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Abstract 

Cochlear implant (CI) users differ in their auditory speech understanding ability. This 

variability is partly due to variability in deafness history and pathology, and partly due to 

functional brain changes that are likely to occur during deafness and after implantation. By 

measuring cortical activity in CI users, a relation between functional changes in language 

associated regions of their brain and speech understanding may be revealed. However, when 

investigating cortical activity in CI users, commonly-used neuroimaging techniques have 

limitations. For example, EEG and fMRI may suffer from magnetic or electrical artefacts, and 

PET imaging is invasive for participants. The studies described in this thesis used a non-

invasive technique – functional near-infrared spectroscopy (fNIRS) – to investigate cortical 

activity in CI users related to speech understanding and the integration of audio-visual speech 

cues. Compared to fMRI, fNIRS also has the advantages of being quiet (not suffering from the 

loud magnetic scanning noise) thus suitable for auditory-related tasks, and more tolerant with 

body movement. 

The first study determined whether fNIRS measures of cortical activity in post-

lingually deafened CI users when listening to or watching speech are correlated with their 

auditory speech understanding. The fNIRS results showed that speech-evoked cortical activity 

in CI users that was not only different from normal-hearing listeners but also was negatively 

correlated with the speech understanding ability. That is, CI users who had poorer auditory 

speech understanding ability showed higher fNIRS activation in certain brain regions of interest 

when listening to or watching speech. The increased brain responses might be related to brain 

functional changes that occurred in CI users during deafness and after implantation for visual 

speech processing or more listening effort and more neural responses that were used by CI users 

to process auditory speech.    

The second study determined whether audio-visual (AV) integration of speech cues in 

post-lingually deafened CI users is different from that in their similar-aged normal-hearing 

adults. Participants’ reaction times, response accuracy, and cortical activity were measured 

when performing different speech identification tasks. A novel method was proposed that 

combined a probability model and a cue integration model to quantify the amount of AV 

integration based on response accuracy measures. Consistently, behavioural results using 

response accuracy and reaction time measures did not show better AV integration in CI users 

compared to people who had normal hearing. In addition, fNIRS measures of cortical activity 

did not show AV integration in either CI users or normal-hearing adults.  

The third study determined whether aging affects AV integration in people who have 

normal hearing when responding to speech using the same behavioural and fNIRS measures as 
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in the second study. Again, fNIRS results did not show AV integration in either younger or 

older participants. Behavioural results found no significant difference in AV integration 

between the older and young participants using both reaction time and response accuracy 

measures.  

This thesis integrates knowledge from multisensory neuroscience and psychophysics 

and uses a novel brain imaging technique to measure cortical activity in CI users for language 

processing. Results in this thesis showed that this novel imaging technique – fNIRS – could be 

implemented to examine the variances in auditory speech understanding among CI users. It 

makes a new advance in the way that multisensory abilities are measured behaviourally, by 

combining models of optimal and minimum integration. Results in this thesis found that there 

was no significant difference between CI users and normal-hearing adults in the integration of 

audio-visual speech cues. Neither was there a significant effect of aging on AV integration. 
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1 Introduction 

1.1 Introduction 

According to the FDA (2012), more than 324,000 people worldwide with severe to 

profound hearing loss have cochlear implants (CIs) which provide auditory cues by directly 

stimulating the auditory nerve. Many people have benefited from this technology and can 

achieve excellent speech perception with their implant; some can even make phone calls and 

listen to the radio or music. Improvement in hearing also improves their quality of social life. 

However, some CI users might not benefit much from their implanted device and might still 

have poor auditory speech understanding post-operation (Blamey et al., 2013). Further, the 

auditory speech understanding of CI users become even worse when listening to speech in noise. 

The studies detailed in this thesis will help advance our understanding of why some people do 

very well with cochlear implants, while some do not.  

Speech perception is a multisensory process, involving auditory and visual speech 

processing. In hearing-impaired people, auditory inputs degrade during the progression of 

hearing loss. After implantation, auditory speech is re-introduced to hearing-impaired people, 

but the speech sounds are distorted. To compensate for the decreased auditory speech 

processing, some hearing-impaired people rely more on visual speech for communication 

(Bernstein et al., 2000). The changes in speech processing in hearing-impaired people pre- and 

post-implantation, compared to when they had normal hearing, have been shown to associated 

with the functional brain changes for language processing (see review by Anderson et al., 2016; 

Lazard et al., 2014). Studies to investigate why CI users have varying auditory speech 

understanding found that peripheral factors such as the age at the onset of deafness, hearing 

loss history, and CI experience only explain about 10% of the variance (Blamey et al., 2013). 

However, the differences in brain activity during resting-state or when processing visually-

presented speech in CI candidates (deaf, no implant) and CI users at switch-on, compared to 

normal hearing listeners, have been found to be predictive of their post-implantation auditory 

outcome (Lazard et al., 2010; Strelnikov et al., 2013). Results in those studies point out a 

promising direction to predict the post-implantation auditory recovery of CI candidates by 

measuring their pre-surgery cortical activity or to provide early intervention for better auditory 

outcome by measuring the cortical activity in CI users at switch-on.   

To investigate cortical activity in CI users either for speech understanding or audio-

visual (AV) integration in CI users, a process by which information from auditory and visual 

systems is combined (Stein et al., 2008), commonly-used imaging techniques have limitations. 

Such limitations include interaction with the CI, electrical artefacts, loud auditory noises, and 
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invasiveness for human beings. This thesis investigated the cortical activity in CI users using a 

novel and clinical friendly imaging technique – functional near-infrared spectroscopy (fNIRS, 

Jobsis, 1977), which measures changes in the concentration of oxygenated and deoxygenated 

haemoglobin in the brain blood flow.  

As post-lingually deafened CI users are more highly represented in the aging 

population (among whom there is also a higher incidence of high-frequency hearing loss) it is 

difficult to recruit CI users’ similar-aged counterparts who still have normal hearing. When 

comparing AV integration between CI users and people who have normal hearing, the 

difference in ages as a secondary factor should be taken into account, as aging has been reported 

to affect the multisensory processing mechanism (see review by de Dieuleveult et al., 2017). 

However, since age is often related to the duration of deafness and CI use, it is challenging to 

directly investigate the effect of aging on AV integration in CI users. Instead, this thesis will 

look at the effect of aging on AV integration in people who have normal hearing. If there is an 

effect of aging on AV integration in normal hearing listeners, a similar effect will impact CI 

users using the same measures, unless aging in CI users interacts with other factors such as 

deafness history and duration of CI use.     

1.2 The Aims of This Thesis 

Experiments were designed in this thesis, aiming to increase our understanding of the 

factors related to variance in auditory speech understanding and to determine whether CI users 

have different AV integration from people with normal hearing. Cortical activity in CI users 

when responding to speech was measured using a novel and non-invasive imaging technique – 

fNIRS. The aims of this thesis were:     

1) To determine whether speech-evoked cortical activity in CI users correlates with 

auditory speech understanding.  

2) To determine whether the integration ability of audio-visual speech cues in CI users is 

different from that in people who have normal hearing, with AV integration being 

quantified based on both behavioural and fNIRS measures.  

3) To determine whether aging affects AV integration in people who have normal hearing 

when responding to speech using both behavioural and fNIRS measures.  

1.3 Thesis Structure 

This thesis is presented in the format of ‘thesis with publication’, with the experimental 

chapters (3 – 5) having been submitted for publication. Chapters 3, 4 and the study 1 in chapter 

5 stand alone as complete journal articles, including abstract but excluding references. For this 

reason, there will be some repetition in the thesis, for instance, the introduction and discussion 
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sections in the three experimental chapters will repeat some of the information in the literature 

review (chapter 2) and the general discussion (chapter 6) of this thesis, respectively. For 

consistency of figures and cross-referencing throughout the thesis, some minor alternations 

have been made to the format to the text of three manuscripts that form chapters 3, 4 and 5.  

Chapter 2 is a literature review covering how CIs provide sound sensation, cortical 

language processing in CI users, mechanisms and the models that have been used to quantify 

audio-visual integration, and novel brain imaging technique (fNIRS) to measure the cortical 

activity in CI users. Section 2.5 justifies the three aims of this thesis, as mentioned above (see 

section 1.2).   

Chapter 3 describes a study that aimed to determine whether speech-evoked cortical 

activity in CI users correlates with auditory speech understanding. Cortical activity in CI users 

was measured using fNIRS. Results in chapter 3 found that on average, speech-stimulus-evoked 

activity in some brain regions in CI users was not only significantly higher than in people who 

have normal hearing, but was also negatively correlated with their auditory speech 

understanding. The results also found that the cross-modal activity in the left auditory area of 

CI users was negatively correlated with their auditory speech understanding ability. This study 

– Cortical speech processing in post-lingually deaf adult cochlear implant users, as revealed by 

fNIRS – has been submitted to Trends in Hearing for publication and is currently under review.  

Chapter 4 describes a study that aimed to determine whether the integration ability of 

audio-visual speech cues in CI users is different from that in people who have normal hearing, 

using both behavioural and fNIRS measures. A novel method was proposed to quantify the 

amount of AV integration by combining a probability model and a cue integration model. 

Further, this study represents the first time that fNIRS measures of cortical activity for AV 

integration have been examined by testing the principle of inverse effectiveness. This study -- 

Using fNIRS to Study Audio-Visual Speech Integration in Post-lingually Deafened Cochlear 

Implant Users – has been submitted to Trends in Hearing for publication and is currently under 

review.  Part of the data in chapter 4: “Using fNIRS to Study Audio-Visual Speech Integration 

in Post-lingually Deafened Cochlear Implant Users” has already been published in ISAAR 

proceeding (Zhou et al., 2017). 

Chapter 5 describes a study that aimed to determine whether aging affects AV 

integration in people who have normal hearing when responding to speech. The methods used 

were similar to those described in chapter 4. Results found no significant difference between 

the young and old participants in their AV integration when performing different speech tasks. 

This study – The Effect of Aging on Audio-visual Integration of Speech Cues – has been 

submitted to Ear and Hearing for publication and is currently under review.  
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Chapter 6 summarises the findings of the three studies and provides a general 

discussion of the aims and overall results, together with experimental limitations of the three 

studies and directions for future research.   
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2 Literature Review 

2.1 Deafness and Cochlear Implants  

More than 5% of the global population (360 million) suffer from disabling hearing loss 

(WHO, 2015), many of whom were post-lingually hearing-impaired. For sufferers of severe to 

profound sensorineural hearing loss, the CI is a treatment option to help restore some functional 

hearing (Clark, 2003). A CI device consists of two main parts (figure 2.1). The external part 

contains a microphone that captures sound and converts sound into electrical voltages, which 

are then sent to a sound processor worn behind the ear. Sound processor filters the signal with 

a set of band-pass filters and then outputs a code for electrical stimulation. The code together 

with power are transmitted by a circular radio-frequency induction coil to the receiver-

stimulator implanted in the mastoid bone. The receiver-stimulator decodes the signal and 

produces a pattern of electrical currents in the electrode array inserted in the inner ear. These 

electrodes stimulate the auditory nerve directly. Up to December 2012 (NIH, 2012), 

approximately 324,200 people have received a cochlear implant. However, there is a wide 

variability of the post-implantation auditory speech understanding ability among CI users. 

Blamey et al. (2013) investigated how factors such as aetiologies, the age at onset and duration 

of severe to profound hearing loss, aging at implantation and duration of CI experience affected 

the auditory speech understanding of CI users. In that study, speech test data using individual 

words and sentences in quiet from 2251 patients in 15 international centers, both pre- and post-

op, were collected and examined. Blamey et al. (2013) showed that the speech test performance 

of CI patients from each center was widely spread within percentile ranks between 0-100, with 

100 meaning having the best performance and 0 meaning the poorest in a center. Their results 

found that these factors in total only explain about 10% of the variance of CI users’ speech 

understanding ability. When the above five factors and preoperative hearing aid experience, 

residual hearing and number of active electrodes in the CI were included, only about 22% of 

the variances was explained (Lazard et al., 2012). Understanding why CI users have differing 

speech understanding will be beneficial for the clinical predictions of CI outcomes and also 

contributes to knowledge about the intrinsic mechanisms and central processing of language in 

the brain of hearing-impaired people.  
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Figure 2.1: Cochlear implant (CI). Diagram adapted from https://www.nfd.org.nz/help-and-advice/equipment-and-

technology/cochlear-implants/.  

2.2 Cortical Language Processing in Hearing-impaired People and CI 

Users  

Speech perception is a multisensory process, involving auditory and visual speech 

processing. In people with normal hearing (NH), as shown in figure 2.2 (Bernstein et al., 2014), 

auditory speech processing starts in the bilateral primary auditory cortices located in the 

superior temporal gyrus (STG). Auditory speech information then goes to anterior STG via the 

ventral streams (light blue arrows), or goes to the posterior STG via the dorsal streams and 

connects the supramarginal gyrus (dark blue arrows). The ventral streams support the 

processing of speech for comprehension, and the dorsal streams support the translating of 

speech to articulatory representations, with both streams terminating in the inferior prefrontal 

cortex (Broca’s area). Similar to auditory speech processing, visual speech processing involves 

two ventral streams (figure 2.2, pink arrows) and two dorsal streams (red arrows). Visual and 

auditory information are highly integrated through the posterior superior temporal gyrus/sulcus 

(pSTG or pSTS) and angular gyrus, and visual cues play an important role when auditory 

speech is difficult to comprehend.  

https://www.nfd.org.nz/help-and-advice/equipment-and-technology/cochlear-implants/
https://www.nfd.org.nz/help-and-advice/equipment-and-technology/cochlear-implants/
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Figure 2.2: Neuroanatomical working modal of audio-visual speech perception in the left hemisphere. Diagram 

from Bernstein and Liebenthal (2014). Light blue areas are associated with auditory speech processing, and light 

orange areas are associated with visual speech processing. The ventral-dorsal stream model includes the ventral 

streams (light blue arrows) and dorsal streams (dark blue arrows) of auditory speech processing; and the ventral 

streams (pink arrows) and dorsal streams (red arrows) of visual speech processing. a for anterior, m for middle, and 

p for posterior. STG superior temporal gyrus. HG for Heschl’s gyrus; LOC for lateral occipital cortex; MT for middle 

temporal area; MTG for middle temporal gyrus; FFA for fusiform face area; OC for occipital cortex; SMC for 

somatomotor cortex; SMG for supramarginal gyrus; TVSA for temporal visual speech area. DLPFC for dorsolateral 

prefrontal cortex and VLPFC for ventral lateral prefrontal cortex; these two regions are also called Broca’s area.  

After the progression hearing loss, other sensory modalities than auditory might benefit 

from less competition for cortical space from the auditory sense. fMRI studies found that 

hearing-impaired adults had significantly higher visual-stimulus-evoked activation in auditory 

processing regions, compared to NH listeners. In response to visual non-speech stimuli, this 

difference was found in the right auditory cortex (Finney et al., 2001). In response to visual 

speech stimuli, the difference in activation was found in the right anterior temporal cortex 

(aSTG in the right side, figure 2.2), left STS/STG and bilateral temporoparietal junctions (H. J. 

Lee et al., 2007). Visual-stimulus-evoked brain response in hearing-impaired adults with post-

lingual deafness, depending on where it occurs in the language network, is positively (Lazard 

et al., 2010) or negatively (H. J. Lee et al., 2007) correlated with their duration of severe-to-

profound hearing loss before implantation. Visual-stimulus-evoked activation in pre-implanted 

deaf people is also predictive of their post-implantation auditory speech understanding. When 

responding to visual phonological tasks, activation in the left posterior STG (pSTG in figure 

2.2) and bilateral occipital cortex (OC) of deaf people positively correlated with their auditory 

speech understanding after implantation (Lazard et al., 2010). Between post-implantation 

auditory outcome and pre-implant activation in the right pSTG, there was a negative correlation 

when CI candidates were responding to visual phonological tasks (Lazard et al., 2010). The 

connectivity between the right pSTG and the right occipital cortex for speeded-up visual 

phonological processing was also negatively correlated with their auditory speech 

understanding after implantation (Lazard et al., 2017). Whereas, when performing 
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environmental sound imaging tasks, there was a positive correlation between post-implantation 

auditory outcome and pre-implant activation in the right pSTG (Lazard et al., 2013).    

In adult CI users with post-lingual deafness, due to the implanted device which is not 

compatible with fMRI, visual-speech-stimulus-evoked activity has been examined using 

positron emission tomography (PET) (Rouger et al., 2012; Strelnikov et al., 2013).  Rouger et 

al. (2012) found that compared to NH listeners, CI users shortly after switch-on as well as after 

3 – 11 months of experience had higher activation in the left pSTG and decreased activation in 

Broca’s area. Their results also showed that activation in the right anterior temporal cortex of 

CI users shortly after switch-on positively correlated with speechreading ability but that this 

activation decreased with their increase of CI experience. By asking participants to discriminate 

French disyllabic words versus temporally-reversed meaningless words presented in visual-

alone and audio-visual conditions, Strelnikov et al. (2013) found that activation in the right 

occipital cortex (visual processing area) and the left inferior frontal pole (area for high level of 

language processing) of CI users shortly after CI switch-on, was positively correlated with their 

auditory speech understanding six months post-op. In that same study, visual-stimulus-evoked 

activation in the left posterior temporal regions of CI users was positively correlated with post-

implantation auditory speech understanding. However, activation in the right middle STG/S of 

CI users in response to both visual and AV stimuli was negatively correlated with their CI 

outcome.  

Consistently, both hearing-impaired adults (without implant) and CI users at switch-on 

compared to NH listeners, showed higher activation in the left STG/STS, right anterior 

temporal cortex, and right occipital cortex for visual speech processing. Activation in these 

regions also showed positive correlations with CI users’ post-implantation auditory speech 

understanding. Whereas, activation in the right STG/STS in hearing-impaired adults or in CI 

users for visual phonological speech processing, which generally happens in the left STG/STS 

of NH listeners, showed a negative correlation with the post-implantation auditory outcome of 

CI users.   

After implantation, as CI users have restored some functional hearing, their brain 

responses to auditory stimuli were of interest. Studies using PET with auditory stimuli (Giraud 

et al., 2000; Petersen et al., 2013), found that post-lingually deafened CI users had a different 

pattern of brain activation from NH listeners. Giraud et al. (2000) found that compared to NH 

listeners, CI users had higher activation in the right pSTG and right premotor region when 

listening to both simple and complex speech stimuli. However, CI users had a lower activation 

than NH listeners in the inferior temporal cortex when responding to simple speech stimuli. 

Results in that study also found that CI users had higher activation to simple speech compared 

to complex speech, while NH listeners showed higher activation to the complex speech stimuli. 
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Using auditory speech and babble noises, Petersen et al. (2013) measured activation in CI users 

at three time-points from immediately after switch-on to six months post-op. Their results found 

that activation in Broca’s area increased with duration of CI experience during this period. 

Compared to NH listeners, results in CI users at all three test points showed lower activation in 

the right secondary auditory cortex.  

Besides stimulus-evoked brain activation in hearing-impaired people with or without a 

CI, studies using PET investigated resting-state brain activity. J. S. Lee et al. (2003) found that 

CI adult candidates had decreased resting-state activity compared to age-matched NH listeners 

in the bilateral auditory cortices, but that the activity in these regions gradually increased with 

duration of severe-to-profound hearing loss. In CI users at switch-on, Strelnikov et al. (2013) 

found that resting-state cortical activity in the right occipital cortex was significantly correlated 

with their auditory speech understanding ability six months post-op. Strelnikov et al. (2010) 

found that CI users both at the time switch-on and after being experienced with their implant 

(from 3 – 11 months, with each participant showing stable (and plateau) auditory speech 

understanding ability), had lower resting-state activity in widespread cortical regions compared 

to NH listeners. These regions included Broca’s area (the prefrontal cortex in figure 2.2), the 

left temporal cortex, and the right middle frontal gyrus. Resting-state activity in these cortical 

regions increased in parallel with the increase in CI experience.  

In summary, hearing-impaired people (without implant), CI users at switch-on and after 

being experienced with their implant, have consistently shown lower resting-state and auditory-

stimulus-evoked brain activation, especially in the auditory processing areas, compared to NH 

listeners. Both resting-state and auditory-stimulus-evoked activation in some of the areas such 

as Broca’s area, increase with CI experience, towards a level approaching that seen in the NH 

listeners.     

2.3 Audio-Visual Integration – Theories and Models 

Speech is an inherently multimodal stimulus and is processed by multiple sensory 

systems. The manner in which information from different sensory systems converges and is 

combined into a unified percept is called multisensory integration. Multisensory speech 

processing compared to unisensory processing, speeds up the detecting and increases the 

probability of correctly identifying the speech information. Audio-visual (AV) integration of 

speech cues in CI users is particularly interesting, after the auditory deprivation and auditory 

recovery via cochlear implantation, in parallel with which is an increased reliance on 

speechreading for communication.  

This section will first review several models that have been used to quantify AV 

integration in people who have normal hearing. Then, methods to investigate the behavioural 
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performance and brain activity in CI users for the integration of auditory and visual speech cues 

will be proposed.   

2.3.1 Neural and cortical activity for AV integration  

The early neuronal study about multisensory integration focused on neurons in the 

superior colliculus of mammals (Meredith et al., 1983). Multisensory responses were defined 

according to the number of stimulus-evoked action potentials (spikes). Multisensory neurons 

are not limited to the superior colliculus, but exist in many subcortical and cortical regions (see 

review by Klemen et al., 2012). When AV integration occurs, an individual multisensory 

neuron’s response in AV condition is no less than the sum of that in audio-alone and visual-

alone conditions – superadditive, i.e., 𝐴𝑉 ≥ 𝐴 + 𝑉. When a neuron’s responses in multimodal 

and unimodal conditions satisfy a maximum rule, i.e., max(𝐴, 𝑉) <  𝐴𝑉 < 𝐴 + 𝑉, it says that 

this neuron may only respond to stimuli in one of the two modalities, but its response is 

facilitated with the presentation of another modality. Besides multisensory integration and 

facilitation, stimuli in one modality might not influence or even suppress on neurons’ responses 

evoked by stimuli in another modality. In the latter two cases, a neuron’s response in AV 

condition would be no more than the larger between responses in the two unimodal conditions, 

i.e., 𝐴𝑉 ≤ max(𝐴, 𝑉).  

Multisensory processing involves a network connecting different subcortical and 

cortical regions, as shown in figure 2.3 (Klemen & Chambers, 2012). After receptors first 

receive the sensory input, signals are transmitted to subcortical areas. Subcortical areas, primary 

sensory regions, cortical regions and control regions in the frontal area, correspond to from low 

to high levels of signal processing and are mutually interconnected and interact. AV integration 

has been observed at each level of multisensory processing (Bizley et al., 2012; Murray et al., 

2016), even at primary auditory and visual cortex (Schroeder et al., 2005), which were 

previously assumed to be specific for unisensory processing. The mostly reported audio-visual 

cortical regions include the superior temporal sulcus, lateral occipital cortex, insular cortex, and 

parietal cortex (Klemen & Chambers, 2012). Though interconnections take place at all levels, 

each level has predominant overall directions at different stages of signal processing in certain 

conditions. At lower levels of the processing, i.e., at subcortical and primary sensory areas 

(figure 2.3), the interactions appear to underlie more basic processes including cross-modal 

binding and perceptual enhancement. At higher levels, i.e., in frontal control areas and the AV 

interaction cortical regions, top-down control happens and facilitates or inhibits lower-level 

interactions to happen at higher-order areas. Multisensory processing can only be completed 

with the processing at each level and with the interactions between them.    
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Figure 2.3: Interconnected multisensory processing stream at different levels. Figure from Klemen and Chambers 

(2012). 

The relation between multimodal and unimodal responses in a cortical region, which 

are the sum of responses from numerous and different unisensory and multisensory neurons, 

would be different from that of individual neurons in the superior colliculus as discussed above. 

The responses in a cortical region in audio-alone, visual-alone and AV conditions depend on 

the relative proportions of unisensory and multisensory neurons in the region, and how the 

individual neurons in the region respond to given stimuli. The superadditive rule for AV 

integration, verified in the superior colliculus, has rarely been seen in other subcortical or 

cortical regions (Stein & Stanford, 2008; Stein, Stanford, Ramachandran, et al., 2009). It is 

likely that the superadditive rule is too strict to define whether a region is a multisensory region 

or not. Some studies instead used the maximum rule to investigate AV integration cortical 

activity (Beauchamp, 2005; Hein et al., 2007). However, when the maximum rule is satisfied, 

it does not necessarily mean that the region has multisensory neurons. For example, when 

responding to audio-visual speech, responses in brain areas that have both auditory and visual 

specific but no audio-visual neurons could be larger than the maximum of the responses in 

audio-alone and visual-alone conditions, i.e., satisfying the maximum rule. To summarise, due 

to these limitations, the superadditive and maximum rules are not suitable when to investigate 

AV integration in cortical activity. 

2.3.2 The principle of inverse effectiveness 

When to examine the multisensory integration in cortical regions, due to the limitations 

of the superadditive and maximum rules, as mentioned in section 2.3.1, recent neuroimaging 

studies used a factorial experimental design by presenting stimuli at different effectiveness 

levels. AV integration was then revealed by using the principle of inverse effectiveness 

(Meredith & Stein, 1983). In the superior colliculus, Meredith and Stein (1983) found that when 

unimodal stimuli were presented at just above threshold, multisensory enhancement of 
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individual neurons’ response was higher than when the effectiveness of individual stimuli was 

higher. This inverse principle happens as unimodal stimuli of low effectiveness produce low 

firing rates when presented alone, but proportionally higher rates when the two modalities are 

presented simultaneously. To test the principle of inverse effectiveness, neurons’ response to 

unimodal and multimodal stimuli of different effectiveness levels are examined.  

