise or speech. 
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Figure 4. Behavioral discrimination of speech after pulsed-noise and passive speech 
exposure. (a) PNR, and SpR groups were not different from CON group in learning speech 
discrimination. d’ measures are computed for each rats as the detection of target sound against all 
non-targets (six), and averaged across groups. Percent correct discrimination of (b) consonant 
tasks and (c) vowel tasks for PNR, SpR and CON groups. Data are from the last four sessions of 
training. Error bars represent SE. 
 
 

The spatiotemporal activity patterns for consonants generated by A1 neurons of pulsed-

noise reared rats and speech reared rats were not different from that of control rats. As reported 

in previous studies (Engineer et al. 2008) each consonant generated a unique pattern of activity. 

For example, in control rats, /D/ evoked early high frequency firing followed by low frequency 

neurons, while /B/ evoked early low frequency firing followed by high frequency neurons 

(Figure 5a, top row). The neural responses for consonants generated in pulsed-noise-reared rats, 

and speech-reared rats were similar to control rats (Figure 5a, middle and bottom rows). As a 

measure of neural differences between consonant pairs we estimated the Euclidean distance 

between neurograms. Consistent with previous studies (Engineer et al. 2008) the consonant pairs 

which rats found easier to discriminate behaviorally generated more distinct activity and 

therefore larger Euclidean distances compared to those which rats found difficult to discriminate. 

For example /D/ vs /B/ generated more distinctive activity patterns compared to /S/ vs /SH/  
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(Figure 5a top row, 2b top row and1b). The neural differences appeared to be in the same range 

across the pulsed-noise-reared rats, speech-reared rats and the control rats while the patterns of 

neural distinctiveness also remained similar across the groups (Figure 5b,c & d). The average  

 

 

Figure 5. Neural representation of consonants in A1. CON=control rats, PNR=pulsed-noise-
reared rats, SpR=Speech reared rats. (a) Neurograms depicting the onset response of A1 neurons 
to four consonants in CON rats (a -top row), PNR rats (a- middle row) and SpR rats (a- bottom 
raw). Each neurograms plots the average poststimulus time histograms (PSTH) derived from 20 
repeats, ordered by the characteristic frequency (kHz) of each recording site (y axis). Time is 
represented on the x axis (40 ms). The firing rate of each site is represented in grayscale. For 
comparison, the mean population PSTH evoked by each sound is plotted above the 
corresponding neurogram. The Euclidean distance between the neurograms evoked by each 
consonant pair for CON rats (b), PNR rats (c) and SpR rats (d). Euclidean distance was 
computed using spike timing with 1-ms bins. Distance measures were normalized by the most 
distinct pair where dark red squares indicate pairs that are highly distinct and blue indicates pairs 
that are less distinct. Pairs that were tested behaviorally are outlined in black. The gray color 
panels on PNR and SpR indicate statistical significance compared to CON, where gray indicates 
no difference and black indicate significance at P<0.05.  Average Euclidean distance across all 
21 pairs of consonants, was not different across CON, PNR and SpR groups (e). Average percent 
correct value across all 21 consonant discrimination tasks by neural classifier (see methods), was 
also not different across the three groups (f). Error bars represent SE. Neural classifier 
discrimination for each site (X axis) plotted against the BW20(Y axis), made positive 
correlations in all three groups. CON (g), PNR(h) and SpR(i). All data are from untrained rats. 
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Euclidean distance across all consonant pairs was not significantly different in pulsed-noise-

reared rats or in speech-reared rats compared to controls (Figure 5e, ANOVA F(2,16)=0.71, 

P=0.50). We then further quantified the neural discrimination ability of A1 responses using each 

individual stimulus presentation separately, which allowed us to calculate the neural 

discrimination in units of percent correct. This analysis was accomplished with the use of PSTH 

classifier. The classifier determined the neural discrimination between consonant pairs using 

precise spike timing information of single sweeps (see methods). The neural classifier 

discrimination of consonants in pulsed-noise-reared rats or that of speech-reared-rats was not 

significantly different from that of controls (Figure 5f, ANOVA F(2,16)=0.27, P=0.77). Our 

results indicate that exposure to pulsed-noise or passive speech during early development does 

not significantly affect the neural representation of consonants in A1. The unaffected neural 

discrimination ability of A1 neurons is consistent with our psychophysical observation of 

unimpaired consonant discrimination behavior in pulsed-noise-reared and speech-reared rats. 

