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Introduction 

Introduction 

This thesis explores the cognitive mechanisms underlying speech perception from a 
comparative perspective between species and thereby aims to contribute knowledge about 
language specific mechanisms. Furthermore, this thesis concerns studies on audiovisual 
integration of speech and humans’ neural default network of speech perception.  

General introduction to language 

Language allows humans to communicate about abstract constructs, past, future and absent 
matters. By producing speech, we transfer complex ideas and mental concepts into acoustic 
patterns. Listeners in turn have the daunting task to reconstruct the ‘message’ that the 
speaker tried to convey from the linguistic representation, ignoring for example differences 
in dialects, vague pronunciations and bad articulations. We can recognize words and the 
smallest sound units, called phonemes, and the consonants and vowels they are built up 
from. Furthermore, we are able to recognize a speaker even when his or her face is not visible 
(e.g., during a telephone conversation) or when we are in a noisy environment where 
multiple persons are talking, for example at a cocktail party. 

Given the central role of language in our daily life combined with our close relationship to 
animals, humans have been intrigued by the question what makes our way of 
communication different from that of animals. While non-human animals have species-
specific ways to communicate as well, only human language has such a complexity on 
different levels, like syntax and semantics. Even after extensive training, our closest relatives 
in the animal kingdom and often considered to be the most ‘intelligent’ animals (1), 
chimpanzees (Pan troglodytes), are unable to learn a language while all human infants have 
the innate ability to learn a language based on relatively little input from the surrounding (2-
6).  

Researchers with backgrounds in animal behavior, evolutionary biology, neuroscience, 
genetics, linguistics and anthropology have been questioning what is so special about human 
language and how human language arose. Some scholars hypothesized that language is a 
task- and species-specific module in the human mind. Language evolved as a spandrel, or a 
by-product of selection for other abilities, most importantly tool making (7, 8). On the 
contrary, other scholars stated that language relies on such complex mechanisms that it 
could not have evolved out of nothing. Pinker and Bloom (1990) stated that language meets 
the criteria for natural selection, since its complex design for some functions (e.g., grammar) 
and the absence of alternative processes capable of explaining such complexity. They argued 
that language gradually evolved by a neo-Darwinian process (9). 

Currently, most researchers agree that production and perception of language is not based 
on a single cognitive skill but on a set of different abilities that together form the language 
faculty (10-12). Assuming that these skills evolved, how did that happen? Given the lack of 
archeological records of (spoken) language, we cannot directly study how language evolved. 
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Hence, evolutionary biologists conduct empirical studies on different species whose last 
common ancestor with humans is ancient, in order to search for evidence of evolutionary 
convergence. In the case of studies on language evolution, we can investigate whether some 
of these different cognitive skills, essential for language processing, are existing in non-
human animals. Based on an overview of present skills in current living species, we can 
indirectly gain some insight in the skills that might have been present in early hominids.  

In the next sections, I will elaborate on one of these skills, namely speech perception, and its 
underlying cognitive mechanisms in humans and some evidence of similar abilities in 
animals.  

Multidimensional speech perception 

Speech is a multidimensional signal that contains information about the linguistic content 
and about the speaker. One remarkable skill is that humans can simultaneously process 
words (the ‘what’) and speaker identity (the ‘who’) from the speech signal. For example, we 
can focus on either the vowel or speaker sex (hereafter referred to as voice gender as it is 
most commonly used in the literature) of the speech sound. Moreover, we can recognize the 
same words spoken by different speakers and we recognize a speakers’ voice in different 
utterances. Infants can recognize multiple (familiar) voices after three months of age (13) 
and they can discriminate phonemes between three to six months of age (14-16). These 
studies indicate the relationship between phoneme and voice recognition and they show the 
importance of these abilities for language. 

While speech and speaker recognition seem to be tailored to speech perception by humans, 
multiple researchers showed that several species can be taught to discriminate human 
speech sounds. More revealingly, some animals, including some bird species, rodents and 
primates can generalize to new untrained sounds, which suggests that they can form 
categories of human speech sounds, e.g., based on consonants or vowels, like humans do 
(e.g., (17-22)). For example, zebra finches (Taeniopygia guttata), a songbird species, were 
able to maintain vowel discrimination when the trained syllables were spoken by new 
speakers of the same sex and also new speakers of the other sex (18). Possibly, the birds are 
not paying attention to speaker identity at all and simple focus on the syllables. These results 
raised the question to what extent birds can discriminate speech sounds on different sound 
dimensions.  

Sound stimuli that differ in voice gender and vowel, instead of consonants, are a useful 
model system to investigate this question given that fundamental frequency, for humans the 
defining sound parameter for voice gender identification, is more prominent in vowels than 
in consonants (23). Results from earlier studies, described in the previous paragraph, raised 
the question how humans and non-human animals solve these type of categorization tasks. 
Are they using the same mechanisms in these tasks? And are they using the same sound 
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parameters for their categorization? In this thesis, I will add to the topic of speech perception 
with comparative studies in humans and a songbird species.  

Perceptual categorization 

Speech perception is relying on several cognitive mechanisms, including auditory 
categorization (e.g., (24)), speaker normalization (25) and speaker recognition. Together, 
these cognitive mechanisms facilitate both first language acquisition in infants (16) and 
second language acquisition in adults (14, 26).  

Categorization occurs in all perceptual domains and it describes the partitioning of input 
from the environment into smaller, more manageable sets, by condensing and filtering the 
input (27, 28). Without perceptual categorization, each object or sound would be perceived 
as unique. However, we are able to treat non-identical stimuli in a similar way by categorizing 
on one shared dimension and reacting similar to them (29). In other words, categorization 
involves discrimination between categories and generalization within a category. 
Categorization requires fast and accurate generalization and is critical for survival since 
diverse sensory stimuli could indicate a predator, prey or a mate (30-33).  