To reveal AV integration by testing the principle of inverse effectiveness has the 

advantage of not assuming any particular relation between multimodal and unimodal responses 

such as the superadditive or maximum rule. Another issue with the superadditive rule –  

baseline subtraction was also avoided when using the principle of inverse effectiveness. To 

reduce the effect of brain baseline activity when calculating AV integration, the superadditive 

rule subtracts a ‘baseline’ from stimulus-evoked responses in unimodal and multimodal 

conditions, i.e., 𝐴𝑉 − baseline ≥ (𝐴 − baseline) + (𝑉 − baseline). However, this ‘baseline’ 

may not represent the common activity among the three modality conditions that is meant to be 

subtracted, such as motor activity, which exists during speech processing but is not directly 

related to speech understanding (Stevenson et al., 2014). Due to the advantages of not assuming 

a certain relation and not including a ‘baseline’ activity, the principle of inverse effectiveness 

has become quite popular among neuroimaging studies to investigate AV integration.      

Several EEG (Senkowski et al., 2011; Stevenson et al., 2012) and fMRI studies 

(Stevenson et al., 2009) have claimed to show the principle of inverse effectiveness, on the 

assumption that the phenomena seen in neurophysiological studies in neurons will be evident 

in the neural activity measured in EEG or the haemodynamic response measured in fMRI. In 

some behavioural studies, however, AV integration results were not consistent with the 

principle of inverse effectiveness (Hecht et al., 2008; Ross et al., 2007; Tye-Murray et al., 2010). 

The inconsistent results in published studies about the principle of inverse effectiveness might 

be related to the differences in experimental designs and statistical analysis.  

To investigate the principle of inverse effectiveness, as suggested by Holmes (2007, 

2009), a study should have an a priori hypothesis, a careful choice of stimuli at different 

effectiveness levels and a proper measurement to reveal the enhancement of performance in 

AV versus audio-alone and visual-alone conditions. First, studies without an a priori hypothesis 

usually use post-hoc or response-related methods to test the principle of inverse effectiveness, 

resulting in the ‘regress towards mean’ issue. Second, the choice of low and high effectiveness 

levels of the stimuli should be above threshold but lower than salient to avoid floor and ceiling 

effects, which might bias the results towards showing an inverse trend. Third, the differences 

in the measures of multisensory enhancement might cause different conclusions of the principle 

of inverse effectiveness. Some studies calculated the differences between multimodal and 

unimodal responses using a proportionate measure (Meredith & Stein, 1983; Senkowski et al., 
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2011; Stevenson et al., 2012), whereas some other studies calculated the absolute differences 

between them (Ross et al., 2007; Tye-Murray et al., 2010). Since the differences between 

multimodal and unimodal responses were scaled in one measurement but not the other, it might 

result in AV integration being observed in one but not the other. Lastly, the underlying rule for 

the principle of inverse effectiveness is that responses in the audio-alone, visual-alone, and AV 

conditions should be correlated, as AV responses are the combination of and the interaction 

between responses in two unimodal conditions (Holmes, 2009; Stein, Stanford, Ramachandran, 

et al., 2009). It is crucial to examine this criterion of correlations between multimodal and 

unimodal responses before doing any further analysis. Interpretation of results showing inverse 

trends of the differences between multimodal and unimodal responses should be careful, as the 

inverse trends alone do not necessarily mean the inverse effectiveness of multisensory 

integration of individual neurons.  

2.3.3 Reaction times and race model 

To investigate AV integration, behavioural studies have measured reaction times in 

unimodal and multimodal conditions (J. Miller, 1982; Raab, 1962; Smith et al., 1953). Reaction 

times in audio-visual condition are often faster than those in audio-alone and visual-alone 

conditions. Raab (1962) proposed a race model to explain whether faster reaction times in 

multimodal conditions are the result of statistical facilitation or multisensory integration. The 

race model assumes that auditory and visual cues are processed separately from initial sensation 

to final semantic association. In this model, the two separate processing pathways are engaged 

in a ‘race,’ and whichever modality reaches semantic association first wins the race, and 

determines the responses. In other words, the reaction times in multimodal conditions always 

equal the faster of the two unimodal conditions. When reaction times in multimodal conditions 

are faster than the race model predictions, the race model is said to be violated, and integration 

between the two unisensory processes is assumed to have occurred. Thus, AV responses can be 

made even before either of the two separate processes is finished (J. Miller, 1982; 1986; 1991), 

by pooling resources (integrating information) from two modalities, rather than depending on 

the faster of the two. 

2.3.4 Response accuracy and different integration models 

Response accuracy when processing unimodal and multimodal stimuli has also been 

examined to reveal AV integration. When auditory cues are noisy, complementary and 

congruent visual cues can facilitate participants’ accuracy in understanding the stimuli (Ross et 

al., 2007; Sommers et al., 2005; Sumby et al., 1954). Similar to reaction times, when the 

improved AV response accuracy compared to that in unimodal conditions cannot be explained 

by statistical facilitation alone, integration of auditory and visual cues is said to have occurred. 
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The statistical facilitation of multimodal responses by the redundant cues from two 

modalities in relative to that in the unimodal condition (s) was also called multisensory 

enhancement (Dey et al., 2015; Grant et al., 1998; Hay-McCutcheon et al., 2005; Sommers et 

al., 2005; Tye-Murray et al., 2010; Tye-Murray et al., 2007). As can be seen from the definitions, 

multisensory enhancement is different from multisensory integration. Multisensory 

enhancement can exist even when the two unisensory processes are separate and there is nil 

integration. This thesis is interested in AV integration during speech understanding, which can 

not be explained by the theory of statistical facilitation (multisensory enhancement). 

Different models have been proposed to measure AV integration ability. The first 

model was the pre-labelling model of integration proposed by Braida (1992). This model 

calculates participants’ sensitivity (d-prime) in distinguishing stimuli from each other, based 

on the distances between every two stimuli in multi-dimensional space, which is built by cues 

in each stimulus. The pre-labelling model predicts participants’ AV performance by assuming 

an optimal cue integration of the two unisensory processes. As the pre-labelling model predicts 

participants’ optimal performance in AV condition, the model predictions are always better 

than participants’ AV performance (Grant et al., 1998). The second model was a fuzzy logic 

model proposed by Massaro (1987), which calculates participants’ conditional probability of 

making specific AV responses to given stimuli in audio-alone and visual-alone conditions. The 

pre-labelling model and the fuzzy logic model were only suitable to reveal AV integration 

ability using closed-set stimuli, based on the cues in and distances between stimuli. Because of 

this requirement, the pre-labelling model and fuzzy logical model are not helpful for studies 

that use complex or open-set stimuli.  

The third model was a probability model proposed by Blamey et al. (1989). This model 

predicts participants’ AV performance by assuming that auditory and visual processes are 

independent and that AV performance is facilitated by the redundant information from the two 

modalities. Whenever participants’ AV performance is better than the probability model 

predictions, AV integration is said to have occurred. Different from the two models discussed 

above, the probability model reveals AV integration based on the probabilities of making 

correct responses in unimodal and multimodal conditions, which are not limited to the types of 

stimuli or the experimental tasks.   

The fourth type of AV models are Bayesian models that calculate participants’ optimal 

cue integration in a multimodal condition and have become increasingly popular among 

neuroimaging and psychophysics studies (Fetsch et al., 2013; Ursino et al., 2014). Bayesian 

models assume that given a set of uncertain information, the brain optimally detects unisensory 

or integrates multisensory information by maximising the posterior probability of detecting the 

event. When applying Bayesian models, the prior probability of multisensory integration 
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occurring is needed, which can be obtained from empirical experiments but is not always 

available. Thus, Bayesian models are not helpful in some specific experiments. Rouger et al. 

(2007) proposed a simplified cue integration model that is more practical for research use, 

compared to Bayesian models. The cue integration model assumes that to understand speech, 

no less than a certain number of speech cues are required regardless of the modalities. When 

optimal integration of two unisensory processes occurs, the number of cues recognised in the 

AV condition equals the sum of cues recognised in the audio-alone and visual-alone conditions. 

The cue integration model was proposed based on an open-set of word stimuli, having no 

limitations like the pre-labelling and fuzzy logical models, as discussed above. 

2.4 Functional Near-Infrared Spectroscopy 

Cortical activation pattern in CI users, as discussed above (see section 2.2), has been 

shown to differ from that in NH listeners. Furthermore, in cortical regions of CI users where 

differences in brain activity occurred, compared to NH listeners, the cortical activity has been 

shown to be related to the speech understanding of CI users (see section 2.2). However, 

commonly-used neuroimaging techniques such as fMRI, EEG, and PET have some limitations 

when used in cochlear implant users. As fMRI scanning involves a high magnetic field, it is not 

compatible with CI that has a magnet in the implanted device and can cause risk and discomfort 

to patients (Kim et al., 2015). fMRI is also not suitable for studies using auditory stimuli 

because of its loud scanning noise. EEG, on the other hand, suffers from electrical interference 

from the CI that uses electrical stimulation and has a limited spatial resolution, thus being not 

ideal for studying brain activation pattern. Thanks to the advance in technology, the above 

problems may be solved; however, the solutions are complicated and add difficulties in data 

collection and analysis, which are not always available. Compared to EEG and fMRI, PET does 

not have electrical or magnetic interference with CI users; however, it is not optimal for clinical 

research due to the invasiveness of radiation. To investigate cortical activity in CI users and the 

correlation with CI auditory outcome, an imaging technique is in demand that is compatible 

with CI, also suitable for the clinical application, longitudinal studies, and auditory-related tasks.  
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Figure 2.4: Absorption spectrum of near-infrared light and structures of the brain. In the left side: red refers to the 

absorption spectrum of oxygenated haemoglobin (HbO), blue refers to deoxygenated haemoglobin (HbR), green 

refers to water, grey refers to scattering effects; in the right side: human brain structure; figure from (Hillman 2007).

  

Near-infrared (NIR) light, with a wavelength ranging from 650 – 1000 nm (figure 2.4, 

left), to which human brain tissues is relatively transparent, can measure blood and tissue 

oxygenation changes (Ferrari et al., 2004; Jobsis, 1977). In a fNIRS system, a light source 

mounted on the scalp emits NIR light, which then transmits through the scalp, skull, 

cerebrospinal fluid and the cortex (figure 2.4, right). Part of the light is scattered or absorbed 

by the intrinsic chromophores (i.e. components in the molecule that can selectively absorb NIR 

light at different frequencies), and part of the light reaches the neighbouring detector. The 

intensity changes of NIR light of different wavelengths relate to the concentration changes of 

chromophores. The most widely measured chromophores are oxygenated (HbO) and 

deoxygenated haemoglobin (or haemoglobins with oxygen relaxed, HbR) in the continuous 

wave NIRS systems (Ferrari et al., 2012; Leon-Carrion et al., 2006; Scholkmann et al., 2014). 

An increase of brain activity consumes oxygen, increasing cerebral blood flow and HbO and a 

corresponding decrease of HbR, which is known as the neurovascular coupling (Scholkmann 

et al., 2014). The optimal source-detector (channel) distance is about 30 mm, with the depth of 

penetration being about 15 mm and measuring neural response in the local region (Ferrari & 

Quaresima, 2012). fNIRS has been used to investigate the language processing in infants and 

adults (V. Quaresima et al., 2012; Rossi et al., 2012) and to investigate other cortical activities 

(Peelle, 2017; Valentina Quaresima et al., 2016). 

Signals measured by fNIRS and fMRI reveal not only functional brain activity (neural 

response) but include non-task-evoked responses. Figure 2.5(a) shows the resources of 

hemodynamic responses in fNIRS signals (Tachtsidis et al., 2016). When fNIRS light transfers 

through different layers of the brain tissues, it measures signals from the extracerebral and 

cerebral tissues. Neural responses only exist in the cerebral tissue, whereas systemic responses 

exist in both of the cerebral and extracerebral tissues. Further, besides the task-evoked 
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responses, changes in hemodynamic responses also arise from simultaneous (resting-state) 

brain activity. As shown in figure 2.5(a), brain activation of interest, i.e., task-evoked neural 

response in the cerebral tissue, only contributes to 1/6 of the fNIRS signal components. To 

remove the other components, short-subtraction methods are proposed (Brigadoi et al., 2015; 

Gagnon et al., 2011; Goodwin et al., 2014; Sato et al., 2016) by applying channels of shorter 

distance (~10 mm) that only measures extracerebral response, which can then be subtracted 

from channels of 30-mm distance. After applying short-subtraction methods, the computed 

responses still contain systemic (both task-evoked and non-evoked) responses in the cerebral 

tissue, which might overlap with neural responses in the frequency domain, thus being difficult 

to remove (Tachtsidis & Scholkmann, 2016). Extra recordings of systemic responses such as 

scalp blood flow, heart rate, and skin conductance are recommended, which can then be used 

to remove the systemic responses in channels of 30-mm distance.      

 

Figure 2.5: fNIRS response components in panel (a); temporal and spatial resolution and degree of immobility of 

different imaging techniques in panel (b). Diagram (a) from Tachtsidis and Scholkmann (2016) and diagram (b) 

from Mehta et al. (2013) 

When to investigate cortical activity in CI users, fNIRS system compared to EEG, does 

not suffer electrical artefacts and has a much better spatial resolution, as shown in figure 2.5(b), 

with diagram adapted from Mehta and Parasuraman (2013). Compared to fMRI, fNIRS is 

compatible with the magnet in the CI, more tolerable with participants’ body movement, and 

silent in the background, thus being suitable for studies using auditory stimuli. Compared to 

PET, fNIRS is non-invasive for participants and friendly for research and clinical uses.  
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2.5 Justification of the Three Aims of This Thesis 

2.5.1 Using fNIRS to investigate the cortical activity in CI users for speech 

understanding 

As discussed in section 2.2, studies have shown that functional changes occurred in the 

brain during the progression of hearing loss, and after a hearing device such as a cochlear 

implant is fitted (see review by Anderson et al., 2016; Lazard et al., 2014). These changes have 

been measured with different brain imaging technologies during resting-state and evoked by 

auditory, visual, and AV stimuli. These brain functions change with duration of hearing loss 

and with adaptation to the CI. Further, the functional changes in CI candidates and newly 

implanted CI users are predictive of post-implantation auditory speech understanding (at a 

steady level). Whether the prediction is positive or negative, depends on where the changes of 

brain activation have occurred in the language networks during resting state or when responding 

to different types of stimuli. It is of great importance for clinical applications if cortical activity 

in CI candidates can predict post-implant auditory outcome, or in CI users at switch-on so to 

have early interference for better recovery of auditory speech understanding. However, as 

discussed in section 2.4, commonly-used imaging techniques suffer from some limitations 

when to measure the cortical activity in CI users or is invasive for clinical use. Thus, this thesis 

aims to investigate the cortical activity in CI users using a novel and non-invasive imaging 

technique – fNIRS.       

Using fNIRS, the study in chapter 3 aimed to examine where the difference in cortical 

activity between experienced CI users and NH listeners occurred in the language associated 

regions when responding to auditory and visual speech stimuli. In those same regions, the 

correlations between the levels of auditory-stimulus-evoked or visual-stimulus-evoked 

activation in CI users and the auditory speech understanding ability were investigated. Further, 

based on the published studies reviewed in section 2.2, chapter 3 specifically, examined the 

visual-speech-evoked activity in the auditory areas in CI users, where difference in cortical 

activity has been consistently found between hearing-impaired people and CI users, compared 

to NH listeners. Correlation between this cross-modal activity in CI users with their auditory 

speech understanding was also investigated.          

2.5.2 AV integration in CI users  

AV integration of speech cues in CI users, though unique and interesting, has not been 

investigated a lot (see review by Stevenson et al., 2017). One of the reasons is the technical 

issues or clinical limitations that face the currently used imaging techniques used to measure 

cortical activity in CI users, due to the magnet in the implanted device and the electrical 
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stimulation (see section 2.4). A second reason is the difficulty in defining AV integration in 

cortical activity, which is not limited to the investigation of AV integration in NH listeners (see 

section 2.3.1) but also in CI users. A third reason is that, within the limited audio-vidual studies 

that have been reported, most of them were about multisensory facilitation (enhancement) 

rather than multisensory integration. Thus, limited knowledge of the AV integration in CI users 

is available and it remains to investigate whether AV integration in CI users for speech 

processing is different from NH listeners.   

The study in chapters 4 aimed to examine the AV integration of speech cues in CI users 

based on measures of both behavioural performance and cortical activity. AV integration was 

examined in the cortical activity of CI users using fNIRS, and AV integration was revealed by 

testing the principle of inverse effectiveness (see section 2.3.2). According to the suggestions 

from Holmes (2007, 2009), as discussed in section 2.3.2, the study in chapter 4 was carefully 

designed to investigate cortical activity in regions of prior interest, with stimuli being presented 

at two distinguishing and above-threshold levels. Cortical activity was revealed using fNIRS, 

the measure of which is the concentration changes of oxygenation related responses, which by 

nature is a proportionate measure of brain responses. Thus, the potential factors that may cause 

the principle of inverse effectiveness to fail are limited in that study to investigate AV 

integration (chapter 4).         

Using behavioural measures, AV integration was also revealed based on participants’ 

response accuracy when performing speech identification tasks. A novel method was proposed 

to quantify AV integration by combing the probability model (minimum integration) and the 

cue integration model (optimal integration), as discussed in section 2.3.4. The amount of AV 

integration was revealed by calculating how far the actual AV score was above that predicted 

by the probability model, as a proportion of the difference between the two predictions. The 

combination of the two models compared to using either of them, has the advantage of 

quantifying the amount of AV integration using a scaled measure. Thus, this new method 

reduces the influence of differences in unimodal scores on the estimation of AV integration by 

each model alone. AV integration was also quantified using the race model (see section 2.3.3) 

and reaction time measures when participants were performing a speech identification task.  

Using three different experimental measures, different speech tasks, and different 

models, this study aimed to thoroughly investigate the AV integration of speech cues in CI 

users. To contribute to the understanding of whether CI users have different AV integration 

compared to people who have normal hearing.   
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2.5.3 Effect of aging on AV integration        

Further, when investigating AV integration in CI users, studies have often ignored the 

age differences among CI users or the age differences between CI users and NH listeners 

(Rouger et al., 2007; Strelnikov et al., 2015). As aging has been shown to affect multisensory 

processes in NH listeners (see review by de Dieuleveult et al., 2017), the potential effect of 

aging on AV integration in CI users for speech processing should not be ignored. To avoid the 

effect of this second factor – age – on AV integration or its interaction with the factor of 

deafness in CI users, in experiments of this thesis (chapter 4), the ages of NH listeners were 

matched with those in a group of experienced CI users. Besides matching the ages of NH 

listeners with that of CI users, experiments in this thesis (chapter 5) also examined whether 

aging affects AV integration in people who had normal hearing. As aging in CI users also 

associates with their ages at the onset of hearing loss, deafness history, and their CI duration, it 

is not an independent factor, thus difficult to examine the effect of aging alone on AV 

integration. Instead, this thesis examined the effect of aging on AV integration in NH listeners 

when responding to speech using behavioural and neuroimaging measures. If there was a 

significant effect of aging on AV integration in NH listeners, the same effect should exist in CI 

users when performing the same speech tests, with AV integration being revealed using the 

same measures.      
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Abstract 

An experiment was conducted to investigate the feasibility of using functional near-

infrared spectroscopy (fNIRS) to image cortical activity in the language areas of cochlear 

implant (CI) users, and to explore the association between the activity and their speech 

understanding ability. Using fNIRS, 15 experienced CI users and 14 normal hearing (NH) 

participants were imaged while presented with either visual speech or auditory speech. Brain 

activation was measured from the prefrontal, temporal and parietal cortex in both hemispheres, 

including the language associated regions. In two regions of interest (ROIs), in which CI users 

showed significantly different activation levels in response to auditory speech compared to NH 

listeners, activation levels significantly negatively correlated with CI users’ auditory speech 

understanding. These ROIs were located in the right anterior temporal cortex (including a 

portion of pre-frontal cortex) and the left middle superior temporal gyrus. In response to visual 

speech, the activation levels of CI users in a third ROI – the left auditory cortex, were negatively 

correlated with their auditory speech test scores. This result suggests that increased cross-modal 

activity in the auditory region is predictive of poor auditory speech understanding. In 

conclusion, fNIRS successfully revealed activation patterns in CI users associated with their 

auditory speech understanding ability.  

Keywords: fNIRS, cortical activity, cochlear implant 

3.1 Introduction  

There is wide variability in auditory speech understanding ability in adult cochlear 

implant (CI) users. Age at implantation, hearing-loss history, and CI experience only account 

for about 10% of the variance (Blamey et al., 2013). Studies have shown brain functional 

differences, i.e., neuroplasticity, in hearing-impaired individuals compared to normal hearing 

(NH) listeners (Coez et al., 2008; Giraud et al., 2001; Lazard et al., 2010; Lazard et al., 2013; 

Strelnikov et al., 2013). This neuroplasticity in language associated regions has been proposed 

as a factor affecting the auditory speech understanding of CI users after implantation. In the 

present study, functional near-infrared spectroscopy (fNIRS), was used to investigate brain 

activity in experienced CI users in response to auditory and visual speech; and to explore the 

association between brain activation in CI users with their auditory speech understanding ability.  

Different brain activation patterns have been observed in deaf people when responding 

to visual speech or non-speech stimuli, compared to NH listeners. Finney et al. (2001) using 

functional magnetic resonance imaging (fMRI) have observed activation in the right auditory 

cortex of deaf people to non-speech visual stimuli, i.e., auditory cross-modal activity, but not 

in NH listeners. Lazard et al. (2010) using fMRI measured brain activity in CI candidates (pre-
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implant) and Strelnikov et al. (2013) using positron emission tomography (PET) measured 

brain activity in newly-implanted CI users  when responding to visual speech, to see if brain 

activity at those stages is predictive of CI users’ post-implantation auditory speech 

understanding. When performing a visual rhyming task, CI candidates who showed stronger 

activation in the ventral temporofrontal region turned out to have poor post-implantation 

outcomes (Lazard et al., 2010). In contrast, CI candidates who had stronger activation in the 

dorsal phonological region turned out to have good post-implantation outcomes. In the newly 

implanted CI users (Strelnikov et al., 2013), activation evoked by visual speech in the right 

superior temporal cortex (STC) negatively correlated with their auditory speech understanding 

six months after implant switch-on. To summarise, due to deafness and the increased reliance 

on visual cues for communication (H. J. Lee et al., 2007; Rouger et al., 2012; Strelnikov et al., 

2014), visual processing in deaf people took over auditory cortex, i.e., auditory cross-modal 

plasticity, and language processing pathways. The visual taken-over activity, depending on 

where it occurred in the brain, might be adaptive or maladaptive for the auditory recovery in CI 

users after implantation.  

Longitudinal studies using PET, have also found ongoing functional changes in post-

lingually deaf adult CI users as they adapt to their CI device throughout the first year after 

implantation (Giraud et al., 2001; Petersen et al., 2013; Rouger et al., 2012; Strelnikov et al., 

2010). The changes in the language associated regions included an increase in resting-state 

activity over time in the visual cortex, auditory cortex, Broca’s area, and posterior temporal 

cortex (Strelnikov et al., 2010). Over time after implantation, changes in brain activation 

evoked by speechreading included an abnormally high initial activation in the temporal voice 

area and a low activation in Broca’s area, which then decreased or increased towards a level 

approaching that seen in NH participants (Strelnikov et al., 2014). The increase in activation in 

Broca’s area for speechreading over the first six months after implantation was only seen in CI 

users with post-lingual onset of deafness but not in those with pre-lingual deafness (Giraud et 

al., 2000). The increased activation in Broca’s area was paralleled by improved auditory 

comprehension and speechreading ability over time after implantation. The increased activation 

in the visual cortex might result from implicit cross-modal training, in which newly implanted 

CI users were confronted with new auditory stimuli that must be paired with their visual sources.  

Difference between experienced CI users and NH participants in the brain activation 

patterns evoked by auditory non-speech or speech stimuli have also been found using PET 

imaging (Coez et al., 2008; Giraud et al., 2000). The difference in brain activity in specific 

brain areas of CI users also related to their auditory speech understanding ability. When 

performing various auditory linguistic tasks, brain activity in some areas of CI users was greater 

and in some other areas reduced compared to NH participants (Giraud et al., 2000). In another 
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study (Coez et al., 2008), both NH participants and CI users with good speech understanding 

showed activation in the temporal voice area along the STC in response to voiced stimuli. 

However, such activation was not observed in CI users with poor auditory speech understanding.  

Though functional changes in the brain of deaf individuals have been reported using 

fMRI and PET, fMRI is not compatible with implanted devices comprising of ferrous materials, 

and PET has limitations due to the invasive nature of the imaging procedure (Saliba et al., 2016). 

As these imaging methods are not suitable for regular clinical use in CI users, non-invasive 

imaging techniques that are also compatible with CI are in demand.  

In the present study, fNIRS which uses near-infrared light to image changes in blood 

oxygenation levels was used to visualise cortical language processing in CI users. Because of 

its compatibility with CI, fNIRS has recently been used to investigate functional brain responses 

in CI users (Anderson et al., 2017; Chen et al., 2016; McKay et al., 2016; Olds et al., 2016; 

Sevy et al., 2010; van de Rijt et al., 2016). Chen et al. (2016) used fNIRS and non-speech 

stimuli to investigate both auditory and visual cross-modal brain activation, i.e., the response 

in auditory cortex to visual stimuli and vice versa. Their results found that both types of cross-

modal activation in CI users were higher than NH listeners. However, Anderson et al. (2017) 

and van de Rijt et al. (2016) found that compared to NH listeners, there was no difference in 

auditory cross-modal activation in pre-implant hearing-impaired people, newly-implanted CI 

users, or experienced CI users. The inconsistent results in the above three studies might be due 

to the different stimuli that were used, i.e., non-speech stimuli (Chen et al., 2016) and speech 

stimuli (Anderson et al., 2017; van de Rijt et al., 2016). Different visual stimuli could activate 

different brain regions including (but not exclusive) auditory cortex, resulting in the cross-

modal activity in the auditory cortex being observed in one study but not the other two. Further, 

in the study of van de Rijt et al. (2016), fNIRS data were recorded from 5 CI users leading to 

lack of statistical power.      

