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Abstract 
This study investigated the effect of sound level on the spatial 
selective auditory attention of Normal Hearing (NH) and 
Cochlear Implant (CI) listeners behaviorally and electro-
physiologically. Three spatially separated speech streams 
consisting of one target and two maskers were presented to the 
subjects. While keeping the same target to masker ratio, the 
target stimuli were presented at three different sound levels. In 
the behavioral test, subjects were instructed to attend the target 
speech, and speech perception score was calculated based on 
correctly recognized words in percentage. In the 
electrophysiological test, electroencephalography (EEG) 
signals were recorded while the subjects were listening for 
target speech in the presence of two maskers. The attended 
speech envelope was reconstructed from EEG using a linear 
regression model. The spatial auditory attention was detected 
through comparison of the reconstructed speech envelope with 
the original envelopes associated with the three speech streams 
presented. Outcome of both behavioral and 
electrophysiological experiments showed that an increase in the 
sound level decreases the spatial speech recognition 
performance of CI listeners, but not NH listeners. 
Index Terms: selective auditory attention, speech detection 
accuracy, speech reconstruction, EEG  

1. Introduction 
The human auditory system  is able to attend a target sound 
source and ignore the competing sounds in multi-speaker 
environments, which is also known as the cocktail party 
scenario [1]. Since this scenario was first described by Cherry 
[2], there has been a significant increase in auditory 
neuroscience studies attempting to explain the underlying 
mechanism of the auditory system under this effect [3][4][5][6]. 
This area of emphasis has also inspired the research community 
to further examine the central issue of the selective auditory 
attention with hearing impairment [7][8][9][10], particularly 
with severely impaired Cochlear Implant (CI) listeners 
[11][12][13][14]. 

Spatial separation between the target speech and competing 
sounds helps listeners to segregate the sound sources and 
consequently improves the speech intelligibility. Different 
factors affecting spatial selective auditory attention have been 
studied with Normal Hearing (NH) and Hearing Impaired (HI) 
listeners and one common conclusion is that reduced audibility 
limits the spatial advantage in their speech recognition 
performance [15][16][17][18][19]. Glyde et al. [20] found  that 
the spatial hearing deficit in HI listeners (compared to NH 
listeners) persists even when their impaired hearing has been 
compensated. To date, we found that there are not many studies 

on the effect of sound level on spatial speech recognition 
performance for CI users. 

Our previous study [21] investigated the effect of sound level 
on the speech quality perception in NH and CI listeners. The 
study showed that when the Signal to Noise Ratio (SNR) was 
kept the same at different conversational speech levels, the 
pattern of speech quality perception was different for NH and 
CI listeners; NH listeners preferred higher speech levels, and CI 
listeners preferred lower speech levels. Our CI listeners have 
chosen lower noise levels at the expense of reduced speech 
audibility. This perceptual difference between the two groups 
has inspired us to study the effect of speech level on the spatial 
speech recognition performance by NH and CI listeners. 

Spatial hearing is mostly measured from behavioral response 
but can also be observed in the electrophysiological response. 
Some studies successfully determined the locus of attention 
from EEG signals in a two speaker (one target and one masker) 
cocktail party scenario [22][23][24][1][25][26][18]. In real 
cocktail party scenarios, people are capable of isolating the 
chosen speech from dozens of competing sounds presented in a 
room. To investigate the underlying neural basis for spatial 
segregation of sound sources in complex sound settings, we 
presented three spatially separated speech streams, one as a 
target and two as maskers in this study. We examined the effect 
of stimulus level on the spatial speech recognition performance 
for NH and CI listeners by varying the sound level of the stimuli 
while keeping the Target to Masker Ratio (TMR) constant, both 
in behavioral and electrophysiological experiments.  

2. Method 

2.1. Participants 

Six NH listeners (four males, two females; mean age: 23, range: 
21-29, SD: 3.8 years) and five bilateral CI users (two males, 
three females; mean age: 56, range: 24-76, SD: 23 years) 
participated in this study. All participants self-reported negative 
history of cognitive deficits prior to participation. All NH 
listeners were screened to have better hearing than 20 dB HL.  
Table 1 shows the demographic information of CI users. All 
hearing tests were conducted at octave frequency range from 
250 to 8000 Hz. All procedures were approved by the 
institutional review board of University of Texas at Dallas. 