Studies on how animals perceive and categorize (visual) stimuli form an important body of 
work in the field of animal cognition. Visual categorization of pictures, e.g., based on natural 
sceneries versus conspecifics, or based on shape or directionality of lines, has been 
demonstrated for different bird species (see for an overview (29)), primates (34, 35) and 
dogs (36).  

Like visual categorization, auditory categorization implies mapping of these stimuli (sounds) 
to an (auditory) category in a multidimensional space (37, 38). Auditory categorization based 
on frequency modulations has been demonstrated in rodents such as rats (39) and 
Mongolian gerbils (Meriones unguiculatus) (40). More ecologically relevant, starlings 
(Sturnus vulgaris) are able to categorize their conspecific songs based on motifs (the small 
stereotyped note clusters that are the core elements of their complex songs) (41) and zebra 
finches can categorize song notes from one category (e.g., short-slide notes) and song notes 
from three other categories (e.g., slide, flat and combination notes) (42, 43). Based on these 
results, researchers concluded that songbirds seem to perceive categories in an open-ended 
manner (42, 44).  

These auditory categorization abilities are remarkable since categories may overlap and 
variability within categories may be high (45, 46). For human speech, an example of such 
overlapping categorizations is that for vowel and voice gender. Phonetic categorization 
enables humans to categorize sounds as being a particular phoneme (the units that 
distinguish one word from another, e.g., /ba/ and /da/ or /w*I*t/ and /wεt/). For phonetic 
categorization, within-category generalization relies on speaker normalization, which refers 
to the phenomenon that listeners are able to recognize words spoken by different talkers 
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despite acoustic variability across speakers (25, 47). For example, we are able to recognize 
the word /w*I*t/, whether it is spoken by a male or a female.  

However, humans are also able to attend to these speaker differences. We can recognize 
differences in voices based on age, gender and socio-linguistic background. In an auditory-
only context, for example during a telephone conversation, humans can identify a speaker 
based on his or her voice, and the ability to quickly categorize the speakers’ gender is crucial 
in this process (48-51).  

It is yet unknown whether vowel and gender categorization that humans can apply to the 
same speech sounds, is specific for language or if it is a more general auditory mechanism. 
When there are similarities in speech categorization between humans and non-human 
animals, this would point towards shared mechanisms that might have been prevalent in our 
common ancestor. Which species can tell us something about whether these types of 
categorization are human specific or relying on common auditory mechanisms? In the next 
two sections, I will discuss which species have been studied in the context of perceptual 
abilities and which species we choose to study and why.  

Animal communication & vocal learning 

Obviously, it is only for humans a prerequisite to discriminate and categorize speech sounds. 
Animals have never been in need to process humanlike speech sounds or recognize voices 
(52). Nevertheless, there are similarities between humans and animals with respect to sound 
perception. Multiple species, including chimpanzees, can hear perfectly well within the 
frequency range of human speech (roughly between 80 Hz to 8 kHz) (53). However, primates 
do not learn their calls and they have a small vocal repertoire.  

Oppositely, species with acquired vocalizations are exposed to a variety of their conspecifics 
vocalizations and they need to be able to recognize them. Producing and perceiving 
vocalizations requires multiple cognitive abilities. One of the most crucial aspects of vocal 
communication is called vocal learning: the ability to adjust one’s own vocalizations by 
reference to the vocalizations of conspecifics (54). Because it involves memorization and 
imitation of the auditory tutor, vocal learning can be described as sensory motor skill (54). 
For humans, this skill allows us to learn the words of our native language based on exposure 
to spoken language (55).  

Though there might be a more gradual difference, researchers worked on a classification of 
non-vocal learning and vocal learning species (56). Vocal learning has evolved convergently 
in humans, songbirds (57), parrots (58), hummingbirds (59), also other multiple non-human 
species including bats (60), cetaceans (whales, dolphins) (61), pinnipeds (seals, sea lions and 
walruses) (62) and elephants (63).  

12



Introduction 

Especially studies on vocal learning in songbirds and humans revealed striking similarities: 
just like human infants, birds learn their vocalization from adults, they start with imitating 
and go through a babbling phase and based on auditory feedback, they shape their 
vocalization (64). Both humans and songbirds show increased sensitivity in higher frequency 
regions between approximately 1 and 4 kHz (21). 

A couple of resemblances between human language and songs by birds were already 
observed and written down by Charles Darwin in 1871:  

“The sounds uttered by birds offer in several respects the nearest analogy to language, for 
all the members of the same species utter the same instinctive cries expressive of their 
emotions; and all kinds that have the power of singing exert this power instinctively” (Darwin 
1871, The decent of man, p. 55).  

In line with Darwin’s theory of sexual selection, bird song has historically been considered 
almost exclusively present in males. However, recent studies showed that female birdsong 
is present in multiple (tropical) species and female birds sang in the common ancestor of 
modern songbirds (65). Therefore, social or natural selection processes could possibly better 
explain the evolution of song in both sexes.  

Like human language, birdsong consists of complex structured vocalizations that are rapidly 
produced. Receivers have to be able to quickly process the vocalizations and in some cases 
they learn the meaning of a vocalization (comprehension learning) (66). Therefore, it is not 
unlikely that vocal learning birds can process vocalizations in a similar fashion as humans do, 
and if they do, this could point towards more general auditory mechanisms shared between 
humans and non-human animals.  

The shared ability of vocal learning was one of the reasons to further investigate perceptual 
processing of sound signals in other species. To certain extent, (artificial) grammar learning 
(67), and skills related to musicality, such as prosodic perception (68) and rhythm perception 
(for a review on pulse perception see (69),for a theory on beat perception see (70), and for 
iambic and trochaic perception see (71)) are elements of language that can be found in birds 
as well. 