The present study aimed to determine whether fNIRS response amplitudes to auditory 

or visual speech in different brain regions correlated with their auditory speech understanding. 

The overall hypothesis of the study is that differences in speech understanding ability among 

experienced CI users are significantly contributed to by differences in functional changes to 

their cortical language processing networks that have occurred due to periods of severe-to-

profound hearing loss and poor auditory input quality. Further, the present study hypothesised 

that these relevant functional changes could be evaluated by measuring brain activity in 

response to auditory or visual speech in specific ROIs and correlating the activity with speech 

understanding. Three sub-hypotheses were tested, using three different methods of determining 

ROIs.  
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The first sub-hypothesis was that regions of the brain showing the most significant 

group-mean difference between NH and CI listeners in fNIRS activation in response to visual 

or auditory speech stimuli, are ROIs where activity in CI users correlates with their auditory 

speech understanding. These ROIs are the regions that reflect the functional changes that are 

common to all the CI users and therefore proposed to be driven by periods of deafness and 

cochlear implantation. 

The second sub-hypothesis was that regions of the brain where variance in activity is 

greater across subjects in the CI group compared to the NH group are ROIs where activity in 

CI users correlates with their auditory speech understanding. Since the auditory speech 

understanding varies greatly between CI users, it is proposed that the variance in speech 

understanding is related to variance in the degree to which the functional changes have occurred.  

The third sub-hypothesis used an a priori ROI: activity in CI users to visual speech in 

the STC correlates with their auditory speech understanding. This ROI was based on previous 

fMRI and PET studies that found cross-modal activity in deaf people, or newly implanted CI 

users, was predictive of their speech understanding ability after implantation. It is proposed that 

increased visual processing on the auditory STC area may reflect a weakened auditory 

processing ability in this important multimodal region of the language network and that this 

weakness may persist after implantation. 

3.2 Methods 

3.2.1 Participants  

Twenty post-lingually-deaf adult CI users and 19 NH participants were recruited for 

this experiment. All the participants were native English speakers, healthy with no history of 

diagnosed neurological disorder, and had normal or corrected-to-normal vision. CI users were 

contacted through the Royal Victorian Eye and Ear hospital in Victoria, Australia. The NH 

participants were recruited by word-of-mouth and were students, employees of the Bionic 

Institute, or acquaintances of the researchers involved in the project. The inclusion criterion for 

these participants was normal pure tone thresholds at octave frequencies between 250 – 4000 

Hz being 20 dB HL or less. Four CI users and 5 NH participants were excluded from the 

analysis due to thick hair causing poor connection of the optodes with the scalp (Orihuela-

Espina et al., 2010), and one additional CI user withdrew from the study part way through. Thus, 

usable data were obtained from 15 CI users (6 females and nine males) and 14 NH participants 

(6 females and eight males). To remove side of implantation as a factor, only CI users with at 

least a right-ear implant were recruited, and stimuli were presented to the right ear in both 

groups. In the CI group, 10 participants had a unilateral right-ear CI, and 5 participants had 

bilateral CIs; all participants had over 12 months experience using their right-ear implant. For 
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these and other details regarding CI participants see Table 3.1. The present study aimed to 

recruit NH participants who were age-matched with CI participants (ranging from 46 – 79, 

mean ± SD, 64.2 ± 10.1 years). However, this criterion was not met due to the incidence of 

high-frequency hearing loss in the aging population. The mean age of NH group (ranging from 

33 – 70, mean ± SD, 53.5 ± 12.0 years) was smaller than that of the CI group (𝑡(27) =

−2.62, 𝑝 = .014). The effect of age was therefore considered in the analysis of results. The 

present study was approved by the Royal Victorian Eye and Ear Hospital human ethics 

committee, and all the participants provided their written informed consent.   

Table 3.1: Information of CI users, including speech test scores. 

CI 

Users 
Age 

Ears of implant, 

CI duration 

(months) 

Right-ear 

Implant 

CNC 

Score 

CUNY sentence 
Speechreading 

scores Quiet 
SNR 

15dB 

SNR 

10dB 

SNR 

5dB 

CI1 (M) 79 B—L (1), R (66) CI24RE 83% 99% 96% 67% 45%  

CI2 (F) 71 U—R (78) CI24RE 96% 100% 100% 99% 67% 81% 

CI3 (M) 73 U—R (79) CI24RE 91% 100% 98% 80% 31% 92% 

CI4 (F) 46 U—R (20) CI422 83% 99% 96% 99% 64% 97% 

CI5 (M) 57 U—R (89) CI24RE 89% 99% 100% 47% 11% 94% 

CI6 (M) 44 B—L (83), R (47) CI512 97% 60% 100% 100% 100% 97% 

CI7 (M) 66 U—R (86) CI24RE 85% 99% 93% 74% 31% 58% 

CI8 (F) 67 U—R (14) CI24RE 49% 60% 48% 33% 6% 94% 

CI9 (F) 64 U—R (74) CI24RE 89% 98% 94% 65% 30% 86% 

CI10 (M) 71 U—R (40) CI422 55% 90% 66% 35% 11% 58% 

CI11 (M) 64 U—R (95) CI24RE 75% 96% 85% 59% 26% 100% 

CI12 (F) 56 B—L(59), R(85) CI24RE 98% 98% 99% 100% 63% 72% 

CI13 (M) 72 U—R (12) CI422 81% 98% 96% 83% 25% 75% 

CI14 (M) 70 B—L (5), R (88) CI24RE 61% 95% 93% 43% 9% 81% 

CI15 (F) 64 B—L (53), R(79) CI24M 49% 86% 73% 40% 8% 89% 

B = bilateral and U = unilateral; L = left and R = right.  

3.2.2 Tests of speech understanding  

In the first session, the auditory speech understanding ability of each CI user was tested 

in a sound-treated booth with auditory stimuli were presented to the right-ear implant of CI 

users via direct input accessory and the speech processor program was set to the ‘everyday’ 

setting. CI users who had a hearing aid or implant in the left ear were instructed to take the 

hearing aid or implant off, and those with residual hearing in the left ear were asked to use an 

earplug in that ear to limit acoustic input, such as ambient sounds in the test booth. Open-set 

Consonant-Nucleus-Consonant (CNC) words (Peterson et al., 1962) and City University of 

New York (CUNY) sentences (Boothroyd et al., 1985) were used. Words and sentences were 

presented to CI users at an equivalent level of 60 dBA. The perception of CNC words was 

measured in quiet and assessed according to the percentage of the phonemes that participants 

repeated back correctly among a total of 150 phonemes. The CUNY sentences were presented 

both in quiet and with different levels of multi-talker babble noise, with signal-to-noise ratios 



 

27 

(SNRs) from 15 dB to 5 dB SNR in 5 dB steps. For each participant, four different sentence 

lists were randomly selected out of a group of 10 lists. Participants’ responses to CUNY 

sentences were scored according to the percentage of words that they repeated back correctly 

in a list of 12 sentences (a total of about 102 words). For participants with NH, no auditory 

speech tests were conducted for two reasons. First, as native English speaker, they were 

assumed to have ceiling scores when performing these speech tests (i.e., CNC words in quiet 

and CUNY sentences in noise with SNR above 5 dB). Second, the auditory speech 

understanding ability of NH participants was not needed to fulfil the aim of this study – to 

explore the association between brain activation in CI users with their auditory speech 

understanding ability. 

3.2.3 Procedures for fNIRS data acquisition  

3.2.3.1 Speech stimuli in fNIRS session 

Speech stimuli consisted of 75 spondees (words that have two equally stressed syllables) 

were recorded using a GoPro camera and an extra microphone in a sound-treated booth and 

were spoken by one female and one male Australian English-native speakers. Each spondee 

word was extracted from the recording; audio-only and visual-only components of spondee 

words were separated. The levels of all the auditory spondee words were normalised to the 

same Root Mean Square (RMS) level.  

3.2.3.2 Speechreading test 

Before fNIRS data collection, a speechreading test was performed for each participant 

to make sure that the visual speech recognition during fNIRS data collection would not be too 

difficult. The speechreading test was conducted in a sound-treated booth. Participants were 

seated in an armchair, and visual stimuli were presented on a CRT monitor in front of them at 

a distance of 1.5 m. During the closed-set speechreading test, a list of 12 spondee words were 

presented without auditory cues, with words presented three times each, in random order. Half 

of the words (randomly selected) were spoken by the male speaker and half by the female 

speaker. Participants were familiarised with the words before the test. The speechreading ability 

of participants was scored as the percentage of words they repeated back correctly.  

3.2.3.3 fNIRS data collection.  

The fNIRS imaging method uses near-infrared light to measure the concentration 

changes of hemoglobin in the blood, which have been shown to be coupled with the neurons’ 

response to stimuli (Ogawa et al., 1990). The fNIRS system used in the present study (NIRScout, 

NIRX medical technologies, LLC) was a continuous-wave NIRS instrument, which had 16 
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LED illumination sources and 16 photodiode detectors. Each source had two illuminators and 

emitted near-infrared light with wavelengths of 760 nm and 850 nm. An Easycap was used to 

hold the sources and detectors. By registering the positions of the sources and detectors on the 

Easycap to the 10-10 system (American Clinical Neurophysiology, 2006; Jurcak et al., 2007), 

the probabilistic brain region where the fNIRS signals were measured was determined. The 

experimental montage is shown in figure 3.1. Forty-six channels were defined as source-

detector pairs (denoted as channels) that were adjacent in the montage and separated by 

approximately 3 cm (orange lines in figure 3.1(a)). The probabilistic positions of the channels 

relative to brain regions are shown in figure 3.1(b). 

 

Figure 3.1: fNIRS montage. Panel (a): sources (red circles), detectors (blue circles) and channels (orange lines) 

connections in 10-10 system; Panel (b) plots channels positions on the brain cortex. 

The Easycap was positioned on the head of the participant and secured by a chin strap. 

To reduce the influence of hair on the quality of the fNIRS signals, the hair under each grommet 

was carefully pushed aside before inserting the optodes into the grommets. Before commencing 

data collection, the automatic gains (0 – 8) set by the NIRScout system were checked to 

determine which source-detector pairs (channels) had good optode-skin contact. A maximum 

gain of 8 indicates that the detector received little or no light from the source, whereas gains 

less than 4 indicate that the light detected may have taken a more direct route from the source 

to detector rather than being scattered through layers of the cortex as required. In either of these 

cases, the optodes of those channels were removed to check for hair obstruction and skin contact. 
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The procedure was repeated several times until as many channels as possible had gains in the 

acceptable range of 4 – 7.  

For CI users, optodes above the right-side CI coil and the receiver-stimulator would 

have difficulties illuminating or detecting near-infrared light. In most of the CI users, these 

optodes were located at P6 and/or P8 in the 10-10 system (figure 3.1a), causing the loss of some 

of channels 44, 45, and/or 46. In the five bilateral CI users, the left-side CI coil was taken off 

during fNIRS imaging, but the receiver-simulator underneath the skin might have caused 

channel loss at the symmetric positions to the right side (among channels 21, 22, 23). To deal 

with channel loss, this study looked at the ROIs that included fNIRS data from at least two 

adjacent channels, rather than using individual channel (section 3.2.5). 

fNIRS data were collected in two test periods in the same booth as the speechreading 

test, with the room lights turned off during data collection. One test period was a 5-min resting-

state period, during which participants were instructed to close their eyes and relax. The second 

test period lasted for 12 mins, during which participants engaged in a word-recognition task. In 

the latter, a pseudo-random block-design was used, starting with a 30-s baseline (rest) and 

followed by 14 blocks of stimuli alternating between auditory and visual speech stimuli (figure 

3.2). Between auditory and visual blocks there was a no-stimulus interval (rest) with a random 

duration, between 25 – 35 s. Each 11-second-long stimulus block contained five spondee words. 

Thirty-five male-talker and 35 female-talker words were selected from the recorded set, and for 

each subject, the 70 words were randomly distributed across 14 blocks. To maintain attention 

to the speech stimuli, participants were asked to listen or watch for three specific spondee words 

from each block and to push a button every time they recognised one of those words. Auditory 

stimuli in fNIRS session were presented in the same way as in the auditory speech tests, i.e., to 

the right-ear processor of CI users or the right ear of NH participants (ER-3A insert earphone, 

E-A-RTONETM GOLD) at a sound level equivalent to 65 dBA. Visual stimuli were presented 

in the same way as in the speechreading tests. Both oral and written instructions were given to 

participants before data collection.  

 

Figure 3.2: Pseudorandom block-design of experimental stimuli presentation. A stands for auditory spondee words 

(11 s); B stands for baseline (30 s); R stands for rest between two blocks of stimuli (25 – 35 s), V stands for visual 

spondee words (11 s); in total: 7 blocks of auditory stimuli and seven blocks of visual stimuli were presented.  
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3.2.4 fNIRS data analysis 

The signals recorded by the NIRScout system were imported to MATLAB for further 

processing. Figure 3.3 shows a flow-chart of signal processing steps used in the present study 

and an example of the results of each step. There are four main steps (yellow boxes on left of), 

which include 1) exclusion of bad channels 2) removal of motion artefacts and unwanted 

physiological signals 3) conversion of data into HbO and HbR, and 4) estimating activity level 

from the hemodynamic response.  

 

Figure 3.3: fNIRS signal processing. Flowchart of signal processing (left panel), explanation and algorithm of signal 

processing for each step (middle), and results after each step for one example channel (right). 

Channels that collected data of poor quality were excluded from further analysis 

according to the following two criteria. The first exclusion criterion was an automatic gain level 

that was not in the range of 4 – 7, as explained above. The second exclusion criterion was based 

on the scalp coupling index proposed by Pollonini et al. (2014), which is a measure of how well 
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heartbeat signals are evident in the data. The scalp coupling index was evaluated by first using 

a bandpass filter on all the data (frequency band 0.7 – 1.5 Hz) to isolate the frequency range 

that corresponded to heartbeats. The filtered signals corresponding to the two NIR wavelengths 

in all the channels were normalised (divided by their maximum values) and the correlation 

between them was computed. It was assumed that, if there were good optode-skin contact, 

cardiac signals would be present in the signals of both NIR wavelengths and therefore lead to 

a correlation of those signals (Themelis et al., 2007). Channels with absolute correlation value 

less than 0.6 were excluded. This value is lower than the criterion value of 0.75 used by 

Pollonini et al. (2014), due to different source-detector distances and NIRS devices that were 

used in the two studies.  

After channel exclusion, signal processing of the raw (unfiltered) data in the remaining 

channels first included pre-processing to remove the physical noises (including motion artefacts, 

slow drift) and physiological noises (e.g., Mayer waves (Julien, 2006), respiration and cardiac 

noises) using the following steps.  

a) The raw data recorded from each channel (light intensity) were converted to the optical 

density, which is a logarithmic measurement of the changes in light intensity;  

b) The motion artefacts (spikes) in each channel that were caused by the physical displacement 

of the optical probes from the surface of the subject’s head were removed by using wavelet 

analysis in Homer software (Huppert et al., 2009). Wavelet-based motion artefact removal 

method proposed as by Molavi et al. (2012) was used. With wavelet decomposition, 

hemodynamic responses to stimuli have less variable coefficients, while motion artefacts 

appear to be abrupt breaks in the wavelet domain. To remove the motion artefacts, wavelet 

coefficients out of the interquartile range of 0.1 were set to zero. 

c) Physical noises including the slow drift (frequencies lower than 0.01 Hz) and high-

frequency broadband noises (frequencies higher than 1.5 Hz) were removed by using a 

band-pass filter (cut-off frequency, 0.01 – 1.5 Hz); 

Following the pre-processing steps, the hemodynamic response was computed in each channel, 

and further removal of artefacts was accomplished using the following steps. 

d) The processed data were converted to the concentration changes of HbO and HbR (the 

hemodynamic response) by using the Modified Beer-Lambert Law (León-Carrión et al., 

2012); 

e) High-frequency physiological noises including the cardiac response and respiration in the 

hemodynamic response were further removed by using a band-pass filter (frequency band: 

0.01 – 0.12 Hz);  
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f) Further artefacts were removed by assuming that stimulus-related concentration changes of 

HbO and HbR were negatively correlated, while the concentration changes of HbO and 

HbR introduced by motion artefacts, blood oscillation and task-related global signals were 

positively correlated (Yamada et al., 2012). The HbO and HbR of interest (related to the 

stimuli) in channels were extracted by maximising the negative relationships between them 

(Cui et al., 2010); 

g) The averages of HbO and HbR across the seven blocks of the same stimulus type (auditory 

or visual) were computed after baseline correction, which was performed by subtracting 

the mean HbO (or HbR) of the 5 s preceding the stimulus onset in each block; 

To identify channels in which a significant stimulus-related response could not be determined, 

the following two steps were performed: 

h) A canonical hemodynamic response function (HRF) consisting of two gamma functions, 

as shown in equation (2-1), was adopted to represent the hemodynamic responses in the 

brain (Kamran et al., 2015).  

ℎ(𝑘) = [
𝑘𝛼1−1𝛽1

𝛼1𝑒−𝛽1𝑘

𝛤(𝛼1)
−

𝑘𝛼2−1𝛽2
𝛼2𝑒−𝛽2𝑘

6𝛤(𝛼2)
]                             (3-1) 

𝐻𝑅𝐹(𝑘) = ℎ(𝑘) ∗ 𝑢(𝑘)                                             (3-2) 

Where, within the left of the equation (2-2), 𝑘 is the discrete time and ℎ(𝑘) stands for the 

hemodynamic response function. The right side of the equation consists of two gamma 

functions, with 𝛼 standing for the delay of response (undershoot) and 𝛽 standing for dispersion 

of the response (undershoot). The HRF model in equation (2-2) was built as the convolution of 

the HRF in equation (2-1) and the boxcar function of the stimulus (as shown in figure 3.2). 

When the neurons in a local brain area are responding to a stimulus, leading to an increased 

consumption of oxygen, the concentration change of HbO is assumed to increase during the 

stimulation after a short delay and then gradually return to baseline after the stimulus, and the 

concentration change of HbR is assumed to be opposite to that of HbO, as shown in figure 3.3.  

i) A correlation was performed between the HRF model and the block-averaged HbO 

response to each stimulus type. Only the channels with significant correlations (|𝑟| > .5, 

𝑝 < .05 ) were marked as channels with responses; channels with non-significant 

correlations were assumed to have no hemodynamic response to the stimuli and the 

activation levels were set as missing values in the later analyses.  

Finally, the remaining channels (those considered to contain a significant response) were 

analysed to determine an activation level as defined in the following step:    

j) To quantify brain activation to stimulus in a channel, the peak of the amplitude of the 

hemodynamic response in that channel within 6 – 17 s after the onset of the stimulus was 
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identified. A previous study (Handwerker et al., 2004) has shown that it takes on average 

at least 5 s for a hemodynamic response to reach its peak. Since our stimulus block is 11-s 

long, the peak response was required to be in the range of 6 – 17 s. The averaged amplitude 

of HbO within 5 s before and 5 s after the identified peak was defined as the activation level 

to a particular stimulus; 

3.2.5 Definition of regions of interest (ROIs) and statistical analysis 

After signal processing, the calculated activation levels were imported to Minitab 17 

for further statistical analysis. To test the three hypotheses in this study about the correlations 

between cortical activity in CI users evoked by speech stimuli and their auditory speech 

understanding, three sets of ROIs were determined in CI users. Each ROI contained the mean 

signals from at least two adjacent channel positions and ROIs rather than individual channel 

locations were used for three reasons. First, there were several individual channels in some 

participants that were excluded due to poor signals. Secondly, the optodes located above the 

coil of CI participants were not able to obtain fNIRS data. Thirdly, the precise registration of 

optode place to brain position has a degree of uncertainty and thus variation among participants.  

To test the first two hypotheses, two sets of ROIs were derived. The first set of ROIs 

consisted of fNIRS channels where there was a significant group-mean difference in activation 

levels between CI and NH groups. These ROIs are the regions that reflect the functional 

changes that are common to all the CI users and therefore proposed to be driven by periods of 

deafness and cochlear implantation. The second set of ROIs consisted of fNIRS channels where 

there was a larger variability in activation levels across CI users than across NH listeners. Since 

the auditory speech understanding varies greatly between CI users, it is proposed that the 

variance in speech understanding is related to variance in the degree to which the functional 

changes have occurred. These two sets of ROIs are regions in which the degree of functional 

change may be related to their ability to understand speech with the CI. 

The ROIs where mean activation levels differed between the two groups were derived 

as follows,  

1) Two-sample (two-tailed) t-tests were performed, channel by channel, to compare the 

activation levels between CI users and NH listeners, in both audio-alone and visual-alone 

conditions. A threshold criterion of 𝑝 < .05 was used to select channels for the next step.  

2) Adjacent channels retained from step 1 were clustered into ROIs. Channels that had no 

adjacent channels with criterion significance level were ignored in the further statistical 

analysis; 

3) For each participant, the activation level in a ROI was calculated as the averaged activation 

level across all channels included in the ROI;  
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The second set of ROIs were regions in which activation levels were more variant across 

participants in the CI group compared to the NH group. They were derived as follows,  

1) Two-sample (one-tailed) variance tests, by using Bonett’s method (Bonett, 2006), were 

performed on each channel, to compare the variance of activation levels between CI users 

and NH listeners, in both audio-alone and visual-alone conditions.  

2) Similar to the definition of the first type of ROIs, the second set of ROIs were defined as a 

group of at least two adjacent channels that satisfied the variance difference threshold (𝑝 <

.05).  

The two sets of ROIs derived were then used to test the first hypothesis: that brain 

activation levels in CI users that were different from NH participants either in the mean or the 

variance of activation level, correlate with their speech understanding ability. For each ROI, 

Pearson correlations were computed between the activation levels in CI users and their auditory 

speech test scores. ROIs that showed significant correlations (𝑝 < .05) between activation level 

or variance in activation level and auditory speech understanding were identified, and 

Bonferroni’s method was used across the ROIs to adjust the p-values for multiple comparisons.   

To test the second hypothesis, a pair of a priori ROIs were selected to cover the bilateral 

STC, from which the brain responses in CI users to visual stimuli correlated with their auditory 

speech understanding ability. The ROIs were defined as the group of channels (12, 14-16) in 

the left hemisphere and (36, 37, 41, 42) in the right (figure 3.1). In these ROIs, the mean 

activation level across the included channels were calculated for each CI user when responding 

to visual stimuli. Pearson correlations were then computed between the activation levels and 

auditory speech test scores, and Bonferroni’ method was used to adjust the p-values for multiple 

comparisons. 

Since the secondary factors including duration of implant use, age, and speechreading 

ability are likely to drive the primary factors of interest in the present study (cortical speech 

processing), the present study hypothesised that these secondary factors do not account for 

significant further variability in speech understanding after accounting for variability explained 

by the fNIRS. This hypothesis was tested by using a stepwise regression analysis that used the 

activation levels in the ROIs that had significant correlations with speech understanding, and 

the secondary factors as predictors of speech understanding.  

3.3 Results  

3.3.1 Speech tests 

The results of the speech tests and speechreading test in CI users are shown in Table 

3.1. It can be seen that the CNC scores in quiet ranges from 49 to 98% phonemes correct, and 
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sentences in noise at 𝑆𝑁𝑅 = 10 dB ranged from 33 to 100% words correct. To avoid both 

ceiling and floor effects, the CUNY scores at 10 dB SNR were selected. For further analysis of 

correlations between brain activation levels in ROIs of CI users and their auditory speech 

understanding ability, their CUNY sentences scores and the CNC words scores were averaged. 

The two test scores were combined by averaging for two reasons: the two scores were highly 

correlated (𝑟(14) = .832, 𝑝 < .001); and a single speech understanding measure reduced the 

number of related correlations tested.  

3.3.2 Hemodynamic response (HbO and HbR) to speech stimuli  

With a cut-off of correlations being 0.6 between heartbeat signals in two NIR 

wavelengths in channels, 11.16% (98 out of 690) of channels from CI users and 6.99% (68 out 

of 644) of channels from NH participants were excluded (correlations below 0.6). The higher 

percentage in CI users was because some optodes were above the processor coil. 

After excluding channels, the grand mean ± SEM of HbO (red) and HbR (blue) 

responses in the NH and CI group when responding to the auditory and visual speech stimuli 

were computed. Responses in two groups to auditory speech stimuli are shown in figure 3.4. 

The channel numbers and positions in figure 3.4 were corresponding to those in figure 3.1. 

With a channel showing activation to stimuli, HbO increases and HbR decreases after stimulus 

onset, and gradually return to baseline (black horizontal line) after stimulus offset. As shown 

in figure 3.4, NH participants showed a deactivation pattern (a decreased HbO after stimulus 

onset) in the bilateral (symmetrical) frontal area, within channels 1, 2, 5-8, 11, 12 on the left 

and channels 26, 27, 30-32, 34 on the right. CI users showed no such deactivation pattern in the 

corresponding channels when responding to auditory stimuli. Further, CI users showed more 

activation than NH participants in the right auditory area within channels 33, 36, 41, when 

responding to auditory speech.  
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Figure 3.4: Group response (mean ± SEM) to auditory speech in each channel. (a): Response in the NH group; (b): 

response in the CI group. Red lines and shaded areas plot the mean ± SEM of HbO; blue for HbR. The layout of the 

channels corresponds to the montage shown in figure 3.1.  