A1receptive field size plasticity is closely linked to spectral and temporal features of the auditory 

input. Previous studies have shown that narrowed receptive fields with enhanced spatial 

precision would be advantageous in discriminating spectral cues, while broadened receptive 

fields with greater averaging of neural firing would be advantageous in discriminating temporal 

cues (Kilgard and Merzenich 1999; Kilgard et al. 2001). To evaluate the effect of receptive field 

size on neural discrimination of speech, which consists of both spectral and temporal cues, we 

plotted the neural classifier performance by neurons with different bandwidths at 20dB above 

threshold (BW20). Neurons with larger BW20 performed better in consonant discrimination, in 
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all three groups of rats (Figure 5g, control; 5h, pulsed-noise-reared, and 5i, speech-reared). In 

control and pulsed-noise-reared rats increasing BW20 was significantly correlated with 

increasing neural discrimination performance (controls rats, r2=0.05, P<0.0001 and pulsed-noise-

reared, r2=0.1, P<0.0001), and in speech-reared rats this relationship showed a significant trend 

(r2=0.02, P=0.07). Given the modest degree of broadening observed with pulsed-noise-rearing in 

the current study, we did not see significant differences in discrimination performance in pulsed-

noise-reared rats, compared to controls. These observation suggest that even greater degrees of 

broadening as reported in earlier studies (Zhang et al. 2002; Zhou and Merzenich 2009, 2008).  

with shorter periods of exposure would be unlikely to produce an impairment of speech 

discrimination, since enlarged bandwidths are associated with better neural performance. 

The spatial patterns generated by vowels in A1 neurons of pulsed-noise-reared rats and 

speech-reared rats were not different from that of control rats. The number of spikes generated 

by A1 neurons when plotted against their best frequency, produced unique spatial patterns for 

each syllable containing a different vowel.  For example, in control rats, ‘Sad’ generated 

relatively higher firing rates in low frequency tuned neurons compared to ‘Seed’ (Figure 6a top 

left). The vowel pairs that exist far from each other in vowel-space generated more distinct 

spatial patterns compared to those that lie closer to each other. For example ‘Sad’ vs ‘Seed’ 

generated larger Euclidean distance compared to ‘Sad’ vs ‘Sead’ (Figure 6a,top right). The 

unique spatial patterns generated in response to different vowels were consistent across the 

exposed and control rats (Figure 6a, top, middle and bottom rows). We computed the Euclidean 

distance between the spatial patterns generated by vowel pairs to quantify the neural difference 

between them. The unique spatial patterns generated in response to different vowels, and the 
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difference patterns they generated in Euclidean space were similar across the three groups of rats 

including, pulsed-noise-reared, speech-reared and control rats (Figure 6b, top, middle and bottom 

rows). The average Euclidean distance generated across all vowel pairs (12 pairs) in pulsed-

noise-reared rats, and in speech-reared rats was not significantly different from that of control  

 

 

 