Multiple cognitive skills, including vocal learning, make up the faculty of language that can 
be divided in mechanisms in the ‘Faculty of language in the narrow sense’ (FLN) and the 
‘Faculty of language in the broad sense’ (FLB) (12). A crucial and most discussed part of the 
theory is about the aspects of language that are uniquely human and thereby belong to the 
FLN. The FLB contains all mechanisms required for language, including vocal learning, speech 
perception, grammar learning and understanding intentions. As mentioned above, some 
animals showed to be able to have some of these mechanisms as well. Therefore, Hauser et 
al. (2002) proposed that shared mechanisms most likely did not evolve specifically for 
language (12). They suggested that they have been present in a pre-linguistic state, providing 
the foundation for a possible proto-language.  
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Bird brain 

These similarities in cognitive skills and behavior bring into question what the underlying 
neural mechanisms are. Vertebrate brains show similar embryonic development, which lead 
to a brain consisting of a forebrain (prosencephalon), midbrain (mesencephalon) and 
hindbrain (rhombencephalon). The rhombencephalon grows into metencephalon 
(cerebellum) and myelencephalon and the forebrain further develops into diencephalon 
(thalamus) and telencephalon. The latter is the largest part of the mammalian brain. The 
dorsal part of the telencephalon, or pallium, develops into cerebral cortex, and the ventral 
part, sub-pallium, develops into the basal ganglia. While for a long time, it was thought that 
birds had ‘simpler’ brains (with larger basal ganglia but no cerebral cortex), it became 
recently clear that the avian telencephalon is very similar in neurobiology and functionality 
to the mammalian cerebral cortex (72). Parrots, hummingbirds and songbirds have seven 
similar but not identical cerebral vocal nuclei distributed into a posterior and anterior 
pathway (73). The neural density in (frontal) areas is much higher in brains of corvids and 
parrots compared with primates or other mammals and birds (74).  

Although avian and mammalian brains look very different, the underlying circuitry can 
facilitate more complex cognition than previously thought. Combined with current 
knowledge about their ability to perceive and discriminate different vocalizations, songbirds 
are a relevant group to investigate for comparative studies on speech perception.  

Speech discrimination by different species 

In the last decades, multiple researchers have used human(like) speech sounds in 
comparative studies on both vocal learners and non-vocal learners to examine the possibility 
of an independently evolved mechanism that is specific to their own vocalizations (52). 
Several species including Japanese quail (Coturnix japonica) (17), pigeons and blackbirds 
(75), rats (Rattus norvegicus) (76), cats (77), budgerigars (Melopsittacus undulatus) (78), 
baboons (Papio anubis) (79), chinchillas (Chinchilla lanigera) (19), Japanese macaques 
(Macaca fuscata) (20), ferrets (Mustela putorius) (80, 81), European starlings (Sturnus 
vulgaris) (82), and zebra finches (18, 21, 22, 52) can discriminate speech sounds in a similar 
way as humans do. While a couple of studies showed that birds can categorize speech sounds 
based on vowels (18, 21), it is unclear yet whether animals can also categorize for gender, 
the other relevant dimension. Therefore, we conducted a comparative study on humans and 
zebra finches using four different categorization tasks (CHAPTER 2).  

In these categorization tasks, we used the same speech morphs that were based on four 
original audio recordings of a male and female speaker saying two words that only differed 
in vowel (‘wet’ versus ‘wit’). The subjects were trained to categorize four training sounds 
based on vowel or gender (two unidimensional tasks) or a combination of both, either 
separated by a conjunction rule or an integrative manner (two multidimensional tasks) (all 
between subjects). After reaching learning criterion, the subjects were presented with new 
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(non-reinforced) test sounds. Both learning speed and categorization of the new test sounds 
were examined. By using these four different tasks, we could investigate which cognitive 
mechanisms (rule-based learning, exemplar-based learning and information integration) are 
related to the subjects’ approach. These cognitive mechanisms are discussed below.  

Mechanisms used in categorization tasks 

A typical approach to test categorization is a training-test design: first, the subject is trained 
to assign stimuli in two categories, then the subject is presented with new unfamiliar stimuli 
that need to be assigned again to these two categories. How can subjects solve a 
categorization task? In the next section, I will discuss relevant psychological literature about 
possible underlying cognitive mechanisms.  

Prototype learning, rule-based learning, or information-integration are cognitive 
mechanisms that may underlie such categorization (32, 33, 37, 83-87). These three learning 
mechanisms differ from exemplar-based memorization, in which sounds from the training 
set are simply memorized and the response to new items is based on the similarity to any of 
the trained stimuli. This can be seen as a nonanalytic way of learning (85). With prototype 
learning, some features of training sounds belonging to the same category are ‘averaged’ to 
form a prototype. The response to new stimuli depends on the characteristics shared with 
the category prototypes. Rule-based learning involves learning a one-dimensional rule 
(vowel or gender) or conjunction rule (e.g., press left if stimulus is ‘0’ on dimension x and ‘1’ 
on dimension y (‘01’) versus press right if stimulus is ‘1’ on dimension x and ‘0’ on dimension 
y (‘10’)) (32). Here, the subjects identify the dimension or combination of dimensions on 
which stimuli can be distinguished. This analytical approach results in learning a rule that 
humans can describe verbally. This will lead to optimal categorization if, for example, the 
pitch of a sound is above or below a certain value (33). Information-integration concerns an 
implicit mechanism that is used when only the integration of two or more dimensions 
enables correct classification (45, 88, 89). Previous studies on visual and auditory 
categorization showed that humans use a rule-based mechanism, when possible (45, 85, 86, 
90).  