The HbO and HbR responses in the two groups of participants when responding to 

visual speech stimuli are shown in figure 3.5. Both NH and CI group showed an overall 

deactivation (or no significant activation) on the left side, except in channels 4 and 9, which 

located in the posterior frontal area that corresponded to language processing. On the right side, 

CI users compared to NH listeners, showed larger HbO responses in the right posterior frontal 

area (channels 25 and 28) and the right temporal area (channels 36 and 41), when responding 

to visual speech stimuli.    
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Figure 3.5: Group response (mean ± SEM) to visual speech in each channel. (a): Response in the NH group; (b): 

response in the CI group. The layout of the channels corresponds to the montage shown in figure 3.1. 

3.3.3 Hypotheses testing 

Hypothesis 1-1: Activity in ROIs with group-mean differences in brain activation levels 

between CI users and NH participants correlates with speech understanding in CI users 

The ROIs on the cortex where significant differences in the mean brain activation levels 

were found between the two groups of participants are shown in figure 3.6(a), in blue circles. 

ROIs are designated with the stimulus type (A or V) and the channel numbers included. Three 

ROIs in CI users were found, all of which showed significantly higher group-mean activation 

levels than the NH group when responding to auditory stimuli. Statistical results are shown in 

table 3.2. Two ROIs, i.e., A (1, 2) and A (7, 8, 11, 12) were located in the left anterior temporal 

cortex and left the prefrontal and the middle part of the STG, respectively. The third ROI – A 

(26, 27, 30) – was located in the right anterior temporal cortex. That only one ROI in the right 

hemisphere but two in the left were found might be due to the approach of clustering ROIs. In 
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the study, only those who had at least two adjacent channels on the brain surface which showed 

significant difference between the CI and NH groups would be clustered as ROIs. Using this 

approach, the number of ROIs was reduced. No ROI with any significant difference between 

the CI group and the NH group was found in the mean levels of brain activation to visual stimuli. 

The mean ± SEM and results of 2-sample t-tests for activation levels in the three ROIs of CI 

users and NH participants are shown in figure 3.6(b). Pearson correlations between activation 

levels in the three ROIs and the auditory speech test scores of CI users are shown in figure 

3.6(c). With multiple comparison corrections, ROIs A (7, 8, 11, 12) and A (26, 27, 30) showed 

significant and negative correlations between the activation levels and the speech test scores of 

CI users, while ROI A (1, 2) showed a non-significant correlation (Table 3.2).   
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Figure 3.6: ROIs with difference in group-means between CI users and NH participants and correlations between 

the activation levels in CI users and their auditory speech test scores. Panel (a): Blue ellipses mark the regions on 

the cortex that showed higher activation levels in CI users compared to NH participants when listening to auditory 

speech stimuli. Panel (b) Comparisons of the activation levels in the 3 ROIs between CI users (in blue) and NH 

participants (in red). Dots and bars were group mean and SEM. Panel (c): Pearson correlations between the 

activations levels in the 3 ROIs of CI users and their speech test scores. 
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Table 3.2 Comparison of the activation levels in ROIs between CI users and NH participants and correlations 

between the activation levels in CI users and their speech test scores.  

Hypotheses 
Stimuli, ROIs 

(channels) 

2-sample t-tests  

CI versus NH 

Group variances 

𝑹(𝝈𝑪𝑰 𝝈𝑵𝑯⁄ ) ≠ 𝟏 

Correlation 

with speech 

test scores 

Bonferroni 

correction 

Hypothesis 

1-1 

A (1, 2) t(19)=2.68, p=.015 

N/A 

r= -.592, p=.020 p> .017 

A (7, 8, 11, 12) t(23)=3,02, p=.006 r= -.650, p=.008* p< .017 

A (26, 27,30) t(26)=3,18, p=.004 r= -.620, p=.014* p< .017 

Hypothesis 

1, 2 

A (26, 27,32) 

N/A 

R=2.751, p=.031 r= -.253, p=.404 p> .017 

V (13,18) R=4.490, p=.007 r=  -.351, p=.200 p> .017 

V (27,32) R=6.062, p=.014 r= -.597, p=.019 p> .017 

Hypothesis 

2 

V (12,14-16) 
N/A N/A 

r= -.668, p=.009* p< .025 

V (36, 37,41, 42) r= -.449, p=.107 p> .025 

 

Hypothesis 1-2: Activity in ROIs with larger variance in brain activation levels between 

CI users than between NH participants correlates with speech understanding 

The three ROIs where the CI group had a larger variance of brain activation levels than 

NH participants when responding to auditory or visual speech stimuli are shown in figure 3.7(a). 

One located in the left central gyrus – V (13, 18) and two located in the right anterior temporal 

cortex – V (27, 32) and A (26, 27, 32). The latter two ROIs were overlapping regions in the 

brain, but one showed significant differences between NH participants and CI users in the 

responses to visual stimuli and the other to auditory stimuli. Individual participant’s activation 

levels in the three ROIs and the results of Bonett’s test of 2-sample (one-tailed) variances 

between two groups are shown in figure 3.7(b). Pearson correlations between activation levels 

of CI users in the three ROIs and their speech test scores are shown in figure 3.7(c). Among the 

3 ROIs in CI users that showed significantly larger variances of the activation levels than NH 

listeners, only ROI A (26, 27, 32) showed a nearly significant correlation between the activation 

levels and their speech test scores after Bonferroni correlation for multiple comparisons. 

Statistical results are shown in Table 3.2. It should be noted that this ROI significantly overlaps 

with the region A (26, 27, 30) that was found to have a significant correlation between activity 

and speech understanding in the analysis for Hypothesis 1-1. 
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Figure 3.7: ROIs where significant differences were found between the two groups of participants in the variances 

of activation levels to auditory stimuli; Pearson correlations between the activation levels in these ROIs of CI users 

and their auditory speech test scores. Panel (a): Green and yellow ellipses mark the regions of the cortex that showed 

larger variances of activation levels in CI users than in NH participants when responding to visual and auditory 

speech stimuli, respectively. Panel (b): Comparisons of the activation levels in the 3 ROIs between CI users (in blue) 

and NH participants (in red). Panel (c): Pearson correlations between the activations levels in the three ROIs of CI 

users and their speech test scores. 

Hypothesis 2: Activity in response to visual speech in the bilateral STC of CI users 

negatively correlates with their speech test scores 

The locations of two a priori regions of interest –  left and right STC – marked as V 

(12, 14, 15, 16) and V (36, 37, 41, 42), are shown in figure 3.8(a). Pearson correlations between 

the activation levels of CI users in these two ROIs when responding to visual speech stimuli 

and their auditory speech test scores are shown in figure 3.8(b). A significant and negative 

correlation was found in the left STC (with adjusted 𝑝) but not in the right hemisphere (Table 

3.2).  
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Figure 3.8: Prior ROIs in the bilateral superior temporal cortex (a) and Pearson correlations between the levels of 

activation in these ROIs of CI users to visual speech stimuli and their auditory speech test scores (b). 

3.3.3.1 Effects of age, speechreading ability and duration of CI use on speech 

understanding ability of CI users 

A final stepwise multiple regression was performed to see whether the prediction of 

speech understanding of CI users could be strengthened by including age, speechreading ability, 

and duration of CI use in addition to activation levels in three ROIs found to have significant 

correlations above. With a threshold of 𝑝 < .05, ROI A (7, 8, 11, 12) and V (12, 14-16) were 

the only two ROIs that had a significant independent contribution to the prediction of speech 

test scores of CI users. Separately, activation levels in the ROI A (26, 27, 30) had a significant 

correlation with CI users’ speech test scores. However, in the multiple regression, activation 

levels in this ROI did not provide an additional contribution to the prediction over those in the 

A (7, 8, 11, 12) and V (12, 14-16). The factors of age, speechreading ability and duration of CI 

use showed no significant correlation with the speech test scores of CI users ( 𝑟(14) =

−.370, 𝑝 = .175 ; 𝑟(14) = .063, 𝑝 = .831 ; 𝑟(14) = .074, 𝑝 = .794,  respectively). Nor did 

these factors provide any significant contribution in the multiple regression to prediction of 

their auditory speech understanding ability (with 𝑝 < .05) additional to that provided by the 

activation levels in 2 ROIs (Table 3.3). These results showed that a combination of the 

activation levels in A (7, 8, 11, 12) and V (12, 14-16) of CI users provided the best prediction 

of their speech test scores. The secondary factors, i.e., ages, duration of CI use, and 
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speechreading ability did not account for significant variances in speech understanding ability 

in this group of CI users.  

Table 3.3: Stepwise regression: using activation levels of multiple ROIs to predict the speech test scores of CI users.  

ROIs 
Step 1  
p-value 

Step 2  
p-values 

Step 3  
p-values 

Step 4  
p-values 

Step 5  
p-values 

A (7, 8, 11,12) .004 .008 .018 .039 

all p>.05 

V (12,14,15,16)  .015 .021 .069 

Age   .521 .535 

CI duration    .873 

Speechreading ability     

A (26,27,30)     

R-square (adjusted) 0.508 0.709 0.692 0.654 

3.4 Discussion 

This study used fNIRS to investigate the brain response in CI users to speech stimuli 

and the correlations of those brain responses with their auditory speech understanding ability. 

The results showed that the responses in CI users to auditory stimuli in the left middle STC – 

ROI A (7, 8, 11, 12), and the right anterior temporal cortex – ROI A (26, 27, 30) were both 

greater on average than in NH listeners, and negatively correlated with the auditory speech tests 

scores of CI users (figure 3.6). Further, the response in CI users to visual stimuli in the left STC 

– ROI V (12, 14 – 16), significantly negatively correlated with their auditory speech test scores 

(figure 3.8). The combination of responses in the left middle STC and part of the prefrontal 

cortex of CI users to auditory stimuli – A (7, 8, 11, 12), and responses in the left STC to visual 

stimuli – V (12, 14 – 16), produced a better prediction of their auditory speech understanding 

ability than the activity in any one ROI alone (Table 3.2).  

In CI users, the negative correlation between the activation in ROI A (7, 8, 11, 12) to 

auditory speech and their auditory speech test scores is consistent with a maladaptive 

neuroplasticity in the ventral speech processing pathways. This ROI was located in the left 

middle STC and part of the pre-frontal cortex, part of which is in ventral speech processing 

pathways in the NH listeners. As discussed earlier, when processing visually presented 

phonological information, deaf people who showed greater activation in the ventral speech 

pathways before implantation, had poorer subsequent speech understanding after implantation 

(Lazard et al., 2010). Though the imaging was performed before implantation, the authors 

(Lazard et al., 2010) argued that functional change that occurred during deafness may not be 

reversed after implantation and thus may influence the speech understanding of experienced CI 

users. Longitudinal studies using PET (Rouger et al., 2012) and MEG (Pantev et al., 2006) have 

shown that functional changes occurring during periods of deafness can recover somewhat but 

not fully within the first 12 months after implantation. One of the drivers of the functional 

changes during periods of deafness (severe to profound hearing loss) could be phonological 
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processing deterioration, which happened gradually, due to a decreased auditory speech input 

and increased reliance on speechreading. After implantation, it could cause a mismatch between 

the sound that CI users heard from their implant and the sound from their long-term memory.  

Alternatively, the negative correlation between auditory speech understanding of CI 

users and their activation in the ROI A (7, 8, 11, 12) might be related to increased reliance on 

phonological processing working memory. This ROI covers part of the working memory 

system in NH listeners (Vigneau et al., 2006). Previous studies (Classon et al., 2013; Rönnberg 

et al., 2008) in CI users have found that increased demand on working memory capacity 

(compared to NH listeners) occurred when performing phonological processing tasks. 

Moreover, their demand on working memory capacity negatively correlated with their 

behavioural performance in the phonological processing task. The increase in working memory 

demand in CI users may result from a mismatch between long-term stored phonological 

memories which deteriorated during deafness before implantation and the perception of the CI 

input signal post-op. Results of the present study are consistent with this argument since fNIRS 

activation in CI users in this region was higher than normal and also negatively correlated with 

auditory speech understanding. CI users with poor speech understanding had increased demand 

for cognitive resources, which may thus reflect their increased listening effort (Winn et al., 

2015).  

The negative correlation of auditory speech understanding of CI users with their 

activation to visual stimuli in the ROI V (12, 14 – 16) could be related to functional changes in 

the auditory cortex driven by the increased reliance on visual speech processing. Such changes 

can be due to cross-modal plasticity or to changes in the connectivity strengths within existing 

multimodal networks. In the present study, a negative correlation was found between activation 

to speechreading and fNIRS activity in the left STC but not the right STC (although there was 

a similar trend on the right side). Chen et al. (2016) also investigated cross-modal activation in 

experienced CI users using fNIRS when participants were responding to a mixture of tonal and 

speech-like unattended auditory stimuli and a checkerboard visual stimulus. They found that a 

combination of increased auditory activation in the visual cortex and decreased visual 

activation in the auditory cortex, associated with better auditory speech understanding, with 

effects seen in both hemispheres. The facilitatory effect of cross-modal auditory activation in 

the visual cortex was also noted by Giraud et al. (2000) using PET imaging. By following newly 

implanted CI users over 12 months and using auditory word stimuli, Giraud et al. found that 

cross-modal activation in the visual cortex increased in line with the participants’ speech 

understanding ability. They interpreted this increased activation as due to the ‘expectancy 

effect,’ whereby an auditory word creates an expectancy of seeing the visual correlate and thus 

activates the visual system.  
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Increased cross-modal activation in the auditory cortex, in contrast, was associated 

with poor speech understanding in both our study and that of Chen et al. (2016). Since this 

increased visual activation implies a possible loss of auditory processing capacity, either due to 

weakened or ‘taken over’ auditory networks, it is not surprising that it is associated with poor 

auditory speech understanding. A fNIRS study by Dewey et al. (2015) using checkerboard 

visual stimuli, showed greater cross-modal activity in the right auditory cortex in deaf 

(unimplanted) individuals compared to NH listeners, demonstrating that this increased cross-

modal activation is present before the auditory input is re-established with the CI. It is 

interesting that Dewey and Hartley (2015) only found increased cross-modal activation in the 

right hemisphere and not the left hemisphere. The fact that the present study showed a stronger 

correlation between increased cross-modal activation and speech understanding in the left 

hemisphere compared to the right hemisphere is plausibly due to the dominance and importance 

of the left hemisphere for language processing.  

It is interesting that both the present study in experienced CI users and a longitudinal 

fNIRS study done by Anderson et al. (2017) in CI users either before or 6 months after 

implantation, found no significant mean difference in cross-modal activation between CI users 

and NH listeners. Further, Anderson et al. (2017) found no difference between groups in the 

change in cross-modal activation over 6 months post-implantation. However, the change of 

right auditory cross-modal activity in CI users after 6 months post-op positively correlated with 

their auditory speech understanding ability in the best-aided condition at 6 months post-op. 

That is, those CI users who increased their right auditory cross-modal activation after 

implantation were those who had the best speech understanding after 6 months post-op. They 

concluded from this observation that right auditory cross-modal activation has an adaptive 

benefit to speech understanding after implantation. In contrast, results of the present study and 

other studies discussed above are consistent with a maladaptive role of auditory cross-modal 

activation. However, unlike in the present study, the participants in the study of Anderson et al. 

(2017) included pre-lingually deaf adults and the speech understanding was tested in best-aided 

condition (which included hearing aids for many participants). Therefore, it is unclear whether 

residual hearing or prelingual deafness played a role in the correlation they found. Furthermore, 

Anderson et al. (2017) reported the correlation between the change of cross-modal activation 

and speech understanding at 6 months post-op. However, they did not report whether the 

change in participants’ speech understanding correlated with the change in cross-modal 

activation, or whether there was any correlation between the two factors at the same time points. 

For example, the CI users with poor speech understanding at 6 months in that study, may have 

been those with the largest degree of cross-modal activity pre-implant, who experienced a 

decrease in cross-modal activity after implant, but still had a greater than average degree of 
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cross-modal activity at 6 months post-op. CI users with larger than average cross-modal 

activation pre-implantation (and hypothesized poorer than average speech perception outcome) 

might slightly decrease but still have above average cross-modal activation at 6 months post-

op. This scenario would still be consistent with a maladaptive role of auditory cross-modal 

plasticity, which is only partially but not sufficiently reversed by implant use. Without the data 

to relate the absolute levels of pre-implant cross-modal activation with its change over time 

after implantation, and the data that relate changes in cross-modal activation to changes in 

speech perception over time, this scenario would have to remain a speculation only. 

3.5 Conclusion 

To conclude, fNIRS was used in a group of experienced CI users and NH listeners. The 

correlations were investigated between brain activation to both auditory and visual speech in 

CI users and their auditory speech understanding ability. Three ROIs were found in CI users 

where the brain activation to speech stimuli (auditory or visual speech) significantly and 

negatively correlated with their auditory speech understanding ability. A combination of 

response to auditory stimuli in the left prefrontal and middle STC and response to visual stimuli 

in the left STC had the best prediction of CI users’ auditory speech understanding. Results of 

the present study showed that fNIRS could reveal functional differences between CI users and 

NH participants that correlate with their auditory speech understanding after implantation. Thus, 

fNIRS may have the potential for clinical management of CI candidates and CI users, either in 

providing diagnostic information or in guiding hearing therapies.     
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Abstract  

This study aimed to investigate differences in audio-visual (AV) integration between 

cochlear implant (CI) users and normal hearing (NH) listeners using behavioural measures and 

functional near-infrared spectroscopy (fNIRS) in speech tasks. Participants were 16 post-

lingually deafened adult CI users and a group of 13 NH listeners matched in mean age. 

Participants’ response accuracies in audio-alone (A), visual-alone (V), and AV conditions were 

measured with closed-set /aCa/ consonants and with open-set CNC words. AV integration was 

quantified by using a probability model and a cue integration model that predicted participants’ 

AV performance given minimal or optimal integration, respectively. Additionally, participants’ 

reaction times (RTs) were recorded in the three conditions using a consonant identification task. 

A race model was applied to reveal whether AV integration occurred. Using fNIRS, brain 

activation was measured in response to A, V, or AV speech with or without multi-talker babble. 

For fNIRS, objective evidence of AV integration was assessed using the principle of inverse 

effectiveness (PoIE) model (comparing the difference in activation in two brain regions of 

interest (ROIs) evoked by A and AV stimuli in quiet and noise conditions). AV integration 

from the response-accuracy tests was similar in the two groups for CNC words but poorer in 

the CI group compared to the NH group for consonant discrimination. No significant 

differences between the two groups were found in the RT results using the race model. The 

PoIE of AV integration was not observed in the fNIRS results either using consonants or CNC 

words. Overall, the results showed that experienced CI users exhibited comparable or poorer 

AV integration than the NH listeners. 

Keywords: audio-visual integration, cochlear implant, fNIRS, principle of inverse effectiveness, 

speech understanding  

4.1 Introduction  

Functional differences in brain activity between cochlear implant (CI) users and normal 

hearing (NH) listeners have been previously reported (see reviews by Anderson et al., 2016; 

Stropahl, Chen, et al., 2017). These changes in CI users are thought to be at least partly due to 

their hearing loss and increased reliance on speechreading before and/or after implantation. 

Poor auditory input and reliance on speechreading have the potential to change the way that 

audio-alone (A) and visual-alone (V) cues are combined when understanding speech. In this 

study, two behavioural and one objective measure of audio-visual (AV) integration were used 

to assess whether experienced adult CI users differ in AV integration in speech tasks from a 

group of similar-aged NH adults.  
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Several studies have investigated AV integration in speech understanding in NH 

listeners and CI users. Rouger et al. (2007) used a cue integration model to quantify AV 

integration ability. The cue integration model predicts a person’s performance in the AV 

condition by assuming optimal integration between A and V speech cues. Using the model, 

Rouger et al. (2007) claimed that newly-implanted CI users had better AV integration ability 

than NH listeners when responding to French disyllabic words. However, in that study, NH 

listeners only showed poorer cue integration than CI users when NH listeners were responding 

to vocoded speech. This result might not reveal better AV integration in CI users but rather the 

unfamiliarity of vocoded speech for NH listeners.  

AV integration can also be assessed by looking at a person’s reaction times (RTs) 

during detection tasks. Schierholz et al. (2015) measured RTs in groups of CI users and NH 

listeners when the participants were required to detect simple A, V, and AV stimuli (pure tone 

and white disc on a grey background). To reveal the AV integration in RT measures, a race 

model (Raab, 1962) was used. The race model assumes that A and V cues are processed 

separately from initial sensation to final semantic association. Whichever modality reaches final 

semantic association first determines the response in AV condition. When a person’s RT AV 

condition is faster than that predicted by the race model, the race model is said to be violated, 

and integration of auditory and visual processes are assumed to have occurred. Using this model, 

Schierholz et al. (2015) found that both post-lingually deafened CI users and similar-aged NH 

listeners showed AV integration according to the race model, but there was no significant 

difference in integration between the two groups. As that study used simple object stimuli, it 

remains unknown whether AV integration in RT measures of CI users differs from that in NH 

adults in response to speech stimuli.   

Neuroimaging studies have also investigated the relation between responses in 

unimodal and multimodal conditions in CI users (Schierholz et al., 2015; Strelnikov et al., 2015). 

Using EEG measures, Schierholz et al. (2015) used source analysis techniques to isolate EEG 

responses evoked by A, V, and AV stimuli in the auditory cortex of CI users and similar-aged 

NH listeners. To define AV integration, the authors subtracted the sum of the unimodal A and 

V responses from the sum of the AV responses and a ‘no stimulus’ response, i.e. (AV + nostim) 

- (A + V). Using this measure, Schierholz et al. (2015) inferred that CI users showed greater 

AV integration compared to NH listeners. However, this ‘additive’ model might be affected by 

brain activity related to other sensory processing that may be present in the stimulus-response 

data but not the no-stimulus data. For example, as Stevenson et al. (2014) have also pointed out, 

the speeded detection task used in that study required a motor response for the A, V, and AV 

conditions, but there was no motor response in the ‘nostim’ condition. When subtracting the 

sum of the unimodal responses from the sum of the responses in the AV condition and the 
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nostim condition, motor-related components of the EEG response are thus subtracted twice. 

The double subtraction might lead to an inaccurate calculation of AV integration. 

Using PET measures, Strelnikov et al. (2015) measured brain responses in CI users to 

AV and V speech stimuli shortly after and several months after implantation. They found that 

several months after implantation, CI users showed increased responses in the auditory cortex 

to AV stimuli, compared to when they were newly implanted (and compared to NH listeners). 

The authors claimed that increased AV integration was observed in CI users. However, the 

increased response in auditory cortex of CI users to AV stimuli in that study could also be due 

to CI users’ increased response to the A information rather than the integration between A and 

V modalities. In summary, the question of whether CI users have different AV integration from 

NH listeners in speech tasks is yet to be fully explored.  

To reveal AV integration in brain activity, this study tested the principle of inverse 

effectiveness (PoIE) of brain activation in different conditions. The PoIE was first described by 

Meredith and Stein (1983), and Perrault et al. (2005) later derived PoIE using the dynamic 

response of multisensory neurons in the superior colliculus to stimuli of different effectiveness 

levels. The PoIE proposes that AV integration is higher or stronger when the effectiveness of 

stimuli in each modality is low (i.e. the evoked response is weak) compared to when the 

effectiveness of stimuli is high. Comparing data from these two conditions, therefore, reveals 

whether AV integration has occurred. Several studies have applied the PoIE to EEG 

(Senkowski et al., 2011; Stevenson et al., 2012) or fMRI studies (Stevenson & James, 2009), 

on the assumption that the phenomena seen in neurophysiological studies in neurons will be 

evident in the synchronised neural activity measured in EEG or the haemodynamic response 

measured in fMRI. Testing the PoIE of AV integration, compared to the ‘superadditive’ or 

‘additive’ models, has the advantage of not assuming any particular relation between response 

amplitudes in A, V, and AV conditions nor is it affected by the nostim activity as in the study 

of Schierholz et al. (2015).  

This study aimed to test whether the PoIE of AV integration in the brain activation of 

CI users would be revealed using functional near-infrared spectroscopy (fNIRS). When 

measuring cortical activity in CI users, fNIRS has the advantage over other imaging methods 

of being compatible with cochlear implants, silent, free from electrical artefacts, and non-

invasive. Using A, V, and AV speech stimuli, this study tested whether fNIRS measures in two 

regions of interest (ROIs) would show the PoIE of AV integration. The ROIs were the left 

superior temporal sulcus (LSTS) and the left occipital cortex (LOC), as these were ROIs where 

the PoIE had been previously demonstrated in NH listeners using fMRI (Laurienti et al., 2005; 

Stevenson & James, 2009). More details about the two a priori ROIs are contained in section 

4.5 (Discussion).   
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In this study, three experiments were conducted to test the hypothesis that AV 

integration in speech tasks differs in CI users and NH listeners of similar age. Experiment 1 

investigated AV integration based on response-accuracy measures using closed-set consonants 

and open-set CNC words in A, V, and AV conditions. Experiment 2 investigated RT measures 

during a consonant identification task in three conditions. Experiment 3 investigated the AV 

integration in two ROIs using the PoIE of fNIRS signals. The same speech stimuli as in 

experiment 1 were used in experiment 3.  

4.2 Experiment 1 – AV Response Accuracy Tests  

This experiment investigated AV integration in CI users and NH listeners based on 

their response-accuracy measures in A, V, and AV conditions, using close-set consonants and 

open-set CNC words.  