Figure 6. Neural representation of vowels in A1. CON=control rats, PNR=pulsed-noise-reared 
rats, SpR=Speech reared rats. (a) Spike count profiles depicting the response of A1 neurons to 
two vowel pairs in CON rats (a -top row), PNR rats (a- middle row) and SpR rats (a- bottom 
raw). Each spike count profile plots the total number of spikes  (averaged across 20 repeats) for 
the first 350 ms from the voicing onset, ordered by the characteristic frequency (kHz) of each 
recording site (x axis). (b) The Euclidean distance between the spike count profiles evoked by 
each vowel pair for CON rats (a -top row), PNR rats (a- middle row) and SpR rats (a- bottom 
raw). Distance measures were normalized by the most distinct pair where dark red squares 
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indicate pairs that are highly distinct and blue indicates pairs that are less distinct. Pairs that were 
tested behaviorally are outlined in black. The gray color panels on PNR and SpR indicate 
statistical significance compared to CON, where gray indicates no difference and black indicates 
significance at P<0.05. Average Euclidean distance across all 12 pairs of vowels was not 
different between, CON, PNR and SpR groups (c). Average percent correct value across 12 
vowel discrimination tasks by neural classifier (see methods), was not different between, CON, 
PNR and SpR groups (d). Error bars represent SE. Neural classifier discrimination for each site 
(X axis) plotted against the BW20 (Y axis), made positive correlations in all three groups. CON 
(e), PNR (f), and SpR (g). All data are from untrained rats.      
     
 

rats (Figure 6c; ANOVA F(2,16)=0.19, P=0.83). We then used the classifier to quantify the 

neural discrimination of vowels in units of percent correct. The classifier used the spike count 

generated in single sweeps (first 350 ms of voiced stimulus activity) to discriminate between 

vowel pairs. Neural classifier performance on vowel discrimination for pulsed-noise-reared rats 

and speech-reared rats was not significantly different from control rats (Figure 6d; ANOVA 

F(2,16)=0.98, P=0.40). Consistent with our observations on neural discrimination of consonants, 

enlarged BW20 was significantly correlated with better vowel discrimination in pulsed-noise-

reared rats and speech reared-rats (Figure 6f,g; pulsed-noise-reared, r2=0.03, P<0.01; speech-

reared, r2=0.11, P<0.0001). In control rats this relationship failed to reach statistical significance 

(r2=0.01, P=0.16). These observations suggest that significant broadening of bandwidths 

following pulsed-noise exposure is unlikely to produce impairment in neural discrimination of 

vowels. Our results indicate that neural representation of vowels is not significantly affected by 

pulsed-noise exposure or passive speech exposure during the critical period of auditory 

development. These findings are consistent with our psychophysical observations where early 

acoustic experience of pulsed-noise and passive speech neither impaired nor improved the 

behavioral discrimination of vowels in rats. 
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Speech training improves A1 responses in naïve rats but not in pulsed-noise-reared and 

speech-reared rats 

Speech training reportedly induced generalized enhancement of A1 firing in both humans 

and animals. Speech training in human subjects showed equally significant MMN responses and 

increased neural synchrony for trained speech sounds as well as for untrained speech sounds 

(Kraus et al. 1995; Tremblay et al. 2001). A1 neurons generated similar pattern of activity for 

both trained and untrained marmoset twitter calls in ferrets (Engineer 2008; Schnupp et al. 2006). 

Consistent with these observations we observed a generalized increase in A1 firing for both 

trained and untrained speech stimuli in our data. For example the peak firing rate within the first 

100 ms of stimulus onset for ‘sad’ in control rats trained on ‘sad’ as their target stimulus was not 

significantly different from those trained on ‘dad’ as their target stimulus (t(6)=0.6951, P=0.51). 

Following the same pattern there was no significant difference between the Euclidean distance 

patterns (STATS), and the neural classifier performance (STATS) between ‘dad’ trained rats and 

‘sad’ trained rats. This pattern was consistent across the pulsed-noise-reared and speech-reared 

rats as well. For further analysis on speech trained rats we then combined the ‘dad’ trained (n=4 

in each group) rats and ‘sad’ trained rats (n=4 in each group), making a common ‘trained’ 

subgroup (n=8) within each of the pulsed-noise-reared, speech-reared and control groups. 