Therefore, we hypothesized that humans will use a rule-based approach in the 
categorization tasks. They will struggle with situations wherein they cannot apply a rule, such 
as the two-dimensional tasks. This could be reflected in learning speed during training phase 
and generalization in the test phase. For birds, the predictions were different: if they actually 
learn a rule during training, as expected based on earlier results (18), they might also have 
more difficulty with the two-dimensional than the one-dimensional tasks. Alternatively, if 
zebra finches are purely relying on exemplar-based categorization, it may not matter if the 
training sounds vary in one or two dimensions, so performances in test is expected to be 
similar for all four tasks. 
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Perception of timbre 

Given the similarities between humans and non-human animals with respect to phonetic 
discrimination and categorization based on consonants and vowels, the question arose 
whether these animals use the same sound parameters as humans for these discriminations. 
For humans, vowel categorization is driven by differences in formants of speech sounds, 
characterized by different amplitude peaks in the harmonic spectrum, that together result 
in the spectral envelope or timbre of the vowel (81). Formants are created by vocal tract 
resonances. The vocal tract acts as a filter that enhances certain harmonics, the formants, 
which contributes to the perceived timbre (91). Vowels have usually four distinguishable 
formants, referred to as F1, F2, F3 and F4, with F1 having the lowest frequency and F4 the 
highest frequency. Variation in formant frequencies between speakers, gender and language 
has been reported in the literature (e.g., (92, 93)).   

As such, formants are not restricted to human vocalizations, and formant-related timbre 
perception plays a role in the discrimination of animal vocalizations (55, 81, 94-97), probably 
because they are a reliable cue for body size. Also, several species, including Asian elephants 
(Elephas maximus) and gray seals (Halichoerus grypus), are able to modify the formant in 
their vocalizations in (98, 99).    

Several studies demonstrated that animals can also selectively pay attention to formants in 
speech, e.g., Japanese macaques and Sykes monkeys (Cercopithecus albogularis) attend 
more to F1 than F2 (100), birds attend more to F2/F3 (21), which could also be driven by 
formant extraction. As mentioned before, songbirds can discriminate vowels spoken by 
different speakers (18). More recently, Bregman et al. (2016) demonstrated that European 
starling are able to generalize their melody recognition in absence of pitch as long as the 
spectral envelope of the sound is preserved (101). Extending this line of thought, birds might 
also be able to discriminate vowels by extracting the spectral envelope. This remains to be 
investigated.  

Pitch perception 

Gender categorization is mostly driven by sex differences in pitch, which are related to 
differences in the fundamental frequency (f0; the human analogue of pitch) and its harmonic 
spectrum (24, 102). The larynx produces a source sound, which consists of periodic vibrations 
of the vocal folds at a certain fundamental frequency (f0), perceptually referred to as the 
‘pitch’ (91). A typical adult male voice has a fundamental frequency of 120 Hz, and a typical 
adult female voice has a fundamental frequency of 210 Hz, although there are slight 
variations across languages and age (103, 104).  

In language and music, humans are known to perceive relative pitch. We can hear the 
relationship or intervals between successive sound elements to recognize and discriminate 
sound sequences (105). In other words, humans rely more on the processing of the melodic 
contour (pitch goes up or down) rather than precise intervals between pitch contrasts. In 
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music perception, we can recognize a familiar melody when all notes are shifted similarly up 
or down in pitch (106). In speech perception, the ability of relative pitch perception facilitates 
presumably intonation perception, in which meaning can be transferred by a pitch pattern 
(e.g., a rise in pitch that indicates that the sentence is a question in many languages), even 
though the absolute pitches of different speakers vary substantially (106). Newborns can 
already recognize the pitch contour of their mothers native language (107) and their cry 
melody is shaped by their mothers native language (108). Infants of six months old have the 
ability to perceive relative pitch, thus it does not require extensive experience or training to 
develop (109).  

On the other hand, very few people, between one and five out of every 10,000,  encode pitch 
mainly in absolute terms (109). Absolute pitch perception is the capacity to distinguish 
different pitches without an external referent (110). Absolute pitch processors might thus in 
essence categorize based on the isolated pitch of each sound.  

Although it is currently debated in the literature, there used to be a pretty clear distinction 
on non-human species between absolute and relative pitch processors. While previous 
studies demonstrated relative pitch perception in several mammalian species, including 
Japanese macaques (111), macaques (112) and ferrets (113, 114), and rats (115), songbirds 
seem to attend primarily to the absolute pitch of sound stimuli to make their perceptual 
decisions (116). Based on these results, combined with a cross-species mammal comparison, 
Weisman hypothesized that there is a general difference in processing of absolute and 
relative pitch between mammals (including humans, rats, and ferrets) and songbirds (115). 

Another comparative species study indicated that three songbirds species, budgerigars, 
zebra finches and starlings, are all able to discriminate between speakers, although they 
were all more sensitive to the acoustic differences among vowel categories than among 
speakers (117). More recently, researchers demonstrated that starlings are able to 
categorize pitch-shifted conspecific songs, including songs that were shifted outside the 
frequency range of the trained songs (105). Bregman et al. (2012) suggested that the 
observed generalization across frequency-shifted songs reflects the birds’ ability to detect 
spectro-temporal changes over time independent of absolute frequency. However, the birds 
could not generalize for piano-tones that were manipulated in the same way. Taken these 
results together: Assuming that the birds are absolute pitch processors, so these birds cannot 
attend to pitch differences, how would the birds then be able to make the discrimination 
between the frequency-shifted songs? In line with timbre processing, it still remains to be 
investigated.  

How to study timbre and pitch perception in birds? 