4.2.1 Methods 

4.2.1.1 Participants 

Seventeen post-lingually deafened adult CI users, and 13 NH listeners in the same age 

range were recruited for the present study. All CI users had a right ear implant or bilateral 

implants and experience of using the right-ear CI for more than 12 months. They were recruited 

from the Cochlear Implant Clinic at the Royal Victorian Eye and Ear Hospital, Australia. NH 

subjects had pure tone hearing thresholds at octave frequencies between 250 – 4000 Hz of 25 

dB HL or less. Data from 16 CI users were used in this experiment (Table 4.1). The ages of 

participants in the CI and NH group ranged from 45 to 82 (mean ± SD: 69.0 ± 9.1) and 52 to 

76 years (mean ± SD: 64.9 ± 7.1), respectively, with no significant mean difference in age 

(𝑡(26) = 1.38, 𝑝 = .18). To find appropriate fitting parameters for the cue integration model 

of AV speech integration (Rouger et al., 2007), an additional 16 younger NH listeners were 

also recruited, with ages ranging from 21 to 39 years (mean ± SD: 28.7 ± 5.3). All the 

participants were native English speakers, with no history of diagnosed neurological disorder, 

with normal or corrected-to-normal vision, and provided their written informed consent. 
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Table 4.1: Information of CI users.  

CI users Age Gender Side of Implant Duration of R-CI (M) 
CI1 67 M R 102 
CI2 72 M R 27 
CI3 79 M R 55 

CI4 58 M R 105 

CI5 60 F B 51 

CI6 75 M R 87 

CI7 72 F R 102 
CI8 73 M R 55 
CI9 45 M B 63 

CI11 70 M B 18 

CI12 82 M R 69 

CI13 73 F R 98 

CI14 67 M B 79 
CI15 78 M R N/A 
CI16 65 F R 90 

CI17 67 F R 59 

4.2.1.2 Speech stimuli 

Two types of speech stimuli were used to measure AV integration ability. The first type 

were closed-set consonant tokens in the form of /aCa/, with the 12 consonants being 'B,' 'D', 'F', 

'G', 'K', 'M', 'N', 'P', 'S', 'T', 'V', 'Z'. The second type were Consonant-Nucleus-Consonant (CNC) 

words (Peterson & Lehiste, 1962). Speech stimuli were spoken by a female Australian native-

English speaker and were recorded using a GoPro camera and an external microphone in a 

sound-treated booth. Tokens for the consonant and words were cut from the continuous 

recording with segments of duration 1600 ms or 2000 ms, respectively. For all stimuli, the A 

and V components of video recordings were separated. The levels of all the auditory stimuli 

were normalized to the same root mean square (RMS) level. Four-speaker-babble noise was 

added to sounds in A and AV modality when speech was presented in noise condition.   

4.2.1.3 Speech tests and auditory adaptive procedure 

Speech tests were conducted in A, V, and AV conditions, using Max/Msp software 

(https://cycling74.com). Visual stimuli were presented on an LCD monitor at a 1.5 m distance 

and in front of the participant. The spatial resolution and the refresh rate of the monitor were 

1920 x 1080 pixels and 60 frames/s, respectively. For NH listeners, auditory stimuli were 

delivered to the right ear via insert earphone (ER-3A insert earphone, E-A-RTONE TM GOLD). 

To limit the perception of ambient test room sounds, the left ears of NH listeners were blocked 

with an ear-plug.  

For all the CI users, a same right-ear processor (Nucleus CP900) was used, with 

individual participant’s MAP being written into the processor and the noise reduction function 

in the processor disabled. Auditory stimuli were presented via direct audio input (DAI) 

accessory to the CI processor at an equivalent acoustic level of 65 dBA (𝐹𝑚𝑎𝑥). To calibrate for 

https://cycling74.com/
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this sound level, a DIET (CIC4 Decoder Implant Emulator Tool) toolbox was used, which was 

able to estimate the current level of each electrode in response to auditory stimuli. For 

equivalence of 65dBA (𝐹𝑚𝑎𝑥), the current levels at electrodes 5 - 20 for DAI were matched 

with that in the corresponding electrodes when auditory stimuli were presented in the free field 

through loudspeakers in a sound-treated booth. CI users who had a hearing aid or implant in 

the left ear were instructed to take the hearing device off and CI users who had residual hearing 

in the left ear had their left ears blocked with an ear-plug.  

Before the main experiment, an adaptive procedure was conducted for each participant 

to determine a signal-to-noise ratio (SNR) at which the participant could identify 50% of the 

consonants or 50% of phonemes in the CNC words correctly in the audio-alone condition. 

Babble noise always started 1000 ms before the auditory speech onset and ended 1000 ms after 

the speech stimulus offset.  

For consonant testing, one of the 12 consonants, selected in pseudo-random order, was 

played on each trial. Participants responded by selecting the consonant they heard from 12 

options displayed on a Mimo touchscreen (https://www.mimomonitors.com/). Participants’ 

performance was scored after responses to every group of 3 consonants. The SNR decreased 

when participants answered 2 or 3 out of 3 consonants correctly and increased if 0 or 1 out of 

3 were correct. The adaptive procedure ended after ten reversals (turning point of SNR values). 

The SNR values changed in a step size of 5 dB for the first two reversals and 3dB for the 

remaining eight reversals. The SNR for 50% correct was calculated as the mean SNR values 

from the last six reversals.  

For CNC word stimuli, the same adaptive procedure that was used for the consonants 

was used to find the SNR for 50% of the CNC phonemes correct. On each trial, participants 

were required to verbally repeat back the word they recognised. Participants’ performance was 

scored according to the number of phonemes they answered correctly every group of 3 CNC 

words in a row. The SNR was adjusted up or down after each group of 3 words, depending on 

whether the scores were 5 or more correct out of 9 or 4 or less correct out of 9, respectively.  

Speech sounds in the A and AV conditions were presented with babble noise at the 

participant-dependent SNR levels as determined above. During the consonant identification 

task, 12 consonants (in a block) of the same modality were presented sequentially in a pseudo-

random order. With a total of four blocks of stimuli of each modality, 48 consonants in each of 

condition were presented. No feedback about response accuracy was provided. For the CNC 

word identification task, 60 different CNC words in each condition were presented in blocks of 

20 stimuli of the same modality. For both types of speech stimuli, the order of A, V, and AV 

conditions for each block was chosen pseudo-randomly. Participants’ responses in three 

https://www.mimomonitors.com/
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conditions were recorded and scored as the percentage of consonants or the whole CNC words 

they answered correctly.    

4.2.1.4 Estimation of AV integration 

AV integration for each participant was quantified using a combination of a probability 

model (Blamey et al., 1989) and a cue integration model (Rouger et al., 2007). The probability 

model estimates participants’ AV performance 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏  when auditory and visual speech 

processing are independent, i.e. no integration occurs, as shown in equation (4-1). In equation 

(4-1), 𝑃𝐴, 𝑃𝑉, and 𝑃𝐴𝑉 are the probability of a correct response in A, V, and AV conditions, 

respectively. An actual performance greater than 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏 indicates that some integration of A 

and V cues is occurring. 

𝑃𝐴𝑉
𝑃𝑟𝑜𝑏 = 𝑃𝐴 + 𝑃𝑉 − 𝑃𝐴 ∗ 𝑃𝑉                                                (4-1) 

The cue integration model predicts AV performance 𝑃𝐴𝑉
𝐶𝑢𝑒 when optimal cue 

integration occurs between the two unisensory modalities. The cue integration model assumes 

that to understand speech information, a person needs to recognise at least a threshold number 

of cues (𝑇 ) from the speech correctly. Further, our perception of the cues has a Poisson 

distribution, as shown in equation (4-2), where 𝜆 is the average number of cues that the person 

recognises.  

𝑃(𝑛 > 𝑇) = 𝛴𝑘=𝑛 (𝜆𝑘𝑒−𝜆) 𝑘!⁄                                           (4-2) 

Threshold 𝑇 depends on the type of speech stimulus, regardless of modality. When 

optimal integration occurs, the number of cues recognised in the AV condition (𝜆𝐴𝑉) equals the 

sum of those in A (𝜆𝐴) and V (𝜆𝑉 ) conditions, i.e. 𝜆𝐴𝑉 = 𝜆𝐴 + 𝜆𝑉 . Based on participants’ 

performance in A (𝑃𝐴) and V (𝑃𝑉) conditions, 𝜆𝐴 and 𝜆𝑉 can be estimated using equation (4-2). 

To apply the cue integration model, a group of young NH listeners were tested to obtain the 

stimulus-dependent 𝑇 values which best fit the data for young NH listeners’ AV performance, 

assuming that they had optimal integration, i.e. 𝑃𝐴𝑉
𝐶𝑢𝑒 = 𝑃𝐴𝑉 , with 𝜆𝐴𝑉

𝐶𝑢𝑒 = 𝜆𝐴 + 𝜆𝑉 . These 𝑇 

values were then applied to older NH listeners in the comparison group and CI users to predict 

their AV performance. An actual score less than predicted suggests poorer integration than the 

younger NH listeners, whereas an actual score greater than predicted indicates better AV 

integration than the younger NH listeners.  

In this experiment, the information from both methods of determining integration 

ability was combined by calculating how far the actual AV score was above that predicted by 

the probability model, as a proportion of the difference between the two predictions (for no 

integration and optimal relative to young NH listeners). This combined method was intended 

to limit the possible influence of absolute performance level in each method. The AV 
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integration of each participant, which was denoted AV Index (AVI), was calculated in this 

combined method by computing equation (4-3).  

𝐴𝑉𝐼 = (𝑃𝐴𝑉 − 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏) (𝑃𝐴𝑉

𝐶𝑢𝑒 − 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏)⁄                                              (4-3) 

Thus, an AVI of zero represents no integration, and an AVI of 1 represents integration 

equivalent to the average young NH person. 

4.2.2 Results 

Figure 4.1 (a) shows the mean ± SEM of response accuracies of the older NH listeners 

and CI users when responding to consonants and CNC words in three conditions. Note that the 

group mean performance of CI users and NH listeners in A condition did not differ because of 

the individual SNR adjustment to create a standard baseline for A performance. The participants’ 

audio-alone performance was intended to be 50% of consonants correct or 50% of the 

phonemes in the CNC words correct using the adaptive procedure to derive SNR50% (section 

4.2.1.3). Therefore, the variance in the audio-alone scores (figure 4.1 (b)) could be due to 

learning effects. Also, note that for CNC words, participants were scored as the percentage of 

words rather than phonemes that they answered correctly during the response accuracy tests, 

which was why the group mean audio-alone scores of both NH listeners and CI users were less 

than 50%. Both NH listeners and CI users showed higher accuracy in the AV condition than in 

either of the A and V conditions, i.e. facilitation of performance when responding to both 

consonants and CNC words. Two-sample t-tests did not reveal any significant differences in 

mean accuracy between the two groups in the V and AV conditions, using either consonants or 

CNC words.  
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Figure 4.1：Response-accuracy results. Panel (b) plots the mean ± SEM of response accuracies of the old NH 

listeners and CI users when responding to consonants and CNC words in three modalities. Panel (a): Blue, red, and 

green dots plot participants’ response accuracy in audio-alone (A), visual-alone (V), and AV modalities. Cyan lines 

and magenta dash-dot lines plot the probability and cue integration models predicted responses, respectively.   

In figure 4.1 (b), the three columns show individual subject accuracy scores in the three 

conditions for the young NH listeners (left) as well as the two groups of interest (older NH, 

middle; CI users, right). For the cue integration model, the left column shows the prediction 

that best fit the actual AV scores (magenta dash-dot line and green dots) while varying the 

fitting parameter (𝑇) for the two types of speech stimuli. The values of  𝑇 that best fit the young 

NH data were 1 and 3 for consonant and CNC word stimuli, respectively. For the other 2 

columns, the predicted AV scores for the cue integration model used these two T values. For 

the consonant stimuli, our results showed that the probability model fitted CI users’ AV 

performance well (cyan line and green dots, figure 4.1), consistent with little to no integration 

of the A and V speech cues. For the open-set CNC words, the cue integration model fitted the 

AV performance (magenta dash-dot line and green dots) of both CI users and old NH listeners 

well, i.e. both groups showed similar AV integration to the younger NH listeners.  

The AVI measure was used to statistically evaluate the difference between the CI and 

NH comparison groups. Individual AVI measures are shown in figure 4.2. A two-way ANOVA 

was conducted to compare the AVI values with factors group and speech type. There was a 

significant interaction between the factors of group and speech type, with 𝐹(2, 27) =

10.02, 𝑝 = .003. Two-sample t-tests were then conducted between CI users and NH listeners 
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to test the effect of group on AVI for each speech type separately. CI users demonstrated 

significantly poorer AV integration than NH listeners (i.e. smaller AVI) when doing the 

consonant identification task (𝑡(25) = −3.33, 𝑝 = .002). However, there was no significant 

difference in mean AVI between the groups when doing the word identification task, with 

𝑡(25) = .50, 𝑝 = .69.  

 

Figure 4.2: Audio-visual index (AVI) in CI users and NH (old) listeners when responding to consonant and CNC 

word stimuli. Blue symbols and bars are the mean and SEM in NH listeners, red for CI users. Horizontal dash lines 

plot AVI = 0 and 1.  

4.3 Experiment 2 – AV Reaction Time  

This experiment investigated AV integration in NH listeners and CI users based on 

their RTs when performing a consonant identification task in A, V, and AV conditions. 

4.3.1 Methods  

4.3.1.1 Participants 

Ten CI users and 12 NH listeners who completed experiment 1 took part in this RT 

experiment. The mean ± SD ages of CI users and NH listeners were 68.2 ± 10.3 and 66.1 ± 6.4 

years, respectively, with no significant mean difference in age between the two groups (𝑡(20) =

.58, 𝑝 = .57).  

4.3.1.2 RT test 

The same set of consonants as in experiment 1 was used in this experiment. During the 

test, participants were required to listen or watch for the stimulus /aSa/ when 36 consonants in 

the same modality condition were presented sequentially in pseudo-random order. Each block 

of 36 consonants contained 12 instances of /aSa/ and 24 other consonants selected randomly 

from the set of 12. Two blocks of 36 stimuli were presented in each condition. In total, 72 

consonants (with 24 /aSa/) in each of A, V, and AV conditions were presented. Stimuli were 

presented with a 750 ms gap between speech tokens. Speech sounds in A and AV conditions 

were presented with continuous babble noise at the participant-dependent levels (SNR50%) 

measured in experiment 1. Participants were instructed to push the ‘space’ button on a keyboard 
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as soon as they thought they recognised the target /aSa/ with no feedback provided. The test 

was run using Max/MSP software. Stimuli in all three conditions started with a neutral (still) 

face of the speaker shown on the monitor, as schematically illustrated in figure 4.3. The RT 

measure was determined as the time difference between the stimulus onset (neutral face) and 

when a response was made by the participant. It should be noted that the absolute timing of the 

A, V, and AV components of stimuli were identical to those in the AV stimuli. Therefore, the 

relative RTs determined in the three conditions represent the actual differences that would occur 

in AV speech.  

 

Figure 4.3: Diagram of recording RT (in AV modality).  

4.3.1.3 Data analysis 

Before analysing RT, the data were analysed to assess the accuracy in response to /aSa/ 

as only data from subjects truly identifying the target should be used for RT measures. 

Participants’ 𝑑′  (d-prime) values in the three conditions were calculated as the differences 

between Z-scores of the true hits rate and those of the false alarms rate (Macmillan et al., 2004), 

as shown in equation (4-4). 

𝑑′ = 𝑍(𝑡𝑟𝑢𝑒 ℎ𝑖𝑡𝑠) − 𝑍(𝑓𝑎𝑙𝑠𝑒 𝑎𝑙𝑎𝑟𝑚𝑠)                                  (4-4) 

For participants who had 𝑑′ values less than 1, RT data were excluded for further analysis. True 

hits were defined as responses when the last presented stimulus was /aSa/, and the RT was 

between 600 – 3000 ms. False alarms were defined as button pushes to non-target stimuli or 

the responses that were faster than 600 ms or slower than 3000 ms. Three out of 12 NH listeners 

were excluded, resulting in data from 9 NH listeners and 10 CI users analysed further in the 

experiment. For each participant, the RT cumulative probability distribution (CDF) of true hits 

was calculated for each condition and divided into bins from the 1st to 100th percentile in 10% 

increments. A race model (Raab, 1962) was used to predict the RT in the AV condition. The 

race model predicts the RT CDF in the AV condition based on participants’ RT CDFs in the A 

and V conditions using equation (4-5).  

𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑡) =  𝐶𝐷𝐹𝐴(𝑡) + 𝐶𝐷𝐹𝑉(𝑡)                                           (4-5) 
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The function 𝐶𝐷𝐹(𝑡) was generated using interpolation (Ulrich et al., 2007) at each millisecond, 

starting at 𝑡 = 1 ms, based on participants’ RT CDF measured in the experiment. The Miller 

inequality of the race model (J. Miller, 1982), i.e. the differences between participants’ RT in 

AV modality and the race model estimated RT, was calculated as a function of time using 

equation (4-6).  

𝑀𝑖𝑙𝑙𝑒𝑟 𝐼𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦 = 𝐶𝐷𝐹𝐴𝑉(𝑡) − 𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑡) > 0                                (4-6) 

4.3.2 Results 

Figure 4.4 shows the RT measures (sorted in ascending order) from 9 NH listeners and 

10 CI users when performing the consonant identification task, in A, V, and AV conditions. It 

can be seen that the RT in AV condition (green) of both NH listeners and CI users was shorter 

than that in the A (blue) and V (red) conditions, i.e. showing the facilitation of RT in AV 

condition compared to the two unimodal conditions.  

 

Figure 4.4: Reaction time (RT) measures in 9 NH listeners and 10 CI users, in A, V, and AV modalities. RTs for 

each participant are plotted in a sorted order. 

The grand average RT CDFs ± SEM for the three conditions are shown in the left 

column of figure 4.5. Again, it can be seen that on average the RT in AV condition is faster 

than in either A or V conditions for both CI users and NH listeners. The second column in 

Figure 4.5 shows the mean AV RT CDF of all participants (green) compared to the race model 

estimated RT CDFs (black) in the same condition. Actual RTs were faster than the race model 

(showing AV integration) in regions with the fastest RTs. 
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Figure 4.5: The first column plots the reaction time (RT) cumulative probability distribution (CDF) of NH listeners 

and CI users in A (blue), V (red), and AV (green) modalities. The second column plots participants’ (green) and race 

model estimated (black) RT CDF in AV modality. The last column plots the individual participants RTs at 

CDFAV(p= .20) and CDFRace(p=.20).  

To test the Miller inequality in individual participant, RTs at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) and 

𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20) were compared (third column of figure 4.5), where 𝑝 is the cumulative 

probability. In this experiment, the Miller inequality was tested at 𝑝 = .20. This probability 

level was selected based on a study of Kiesel et al. (2007), who showed that Miller inequality 

should be tested in a restricted range (𝑝 = .10 − .25) to avoid type I errors. The Miller 

inequality was not tested at lower 𝑝 as some participants had a limited number of responses for 

the least probable RTs. Paired t-tests were conducted between RTs at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) and 

𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20) for NH listeners and CI users separately. Paired t-tests found both groups 

showing significantly faster RTs in the AV condition than the race model prediction at 𝑝 = .20, 

both with  𝑝 = .002  (figure 4.5). To test the hypothesis that CI users have different AV 

integration from NH listeners of a similar age, a 2-sample Wilcoxon rank sum test was 

conducted between the two groups on the medians of the differences of RTs at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) 

and 𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20). No significant difference between the two groups (ranksum(17) =

85, 𝑝 = .24) was found, i.e. there was no significant difference in AV integration between CI 

users and NH listeners revealed by RT measures.  

4.4 Experiment 3 – fNIRS Imaging  

This experiment investigated AV integration in NH listeners and CI users when 

responding to consonants and CNC words, by testing the principle of inverse effectiveness 

(PoIE) in fNIRS signals. fNIRS signals in two ROIs located in the left superior temporal sulcus 

(LSTS) and the left occipital cortex (LOC) were analysed. 
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4.4.1 Methods  

4.4.1.1 Participants 

Fourteen CI users and 12 NH listeners who completed experiment 1 took part. The 

mean ± SD ages of CI users were 68.1 ± 9.3 years, and that of NH listeners were 64.9 ± 7.4 

years, with no significant difference between the mean ages in the two groups ( 𝑡(24) =

.98, 𝑝 = .34).  

4.4.1.2 fNIRS montage 

In this experiment, a continuous-wave fNIRS device was used (NIRScout, NIRX 

medical technologies, LLC). The device used the near-infrared light of wavelengths 760 nm 

and 860 nm with 16 LED illumination sources and 16 photodiode detectors. The sampling 

frequency of fNIRS data in the experiment was 7.81 Hz. Figure 4.6 (a) shows the montage of 

light sources (red dots), detectors (blue dots), and the pairing of them into channels (purple 

lines) on the NIRScap using the international 10-5 system (Oostenveld et al., 2001). The 

locations of the two ROIs (with included channels) are shown with magenta eclipses. To limit 

the influence of signals recorded from extracerebral tissue (see review in section 2.4), three 1.3-

cm ‘short’ channels (in yellow) that were located in the left and right anterior temporal cortex 

and LOC were used. Figure 4.6 (b) shows the sensitivity that fNIRS probes within two ROIs 

on the head had for cortical regions, using AtlasViewer toolbox (Aasted et al., 2015). Sensitivity 

profile has a unit of mm-1. Multiplying the value of the sensitivity profile of a given 

measurement channel by an absorption change (mm-1) and the area over which that change 

occurs (mm2) will give an estimate of the optical density change that would be measured by 

that channel as a result of that absorption change. In another word, the sensitivity map shows 

the likelihood that the concentration changes of hemoglobins could be measured from the 

different brain regions as shown. To reduce the risk of losing channels in these regions due to 

poor optode contact with the skin or high noise levels, overlapping channel pairs (crossing 

purple lines on figure 4.6) were used in the ROI LSTS. For further analysis, responses in pairs 

of overlapping channels were averaged.  
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Figure 4.6: fNIRS montage and regions of interest (ROIs) on the brain. Panel (a) plots the positions of sources (red 

circles) and detectors (blue circles) on the brain, and connections between them, i.e., channels. Purple lines refer to 

channels with long distance (30 mm); yellow lines that connect a yellow highlighted source and its nearest detector, 

refer to channel with short distance (around 13 mm). Magenta circles refer to ROIs, i.e., LSTS and LOC on the 

montage. Panel (b) shows the sensitivity that fNIRS probes within two ROIs on the head had for cortical regions, 

using AtlasViewer toolbox (Aasted et al., 2015). Sensitivity profile has a unit of mm-1. Multiplying the value of the 

sensitivity profile of a given measurement channel by an absorption change (mm-1) and the area over which that 

change occurs (mm2) will give an estimate of the optical density change that would be measured by that channel as 

a result of that absorption change.  

4.4.1.3 Stimuli and data collection 

The same two types of speech stimuli as those in experiments 1 (i.e. consonants and 

CNC words) were used during fNIRS imaging. fNIRS imaging was conducted in a sound-

treated booth, with light dimmed. A NIRScap of a suitable size was fitted to each participant. 

The delivery of A and V stimuli was the same as that in previous experiments.  

fNIRS data were collected in one test session consisting of six testing periods, with 

consonant stimuli being used in testing periods 1 – 3 and CNC words in testing periods 4 – 6, 

as shown in figure 4.7. Audio-alone and AV stimuli were presented randomly interleaved in 

the same test periods, with separate test periods in quiet and noise (periods 1 and 2 for 

consonants and periods 4 and 5 for CNC words). The babble noise was presented at the 

participant-dependent SNRs determined in experiment 1 that equated performance among 

participants in A condition, i.e. SNR50%. In testing periods 1, 2, 4, and 5, seven blocks 

(duration of 14.5 s) each of A and AV stimuli were presented in a pseudo-random order. Each 

stimulus block was preceded by a 2-s duration textbox informing participants of the coming 

modality and followed by a 25-s white fixation cross on the black screen of the monitor. When 

stimuli in A condition were presented, there was a neutral (still) face of the female speaker on 

the monitor. Each of the four testing periods lasted for 9.5 mins. In periods 3 and 6, V stimuli 

only were presented in quiet with no auditory input through the earphone or the CI processor. 



 

63 

Testing periods 3 and 6 lasted for 5 mins each. The data recorded in V condition were 

supplementary, to check that responses in the A and V conditions were correlated with 

responses in AV condition (Holmes, 2009). Only the A and AV responses were analysed to 

determine the PoIE. 

 

Figure 4.7: Diagram of the fNIRS signal collection in six periods using consonant and CNC word stimuli. 

Each box in the figure refers to a ‘block’ of stimuli in A, V, or AV modality. ‘B’ refers to baseline and 

‘R’ refers to resting-state after the stimulus. Q and N refer to quiet and noise. A and AV stimuli were 

presented in a pseudorandom order.  

To maintain concentration on the stimuli, participants were asked to perform stimulus-

related cognitive tasks. While the consonant stimuli were presented, participants were required 

to listen or watch for the /aSa/ stimulus, and press one of two buttons at the end of each stimulus 

block if /aSa/ was identified or not at any time during the block. Before each testing period 

using CNC words, participants were given a different category descriptor such as ‘animal 

words,’ and were asked to respond by pressing on a ‘yes’ or ‘no’ button at the end of each 

stimulus block depending on whether the block contained any words matching the category. 

During the testing, participants were seated in an armchair and requested to avoid head 

movements during fNIRS imaging.    

4.4.1.4 fNIRS data analysis 

fNIRS data analysis consisted of signal pre-processing to remove part of the physical 

and physiological noise and signal processing to remove the systemic response in the 

extracerebral tissue. The detailed procedure is as follows and shown in figure 4.8. 

1) Remove step-like artefacts. Step-like artefacts can be caused by sudden loss of contact 

between the optodes and the skin (or hair) during data collection. To remove step-like 

artefacts, the deviation of signal in each channel (𝑦) was estimated, i.e. 𝑋 = diff(𝑦). A 

threshold for the the deviation (𝑋) was chosen, and values in 𝑋 above this threshold were 

set as zeros, i.e. if 𝑋𝑖 > mean(𝑋) + 2 ∗ std(𝑋), 𝑋𝑖 = 0.  Response 𝑦  (with step-like 

artefacts removed) was then recoved by calulating the cummulative sum of 𝑋. 
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2) Exclude bad channels. Channels that either needed abnormal gains of light intensity 

applied during data collection or had poor correlations between the heartbeat signals 

recorded in the two different wavelengths in the raw data (Pollonini et al., 2014) were 

excluded from further analysis.   