2.2. Behavioral test 

2.2.1. Stimuli 

We adopted a matrix sentence corpus for spatial hearing test. 
On each trial, a set of stimuli consisting of one target and two 
masker sentences was presented simultaneously to the subject 
via different loudspeakers. Each sentence was chosen from a 
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data set consisting of five groups of words (in the order of 1- 
name, 2- verb, 3- number, 4- adjective, and 5- noun). Each of 
the five groups consisted of 8 words, spoken by 18 female and 
18 male talkers. The sentences were grammatically correct and 
sound natural, but conceptually unpredictable to minimize the 
effect of higher order language processing. 

2.2.2. Procedure 

Subjects were seated in the middle of a double-wall sound 
treated booth, while surrounded by five speakers at -90˚, -45˚, 
0˚, 45˚, and 90˚ azimuth. The speakers were located at the 
radius of 1 meter away from the subjects with the height of the 
subjects’ head. 

In each trial, three different talkers were randomly selected 
from 36 talkers to utter the three different sentences with one as 
a target and two as maskers. An arrow appeared on the screen, 
placed in front of the subject, showing the location of the target 
speaker that subject should attend to. After presenting the 
stimuli, the subjects were instructed to select the words uttered 
by the target speaker, from the table presented on the screen.  

To investigate the effect of speech level on spatial hearing, 
three different sound levels at fixed TMR were examined. For 
CI listeners, stimuli were presented at 10 dB TMR, target at 75, 
65, and 55 dB SPL and maskers at 65, 55, and 45 dB SPL, 
respectively. For NH listeners, to avoid ceiling effect in their 
responses, stimuli were presented at 0 dB TMR, which means 
target at 75, 65, and 55 dB SPL and maskers at 75, 65, and 55 
dB SPL. 

Five speakers’ configuration were examined, as shown in 
Figure 1. The experiments were conducted in three sessions, 
associated with three different stimuli levels, over a day. At a 
given session, 50 trials (five target speaker configurations * 10 
repetitions) were randomly presented to the subject. Each 
subject participated in one training session to get familiar with 
the procedure. At the training session, targets were presented at 
65 dB SPL, and maskers were presented at 55 dB SPL for CI 
listeners and 65 dB SPL for NH listeners. 

2.3. Electro-physiological test 

The electro-physiological measurements were acquired using 
EEG signals. The BrainVision system (actiCHamp amplifier) 
was used to obtain EEG signals via a 64-channel actiCAP 
Electrode Cap (the same set up used in [27]). EEG was digitized 
at the sampling rate of 1 kHz and stored for offline analysis. 
The primary EEG analysis method used in this study is cortical 
entrainment to the speech envelope. This requires a decoder 
which extracts the speech envelope from EEG signal. Thus, our 
EEG test consisted of two parts: one for training a decoder in a 
plain condition and the other for measuring the EEG associated 
with various spatial configuration and sound level conditions. 

2.3.1. Training the decoder 

To collect the data for training the decoder, the subjects listened 
to two short stories. The first story was “lady or tiger”, 
approximately 10 minutes long (632.7341 sec) narrated by a 
female speaker. The second story was “ambitious guest”, 
approximately 10 minutes long (615.2858 sec) narrated by a 
male speaker. It should be noted that both stories were 
presented in American English and all silences longer than 300 
msec in the speech were removed. The stories presented at 65 
dB SPL from front speaker without any noise. EEG data was 
recording while the subject was listening to the stimuli. 
Subjects were instructed to sit calm with their eyes open and to 
look at a fixed point on the monitor. 

2.3.2. Test in spatial configuration 

We had one target and two maskers passages, which were 
selected randomly from Connected Speech Test (CST) [28] and 
Speech Intelligibility Rating (SIR) [29] data set. Half of the 
trials had a female speaker as target and the other half had a 
male speaker as target. While having a female target, two 
maskers were male, and while having a male target, two 
maskers were female. The length of the sentences was between 
38 and 45 seconds. Three speaker configurations were 
examined for different permutation of target and masker 
locations using the speakers at -90, 0, and 90 azimuths. The 
stimuli were presented at three different levels with fixed TMR 
at 10 dB. Targets were presented at 75, 65, and 55 dB SPL and 
maskers at 65, 55, and 45 dB SPL, respectively. All 18 trials (3 
speaker configurations*2 target genders*3 speech levels) were 
randomly presented to each subject.  

At the beginning of each trial, an arrow appeared on the 
screen indicating the location of the target speech that the 
subject should attend to. After a one second pause, the stimuli 
were presented simultaneously. Subsequently, subjects should 
respond to two questions about the target passage. The aim of 
these questions was only to encourage the subjects to keep their 
attention to the target speech and the answers were not used for 
scoring purposes. 