Perceptual learning associated changes have been reported in A1 neurons with regard to different 

modalities of training including frequency discrimination, sound localization and temporal 

discrimination tasks. We examined the effects of speech discrimination training on A1 speech 

evoked responses in pulsed-noise-reared, speech-reared and control rats. Speech training in naïve 
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control rats resulted in increased response strength of A1 neurons to speech sounds. For example, 

A1 responses for Dad and Tad were markedly increased in a rat trained to discriminate speech 

sounds, compared to the response from an untrained control rat (Figure 7a & b). Responses from 

a speech trained pulsed-noise-reared rat did not show such increased A1 speech evoked activity 

compared to an untrained counterpart (Figure 7c,d). Responses from a speech trained, speech-

reared rat also did not show an increase in firing rate when compared to an untrained counterpart 

(Figure 7e,f) As a result of increased response strength following training the Euclidean distance 

between /D/ and /T/ was enhanced in speech trained control rat compared to the untrained 

control (Figure 7f, inset). Pulsed-noised rearing and speech rearing did not show any 

enhancement of Euclidean distance for /D/ vs /T/ after training (Figure 7f, inset). Considering all 

trained and untrained rats in the control group, the average Euclidean distance measures across 

the six trained consonants showed a significant enhancement after training (M=186 ± 8) 

compared pre-training (M=152 ± 7)(Figure 7g, CON bars; t(15)=3.32, P<0.01). Following the 

same pattern the neural classifier performance on consonant discrimination was significantly 

better in trained control rats (M=78% ± 1), compared to untrained controls (M=73% ± 1.5) 

(Figure 7h, CON bars; t(15)=2.67, P<0.05). Increased neural discrimination was also observed in 

control rats with relative to vowel tasks in control rats. For example, the neural classifier 

performance on vowel discrimination was significantly better in trained control rats (M=62% ± 

1), compared to untrained controls (M=59% ± 0.6) (Figure 7j, CON bars; t(15)=2.91, P<0.05). 

The Euclidean distance measures between vowel pairs in trained control rats (M=10.3 ± 1) were 

higher compared to the untrained rats (M=8.6 ± 0.5), however, this comparison failed to reach 

the statistical significance (t(15)=1.66, P=0.12). The Euclidean distance measures as well as the 
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neural classifier performance was not significantly different in trained pulsed-noise-reared and 

speech-reared rats, from those of their untrained counterparts (Figure 7g,h, & i,j, PNR and SpR 

bars,). Our observations of discrimination training resulting in enhanced speech evoked A1 

responses is consistent with studies on human subjects reporting significant increase in stimulus 

specific auditory evoked activity after perceptual training (Alain et al. 2007; Kraus et al. 1995). 

Our results of speech training on exposed rats suggest that early acoustic experience of pulsed-

noise or passive speech prevent this enhancement.  

 

 

Figure 7. Speech training produced increased response strength in CON. Speech training 
resulted in increased firing rate for speech sounds. In an example trained CON rat /Dad/ (a), and 
/Tad/ (b) showed marked increase in firing rate compared to an example untrained CON rat. 
Training did not have this effect as shown in example rats from PNR (c, d) and SpR (e, f) groups. 
As a result the Euclidean distance between /D/ vs /T/ in trained CON rats was enhanced 
compared to the untrained counterpart, and this effect was not seen in PNR and SpR rats (f – 
inset). The average Euclidean distance across the six trained consonant pairs (g), and the average 
neural classifier performance across the six trained consonants pairs (h) showed significant 
increase in trained CON rats compared to untrained rats. PNR and SpR groups showed no effect 
of training. Similar training effects were observed for Euclidean distance across the six trained 
vowel pairs (i) and the average performance of the neural classifier across the six trained vowel 
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tasks (j). Stars indicate significant difference in trained groups compared to untrained counterpart 
of each group. * =P<0.05. 
 

The increased firing rate after speech training in control rats, however, is not reflected in 

behavioral perception of speech sounds. The perceptual learning curve during the early part of 

training as well as the final performance accuracy reached at the end of the training, of by control 

rats were not significantly different from pulsed-noise-reared and speech reared rats (Figure 4, b, 

c). These observations suggest that enhanced A1 response strength of speech-evoked activity is 

not necessary for the perceptual learning and performance of speech discrimination tasks used in 

this study. 