3) Denoise and estimate hemodynamic responses. NIR light intensity was then converted 

to optical density. Wavelet decomposition was then performed to correct motion artefacts 

(Molavi & Dumont, 2012). A bandpass filter (0.01-1.5 Hz) was then used to remove 

broadband noise and low-frequency drifts in the data. Lastly, the concentration changes of 

oxygenated (∆𝐻𝑏𝑂) and deoxygenated (∆𝐻𝑏𝑅) hemoglobins, were estimated using the 

modified Beer-Lambert law (Delpy et al., 1988). 

4) Subtract short-channel responses. Hemodynamic responses measured in the long 

channels (3 cm) are combinations of neural responses to stimuli and systemic responses in 

the extracerebral and cerebral tissues. Extracerebral signals originate in the skin and skull 

and data quality can be improved if they are removed. Three short channels (1.3 cm) were 

used which were assumed to only measure hemodynamic responses from extracerebral 

tissues (which does not relate to neural activity). A short-channel subtraction method 

proposed by Gagnon et al. (2012; 2011) was applied in this study, using a Kalman filter. 

Responses in the three short channels (𝑦𝑠1,  𝑦𝑠2, 𝑦𝑠3 ) were used as 3 regressors of the 

systemic matrix of a Kalman filter, as shown in the equation (4-7).  

𝑦𝐿𝐿 = [𝑈 𝑦𝑠1 𝑦𝑠2 𝑦𝑠3] ∗ [𝑊 𝛼1 𝛼2 𝛼3]′ + 𝜀                               (4-7) 

In equation (4-7), 𝑈 is the convolution of the stimulus box-car function and a temporal 

basis set that consisted of 29 gaussian functions, with standard deviations of 0.5 s and mean 

values being separated by 0.5 s. 𝑊  is the coefficient matrix of 𝑈 . 𝛼1, 𝛼2, 𝛼3  are the 

corresponding coefficients for responses in the three short channels. The extracerebral 

responses in the long channels were removed by subtracting the short channel responses 

multiplying their corresponding coefficients.       

5) Average responses across blocks. For each block of stimulation, 39-s responses (HbO and 

HbR) were taken for further analysis, which consisted of 7 s preceding the stimulus onset, 

14.5 s stimulation and 17.5 s after the stimulus offset. Linear-detrending and baseline 

correction (7 s pre-onset) were conducted in each block of responses. The averaged 

responses (HbO and HbR) across the seven blocks in each modality were computed. 
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Figure 4.8: Diagram of the fNIRS data analysis.  

Differences between each participant’s block-averaged responses in AV and A conditions (i.e. 

AV-A), in quiet (Q) and noise (N), were calculated. For statistical analysis, the hypotheses in 

the present study that the PoIE of AV integration would be revealed in ROIs LSTS and LOC 

were only tested on HbO responses.  

4.4.2 Results  

Before testing the PoIE, participants’ brain activation in ROIs LSTS and LOC when 

speechreading consonants and CNC words were first calculated to verify that these ROIs also 

responded to visual speech stimuli. Results from NH listeners (first row) and CI users (second 

row) are shown in figure 4.9. Red and blue plot the HbO and HbR responses, respectively. 

Lines and shaded areas plot the mean and SEM within each group. As shown in figure 4.9, both 

NH listeners and CI users had increased HbO and decreased HbR after visual stimulus onset in 

the ROI LOC in response to consonants and CNC words. In the ROI LSTS, NH listeners but 

not CI users showed responses to visual stimuli. 
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Figure 4.9: HbO (red) and HbR (blue) in the NH listeners and CI users when speechreading consonants 

and CNC words. Lines and shaded areas plot the mean and SEM of fNIRS responses within each group. 

Vertical dash lines plot the stimuli duration.    

The block-averaged responses of NH and CI groups in A and AV conditions were then 

calculated in ROIs LSTS and LOC when participants were responding to consonants and CNC 

words. Results are shown in figure 4.10. Lines and shaded areas plot the group mean and SEM 

of fNIRS responses. In the first and second columns within each quarter of the figure, pink and 

red plot HbO responses of each group in A and AV conditions, respectively. Blue and cyan plot 

the corresponding HbR responses. AV HbO responses that were larger than A HbO responses 

(red responses greater than pink responses) showed facilitation of response in AV condition 

compared to A condition. The third column plots the AV-A response difference, with speech 

sounds being presented with noise (purple for HbO and black for HbR) and in quiet (yellow for 

HbO and green for HbR). Black vertical dash lines plot the onset and offset of stimulation. AV-

A HbO differences in noise that were larger than AV-A HbO differences in quiet (purple lines 

above the yellow lines) were predicted if PoIE is occurring.    
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Figure 4.10: Group-averaged responses (mean ± SEM) in ROIs LSTS and LOC of CI users and NH listeners when 

responding to consonant and CNC word stimuli. Dash-dot lines plot fNIRS responses in quiet (Q) and solid lines 

plot responses in noise (N). In the first and second columns within each quarter of the figure, pink and red plot HbO 

responses in A and AV modalities, cyan and blue plot the corresponding HbR responses. The third column plots the 

AV-A responses in noise (solid lines, purple and black are for HbO and HbR, respectively) and in quiet (dashed 

lines, yellow and green are for HbO and HbR, respectively). Black vertical dashed lines plot the onset and offset of 

stimulation.     

To test the PoIE, (i.e., to determine whether AV-A response differences were larger 

when speech sounds were presented in noise than in quiet), pointwise running one-sample t-

tests (one-tailed) were conducted on the difference between these two differences (i.e., ‘AV-A 

N minus AV-A Q’) in the 2 ROIs and in each group of participants separately. Figure 4.11 

shows t-value results versus time, with the consonant stimuli on the left and CNC stimuli on 

the right.  

 

Figure 4.11: t-values of pointwise running 1-sample t-tests (one-tailed) on the ‘AV-A N-Q’ differences in NH 

listeners (first row) and CI users (second row), when participants were responding to consonant and CNC word 

stimuli. The magenta and black dash-dot lines were the unadjusted and adjusted t-thresholds with 𝑝 < .05. Black 

vertical lines plot stimulus offset in a block.  
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Red lines are t-values for HbO responses. The magenta dash-dot lines in the panels plot 

the t-thresholds (unadjusted, 𝑝 < .05) for one sample t-tests (one-tailed) within each group. For 

fNIRS responses that showed above-threshold t-values with 𝑝 < .05, within 0 – 20 s after 

stimulus onset, multiple comparison correction method based on permutation tests (Blair et al., 

1993; Groppe et al., 2011) were conducted. Black horizontal dash-dot lines in the figure plot 

the t-thresholds for significance with adjusted 𝑝 < .05. Black vertical dash lines plot stimulus 

offset in a block. Results found that HbO responses in the ROI LOC of CI users when 

responding to consonant stimuli had above threshold t-values (unadjusted), within 5.6 – 13.4 s 

after stimulus onset (left panel, second row in figure 4.11). However, the t-values did not 

survive the multiple comparison corrections. No significant above threshold t-values were 

found from the HbO response in other ROIs of either group in response to consonants or CNC 

words. In summary, no significant PoIE was shown in the fNIRS data, and thus significant AV 

integration was not able to be demonstrated with this method. 

4.5 Discussion  

The present study aimed to investigate differences between CI users and NH listeners 

of similar age in the ability to integrate auditory and visual speech cues. Experiment 1 used 

models that estimated the probability of correct responses in the cases of minimal and optimal 

cue integration during word identification and consonant discrimination tasks in A, V, and AV 

conditions. Results showed that CI users had poorer AV integration compared to the NH 

listeners in response to consonant stimuli, and comparable AV integration ability in response 

to CNC word stimuli. Experiment 2 used a race model to reveal AV integration based on RT 

measures during a consonant identification task. Results showed significant AV integration in 

both groups: RTs for both CI users and NH listeners were faster than could be accounted for by 

the race model. However, there was no significant difference in the amount of AV integration 

between the two groups. Experiment 3 investigated AV integration in CI users and NH 

listeners by testing the PoIE using fNIRS responses in ROIs LSTS and LOC to consonant and 

words. The fNIRS results did not demonstrate a significant PoIE in either NH listeners or CI 

users in either of the ROIs.  

Integration of auditory and visual speech cues in CI users 

Overall, while the fNIRS measures were not able to detect any effects related to AV 

integration, the behavioural results in the present study showed that AV integration in CI users 

was comparable with NH listeners in some tasks but poorer in others. In response to CNC 

words, AV integration was similar in CI users and NH listeners. For consonants, CI users had 
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poorer AV integration than NH listeners during the discrimination accuracy task, but a 

comparable amount of AV integration during the RT tasks. 

In experiment 1, CI users had near-zero AV integration in the closed-set consonant 

discrimination task (figure 4.2), suggesting that A and V cues in the consonants were used 

independently in the consonant discrimination task. This result seems inconsistent with the 

results in experiment 2, where reaction times for both CI users and NH listeners to AV 

consonants were significantly faster than would be possible under the assumptions of 

independent processing of the A and V cues. It is difficult to explain why CI users only would 

be integrating auditory and visual cues in consonants in one task and not the other. In 

experiment 1, participants were required to discriminate each consonant from the others in a 

closed-set of 12 consonants, whereas, in RT tasks (experiment 2), participants were required to 

identify one target (/aSa/) from a continuously played stimulus-stream. However, if the 

different AV integration in CI users was due to the task difference, it would be expected that 

the same effect would be seen in the NH data.  

It is interesting that CI users in the present study showed only comparable or poorer 

AV integration ability than NH listeners, a result that is inconsistent with previous reports that 

CI users have better AV integration than NH listeners (Rouger et al., 2007). Rouger et al. (2007) 

investigated AV integration using the same cue integration model as the present study in 

experiment 1 and found CI users had optimal (same as NH listeners) integration in response to 

French disyllabic words. However, their results did not observe optimal cue integration in NH 

listeners when listening to vocoded auditory speech. Based on those results, Rouger et al. (2007) 

claimed that CI users had better AV integration than NH listeners. However, the poorer 

integration in NH listeners could be because NH listeners were unfamiliar with the vocoded 

auditory cues and thus were less able to integrate them with the visual information. It is likely, 

at least for speech stimuli, that a person must be able to link partial or degraded cues to 

potentially coming from the same speech sound for integration to occur. In the present study, 

all the CI users were experienced and so both groups were familiar with both auditory and 

visual cues in speech and were used to hearing and seeing them together.  

The speechreading ability of CI users in the present study was also different to those in 

the study of Rouger et al. (2007). In Rouger et al.’s study, CI users had significantly better 

speechreading for open-set of French disyllabic words than NH listeners (9.4 ± 7.1% correct) 

both at the switch-on of their implant (35.1 ± 14.7% correct) and several months after 

implantation (30.1 ± 15.1% correct). The speechreading of CI users in that study was also 

significantly higher than the speechreading of CI users in the present study for open-set CNC 

words (11.3 ± 5.4% correct). A possible reason for the higher speechreading ability in Rouger 

et al.’s CI group was that those participants were inexperienced CI users who had used their 
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implant for less than 12 months, whereas CI users in the present study were experienced CI 

users with the average duration of using the implanted device being 68.1 ± 28.3 months. 

Comparable speechreading ability (of closed-set consonants) was also found between NH 

listeners and experienced CI users in a study of Stropahl and Debener (2017), where the 

duration of CI use in that study was 100.2 ± 55.4 months. These results suggest that 

speechreading ability in CI users may decrease with implant experience. After having used their 

implant for a long time, experienced CI users may no longer rely heavily on speechreading for 

speech understanding but instead rely on the speech sound via their implant. This lack of 

reliance may lead to a decrease in their speechreading ability over time to that of NH listeners.  

No signs of audio-visual integration from fNIRS 

In experiment 3, fNIRS was used to investigate the AV integration activity in CI users 

and NH listeners, by testing the PoIE brain responses in two ROIs. However, the results did not 

observe the PoIE in either ROI of CI users or NH listeners in response to either consonants or 

CNC words. Possible reasons for not observing the PoIE in the fNIRS measures include the 

methods for testing the PoIE, limited sample sizes, and challenges of using fNIRS to record 

cortical activity.  

The PoIE that was first found in individual neurons in the superior colliculus (Meredith 

& Stein, 1983) has also been observed in some brain areas and behavioural performance (see 

review by Stein, Stanford, Ramachandran, et al., 2009). Testing the PoIE of AV integration, 

compared to the ‘superadditive’ or ‘additive’ models has the advantage of not assuming any 

particular relation between response amplitudes in A, V, and AV conditions nor is it affected 

by the baseline activity. However, the PoIE was sensitive to the measurement units, i.e. absolute 

or proportionate measures, which could cause the PoIE being observed when using one 

(proportionate) but not the other (absolute) measurement (Holmes, 2009). Despite fNIRS using 

a proportionate measure, the PoIE was not found in the present study. A more likely reason that 

PoIE of AV integration was not found in the fNIRS data may be the poor SNR in the 

measurement. The PoIE was derived from responses in four conditions, i.e. stimuli in AV and 

A conditions at two effectiveness levels, resulting in experimental errors in 4 conditions being 

summed up and reducing the SNR in the ROIs. The power in the data might be increased by 

increasing the subject numbers.  

fNIRS responses include simultaneous and task-related responses in both extracerebral 

and cerebral tissues, but only the task-related neural responses in the cerebral cortex are of 

interest (Tachtsidis & Scholkmann, 2016). The extracerebral responses, if not removed, would 

reduce the SNR in fNIRS data. Channels of a shorter than average distance (1.3 cm vs. 3 cm) 

were applied in the present study to measure responses in the extracerebral tissues but not from 



 

71 

the cerebral tissues, which then could be subtracted from longer channels (3 cm). However, it 

is likely that the distance of 1.3 cm was not short enough (Goodwin et al., 2014) and measured 

response from cerebral tissues, subtracting which from long channels could cause a reduced 

neural response of interest. It is also likely that the short channels were not close enough to our 

ROIs on the brain, thus measuring different local response in the extracerebral tissues from long 

channels within in the ROIs (Gagnon et al., 2012). Short-channel subtraction method, in this 

case, might not work well.  

The poor SNR in fNIRS measures may also be contributed to by the oversized ROIs 

that were used to test the PoIE of AV integration. In the present study, the ROIs LSTS and LOC 

were chosen as they contained multisensory regions (see reviews by Alais et al., 2010) and the 

ROIs also showed the PoIE in a fMRI study of Stevenson and James (2009). However, due to 

the limited spatial resolution of fNIRS compared to fMRI, the ROI LSTS in the present study 

(figure 4.6) included, but was much larger than, the ROI in the study of Stevenson and James 

(2009). Averaging responses in an oversized ROI might wash out the potential effect of the 

PoIE in the multisensory region, resulting in no PoIE being observed. 

In summary, the methods of testing the PoIE and challenges of using fNIRS to record 

cortical activity, as discussed above, might lead to the lack of PoIE of AV integration in fNIRS 

signals in either ROIs.  

4.6 Conclusion 

In the present study, three experiments were conducted, using behavioural and fNIRS 

measures to investigate AV integration in experienced CI users and NH listeners using speech 

stimuli. Our response-accuracy results (experiment 1), using the probability and the cue 

integration model, found that CI users had significantly poorer AV integration than NH 

listeners in response to consonants but comparable AV integration in response to CNC words. 

Our RT results (experiment 2), using the race model (Miller inequality) found AV integration 

in both CI users and NH listeners, but no difference between the groups. Our fNIRS results 

(experiment 3), testing the PoIE of AV integration did not observe the PoIE in either group of 

participants. The overall results of the present study suggest that experienced CI users, who 

have adapted to their CI do not have better AV integration than NH listeners.  
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5.1 Study 1 – Identification Accuracy and Reaction Time Measures of 

Audio-Visual Integration 

Abstract 

Objectives: When people age, their hearing thresholds increase and visual acuity decreases. 

The aim of this study was to investigate whether age affected the audio-visual (AV) integration 

of speech cues in young and old people who had normal hearing. Design: Sixteen young and 

13 old NH participants were recruited. Reaction times in audio-alone (A), visual-alone (V), and 

AV conditions were measured during a speeded detection task in which participants were asked 

to detect a target /aSa/ sound among 11 alternatives in the format of /aCa/. A race model was 

applied to reveal whether AV integration occurred. In a second experiment, identification 

accuracy of consonants in a closed set task and identification of CNC words in an open set task 

were measured. AV integration was quantified by using a combination of a probability model 

and a cue integration model, which compared participants’ AV identification accuracy to 

modelled accuracy for minimal or optimal integration, respectively. Results: The reaction time 

measures and the race model revealed consistent AV integration in both young and old groups. 

However, no difference in the amount of AV integration was found between the young and old. 

The identification accuracy measures and the combination of a probability model and a cue 

integration model found that old participants had optimal and no different AV integration 

compared to the young group. Conclusions: The overall results of this study did not find any 

significant effect of age on the integration of audio-visual speech cues.     

Keywords: audio-visual integration, aging, speech understanding 

5.1.1 Introduction  

Multisensory integration is a process by which information from different sensory 

systems is combined to influence perception, decisions, and overt behaviour (Stein, Stanford, 

& Rowland, 2009). When audio-visual (AV) integration occurs, the behavioural performance 

in AV condition is better than what would be predicted by statistical facilitation resulting from 

using auditory and visual cues independently (Fletcher, 1953). This study examined AV 

integration of speech cues and investigated whether there was difference in AV integration 

between young and old participants. The study focussed specifically on the integration of 

speech cues within two types of speech stimuli (consonants and words) and three different 

models were used to analyse the effect of age. 

Various hypotheses have been put forward for the effect of age on AV integration. 

When people age, their hearing thresholds increase and visual acuity decreases (Erber, 2002; 

Fozard et al., 2001; Gordon et al., 2009; Sommers et al., 2005). The information that is 
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transduced and encoded internally by old people is reduced compared to young people. Aging 

could have a negative effect on multisensory integration, as many neural and cognitive 

processes decrease with age (see review by Mozolic et al., 2012). On the other hand, increased 

hearing thresholds and decreased visual acuity in old people might result in the development of 

increased AV integration, to compensate for poor unimodal information (Meredith & Stein, 

1983). Also, aging might not affect AV integration at all, due to no effects or mixed influence 

of the above two processes.  

To investigate the effect of aging on AV integration of speech cues, Winneke et al. 

(2011) used reaction time measures in unimodal and multimodal conditions and AV integration 

was assessed by using a race model (Raab, 1962). The race model is a way of differentiating 

between statistical facilitation and true integration. The race model assumes that auditory and 

visual cues are processed separately from initial sensation to final semantic association. 

Whichever modality reaches semantic association first determines the responses in AV 

condition. When AV reaction times are faster than the race model predictions, the race model 

is said to be violated, and integration of auditory and visual processes is assumed to have 

occurred. Winneke et al. found that when performing a word categorisation task, young and old 

groups showed no significant difference in AV integration, according to the race model. The 

result suggested that aging affected participants’ absolute reaction times in each modality, but 

did not affect their AV integration of speech cues.   

Integration of AV speech cues can also be assessed by looking at response accuracy in 

audio-alone, visual-alone and audio-visual conditions (Spehar et al., 2008; Stevenson et al., 

2015; Tye-Murray et al., 2010). AV integration in all the three cited studies was revealed using 

a probability model (Blamey et al., 1989), which predicts participants’ AV performance when 

auditory and visual processes are independent, i.e., no integration occurring. An actual AV 

performance greater than the probability model prediction thus indicates the occurrence of AV 

integration. When equating participants’ audio-alone performance and presenting visual speech 

stimuli in easy or clear conditions, Tye-Murray et al. (2010) and Spehar et al. (2008) found that 

AV integration did not differ between young and old participants.  Stevenson et al. (2015) 

presented auditory speech stimuli in four SNR conditions (-18, -12, -6, 0 dB SNR) and found 

significantly different AV integration patterns between the young and old participants when 

varying SNR. In the young group, AV integration increased with decreasing SNR. However, 

in the older group, the maximum AV integration was found at -6 dB SNR, where it was also 

greater than that in the young group. In contrast, the younger group had significantly better AV 

integration than the old at -18 dB SNR.  

The inconsistent results in the above three studies could be because Tye-Murray et al. 

(2010) and Spehar et al. (2008) equated participants’ audio-alone performance by presenting 
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speech sound at participant-dependent SNRs, while Stevenson et al. (2015) compared 

performance at fixed SNRs. All the three studies used the ‘probability model’ to reveal AV 

integration. Though the prediction of AV score for no integration is independent of unimodal 

scores, the measure of AV integration (as the difference between the actual and model-predicted 

AV scores) is sensitive to the performance level in the unimodal conditions. When groups differ 

by age or some other factor, individual differences in the unimodal scores can bias the measures 

of AV integration. For example, if AV integration is compared at equal audio-alone 

performance levels (rather than fixed SNRs) in Stevenson et al.’s data, the effect of age is much 

reduced. 

To eliminate the effect of the difference in unisensory processing between young and 

old participants, the current study presented auditory stimuli at a participant-dependent SNR 

level at which participants achieved 50% correct in audio-alone conditions. To further limit the 

bias introduced by differences in unimodal performance, this study used a new approach that 

combined the probability model with the cue integration model of Rouger et al. (2007). The 

cue integration model predicts AV response accuracy by assuming the optimal integration of 

auditory and visual cues. The combination of the two models calculated AV integration as a 

difference between the actual score and the probability model prediction, divided by the 

difference between the two model predictions. Thus, the influence of the difference in the 

unimodal scores on the absolute measures of AV integration as discussed above when using 

the probability model alone was minimised.     

To examine AV integration, this study used consonants for reaction time measures and 

used closed-set consonants and open-set CNC words for identification accuracy tasks. Two 

experiments were conducted to test whether AV integration differed between groups of older 

and younger participants. Experiment 1 used reaction time measures and the race model to 

quantify AV integration during consonant identification tasks. Experiment 2 investigated AV 

integration based on identification accuracy measures using consonants and CNC words in 

audio-alone, visual-alone, and AV conditions. The amount of AV integration was estimated by 

combining the cue integration model and the probability model. The hypothesis tested was that 

older participants have different AV integration from younger participants based on both 

reaction times and identification accuracy measures.  

5.1.2 Methods  

5.1.2.1 Participants 

Twenty-nine participants were recruited for this study. All the participants were 

Australian native English speakers, healthy with no history of any diagnosed neurological 

disorder, and had normal or corrected-to-normal vision. The inclusion criterion for these 
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participants was normal pure tone thresholds (25 dB HL or less) at octave frequencies between 

250 Hz and 4000 Hz for both ears. Based on their ages, 16 out of 29 participants were assigned 

to the young group (5 females, 11 males) and 13 to the old group (6 females, 7 males). The ages 

of participants in the young group ranged from 21 to 39 (mean ± SD: 28.7 ± 5.3 years) and in 

the old group ranged from 52 to 76 (mean ± SD: 64.9 ± 7.1 years). All the 16 participants in 

the young group, and 12 out of 13 of the participants in the old group took part in experiment 

1 (reaction time tasks). The mean ± SD ages of the remaining 12 participants in the old group 

were 66.1 ± 6.4 years. All 29 participants took part in experiment 2 (identification accuracy 

tasks).  

5.1.2.2 Speech stimuli and equipment 

Two types of speech stimuli were used in this study. The first type were 12 consonant 

tokens in the form of /aCa/, with the consonants being 'B,' 'D', 'F', 'G', 'K', 'M', 'N', 'P', 'S', 'T', 

'V', 'Z'. The second type were Consonant-Nucleus-Consonant (CNC) words (Peterson & 

Lehiste, 1962). Speech stimuli were spoken by a female Australian native English speaker and 

were recorded using a GoPro camera and an external microphone in a sound-treated booth. The 

AV recordings for each consonant or CNC word were cut from the continuous recording in 

chunks of 1600 ms for consonants and 2000 ms for words. For all stimuli, the audio-alone and 

visual-alone components of video recordings were separated. The levels of all the auditory 

stimuli were normalised to the same root mean square (RMS) level. Four-speaker-babble noise 

was added to speech sounds in audio-alone and AV conditions.   

All the tests were conducted in audio-alone, visual-alone, and AV conditions in a 

sound-treated booth. Participants were seated in an armchair, and visual stimuli were presented 

on an LCD monitor at a 1.5 m distance in front of them. The spatial resolution and the refresh 

rate of the monitor were 1920 x 1080 pixels and 60 frames/s, respectively. Auditory speech 

sounds were delivered at 65 dBA (𝐹𝑚𝑎𝑥) to the right ear via insert earphone (ER-3A insert 

earphone, E-A-RTONE TM GOLD). To limit the perception of ambient test room sounds, the 

left ear was blocked with an earplug. All the speech tests in this study were conducted using 

Max/Msp software (https://cycling74.com).  

5.1.2.3 Adaptive procedure to obtain SNR50% 

Before the two main experiments, an adaptive procedure using audio-alone stimuli was 

conducted for each participant to determine a signal-to-noise ratio (SNR) at which the 

participant could identify 50% of the consonants or 50% of phonemes in the CNC words 

correctly in the audio-alone condition. This participant-dependent SNR level was denoted as 

SNR50% and was applied in audio-alone and AV conditions in both experiments.  

https://cycling74.com/


 

77 

To determining SNR50% for consonants, on each trial, one of the 12 /aCa/ stimuli was 

selected in random order and presented. Babble noise always started 1000 ms before the onset 

of the speech stimulus and ended 1000 ms after the speech stimulus offset. Participants 

responded by selecting the consonant they heard from 12 options displayed on a small 

touchscreen (Mimo Monitors UM-720S, https://www.mimomonitors.com/). Participants’ 

performance was scored after responses to groups of 3 consonants. The SNR decreased when 

participants answered 2 or 3 out of 3 consonants correctly and increased if 0 or 1 out of 3 were 

correct. The adaptive procedure ended after ten reversals (turning point of SNR values). The 

SNR values changed in a step size of 5 dB for the first two reversals and 3 dB for the remaining 

eight reversals. The SNR50% was calculated as the mean SNR values from the last six reversals.  