2.3.3. Reconstruction of attended speech envelope  

In order to detect the auditory attention, we reconstructed the 
attended speech envelope from EEG signals. This requires 
establishing a model which maps the EEG signals to the 

Table 1: Demographic information of CI listeners 

Subject 
number  

Age 
(years)  

Gender  CI   
Model  

CI use 
(years) 

Speech processing 
strategy  

Duration of 
HL (years)  

Pure tone average of 500, 1000, and 2000 
Hz (dB HL)  

1  75  Male  Medel/ Sonnet  7   FS4  33  Right: NR /Left: NR  
2  40 Female  Medel/ Sonnet  4  FS4  38.5  Right: NR /Left: NR 
3  68  Male  Medel/ Sonnet   10  FS4  38  Right: NR /Left: NR  
4 25 Female Cochlear/Nucleus 6 21 ACE 25 Right: NR /Left: NR  
5* 77 Female Medel/Sonnet 70 FS4 6 Right: NR /Left: NR  

* Subject 5 was not able to participate in EEG recording 

Figure 1: Speakers’ configuration 
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corresponding speech envelopes. The following steps were 
initially taken to prepare the speech envelopes and EEG signals. 

Speech envelope: The temporal envelopes of target and 
maskers stream were extracted using Hilbert transform, and 
band pass filtered to 0.3-30 Hz using filtfilt function. Speech 
envelopes were down sampled to 128 Hz and normalized to [0-
1]. All the implementations were performed in MATLAB 
2018b.  

EEG: After preprocessing of the EEG data recorded from 64 
channels and removing the artifacts using Independent 
Component Analysis (ICA), EEG signals were band pass 
filtered to 0.3-30 Hz using Fieldtrip toolbox [30]. The filtered 
EEG signals were subsequently down sampled to 128 Hz and 
normalized to [0-1]. 

A linear individualized model for each subject was trained 
using the speech envelope and corresponding EEG signals 
captured during the training sessions. We used mTRF toolbox 
(version 1.5) [31] to generate this model. The trained model was 
used to decode the EEG signal to reconstruct the speech 
envelope attended by the subject. 

The linear mapping [31] from the instantaneous cortical 
response 𝑟(𝑡, 𝑛) to the speech envelope 𝑠(𝑡), sampled at times 
𝑡 = 1…𝑇 and at channel 𝑛, is represented as 𝑑(𝜏, 𝑛) which is 
the decoder that integrates the cortical response over a range of 
time lags 𝜏. The linear convolution equation corresponding to 
this system could be expressed as: 

𝑠̂(𝑡) = ∑ ∑ 𝑟(𝑡 + 𝜏, 𝑛)𝑑(𝜏, 𝑛)!" , (1) 

Where the 𝑠̂(𝑡)  is the reconstructed speech envelope. The 
decoder is designed by minimizing the MSE between 𝑠(𝑡) and 
𝑠̂(𝑡).  

min 𝜀(𝑡) =5[𝑠(𝑡) − 𝑠̂(𝑡)]#
$

, (2) 

Which results in the following formula for decoder: 

𝑑 = (𝑅%𝑅)&'𝑅%𝑠, (3) 

In the above equation, 𝑅 represents the lagged time series of 
neural response matrix 𝑟. To avoid overfitting of the model to 
the training data, Tikhonov regularization is applied on the 
optimization problem of equation 2, which results in: 

𝑑 = (𝑅%𝑅 + 𝜆𝐼)&'𝑅%𝑠, (4) 

In the above equation, 𝜆 is the regularization parameter.  
To define the regularization parameter, we used leave one 

out cross validation. The training data (speech stimuli and 
corresponding EEG signal collected in training session) was 
split into 𝐾 trials. To design a decoder that decodes trial	𝑘, all 
the other 𝐾 − 1 trials were used. We denote the preliminary 
decoders constructed from single trials as 	𝑑?( = (𝑅(()

% 𝑅(() +
𝜆𝐼)&'𝑅(()% 𝑆(() , where 𝑅(() and 𝑆(() are the EEG response and 

stimuli of trial	𝑖, and 𝑖 ≠ 𝑘. The decoder 𝑑+ would be defined 
by averaging the preliminary decoders. 

𝑑+ =
1

𝐾 − 15𝑑?(

,

(-'
(.+

																							𝑘 = 1,⋯ ,𝐾 

 
(5) 

The correlation between the reconstructed speech envelope 
and the original speech envelope is a criterion to evaluate the 
accuracy of the decoder. The 	𝜆	 that resulted in maximum 
averaged correlation across 𝐾  decoders was chosen to train 
individualized decoders. Here, we split the training data of each 
subject to 20 trials and examined a range of 	𝜆 =
{10&/, 10&#, ⋯ , 10''}. We defined individualized 𝜆 value for 
each subject using each individual’s training data. The best 𝜆 
for six NH listeners and two out of four CI listeners participated 
in electrophysiological test was	100	, and for the other two CI 
subjects was 10. 