 

DISCUSSION 

In this study we tested the hypothesis that the changes induced in A1 by exposure to 

pulsed-noise or passive speech during early development is severe enough to produce significant 

changes in neural and behavioral discrimination of speech sounds in later life. Our results show 

that despite lasting effects on receptive field and temporal properties, pulsed-noise exposure does 

not significantly impair neural representation of speech in A1 and produces no significant 

impairments in behavioral discrimination. Exposure to passive speech does not generate any 

significant changes in A1 receptive field properties and does not impair or improve neural and 

behavioral discrimination of speech. 

Consistent with previous studies (Insanally et al. 2010; Zhang et al. 2002; Zhou and 

Merzenich 2009, 2008) our results showed persistent changes of receptive field properties of A1 

neurons following early exposure to a pulsed-noise. Given the effects on tuning bandwidths and 

frequency map shift of A1 that endured into adulthood, our finding of unaltered representation of 



64 

 

speech in pulsed-noise-reared rats is surprising. Our results indicate that neural representation of 

speech in A1, and therefore the subsequent behavioral perception of speech is resistant to the 

degree of receptive field derangement caused by pulsed-noise rearing. This finding compliments 

the long known facts highlighting the robustness of speech perception. Psychophysical 

experiments have shown that speech recognition is highly resistant to significant signal 

degradation and to masking noise as loud as the speech signal itself, in both humans and animals 

(Drullman et al. 1994; Miller and Nicely 1955; Ranasinghe et al. 2010; Shannon et al. 1995). 

Cochlear implants with a few spectral bands and slow modulations, successfully restore speech 

perception ability of the hearing impaired to near normal levels (Fishman et al. 1997). The 

results from the current study demonstrate that representation of speech in A1 is not affected by 

significant receptive field changes, suggesting that neural representation of speech in A1 may not 

be highly dependent on refined and detailed processing of auditory neurons. Such degree of less 

refined neural representation of speech may also explain speech being resistant to acoustic 

degradation, for it is likely that degraded speech signals having enough cues to generate the same 

degree of neural activity patterns as normal speech.  

Our results suggest that early exposure to passive speech sounds does not provide an 

added advantage. This observation is consistent with human psychophysical evidence showing 

that lexical context of speech play a key role in early language development (Hoff 2003; 

Weizman and Snow 2001). Studies have shown that the amount of positive speech directed 

towards children is well correlated with later vocabulary performance in school. These results 

also agree with findings in human infants learning foreign language showing that no effective 

learning occurs when lexical interaction component is absent (Kuhl et al. 2003). The American 
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infants learning Mandarin Chinese from live interactive speakers showed phonetic learning, 

while those listening to passive media (audio or audio-visuals) with no interaction did not show 

learning effects. Collectively, these observations suggest that plasticity of phonetic learning may 

require facilitation beyond passive auditory inputs, even during early development. 

The broadening of tuning bandwidths observed in this study is relatively smaller 

compared to some of the previous experiments of early development pulsed-noise exposure. We 

attribute this difference to the longer exposure window used in the current study. The previous 

experiments reporting a prominent effect on bandwidths (more than 20% increase across all CF 

ranges) exposed the rat pups from P7:P28 (Zhang et al. 2002). More recent studies rearing rat 

pups in pulsed-noise reported broadening of bandwidths during P16:P23 and narrowing of 

bandwidths during P32:P39 (Insanally et al. 2010). In the current study we exposed rat pups 

from P9:P38, which covered both broadening and narrowing windows. The modest broadening 

of bandwidths we observed is presumably the most likely final outcome of tuning bandwidths 

after multiple changes. The positive relationship of enlarged bandwidths to neural classifier 

performance we observed in the current study suggest that it is unlikely that even greater 

increases of bandwidths resulting in a significant impairment of speech discrimination.  