To study if birds are perceptually sensitive to the same parameters (timbre and pitch) that 
humans use for vowel and gender categorization, vowel-like sounds varying in pitch are an 
ideal type of stimuli to use. We can study whether birds can categorize on either timbre or 
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pitch, while ignoring the other parameter, when we create and use artificial harmonically 
structured vowel-like sounds. 

In CHAPTER 3, we describe a set of behavioral experiments on zebra finches. In these 
experiments, we used artificial harmonic sounds with one amplified frequency band 
(reflecting the very basic structure of a vowel). We trained the birds to either discriminate a 
set of six sounds based on pitch or timbre. After reaching criterion, the birds were presented 
in the test phase with new sounds that either had only information about the pitch (a source 
sound without any amplified frequency bands) or timbre (vocoded versions of the training 
sounds).  

If the zebra finches extracted the relevant cue (pitch or timbre) from the training sounds, we 
expected them to generalize to those new test sounds that share that cue. In case they 
simply remember the trained sounds (exemplars), they will show little generalization to test 
sounds. As in CHAPTER 2, the birds might accomplish these tasks via different cognitive 
mechanisms. In theory, if birds can discriminate new sounds based on the relevant cue (pitch 
or timbre), this would suggest that birds can learn and apply a rule. However, we will not 
focus on the underlying cognitive mechanisms in CHAPTER 3.   

Audiovisual integration of speech 

In the previous sections, I focused on language in audio-only situations. However, in daily 
life, humans are constantly exposed to different types of sensory information. No single 
modality is powerful enough to be perceived and act accurately under all conditions (118) 
and, by default, we combine or integrate sensory information to make sense of the world. 
In some cases, one type of sensory information is weighted more heavily than another. For 
example, in darkness, auditory and tactile information might supplant visual information 
(119).  

When humans speak, their face moves and deforms the mouth and other facial areas (120, 
121). In natural face-to-face conversations, listeners are thus exposed to visual information 
from speakers’ face (facial features) (122). Researchers debated whether face-voice 
integration happens at a supra-modal stage (123, 124) or directly using reciprocal 
interactions between sensory areas (125-127). In less than half a second, audiovisual 
integration processes are initiated that support perception of the emotional state of the 
speaker (128, 129), the speaker’s biological sex (130), and the phonetic detail of the spoken 
input (131-136).  

Recognizing intermodal relations between faces and voices is crucial for the acquisition of 
linguistic, social, and emotional skills (137). Several studies on infants stressed the 
importance of face-voice integration for the development of communicative abilities. Young 
infants are able to recognize matching faces and voice on the basis of phonetic information 
around 4.5 months (137-139) and on the basis of gender information between 6-8 months 
(137, 140).  
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A multisensory phenomenon as seeing a speaker’s face can help decoding the spoken 
message, for example in a noisy environment (141) and it can facilitate person recognition 
(123, 124). One famous example of audiovisual integration in the speech domain is the 
McGurk effect, that describes how seeing a speaker producing a different phoneme (/ga/) 
than the speech sound that is actually played back to the listener (/ba/) can induce 
perceptual illusions hearing /da/ (142). 

Aftereffects 

In order to disentangle the contribution of two perceptual components, e.g., the auditory 
and visual component, to the participants’ perception, a large body of work in cognitive and 
experimental psychology has been focused on aftereffects. Aftereffects are delayed effects 
that can reveal behavioral changes after the presentation of a certain stimulus type. In the 
visual domain, several perceptual aftereffects have been demonstrated with different types 
of stimuli for, e.g., color, curvature (143), size (144), motion (145, 146) and face (147) 
perception. In the auditory domain, Eimas and Corbit (1973) demonstrated that participants 
shifted their phonetic boundary for different consonants after repeated auditory exposure. 
For example, hearing /ba/ many times reduces subsequently /ba/ responses on a /ba/-/da/ 
test continuum (148).  

The introduction of this paradigm let to a discussion about the nature of selective speech 
adaptation. Does it take place at an acoustic or phonetic level of processing? Eimas and 
Corbit originally proposed that selective adaption reflected neural fatigue of the so called 
‘linguistic feature detectors’ (148). Other researchers proposed that this effect was caused 
by a shift in criterion or response bias (149-151) or a combination of both mechanisms (152). 

Robert and Summerfield (1981) stated that it may not be possible to disentangle the acoustic 
and phonetic components of the adaptation process by the use of purely acoustical stimuli. 
Therefore, they set up the first study on aftereffects of audiovisual speech. Inspired by the 
audiovisual stimuli and the design from McGurk and MacDonald (1976) and the study by 
Eimas and Corbit (1973), they came up with a new design to study whether selective speech 
adaptation takes place at a phonetic level or acoustic processing level (142, 148, 153). They 
created audiovisual congruent adapters (a canonical auditory /b/ combined with a video of 
lip-read /b/, hereafter: AbVb) and audiovisual incongruent adapters (auditory /b/ combined 
with a video of lip-read /g/, hereafter: AbVg), that were meant to be perceived, in line with 
the McGurk and MacDonald study, as /d/. Subjects had to categorize the stimuli as /b/ or 
/d/. Both after exposure to the congruent adapters (AbVb) and to the incongruent AbVg, 
participants showed fewer /b/ responses. So even though the two adapters were clearly 
different and also perceived differently, the selective speech adaptation effect depended on 
the acoustical stimulus, and not lip-read information.  

In the latter study and many succeeding studies, an artificial conflict between two modalities 
is created for an event that should be congruent under normal circumstances. More 
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specifically, subjects were only presented with incongruent stimuli, in this case being a 
complete mismatch between visual and auditory information, that humans will not 
encounter outside the laboratory. In real life, there may well be an incongruency between 
what is seen and heard, but only because one of the two signals is unclear, degraded or 
ambiguous. In these cases, humans seem to flexibly adjust their perception and 
categorization based on the clearest and thereby most informative modality.  