Having an individualized linear decoder built for each 
subject, the speech envelope attended by the subject was 
reconstructed from the EEG signal recorded during the test in 
spatial configuration. Pearson correlations between the 
reconstructed speech envelope and the envelope of each of the 
three stimuli (one target and two maskers) were calculated. The 
stimulus that yields the highest correlation with the 
reconstructed speech envelope was considered as the attended 
speech. Figure 2 summarizes this procedure. The ratio of the 
number of trials when the target stimulus was identified as the 
attended speech to the total number of trials is termed as the 
speech detection accuracy in this paper. 

3. Results 

3.1. Behavioral speech perception score  

The speech perception scores were calculated based on the 
number of words correctly identified by the subjects over the 
total number of words presented. The scores are represented in 
percentage for CI and NH listeners in Figure 3-a, and Figure 3-
b, respectively. For CI users, the speech perception score 
decreased as the target sound level increased in a constant 
TMR. The Analysis of Variance (ANOVA) was conducted on 
the speech perception score with a factor of target level. The 
results showed that there was a significant main effect of target 
level for CI users (F(2,2249)=15.98, p<0.01). A pairwise 
comparison with Bonferroni adjustment showed that speech 
perception score at 55 dB SPL target was significantly higher 
than that at 75 dB SPL target. The red asterisk in Figure 3 shows 
the significant difference between the speech perception score 
at different target levels. 

The speech perception scores for NH group were remained 
nearly the same across all speech levels. The ANOVA test 

Figure 2: EEG-based speech detection procedure 
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showed no significant effect of target speech level on their 
speech perception score (F(2,899)=0.13, p=0.88). 
 

Figure 3: Speech perception score for a) CI listeners, 
and b) NH listeners 

3.2. EEG based speech detection accuracy 

Speech detection accuracy was computed at different target 
speech levels for CI and NH subjects (see Figure 4). Statistical 
analysis (ANOVA) shows a significant effect of target level on 
the speech detection accuracy in CI group (F(2,215)=7.17, 
p<0.01).  Speech detection accuracy in CI decreases when the 
target level increase while TMR remains the same. The 
pairwise comparison with Bonferroni adjustment for CI group 
showed that the speech detection accuracy with target stimulus 
at 55 dB SPL was significantly higher than that at 75 dB SPL. 
But this trend was not seen within the NH group. 
(F(2,107)=2.31, p=0.1). 

Figure 4: EEG based speech detection accuracy for a) 
CI listeners, and b) NH listeners 

4. Discussion 
Behaviorally, we found that CI’s speech perception score 
decreases significantly when conversation speech levels 
increases, even though this trend was not found with NH’s. 
Mixed results have been reported in the earlier studies. Firszt et 
al. [32] showed that CI listeners’ speech recognition improves 
by increasing the speech level in quiet. However, our previous 
results [33] showed that increasing the speech level, in the 
presence of noise at constant SNR, negatively affects the 
perceived quality of speech by CI listeners. 

 Most CI users prefer a lower level of background noise even 
at the expense of lower speech intelligibility when engaged in 
their daily conversations. It is simply too difficult for CI 
listeners to attend to a target speech when masker level is high, 
even when the target and masker are spatially separated. By 
increasing the level of target speech while keeping the same 

TMR, our experiment results also showed that the preference of 
CI users was to lower the masker level rather than to raise the 
target level, particularly in spatial speech recognition task.  

The outcome of the electrophysiological experiment was 
similar to that of the behavioral experiment. The speech 
detection accuracy computed for NH listeners decreases when 
the sound level increases, but the trend was not statistically 
significant. For CI users, the trend was statistically significant, 
which is also consistent with their behavioral outcome.  

For both NH and CI listeners, the speech detection accuracy 
was around chance level (33%) at some speech levels. One 
possible reason may be attributed to the difficulty of the task. It 
may also suggest that more physiological metrics should be 
further explored to better quantify the auditory attention 
involved in spatial hearing.  

5. Conclusion 
Outcome of both our behavioral and physiological experiments 
support that the speech perception scores on target speech 
attended by CI users significantly decreases when the level of 
target speech increases while the TMR remains the same. CI 
users clearly prefer a lower noise levels at the expense of 
reduced speech audibility. 

In the next phase of our study, we will also explore more 
behavioral and physiological measures that better discriminate 
the spatial speech perception performance between electrical 
and acoustic hearing by inclusion of acoustic hearing aid users.  
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