To determine SNR50% for CNC word stimuli, the same adaptive procedure was used 

to find the SNR for 50% of the CNC phonemes correct. On each trial, participants were required 

to repeat back the word they recognised verbally. Participants’ performance was scored 

according to the number of phonemes they answered correctly in groups of 3 CNC words in a 

row. The SNR was adjusted down or up after each group of 3 words, depending on whether the 

scores were 5 or more phonemes correct out of 9 or 4 or less correct out of 9, respectively.  

5.1.2.4 Testing procedures 

Experiment 1: Reaction times 

During experiment 1, the 12 consonant stimuli as described earlier were used, and 

participants were required to listen to or watch for the stimulus /aSa/ when blocks of 36 tokens 

in the same modality were presented. Each block of 36 tokens contained 12 instances of /aSa/. 

Each 3 sequential tokens contained one /aSa/ stimulus. The remaining 24 tokens were randomly 

chosen on each trial from the other 11 consonants (without /aSa/). Stimuli in all three conditions 

started with a neutral (still) face of the speaker shown on the monitor, as schematically shown 

in figure 5.1. Between two speech tokens, there was a 750 ms gap. Blocks of stimuli were 

presented in audio-alone, visual-alone and AV conditions. Two blocks were presented in each 

condition, with the order of audio-alone, visual-alone and AV blocks shuffled. In total, 72 

consonants (with 24 /aSa/) in each of the three conditions were presented. Speech sounds in 

audio-alone and AV conditions were presented with continuous babble noise at participant-

dependent SNR levels (SNR50%). Participants were instructed to push the ‘space’ button on a 

keyboard as soon as they recognised the target /aSa/. The reaction-time measure was 

determined as the time difference between the stimulus onset (neutral face) and when a response 

was made by the participant.  

https://www.mimomonitors.com/
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Figure 5.1: Diagram of recording RT (in AV modality).  

Experiment 2: Speech identification accuracy 

During experiment 2, closed set consonants and open set CNC word stimuli were used. 

For the consonant identification task, 12 consonants (in a block of the same modality) were 

presented sequentially in a pseudo-random order. With four blocks each in the audio-alone, 

visual-alone, and AV conditions (in a shuffled order), 48 consonants in each condition were 

presented in total. For the CNC word identification task, 60 different CNC words in each 

modality were presented in blocks of 20 stimuli. Again, the order of audio-alone, visual-alone, 

and AV conditions for each block was chosen pseudo-randomly. Participants were asked to 

select the correct consonant out of 12 options presented on a touchscreen in the consonant 

identification task or to verbally repeat back the words during the CNC word identification task. 

Participants’ responses in the three conditions were recorded and scored as the percentage of 

consonants correctly identifies in the consonant discrimination task or the percentage of whole 

CNC words they answered correctly in the word identification task. No feedback about 

response accuracy was provided. 

5.1.2.5 Data analysis  

Reaction time data  

Before analysing reaction times, the data were analysed to assess the accuracy in 

response to /aSa/ as only data from subjects truly identifying the target should be used for 

reaction time measures. Participants’ 𝑑′ (d-prime) values in three conditions were calculated as 

the differences between Z-scores of the true hit rate and those of the false alarm rate (Macmillan 

& Creelman, 2004), as shown in equation (5-1). 

𝑑′ = 𝑍(𝑡𝑟𝑢𝑒 ℎ𝑖𝑡𝑠) − 𝑍(𝑓𝑎𝑙𝑠𝑒 𝑎𝑙𝑎𝑟𝑚𝑠)                                (5-1) 

For participants who had 𝑑′ values less than 1, reaction time data were excluded for 

further analysis. True hits were defined as responses when the presented stimulus immediately 

before the response was /aSa/, and the reaction time was between 600 – 3000 ms. False alarms 

were defined as participants’ button pushes to non-target stimuli or the responses that were 

faster than 600 ms or slower than 3000 ms. Three out of 12 participants in the old group were 
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excluded, resulting in data from 16 young and 9 old participants being included in the further 

analysis.  

For each participant, the reaction time cumulative probability distribution (CDF) was 

calculated for each condition and divided into bins from the 1st to 100th percentile in 10% 

probability increments. The race model (Raab, 1962) was used to predict the upper limit of the 

probability that an AV response will be made at a particular time when auditory and visual 

processes are assumed to be separate, i.e., redundant cues in the multimodal condition speed up 

responses, but no integration occur between the two processes. The predicted upper limit of the 

CDF of AV reaction time was calculated based on participants’ reaction time CDFs in the 

audio-alone and visual-alone conditions using equation (5-2).  

𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑡) =  𝐶𝐷𝐹𝐴(𝑡) + 𝐶𝐷𝐹𝑉(𝑡)                                    (5-2) 

If the actual CDF of AV reaction time was greater than this limit at any time, race model was 

said to be violated, and integration of two processes was said to occur. The inequality test was 

called the Miller inequality (J. Miller, 1982), calculated as a function of time using equation 

(5-3).  

𝑀𝑖𝑙𝑙𝑒𝑟 𝐼𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦 = 𝐶𝐷𝐹𝐴𝑉(𝑡) − 𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑡) > 0                              (5-3) 

The 𝐶𝐷𝐹(𝑡) was generated using interpolation (Ulrich et al., 2007) at each millisecond, starting 

at 𝑡 = 1 ms, based on participants’ reaction time CDF measured in the experiment.  

Speech identification accuracy data  

AV integration for each participant was quantified using a combination of the 

probability model (Blamey et al., 1989) and the cue integration model (Rouger et al., 2007). 

The probability model estimates a person’s AV performance 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏  based on the person’s 

probabilities of making a correct response in audio-alone (𝑃𝐴) and visual-alone (𝑃𝑉) conditions, 

and assuming no AV integration, using equation (5-4).  

𝑃𝐴𝑉
𝑃𝑟𝑜𝑏 = 𝑃𝐴 + 𝑃𝑉 − 𝑃𝐴 ∗ 𝑃𝑉                                                      (5-4) 

The cue integration model (Rouger et al., 2007) assumes that to understand speech 

information a person needs to recognise at least a threshold number of cues (𝑇) from the speech 

correctly. Further, the perception of the cues has a Poisson distribution, as shown in equation 

(5-5), where 𝑛 is the number of cues a person recognizes on each trial and 𝜆 is the averaged 

number of cues.  

𝑃(𝑛 > 𝑇) = 𝛴𝑘=𝑛 (𝜆𝑘𝑒−𝜆) 𝑘!⁄                                                 (5-5) 
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Threshold 𝑇  depends on the type of speech stimulus, regardless of modality. Based on 

participants’ performance in audio-alone (𝑃𝐴) and visual-alone (𝑃𝑉) conditions, the number of 

cues recognized in audio-alone (𝜆𝐴) and visual-alone (𝜆𝑉) conditions can be estimated using 

equation (5-5). When optimal integration occurs, the number of cues recognized in the AV 

condition (𝜆𝐴𝑉) equals the sum of those in two unimodal conditions, i.e., 𝜆𝐴𝑉 = 𝜆𝐴 + 𝜆𝑉. To 

apply the cue integration model for the stimuli used in this paper, the stimulus-dependent 𝑇 

thresholds were first obtained based on the best fit of the model to performance data of the 

young participants, i.e., 𝑃𝐴𝑉
𝐶𝑢𝑒 = 𝑃𝐴𝑉 , with 𝜆𝐴𝑉

𝐶𝑢𝑒 = 𝜆𝐴 + 𝜆𝑉. These 𝑇 values were then applied 

to old participants. An actual score of old participants less or greater than predicted suggests 

poorer or better integration than young participants, respectively.  

To quantify the amount of AV integration of each participant using both models combined, an 

audio-visual index (AVI) was calculated using equation (5-6).  

𝐴𝑉𝐼 = (𝑃𝐴𝑉 − 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏) (𝑃𝐴𝑉

𝐶𝑢𝑒 − 𝑃𝐴𝑉
𝑃𝑟𝑜𝑏)⁄                                              (5-6) 

The AVI measure was used to statistically evaluate the difference between the young and old 

groups. An AVI of zero in old participants represents no integration, and an AVI of 1 represents 

integration equivalent to the average young person. The combination of the two models limited 

the influence of absolute performance levels in the unimodal conditions.   

5.1.3 Results 

5.1.3.1 SNR50%  

Participants’ ages versus their SNR50% values when they were listening to consonants 

(left panel), and CNC words (right panel) are shown in figure 5.2. Red circles refer to young 

participants and blue circles refer to the old. Spearman correlation was computed between the 

ages of all the participants and their SNR50% values. Results showed that participants’ ages 

significantly and positively correlated with their SNR50% values when measured using both 

consonants (𝑟ℎ𝑜 = .615, 𝑝 = .001 ) and CNC words ( 𝑟ℎ𝑜 = .515, 𝑝 = .006) , i.e., as age 

increased, the SNR required for the participants to score 50% also increased.  
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Figure 5.2: Pearson correlations between participants’ ages and their SNR50% values at which they answered 50% 

correctly of the stimuli in audio-alone condition. Red squares refer to the young and blue dots refer to the old 

participants. 

5.1.3.2 Reaction time results  

The reaction time measures (sorted in ascending order) from the young and old 

participants when performing a consonant identification task are shown in figure 5.3. Reaction 

times were faster in the AV condition (green) than in audio-alone (blue) and visual-alone (red) 

conditions, illustrating AV facilitation of reaction times. The grand average reaction time CDFs 

± standard error of mean (SEM) for the three conditions are shown in the left column of figure 

5.4. The middle column shows the mean reaction time CDF of each group in AV condition 

(green) compared to the race model prediction (black). Actual reaction times were faster than 

the race model (showing AV integration) in regions with the fastest reaction times. 

 

Figure 5.3: Reaction time (RT) measures in 16 young and nine old participants, in A, V and AV conditions. RTs 

for each participant are plotted in a sorted order. 
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Figure 5.4: The first column shows the RT cumulative probability distribution (CDF) of two groups in A (blue), V 

(red), and AV (green) conditions. The second column shows participants’ (green) and race model predicted (black) 

RT CDF in AV modality. The last column shows the individual participants RTs at CDFRace(p= .20) and 

CDFAV(p= .20).  

To test the Miller inequality in each participant, reaction times at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) and 

𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20) were compared (figure 5.4, in the right column), where 𝑝 is the cumulative 

probability that a response has occurred. The probability level of 0.20 was selected based on 

the study of Kiesel et al. (2007), who showed that the Miller inequality should be tested in a 

restricted range (𝑝 = .10 − .25) to avoid type I errors. The Miller inequality was not tested at 

probability values lower than .20 as some participants had a limited number of responses for 

the least probable reaction times. To test whether AV integration occurred in each group, paired 

t-tests were conducted between reaction times at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) and 𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20) for 

young and old participants separately. Reaction times were significantly faster in the AV 

condition than the race model prediction at 𝑝 = .20 in both young (𝑝 < 10−5) and old groups 

(𝑝 = .002), as shown in figure 5.4. To test whether AV integration differed in the two groups, 

a two-sample Wilcoxon rank sum test (two-tailed) was conducted between the two groups on 

the median differences of reaction times at 𝐶𝐷𝐹𝐴𝑉(𝑝 = .20) and 𝐶𝐷𝐹𝑅𝑎𝑐𝑒(𝑝 = .20). Although 

the difference between AVI in the younger and older group was not significant, there was a 

trend towards higher AVI scores in the younger compared to older group (ranksum(23) =

152, 𝑝 = .051).  

5.1.3.3 Identification accuracy results  

Identification accuracy scores (mean and SEM) for the young and old groups when 

responding to consonants and CNC words in the audio-alone, visual-alone, and AV conditions 

are shown in figure 5.5A. Note that the participants’ audio-alone performance was intended to 

be equated to 50% correct consonants or 50% correct phonemes in words using the adaptive 

procedure to derive SNR50%. Therefore, the variance in the audio-alone scores (figure 5.5B) 

in the later testing using a fixed and subject-dependent SNR could be due to learning effects.  
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Both the young and old groups showed higher accuracy in the AV condition than in 

audio-alone and visual-alone conditions, i.e., AV facilitation of performance was observed 

when responding to both consonants and CNC words. No significant difference in mean audio-

alone scores was present between the young and old groups, due to the SNR50% individual 

adjustment procedure. However, 2-sample t-tests (two-tailed) found that young participants 

showed significantly better performance than the old in visual-alone (𝑡(17) = 2.94, 𝑝 = .009) 

and AV conditions (𝑡(25) = 2.95, 𝑝 = .007) in response to consonants but not to CNC words, 

with 𝑡(22) = 0.82, 𝑝 = .419 and 𝑡(26) = 0.77, 𝑝 = .449, respectively. 

 

Figure 5.5: Response accuracy of young and old participants in response to consonants and CNC words in three 

modalities. Panel (a) shows the mean ± SEM of response accuracies of young and old participants in response to 

consonants and CNC words in three modalities. Panel (b): Blue, red, and green dots plot participants’ response 

accuracy in audio-alone (A), visual-alone (V), and AV modalities. Cyan line and magenta dash-dot line plot the 

probability and cue integration model estimated AV response, respectively. Panel (c): AV index (AVI) in the young 

and old participants in response to consonants and CNC words. Blue symbols and bars are the mean and SEM in the 

young and red for the old.  

Figure 5.5B shows individual participant’s scores in the young (left) and old (right) 

groups. For the cue integration model, the left column shows the prediction that best fit the 

actual scores (magenta dash-dot line and green dots). The values of T in the model were derived 

from this best fit to data in the young group. These values of 𝑇 were 1 for consonants and 3 for 

CNC words. These 𝑇 values were then applied to generate the cue-integration prediction for 

the old group in the right column in figure 5.5B. As shown in figure 5.5B, the cue integration 

model prediction (magenta line) fitted the actual AV performance (green dots) of old 

participants well for both the consonants and CNC words, i.e., old participants showed similar 

AV cue integration to young participants.  

To statistically evaluate AV integration, the AVI score was calculated using equation 

(5-6), and individual AVI measures are shown in figure 5.5C. A two-way ANOVA was 

conducted on the AVI values with factors group (young, old) and speech task type (consonants, 

CNC words). However, there were no significant effects of the age (𝐹(1, 27) = 2.53, 𝑝 = .123) 
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or speech task type (𝐹(1, 27) = 1.62, 𝑝 = .214) or the interaction between them (𝐹(1, 27) =

1.12, 𝑝 = .299). In other words, old participants had no different AV integration compared to 

the young in response to either consonants or CNC words.  

5.1.4 Discussion 

This study aimed to examine whether the integration of audio-visual speech cues differs 

between groups of young and old participants. Experiment 1 used the race model to reveal AV 

integration based on reaction time measures during consonant identification tasks in audio-

alone, visual-alone, and AV conditions. Results were consistent with AV integration in both 

young and old participants. However, there was no significant difference in the amount of AV 

integration between the two groups. Experiment 2 used a combination of two models that 

predicted AV identification accuracy in the cases of no and optimal cue integration between the 

two unisensory processes during consonant and word identification tasks. The results found no 

difference in AV integration between old and young participants either when responding to 

consonants or CNC words. The overall results based on both reaction times and identification 

accuracy measures were not consistent with any significant difference in integration of audio-

visual speech cues between the young and old participants  

Consistent with results in the present study, Winneke and Phillips (2011) using speech 

stimuli, did not find any significant difference in AV integration between the young and old 

when performing a word-categorization-reaction-time task. Using open-set CUNY sentences 

and response accuracy measures, Spehar et al. (2008) and Tye-Murray et al. (2010) also found 

no difference in AV integration between the young and old participants when the audio-alone 

performance was equated and when they were responding to clear or easy visual speech. In 

both studies, audio-alone scores were equated by presenting speech sounds at participant-

dependent SNR levels, and AV integration was revealed using the probability model. To 

summarise, the present study and studies discussed above found that when the audio-alone 

identification accuracy of young and old participants was equated, and clear visual cues were 

present, there was no difference in their AV integration when responding to speech, no matter 

whether consonant, word, or sentence stimuli are used. 

In contrast, two studies, both using the probability model alone, have found conditions 

in which old and young people differed in AV integration of speech stimuli. Tye-Murray et al. 

(2010) found poorer AV integration in old participants compared to young when visual cues 

were presented in a hard (unclear) condition. In this visual condition, the older group had 

significantly lower mean visual-alone performance than the younger in this harder condition. 

Differences in the AV integration of speech cues between young and old participants were also 

claimed by Stevenson et al. (2015). When presenting clear visual-alone word stimuli and audio-
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alone words at 4 SNR levels (-18, -12, -6, 0 dB), Stevenson et al. (2015) found that young 

participants had the highest AV integration in the lowest SNR condition (-18 dB SNR), but that 

the older group had the best AV integration at -6 dB SNR. The actual AV integration score was 

also higher in the older compared to younger group at -6 dB SNR. Thus, Stevenson et al. (2015) 

concluded that aging had affected the integration of audio-visual speech cues and deficits of 

AV integration occurred in old participants when understanding word stimuli at low SNR levels 

(noisy conditions). As mentioned in the introduction, Stevenson et al. (2015) did not compare 

the two age groups in conditions where the unimodal scores were equated. In both these studies 

(where conditions were found in which older groups were found to have poorer AV than 

younger groups), the unequal unimodal performance may have produced biases in the degree 

of AV integration calculated by probability model. If this bias occurred, the differences between 

groups may, in reality, be due to the greater effect of noise or obscured vision on speech 

understanding in the older participant and not differences in AV integration.  

The data of Stevenson et al. (2015) can be looked at in a different way, by finding 

separate SNRs for the two groups (Table 2 in that paper) at which unimodal performance is 

approximately equated. For example, the higher AV integration in old participants at -6 dB 

SNR, compared to the young might be partly due to the significantly poorer audio-alone scores 

in the older group (𝑝 < .001). However, audio-alone performance was nearly equal between 

groups when the SNR was -6 dB SNR for the older group (audio-alone scores: 52.6% ± 15.1%) 

and -12 dB SNR for the younger group (audio-alone scores: 58.1% ± 7.5%). Comparing AV 

integration at -6 dB SNR for the young group with that at -12 dB SNR for the old group, results 

in no significant difference ( 𝑝 = .166 ) in AV integration between the groups using the 

probability model (difference between predicted and actual AV scores were 20.0% ± 12.2% in 

the old group and 14.3% ± 15.1% in the young group. In other words, when the audio-alone 

scores of two groups were equated, there was no group differences in the AV integration 

between the young and old groups. 

Equating participants’ unimodal scores or not makes a difference when AV integration 

is revealed using the probability model because the absolute difference between predicted and 

actual AV scores is sensitive to the differences in the unimodal scores. Although the predicted 

AV score is theoretically taken into account the unimodal scores, the absolute difference 

between the predicted and actual scores is dependent of the unimodal scores. To avoid the 

influence of the difference in the measures of unimodal performance on the estimation of AV 

integration, the present study proposed an alternative model by combining the probability 

model and the optimal cue integration model. As this combination scales the difference between 

actual and predicted AV scores by the range between theoretical ‘no integration’ and ‘optimal 

integration’. It is less sensitive to the absolute measures in unimodal conditions. For example, 



 

86 

if there is a very poor performance in one unimodal condition, the predicted AV scores for ‘no’ 

and ‘optimal’ integration would be very close. Therefore a small difference between actual and 

“no integration” AV scores (as in the probability model) would not necessarily equate to poor 

AV integration ability.  

Within the presented study, young and old participants’ performance in the audio-alone 

but not the visual-alone conditions was equated. The visual-alone scores in the young compared 

to old participants were better when responding to consonants and were no different when 

responding to CNC words. There was a tendency that the young group compared to the older 

group, had better but not significantly different AV integration when responding to the 

consonant stimuli but not to CNC words (Figure 5.5). However, using the combination method, 

the effect of the differences in the unimodal scores on the estimations of AV integration was 

reduced. Consistently, no difference in AV integration was observed between the young and 

old when responding to either type of speech stimuli.    

5.1.5 Conclusion 

In the present study, two experiments were conducted, using reaction times and 

identification accuracy measures to investigate the effect of age on participants’ AV integration 

when responding to speech stimuli. The reaction time results using the race model (Miller 

inequality) observed AV integration in both old and young participants but showed no 

significant difference between the two groups. The identification accuracy results when using 

the probability model combined with the cue integration model found that old and young 

participants had comparable AV integration in response to both consonants and CNC words. 

The overall results of this study did not find any significant effect of age on the integration of 

audio-visual speech.  

5.2 Study 2 – fNIRS Measures of Audio-Visual Integration 

Abstract  

In this study, functional near-infrared spectroscopy (fNIRS) data were collected on the 

same young and old participants as in study 1, when responding to A, V, and AV speech stimuli 

using both consonants and CNC words with or without multi-talker babble. For fNIRS, 

evidence of AV integration was measured using the principle of inverse effectiveness (PoIE) 

in two brain regions of interest (ROIs)Whereas the fNIRS results did not observe the PoIE of 

AV integration in either young or old NH listeners. 

5.2.1 Introduction  

Studies also investigated the cortical activity for AV integration in young and old 

participants (Stephen et al., 2010; Winneke & Phillips, 2011). The evidence of AV integration 
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was revealed by applying a particular relation between unimodal and multimodal cortical 

activity such as ‘superadditive’, ‘additive’, or ‘maximum’ rules (see sections 2.3.1). These 

linear rules originated from individual neurons’ responses and were applied to brain activity in 

cortical and subcortical areas (see section 2.3.1). 

Using functional near-infrared spectroscopy (fNIRS), the present study investigated 

brain activity for AV integration in the young and old participants, and AV integration was 

revealed by testing the principle of inverse effectiveness (PoIE, see review in 2.3.2). fNIRS 

data were collected in A, V, and AV conditions in quiet (Q) and with noise (N). To test the 

PoIE, responses differences between AV and A conditions, i.e., ‘AV-A’, were compared 

between noise and quiet, i.e., ‘AV-A N’ vs. ‘AV-A Q’. Testing the PoIE compared to the other 

methods as mentioned above, has the advantage of not assuming any particular relation 

between unimodal and multimodal brain activity but examining the effect of stimulus 

effectiveness on the brain activity instead. Brain activity was measured in a priori region of 

interest (ROI) – left superior temporal sulcus (LSTS) – where the PoIE has been previously 

demonstrated using fMRI in a group of normal hearing listeners (Stevenson & James, 2009). 

As fNIRS has similar measures to fMRI, the present study expected that fNIRS measures would 

reveal the PoIE of AV integration in people who have normal hearing. The present study further 

examined whether fNIRS measures of AV integration differed in the old and young participants 

when responding to speech.  

This study investigated the AV integration by testing the PoIE of fNIRS signals in ROI 

LSTS using both consonants and CNC words. The present study hypothesised that older 

participants would have different AV integration from the younger participants based on both 

behavioural and fNIRS measures. 

5.2.2 Methods 

Twenty-seven participants in study 1 took part in this study (Experiment 3: fNIRS 

measures of AV integration). However, 2 participants were not included due to hair artefacts 

affecting fNIRS data quality. In total, fNIRS data were collected from 25 participants, with 12 

of them in the young group (mean ± SD: 29.2 ± 5.3 years) and 13 of them in the old group 

(mean ± SD: 64.9 ± 7.4 years). fNIRS data collection, data analysis and statistical analysis in 

this study were the described in chapter 4, section 4.4. Except that in chapter 4, there were two 

a priori ROIs, whereas in this study, only one of the a priori ROI was tested as non-significant 

result was found in chapter 4.   

5.2.3 Results  

Figure 5.6 shows the brain activation in ROI LSTS of young (first row) and old (second 

row) participants when responding to consonants (left) and CNC words (right) in V, A, and AV 
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conditions (in the small panels in each quarter). As shown in figure 5.6, when speechreading 

(V condition, the left column in each quarter), both young and old participants had increased 

HbO (red) and decreased HbR (blue) after stimulus onset when responding to both types of 

speech stimuli. These results verified that the ROI LSTS was activated in both young and old 

participants when responding to visual speech stimuli.  

 

Figure 5.6: Group average responses (mean ± SEM) of young and old participants in ROI LSTS when responding 

to consonants (left) and CNC words (right). In each quarter of the figure, from left to right, each column plots V, A 

(quiet and noise), AV (quiet and noise) and ‘AV-A’ (quiet and noise) group average responses. HbO responses in 

the V, A, and AV conditions were plotted in the red and magenta colours, whereas HbR responses are plotted in the 

blue and cyan colours. ‘AV-A’ HbO responses in quiet are plotted in yellow and responses in noise are plotted in 

purple. Black vertical dashed lines plot the onset and offset of stimulation.   