Bertelson et al. (2003) were the first to show that exposure to a slightly more natural event 
that required adaptation (ambiguous audio combined with video) could affect the 
perception of a participant in a following test phase. On first sight, investigation of these 
flexible and adjustable effects do not seem to contribute to knowledge about fundamental 
aspects of perception that remain constant across individuals, cultures, and time (154). On 
the other hand, rather than examining acoustic invariants, it might be valuable to investigate 
whether and how listeners adjust their phoneme boundaries to deal with more realistic 
variation they hear. 

Therefore, Bertelson and colleagues created video stimuli with ambiguous spoken vowels 
(A?Vb and A?Vd), that were generated by morphing /aba/ to /ada/. During the experiment, 
participants were exposed to eight repetitions of the video A?Vb or A?Vd and afterwards, 
they had to categorize six test sounds (A? and the two closest neighbors on the sound 
continuum: A?-1 and A?+1). The participants gave more /b/-responses to ambiguous test 
sounds halfway between /aba/-/ada/ (for example A?) if the ambiguous sound was 
previously combined with lip-read /b/. They learned to categorize the ambiguous sound in 
accordance with the lip-read information (in this case the most informative modality). 
Participants recalibrated their speech sound categories, and therefore, the authors called 
this learning effect recalibration. Crucially, participants responded with more /d/-responses 
to the same ambiguous test sounds after exposure to lip-read /b/ combined with the natural 
/b/-sound (selective adaptation).  

A number of studies have incorporated selective speech adaptation and audiovisual 
recalibration in a within-subject design, as originally presented by Bertelson et al. (2003), 
and these studies demonstrated recalibration for consonants (155-161) and emotional affect 
(162). Audiovisual recalibration was found to be ear-specific (163) and it has a spatial 
gradient (effects are strongest when exposure and test stimuli are presented on the same 
ear/side) (160). While selective adaptation can occur in non-speech mode (listening to sine-
wave speech while not being informed that speech can be heard), recalibration only occurs 
when the participant is in speech-mode (listening to sine-wave speech while being informed 
that speech can be heard) (157). Furthermore, recalibration effects last shorter than 
selective adaptation effects, suggesting that recalibration is subtle and fragile (156, 158). To 
conclude, these results indicate that selective speech adaptation and recalibration rely on 
different mechanisms.  
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More recent studies investigated the neural mechanisms underlying audiovisual 
recalibration (164, 165). However, to what extent these integrative learning effects are 
domain specific or relying more on general learning mechanisms is unknown yet. A design 
that combines experiments on aftereffects in different domains could reveal more about the 
nature of the underlying mechanisms. Multidimensional speech sounds that differ with 
respect to, e.g., vowel and speaker, are useful stimuli material to study to what extent 
humans recalibrate their categories for the same stimuli based on different speech 
dimensions. A recent paper that presented some evidence for vowel recalibration also 
strengthen our idea (166). How does previous audiovisual exposure affect the categorization 
of subsequently presented speech stimuli based on different dimensions? Are individuals 
strong or weak ‘recalibrators’ in all domains? To answer these questions, we conducted 
behavioral studies on humans using audiovisual exposure stimuli and audio-only test stimuli 
based on recordings of male and female speakers. To assess aftereffects for vowel, 
participants were exposed to videos of a male or female speaker pronouncing /e/ (in the 
context of beek) or /ø/ (in the context of beuk) that were paired with a natural beek or beuk 
audio recording (to induce selective adaptation), or with a morphed ambiguous vowel (to 
induce recalibration). To assess aftereffects for gender, participants were exposed to videos 
of a male or female speaker pronouncing /e/ (in the context of beek) or /ø/ (in the context 
of beuk) that were paired with a canonical male or female voice (to induce selective 
adaptation), or with a morphed ambiguous (androgynous) voice (to induce recalibration) 
(CHAPTER 4).  

If recalibration is taking place for both speech dimensions, the after-effects will be 
measurable in vowel and voice gender recalibration tasks. This would provide more evidence 
for the idea that recalibration may rely on a general, domain-independent learning 
mechanism (167).  

Underlying neural mechanisms of speech categorization 

Further evidence for specialized mechanisms for phonetic - and speaker perception and their 
interplay can be found in the human brain. The foundations for cognitive neuropsychological 
studies on this topic were established by the French surgeon Paul Broca and the Prussian 
psychiatrist Carl Wernicke, who were the first to discover brain areas involved in speech-
comprehension (Wernicke’s area) and speech production (Broca’s area)  (for an overview 
see e.g., (168)). Since then, the classical language models have been updated extensively but 
the concepts of Broca and Wernicke still resonate in the current work. While the focus of 
CHAPTER 5 is on human neuroimaging studies, there are relevant imaging studies imaging of 
vocalization and voice preferring regions in nonhuman animals that demonstrated 
homologous neural processes (73, 169-171).  

Multiple early 2000s neuroimaging studies have demonstrated that ‘early auditory’ areas in 
the superior temporal cortex, including Heschl’s gyrus (HG), superior temporal sulcus (STS) 
and superior temporal gyrus (STG), are more activated by listening to speech sounds than to 

21



Chapter 1 

non-speech noise or pseudo-speech (172-174). Furthermore, studies provided insight in the 
cortical organization of speech processing, with respect to phonetics (172, 173, 175) (see for 
review (176)) and voices (177-179).   