Previous studies reported that pulsed-noise exposure results in decreased firing of A1 

neurons and reduced response synchronization to higher temporal modulation rates of a tonic 

stimulus (Zhou and Merzenich 2009, 2008). In contrast to these observations, we found that 

pulsed-noise-reared rats have no deficit in following higher rates of a repeated noise burst 

stimulus, and in fact showed better following rates at 10 Hz. Our results also showed 

significantly better phase locking at higher rates in pulsed-noise-reared rats, compared to 
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controls. Collectively, these observations suggest that early exposure to a pulsed-noise during 

critical period results in a decreased ability to follow repetitive tonic stimuli, yet an improved 

ability to follow repetitive broadband stimuli. The unimpaired ability of pulsed-noise reared A1 

neurons to follow a repetitive broadband stimulus is consistent with our observation of pulsed-

noise exposed rats having no significant behavioral deficit of discriminating broadband stimuli 

such as speech. Previous experiments on humans have reported different degrees of performance 

in closely related auditory tasks. For example, children with a significant abnormality in 

backward masking show unimpaired gap detection and forward masking detection (McAnally 

and Stein 1996; Wright et al. 1997). Our result of unimpaired ability to follow a rapid broadband 

stimulus by pulsed-noise-reared rats yet being defective at following a rapid tonic stimulus is 

consistent with such heterogeneous behavior on seemingly related auditory tasks. These findings 

emphasize the diversity of patterns created by A1 neurons for complex sounds, and may provide 

an explanation why discrimination of certain non-speech stimuli have been reported as poor 

predictors of speech discrimination ability (Rosen and Manganari 2001). 

Learning induced plasticity in sensory cortices including audition, vision and 

somatosensation has been repeatedly described in both animals and humans (Bieszczad and 

Weinberger 2010; Conner et al. 2005; Irvine and Rajan 1996; Recanzone et al. 1992a; 

Recanzone et al. 1992b; Rutkowski and Weinberger 2005). Despite several decades of research 

in this field, our understanding of the extent to which the direct behavioral consequences are 

associated with plasticity observed in primary sensory cortices, still remains far from complete.  

While a number of studies provide evidence of stimulus specific plastic changes directly related 

to perceptual learning (Polley et al. 2006; Recanzone et al. 1993; Rutkowski and Weinberger 
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2005), equally strong amount of evidence suggest that such plasticity might not be a necessary 

condition for learned behavior (Brown et al. 2004; Scheich et al. 1993; Talwar and Gerstein 

2001; Yotsumoto et al. 2008). A recent hypothesis addressing these apparently contradictory 

observations suggested that plasticity of sensory cortices is a means of generating a large and 

diverse set of neurons that provide an efficient system to select the best circuitry, after which the 

neuronal properties renormalize (Reed et al. 2011). Our current results demonstrated that 

acoustic experience with pulsed-noise or speech sounds during early development prevented the 

increase in speech-evoked activity of A1 neurons that was observed in control rats. This finding 

indicates that the degree of learning associated neural plasticity generated in A1 is significantly 

influenced by prior sensory experience, and is not simply driven by learning a particular stimulus 

configuration. The enhanced response strength in trained control rats (CON-trained) however, 

was not paralleled by a similar difference in behavior since all three trained groups exhibited 

similar learning behavior and reached the same degree of accuracy at the end of the training.  

These results suggest that the plasticity, which resulted in enhanced response strength, is driven 

by factors other than those leading to the perfection of the behavioral task. This observation is 

consistent with a learning phase of plasticity generating a distributed variability, rather than a 

target enhancement of sensory cortex.   
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CHAPTER 4 

CONCLUSION 

 

The above experiments have demonstrated that behavioral discrimination of speech 

remains resistant to acoustic degradation of the speech signal as well as to modest degrees of 

neural degradation of A1.  The neural activity patterns generated in A1 are significantly 

correlated with the behavioral patterns observed under both acoustic and neural degradation. The 

robust behavioral discrimination of noise vocoded speech by rats and the similarity of rat and 

human discrimination performance suggest that rats are a useful animal model of speech sound 

processing.  

 

 

 

 

 

 

 



 
 
 
 
 
 
 

 

 

 

 