The response differences between A and AV conditions in quiet and with noise were 

then calculated, i.e., ‘AV-A’, when responding to consonants and CNC words. For statistical 

analysis, only ‘AV-A’ HbO responses were used, results are shown in figure 5.6, with ‘AV-A 

Q’(responses in quiet) being plotted in yellow and ‘AV-A N’ (responses in noise) being plotted 

in purple. With the purple responses above the yellow, it suggested that ‘AV-A’ HbO responses 

in noise were larger than ‘AV-A’ HbO responses in quiet, i.e., the PoIE of brain activity in ROI 

LSTS. Pointwise running one-sample t-tests (one-tailed) were conducted on the difference 

between ‘AV-A N’ and AV-A Q’ in each group of participants when responding to two types 

of stimuli, separately, results are shown in figure 5.7. For fNIRS responses that showed above-

unadjusted-threshold t-values with 𝑝 < .05 (magenta horizontal line) within 0 – 20 s after 

stimulus onset, multiple comparison correction method were conducted based on permutation 

tests (Blair & Karniski, 1993). Black horizontal dash-dot lines plot the adjusted t-thresholds 

(𝑝 < .05). Results found that HbO responses in ROI LSTS of young participants had above-

unadjusted-threshold t-values within 12.5 – 16.5 s after stimulus onset when responding to 

consonant stimuli and within 10.0 – 15.1 s after stimulus onset when responding to CNC words 
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(first row, figure 5.7). However, these t-values did not survive the multiple comparison 

correction (t-values below black dash-dot lines), i.e., not showing the PoIE. No significant 

above-threshold t-values were found from the HbO responses in old participants in response to 

either type of speech stimuli. No further comparisons of the AV integration between young and 

old participants were conducted, by using the measures of PoIE.     

 

Figure 5.7: t-values (red) of pointwise running t-tests for the HbO waveforms of ‘AV-A N-Q’ in ROI LSTS of 

young (first row) and old (second row) participants when responding to consonants and CNC words. Magenta and 

black dash-dot lines were the unadjusted and adjusted t-threshold (𝑝 < .05), respectively. Black vertical lines plot 

stimulus offset in a block.  

5.2.4 Discussion 

This study investigated AV integration brain activity in young and old participants by 

testing the PoIE of fNIRS responses in ROI LSTS when responding to speech in noise and quiet. 

However, the fNIRS results did not observe the PoIE of AV integration in either group. The 

possible reasons why the PoIE of AV integration was not observed in the fNIRS data in either 

NH listeners or CI users proposed in chapter 4 (section 4.5), applied to the present study that 

neither the PoIE was observed in the younger NH listeners. These reasons included the 

difficulties of testing the PoIE of AV integration, the limited sample sizes (13 young and 12 

old listeners), and the challenges of using fNIRS to record cortical activity.  

5.3 Conclusion 

In this chapter, two studies (three experiments) were conducted to investigate the effect 

of aging on AV integration in NH participants when responding to speech stimuli, using 

behavioural and fNIRS measures. The response accuracy results (experiment 1) by using the 

probability and the cue integration model, found that old and young participants had 

comparatively optimal AV integration in response to both consonants and CNC words. The RT 

results (experiment 2) by using the race model (Miller inequality) observed AV integration in 

both old and young participants but found no difference between two groups. The fNIRS results 

(experiment 3) by testing the PoIE of AV integration did not observe the PoIE in either group 

of participants. The overall results of the present study did not find any significant effect of 

aging on AV integration in NH participants when performing different speech tasks. 
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6 General Discussion  

The studies presented in this thesis examined the cortical language processing and the 

integration of audio-visual speech cues in experienced CI users after implantation using a non-

invasive imaging technique.  

6.1 The Aims of This Thesis and the Main Findings 

The study in chapter 3 aimed to determine whether speech-evoked cortical activity in 

CI users correlated with auditory speech understanding. The data presented in chapter 3 

represents the first time that fNIRS was used to investigate the cortical activity in experienced 

CI users in response to auditory and visual speech stimuli. The results in chapter 3 found that 

the auditory-stimuli-evoked activation in the left prefrontal and middle superior temporal cortex 

and the right anterior temporal cortex of CI users was not only significantly higher (in the group 

mean values) compared to people who have normal hearing (NH), but also negatively correlated 

with their auditory speech understanding. These results are consistent with a maladaptive 

neuroplasticity in hearing-impaired people in the ventral speech pathways (see figure 2.2), 

which is for semantic processing in NH listeners, to process phonological information. The 

increased phonological processing in CI users could be related to their deteriorated 

phonological processing during the progression of hearing loss and when adapting to the sound 

delivered through the implant.  

The results in chapter 3 also found that the cross-modal activity in the left auditory area 

of CI users was negatively correlated with their auditory speech understanding ability. This 

result is consistent with visual-taken-over auditory cortex for auditory speech processing being 

maladaptive for their auditory outcome in CI users. Similar results had been reported in 

published studies in hearing-impaired people (without CI) using fMRI and in CI participants 

using PET and fNIRS, as reviewed in section 2.2. Though, in previous studies, the visual-take-

over of auditory cortex was often found in the right auditory cortex of post-lingually deaf people 

(Anderson et al., 2017; Finney et al., 2001; Strelnikov et al., 2013), and was reported in one 

study in the left auditory cortex (Chen et al., 2016). The inconsistency between the results in 

chapter 3 and the former three studies might be due to the differences in participants, i.e., 

experienced CI users versus deaf adults (without implant) or newly implanted CI users. Though 

both the study in chapter 3 and Chen et al. (2016) investigated the functional brain changes in 

experienced CI users, only the study in chapter 3 focused on the language processing, whereas 

Chen et al. (2016) used simple object stimuli. In summary, the study in chapter 3 was the first 

time this novel imaging technique – fNIRS – was used to investigate the language processing 
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in experienced CI adults with post-lingual deafness. The results in chapter 3 showed that fNIRS 

could be implemented in clinics to examine the auditory speech understanding of CI users.  

The study in chapter 4 aimed to determine whether the integration ability of audio-

visual speech cues in CI users is different from that in people who have normal hearing, with 

AV integration being quantified based on both behavioural and fNIRS measures. The data 

presented in chapter 4 represents the first time that AV integration in CI users in response to 

speech stimuli was examined using both behavioural and fNIRS measures. The study in chapter 

4 developed and used a way to quantify a person’s AV integration ability behaviourally by 

combining minimum and optimal cue integration models using response accuracy results in 

unimodal and AV conditions. Using this combination method, the results found that CI users 

compared to the similar-aged NH listeners had significantly poorer AV integration ability in 

response to consonants but comparable AV integration in response to CNC words. Using 

reaction time measures and a race model, the results revealed AV integration in both NH 

listeners and CI users but did not observe significant differences between the two groups. Using 

fNIRS measures and speech stimuli, the present study also represents the first time that AV 

integration brain activity in CI users was examined by testing the principle of inverse 

effectiveness. However, the principle of inverse effectiveness was not observed in either CI 

users or NH listeners. The overall results showed that CI users do not have better AV integration 

than similar-aged NH listeners.  

The study carried out in this thesis (chapter 4) improved our understanding of the AV 

integration in experienced CI users and showed that experienced CI users do not have better 

AV integration than similar-aged NH listeners. However, the present study did not examine 

AV integration in newly implanted CI users; thus it was not clear whether AV integration in 

newly implanted CI users differs from that in NH listeners. Using the optimal cue integration 

model as described in the study in chapter 4, Rouger et al. (2007) investigated AV integration 

in CI users both shortly after switch-on and one-year post-op when performing speech tasks. 

Based on the results that CI users at both times of testing showed optimal cue integration and 

NH listeners showed less than optimal integration when listening to vocoded speech (but not 

clear speech), Rouger et al. claimed that CI users had better AV integration than NH listeners. 

However, the less than optimal cue integration in the NH listeners might be just due to their 

unfamiliarity with the vocoded stimulus, thus not being able to use the cues.   

Rouger et al. (2007) found that the speechreading of CI users after implantation was 

significantly higher than that in NH listeners (>35% vs. 9.4% correct in French disyllabic 

words). However, such supernormal speechreading was not observed in the CI users who 

participated in the study in chapter 4, who showed no different speechreading ability from age-

matched NH listeners. Nor was supernormal speechreading observed in a group of experienced 
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CI users in a study of Stropahl and Debener (2017). A possible reason that CI users in this thesis 

and the study of Stropahl and Debener (2017) did not show supernormal speechreading might 

be because after being experienced with the speech sound delivered via the implant, CI users 

reduced their reliance on speechreading compared to when they were newly implanted. 

However, as CI users in Rouger et al.’s study maintained supernormal speechreading ability for 

a year post-op, it suggests that duration of CI use alone does not fully explain the differences 

of speechreading among CI users in studies discussed above. Alternatively, there may have 

been some other characteristic of the CI participants in Rouger et al.’s study that led to them 

having a higher than normal speechreading ability.  

Besides the duration of CI use, another potential factor that might explain why CI users 

in Rouger et al.’s study showed supernormal speechreading ability while CI users in chapter 4 

had comparable speechreading ability with NH listeners, was the effect of age. In Rouger et 

al.’s study, CI users’ age ranged from 19 – 82 (mean 56 years), with no information available 

about the ages of NH listeners. In chapter 4, CI users’ age ranged from 45 – 82 (mean 69 years), 

with a group of similar-aged NH listeners being recruited. If there was a large age difference 

between the two groups in Rouger et al.’s study, and age influences speechreading ability, then 

age differences might explain the difference in speechreading ability. To resolve whether age 

affects speechreading ability, the data in chapter 5 can be examined.  

The study in chapter 5 aimed to determine whether aging affects AV integration in 

people who have normal hearing when responding to speech using both behavioural and fNIRS 

measures. Using the same behavioural and fNIRS measures as chapter 4, chapter 5 examined 

AV integration for speech understanding in groups of young and old NH participants. The 

results in chapter 5 did not show any significant difference between the young and old 

participants in their AV integration either in the response accuracy tests using consonant and 

CNC words or in the reaction time tasks using consonants. The fNIRS results, again, did not 

observe the principle of inverse effectiveness of AV integration in either young or old 

participants. The overall results found no significant effect of aging on AV integration, and old 

participants had comparable AV integration with the young.  

The experiments in chapter 5 found that young NH listeners had significantly better 

speechreading scores than the older participants when identifying closed-set consonants but did 

not perform differently when identifying CNC words. Since Rouger et al.’s study also scored 

identification of whole words (French disyllabic words), a potential difference in age between 

their two groups would not be able to explain the difference in speechreading ability. As the 

age of CI users is associated with other factors, such as deafness history and CI duration, it is 

likely that there is an interaction between these factors or unknown differences between CI 
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users in Rouger et al.’s and the present study, which drives the inconsistency of the results about 

speechreading and AV integration in CI users. 

6.2 Experimental Limitations 

6.2.1 fNIRS Methodology 

Neuroimaging studies have used PET to examine brain activity in CI users and its 

association with their auditory speech understanding ability. However, PET involves ionising 

radiation, and thus is not optimal for repeated imaging within short times. Further, PET is 

expensive and not friendly for longitudinal studies that perform several scanning sessions per 

person. Another neuroimaging technique which has been used a lot to examine cortical activity 

– fMRI, is not compatible with the implanted device in CI users. The research presented in this 

thesis investigated the cortical activity in CI users using a clinically friendly imaging technique 

that is also compatible with the implant. The imaging technique that was used in this thesis – 

fNIRS – depends on the same physiological response as fMRI, i.e., the (de-)oxygenation of 

haemoglobin in the blood flow. Though fNIRS has poorer spatial resolution compared to fMRI, 

it has the advantage of being compatible with the implant and being silent, thus suitable for 

auditory tasks.      

Though advantageous, fNIRS has its own challenges when applied to record cortical 

activity. fNIRS data in this thesis were collected using a continuous-wave fNIRS technique and 

the intensity changes of the continuous NIR light was used to calculate the concentration 

changes rather than the absolute concentrations of the HbO and HbR using the modified Beer-

Lambert law (Villringer et al., 1997). The modified Beer-Lambert law assumes a probabilistic 

pathway for NIR light when transferring from a light emitter to a light detector and applies 

fixed parameters for differential path factors (DPFs) when calculating the concentration 

changes of HbO and HbR. However, Scholkmann et al. (2013) have suggested that DPFs, which 

are affected by participants’ ages and the scalp thickness, vary across subjects and vary across 

different experimental tasks. Thus, using the same values for DPFs for all the participants might 

have introduced experimental noise in HbO and HbR responses results. Future studies that use 

continuous-wave fNIRS to measure HbO and HbR responses should find out how to apply 

different DPFs in individuals accordingly rather than using fixed values.    

The second challenge in fNIRS measurements is to separate the targeted brain activity 

from other factors influencing the blood flow. The calculated HbO and HbR signals consist of 

task-evoked and spontaneous, neural and systemic responses, from the extracerebral and 

cerebral tissues (see chapter 2, section 2.4), but only the task-evoked neural responses in the 

cerebral tissues are of interest. The other response components, if not removed, will reduce 

fNIRS signal quality or cause false “responses” to be seen in the results. To improve data quality, 
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short channels with optimal separation of 8.4 mm, recommended by Brigadoi and Cooper 

(2015), which only measure changes in HbO and HbR in the extracerebral (superficial) tissues, 

can be used to remove those components in channels with longer separation (30 mm).  

The study in chapter 3 was conducted at an early stage of this project and did not use 

any short channels. Instead, a method was used which assumed that neural-activity-related HbO 

and HbR responses have a negative correlation whereas systemic-activity-related HbO and 

HbR changes have a positive correlation (Cui et al., 2010). By maximising the negative 

correlation between HbO and HbR responses, the systemic response components were thus 

removed. However, this method may not be ideal, since there is a time delay between HbO and 

HbR, with the changes of HbR always lagging behind those of HbO (Huppert et al., 2006).  

The studies in chapters 4 and 5 used three short channels with a distance of 13 mm to 

remove the extracerebral responses in two regions of interest (ROIs). These channels were 

designed in-house using the shortest separation possible between the optodes of our system. 

However, the distance of our short channels might not have been short enough (with an optimal 

distance for adults being 8.4 mm), and could, therefore, have potentially measured responses 

from both extracerebral and cerebral tissues. In that case, subtracting short-channel response 

components from longer channels may result in task-evoked-neural activity being subtracted, 

thus reducing the size of the measured cortical response. Further, since the extracerebral 

response might vary in different locations, the position of the short-channel should be as close 

as possible to the long channel from which the extracerebral response is to be eliminated. 

Ideally, each long channel should be paired with 2 short channels, with one located close to the 

light source and one close to the light detector. This requirement was not practical or feasible 

for studies in this thesis. However, Sato et al. (2016) found that a GLM method combining a 

minimum of 4 short channels (15 mm) was efficient enough to remove the extracerebral 

responses in the motor area during a finger-tapping or verbal fluency task. In chapters 4 and 5, 

a Kalman filter method (Gagnon et al., 2012; Gagnon et al., 2011) was used to remove short-

channel components by using responses in all three short channels. However, due to the 

relatively far distances between the short and longer channels, the short-channel subtraction 

method might not have removed all the extracerebral physiology changes, resulting in potential 

false “responses” in the results.   

Up to now, there is no gold-standard procedure for fNIRS signal processing and 

different methods have been proposed aiming to deal with physical and physiological noise in 

fNIRS data. For pre-processing, when every long channel is paired with at least one nearby 

short channel, a short-channel subtraction method as proposed by Saager et al. (2005) seems to 

be optimal. This method computes the correlations between the attenuation of light intensities 

– measures in continuous-wave fNIRS – in short and longer channels and then subtracts the 
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short-channel components from longer channels. This short-channel subtraction method is 

straightforward, as when each pair of short and longer channels are close enough, the measured 

extracerebral components will be from the same local brain areas. Some studies (Gagnon et al., 

2014; Hueber et al., 1999) have used dual short channels – one close to the light source and one 

close to the detector, aiming to regress out the extracerebral responses near both the light source 

and detector.  

After subtracting short-channel components and calculating the haemodynamic 

responses in the longer channels, an autoregressive-model-based iterative-weighted-least-

square GLM method proposed by Barker et al. (2013) could be used. Differing from an ordinary 

GLM method, this method uses an autoregressive-based pre-whitening procedure to remove 

the coloured physiological noise and motion artefacts in fNIRS data, the existence of which 

conflict with the fundamental rules for using GLM methods (Huppert, 2016). Compared to 

different pre-whitening, pre-colouring or regression methods, the combination a pre-whitening 

and autoregression method (Barker et al., 2013) has the best performance in improving fNIRS 

signal quality and is not sensitive to the noises in the data (Huppert, 2016). A combination of 

the short channel subtraction method by Saager and Berger (2005) and the signal processing 

method by Barker et al. (2013) will hopefully improve fNIRS data processing in future 

experiments.          

To summarise, the fNIRS technique is still under development, and good fNIRS data 

quality is essential if fNIRS is to be used as a clinical tool to examine the speech understanding 

of CI users or to predict the auditory speech understanding for CI candidates. First, improved 

signal pre-processing methods are needed to remove the physical and physiological noises. 

Secondly, the short-channel subtraction method needs to be optimised, by reducing the short-

channel distance and putting the short channels as close as possible to the a priori ROIs in a 

study, and by improving the efficacy of the subtraction (or regression) method.  

6.2.2 Models to reveal AV integration: behavioural and neuroimaging 

measures 

Minimum and optimal cue integration  

To reveal AV integration using response accuracy measures in this thesis (chapter 4), 

a probability model (no integration) and a cue integration model (optimal integration) were 

combined. AV integration was quantified as the difference between participants’ and the 

probability model predicted scores, divided by the difference between two model predictions. 

However, the probability model prediction of AV performance might not necessarily accurately 

represent ‘no integration’. The probability model (see equation (4-1)) estimates the probability 

of making a correct response in AV condition by assuming that an error in AV condition could 
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be made only when errors are made in both audio-alone and visual-alone conditions. However, 

this assumption does not take into account that an error can still occur in AV condition even 

when only one of the unimodal parts was perceived correctly. In other words, when one of the 

decisions in two unimodal components is correct and the other is wrong, a decision in AV 

condition does not always follow the correct one but may follow the wrong one. This theory 

may explain why the AV performance of some participants was lower than the probability 

model predictions or less than zero AVI in some participants (see figure 4.2). 

Further, the difference between participants’ and the probability model prediction is 

sensitive to participants’ performance in two unimodal conditions. By using the combination 

method proposed in this study, the difference was scaled and the effect of the difference in 

unimodal scores on the measures of AV integration was reduced.             

Principle of inverse effectiveness of AV brain activity  

To reveal brain activity associated with AV integration using fNIRS measures, the 

principle of inverse effectiveness was tested in chapters 4 and 5 by comparing the responses 

differences between AV and audio-alone conditions, i.e., ‘AV-A’ responses. Speech sounds 

were presented in noise and quiet, with visual cues always being clear. According to the 

principle of inverse effectiveness, a higher integration of auditory and visual cues is expected 

when speech sounds are presented in noise (low effectiveness) compare to when speech sounds 

are presented in quiet (high effectiveness). Thus, ‘AV-A’ responses in noise would be greater 

than ‘AV-A’ responses in quiet. Testing the principle of inverse effectiveness has the advantage 

of not assuming any particular relation (see section 2.3.2), such as superadditive or additive, 

between multimodal and unimodal responses. Further, the principle of inverse effectiveness 

was examined when individual stimuli were of different effectiveness levels, rather than by 

comparing multimodal and unimodal responses to the same stimuli in each condition. Thus, it 

avoids the no-stim (resting-state) baseline issue that faces the use of superadditive or additive 

rules, when stimuli at only one level were used and AV integration was revealed by calculating 

‘AV + baseline’ – ‘A+V’ responses (see section 2.3.2). 

The studies in chapters 4 and 5, however, failed to show the principle of inverse 

effectiveness in fNIRS data. One possible reason is that the calculation of the principle of 

inverse effectiveness was derived from fNIRS responses in AV and audio-alone conditions at 

two effectiveness levels, resulting in experimental errors in four fNIRS measures being 

summed up and the signal quality being reduced. Due to the variance in the data, consisting of 

both the within and across subject variance, and experimental errors, the principle of inverse 

effectiveness was thus not observed in fNIRS results in chapters 4 and 5. The variances in the 

fNIRS measures when examining the principle of inverse effectiveness can be reduced by 
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increasing the repeatings of blocks/sessions of data recording in each condition. The statistical 

power can be increased by increasing the number of subjects.  

Another reason that might lead to no principle of inverse effectiveness of AV 

integration being observed in chapters 4 and 5 was the large effective size of ROIs in fNIRS 

studies, as shown in figure 4.6. Due to the restricted localisation of fNIRS channel positions on 

the head and registration of channel positions to brain cortex (figure 2.5), fNIRS measures in 

this thesis were always calculated from ROIs rather than from individual channels. In chapters 

4 and 5, each a priori ROI consisted of 4 channels, resulting in responses in much a larger brain 

region being measured and averaged, compared to that in a fMRI study (Stevenson & James, 

2009) that showed the principle of inverse effectiveness of AV integration in NH listeners. The 

oversized ROIs might further reduce the SNR in the fNIRS data, thus causing no the principle 

of inverse effectiveness to be observed. To reduce the size of an ROI, the localisation of channel 

positions on the head and the registration of channel positions to the cortex are to improve.  

6.3 Future Considerations 

6.3.1 Visual cross-modal activity in CI users  

Using fNIRS, the study in chapter 3 examined auditory cross-modal activity, i.e., 

response in auditory cortex for visual speech processing in CI users for visual speech 

understanding and its correlation with CI users’ auditory speech understanding ability. 

However, little is known about the visual cross-modal activity, i.e., response in visual cortex 

for auditory speech processing. Recently published fNIRS studies (Chen et al., 2017; Chen et 

al., 2016) examined cross-modal activity and cross-modal functional connectivity in CI users 

when responding to visually presented checkboard stimuli and auditorily presented speech 

(words). Chen et al. (2016) found that a stronger visual cross-modal (activation of the visual 

cortex by auditory stimuli) activity in CI users correlated with a better auditory speech 

understanding. Chen et al. (2017) found that CI users compared to NH listeners, showed higher 

functional connectivity between the bilateral visual areas and the left auditory cortex, but lower 

functional connectivity between the visual areas and the right auditory cortex. These results 

suggest that there may be a strong influence of visual cross-modal activity in CI users on their 

auditory speech understanding and a relation between auditory and visual cross-modal activity. 

However, as both studies used checkboard stimuli, little is known about whether the same 

influences arise in CI users during visual speech processing. It is of further interest to know if 

a combination of auditory cross-modal activity and visual cross-modal activity in CI users when 

responding to speech predicts their auditory speech understanding better than when using just 

one type of cross-modal activity.  
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6.3.2 From experienced CI users to pre-implanted CI candidates 

The study in chapter 3 examined the cortical activity evoked by auditory and visual 

speech stimuli in post-lingually deafened CI users who had used their implanted device for 

more than 12 months. The results showed that fNIRS can reveal cortical plasticity in CI users 

that is correlated with their auditory speech understanding. A similar method using fNIRS can 

be applied to investigate the cortical activity evoked by speechreading in pre-implant CI 

candidates and CI users within the first several months post-op. It will be of great importance 

for clinical implementation if fNIRS measures of auditory cross-modal activity (auditory cortex 

activated by visual stimuli) in pre-implant CI candidates are predictive of their post-

implantation auditory recovery. Thus, fNIRS measures would provide evidence for CI 

candidates about how much they will benefit from their implant.  

Studies using fMRI and PET have investigated cortical activity in pre-implant CI 

candidates either when speechreading (Lazard et al., 2010; Lazard et al., 2013; Strelnikov et al., 

2013) or during resting state (Strelnikov et al., 2013). Results in those studies have shown that 

cortical activity in pre-implant CI candidates is predictive of their post-implantation auditory 

recovery. Since fNIRS and fMRI are both measures of blood oxygenation and or deoxygenation, 

it is reasonable to expect that similar results can be achieved using fNIRS compared to those in 

fMRI studies. Also, according to results in a previous PET study (Rouger et al., 2012), it is 

likely that fNIRS measures can reveal the ongoing changes of auditory cross-modal activity in 

CI users within the first 12 months post-op, which may be correlated with improvements of 

auditory speech understanding. 

The studies in this thesis used behavioural and fNIRS measures to examine AV 

integration in speech identification tasks in experienced CI users who had used their implant 

for some years. No difference in AV integration between CI users and similar-aged NH listeners 

was observed. However, few studies (e.g., Strelnikov et al. (2015)) have investigated AV 

integration brain activity in newly implanted CI users when responding to speech. Little is 

known about AV integration in newly implanted CI users who have not yet adapted to the 

auditory input through their implanted device and may still rely heavily on speechreading for 

communication. It is of interest to know whether AV integration in CI users changes with the 

improvement of their auditory speech understanding over time after implantation. 

6.4 Conclusions 

Studies presented in this thesis, using a novel brain imaging technique – fNIRS – 

examined cortical language processing in CI users. Experiments were designed by integrating 

knowledge from multisensory neuroscience and psychophysics to understand why there is such 

variance in auditory speech understanding among CI users and whether they have altered 
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integration ability of audio-visual speech cues. Results in this thesis showed that the novel 

imaging technique – fNIRS – might be suitable to implement in clinics to examine why auditory 

speech understanding varies among CI users.  

This thesis investigated the cortical language in experienced CI users using a non-

invasive imaging technique – fNIRS, and contributed knowledge about why experienced CI 

adults differ in their speech recognition ability. Results were consistent with the maladaptive 

functional changes that had previously been reported in post-lingually deafend adults (without 

implant) and newly implanted CI users for auditory speech understanding ability using imaging 

techniques that were not suitable for regular clinical use in CI population. This thesis also makes 

an advance in the way that multisensory abilities can be measured behaviourally, by combining 

models of optimal and minimum integration. Using this new method, and the race model, the 

experiments found that there was no significant difference between experienced CI users and 

people who have normal hearing in the integration of audio-visual speech cues. Neither was 

there a significant effect of aging on AV integration.  

The overall results from the three studies in this thesis suggested that there was variance 

in the auditory speech understanding among experienced CI users associated with deafness-

related brain functional changes. However, when their auditory performance was equated, CI 

users showed integration of audio-visual speech cues that was no different to that of normal-

hearing listeners. With future research, fNIRS technology shows great promise for clinical 

management applications in audiology clinics. 
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