Especially temporal regions in left hemisphere, including the left middle/anterior STS, are 
more related to phonetic perception (172, 173, 175, 180, 181).  Furthermore, voice gender 
processing seems to rely more on a right hemisphere dominated network, including voice-
sensitive areas in the anterior, middle and posterior superior temporal sulcus (STS) (177, 
182-184).

A major research question in neuroscience relates to how and where in the brain abstract 
and categorical representations of speech sounds are housed (180). Researchers 
investigated with fMRI, electrocorticography (ECoG) and magnetoencephalography (MEG) 
which brain regions are involved in (conscious) categorization of speech sounds (185, 186). 
Using fMRI, others investigated which brain regions are tuned to spectro-temporal 
modulation of (speech-like) sounds (187, 188).  

In daily life, we are not constantly aware of the speech sound categorizations we make. It is 
an unconscious process that automatically occurs when we are exposed to speech sounds. 
So far, it is unknown whether early auditory areas are only involved in acoustic processing of 
multidimensional speech sounds (that differ in vowel and gender) or whether these areas 
are involved in the categorization process. Can we unravel neural correlates of phonetic and 
speaker perception and categorization when people are listening to multidimensional 
speech sounds in an unrelated auditory task? Are early auditory areas involved in speech 
categorization? To what extent are early auditory areas involved in acoustic, behavioral and 
categorical processes, required for vowel and speaker categorization? To answer these 
questions, we conducted a fast-event related fMRI study on human participants (CHAPTER 
5).  

We used a large set of morphed speech sounds, based on four audio recordings of two 
vowels from two different speakers (male and female) (same as in CHAPTER 3, /e/ and /ø/, 
but now only the isolated vowel). The subjects had to detect longer catch trials during the 
scan session, in order to avoid a task-effect or interference of other cognitive processes. In 
a post-scan task, the participants also provided a perceptual assessment of the same speech 
stimuli, which implied a vowel and voice gender categorization task. 

Based on previous studies, we expected bilateral activation in areas in the superior temporal 
plane, including HG (189), and adjacent auditory association areas, including planum 
temporale (PT), planum polare (PP) and STG (174, 177). All these brain areas are also found 
to be responsive to spectro-temporal sound properties (188, 190). We modelled BOLD 
responses to speech stimuli as reflecting 1) continuous acoustic properties (acoustical 
model), 2) vowel and speaker category (categorical model), or 3) participants’ behavioral 
responses during the post-scan task (behavioral model).  
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If the representations as measured by activation patterns can be better explained by the 
acoustic properties of the sounds, we can conclude that early auditory areas are mostly 
involved in acoustic processing of the speech sounds. If the representations as measured by 
activation patterns can be better explained by the behavioral responses to the sounds 
and/or the category of the sound, we can conclude that early auditory areas are also involved 
in the categorization of speech sounds.  

Thesis outline 

In this thesis, I will present studies on A) cognitive mechanisms underlying the perception of 
multidimensional speech including similarities and differences between humans and animals 
(here the songbird species zebra finch) (CHAPTER 2) B) sound parameters used by zebra 
finches in vowel and gender categorization (CHAPTER 3) C) multimodal perception of 
audiovisual speech by humans (CHAPTER 4) D) the underlying neural mechanisms of 
multidimensional speech perception in humans (CHAPTER 5). In all studies, sound stimuli 
were multidimensional speech sounds (either artificial or morphed), containing information 
about vowel and gender identity. 
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Chapter 2 

Abstract 

Speech sound categorization in birds seems in many ways comparable to that by humans, 
but it is unclear what mechanisms underlie such categorization. To examine this, we 
trained zebra finches and humans to discriminate two pairs of edited speech sounds that 
varied either along one dimension (vowel or speaker sex) or along two dimensions (vowel 
and speaker sex). Sounds could be memorized individually, or categorized based on one 
dimension or by integrating or combining both dimensions. Once training was completed, 
we tested generalization to new speech sounds that were either more extreme, more 
ambiguous (i.e., close to the category boundary), or within-category intermediate between 
the trained sounds. Both humans and zebra finches learned the one-dimensional stimulus-
response mappings faster than the two-dimensional mappings. Humans performed higher 
on the trained, extreme and within-category intermediate test-sounds than on the 
ambiguous ones. Some individual birds also did so, but most performed higher on the 
trained exemplars than on the extreme, within-category intermediate and ambiguous test-
sounds. These results suggest that humans rely on rule learning to form categories and 
show poor performance when they cannot apply a rule. Birds rely mostly on exemplar-
based memory with weak evidence for rule learning.  

Keywords 

Categorization – speech perception – comparative cognition – songbirds – zebra finch – 
human   
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Introduction 

Many studies have demonstrated that non-human animals (hereafter: animals) can be 
taught to discriminate human speech sounds. For example, speech discrimination in 
Japanese quail (1), pigeons and blackbirds (2), rats (3), cats, monkeys (4), budgerigars (5), 
ferrets (6), baboons (7), chinchillas and macaques (8, 9) seems in many ways comparable to 
that of humans with respect to forming speech sound categories. Recent studies 
demonstrated that also zebra finches can discriminate isolated vowels and natural or 
synthetic syllables that differ in vowel (10-12). Furthermore, the birds were able to 
maintain this discrimination when the syllables were pronounced by new speakers of the 
same sex or the other sex, which reveals the ability to generalize perceptually learned 
sounds to other speakers (10, 11). However, what type of cognitive mechanisms underlie 
this discrimination and generalization and to what extent zebra finches can show 
categorization is yet unknown. Comparative studies can reveal more about the cognitive 
mechanisms used by birds and humans (13). Here, we compare speech sound 
categorization of zebra finches and humans using two one-dimensional stimulus-response 
(SR) mappings in which subjects had to discriminate either ‘wet’ from ‘wit’ or male from 
female speakers, and two two-dimensional SR-mappings in which subjects were required 
to use both dimensions. After subjects had learned to accurately categorize the trained 
sounds, we tested generalization to more and less extreme versions of the stimuli. 
Different theories on the mechanisms underlying categorization predict differences in 
learning speed between one- and two-dimensional mappings as well as in generalization to 
novel stimuli (14-17).   

Auditory categorization is a cognitive mechanism crucial for speech perception (18-21), 
facilitating both first language acquisition in infants (22) and second language acquisition in 
adults (23, 24). It allows humans to categorize sounds as being a particular vowel or from a 
male or female speaker. Categorization involves within-category generalization and 
between-category discrimination. Categorization also implies mapping of these sounds to 
an auditory category in a multidimensional space (18, 25). This mechanism is remarkable 
since categories may overlap and variability within categories may be high (21, 26). An 
example of such overlapping categorizations is that for vowel and speaker sex. Both vowel 
categorization and speaker sex categorization (often described as gender categorization) 
have been demonstrated in humans (20, 21, 27-29). Vowel perception requires both 
speaker normalization and categorization based on segmental information, mostly 
determined by the ratio between the two lowest formant frequencies: F1/F2 (30-32). For 
categorization based on speaker sex, human listeners mostly rely on the pitch 
(fundamental frequency - F0) (27, 28). Whether and how birds can categorize speech 
sounds by speaker sex is, to the best of our knowledge, unknown. 

The formation of human vowel categories is affected by learning (23). The exposure to 
individual sounds results in an abstract representation beyond the exemplars. Different 
mechanisms may underlie such categorization, such as prototype learning, rule-based 
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learning, or information-integration (14, 15, 17, 18, 33-36). Such learning mechanisms 
contrast with exemplar-based memorization, in which sounds in a stimulus set are 
discriminated based on learning the individual training-stimuli. This can be seen as a 
nonanalytic way of learning (15). Generalization to new sounds is then based on the 
similarity to any of the trained stimuli. With prototype learning, some features of training 
sounds belonging to the same category are ‘averaged’ to form a prototype. The response 
to new stimuli depends on the characteristics shared with the category prototypes. Rule-
based learning involves the learning of a one-dimensional rule (vowel or speaker sex) or 
conjunction rule (e.g. press left if stimulus is ‘0’ on dimension x and ‘1’ on dimension y 
(‘01’) vs. press right if stimulus is ‘1’ on dimension x and ‘0’ on dimension y (‘10’)) (33). 
Here, the subjects identify the dimension or combination of dimensions on which stimuli 
can be distinguished. This analytical learning results in learning a rule that humans can 
describe verbally. This will lead to optimal categorization if, for example, the pitch of a 
sound is above or below a certain value (14). Information-integration concerns an implicit 
mechanism that is used when only the integration of two or more dimensions enables 
correct classification (21, 37, 38). Previous studies on visual and auditory categorization 
showed that humans use a rule-based mechanism, when possible (15, 17, 21, 39). 

In the current study, we examined the occurrence of processes resulting in category-level 
knowledge for both humans and zebra finches. We used a 2-alternative forced-choice (2-
AFC) task to compare performance on four different speech sound mappings. In one-
dimensional mappings, subjects were trained to categorize four training sounds either 
based on vowel or speaker sex. In addition, there were two two-dimensional mappings, 
which required the use of both dimensions to classify the stimuli. In one of these mappings, 
the optimal boundary was diagonal, therefore we used the descriptive term diagonal 
mapping (experiment 2) (40). Here, category formation is possible by integrating both 
dimensions. The other two-dimensional mapping, an exclusive-or (XOR) mapping (16, 17, 
40, 41), also required the combination of vowel and speaker sex, but there is no straight 
forward rule that could define categories, and subjects had to remember that male wit and 
female wet were one category, and female wit and male wet the other (experiment 3) 
(Figure 1). Training continued until criterion was reached. In a subsequent test phase, we 
examined categorization of the trained sounds by examining generalization to new test-
sounds that were either further away from the hypothetical category boundary (extreme 
test-sounds), closer to the category boundary (ambiguous test-sounds), or in-between the 
trained sounds (within-category intermediate test-sounds).  

We expected humans to have no difficulty with one-dimensional mappings as these may fit 
already fine-tuned categories for vowels and for speaker sex (21). Furthermore, we 
expected generalization to new test-sounds to depend on the distance of these sounds 
from the category boundary (Figure 1). When the categories are well established, the 
extreme and within-category intermediate test-sounds should be easy to categorize 
because they are away from the boundary, whereas the ambiguous test-sounds may be 
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harder to categorize because they are close to the boundary. Although zebra finches 
showed that acoustic differences between different vowels can be more salient than the 
differences between same vowels produced by different (male) speakers (42), zebra 
finches obviously do not already possess the human categories for vowels and speaker sex. 
As a result, they might learn to respond to individual training stimuli by exemplar-based 
memorization. However, during training they might discover acoustical similarities 
between stimuli and hence also categorize these in a rule-based way. If they use exemplar-
based memorization, we then expected performance at test to be best on the trained 
sounds; generalization to new sounds should depend on the acoustical distance from the 
trained sounds (Figure 1). A previous study that demonstrated vowel categorization in 
European starlings suggests that extensive training on dense vowel distributions with many 
exemplars is a prerequisite for category learning (43). However, recent studies suggested 
that zebra finches might acquire categories during training on a small set of stimuli (10, 11). 
If this is rule-based, then zebra finches’ performance in the test phase should show a 
human-like pattern of generalization: high performance on the trained, extreme and 
within-category intermediate test-sounds, but low performance on the ambiguous ones. 

In the two-dimensional SR-mappings, subjects were trained to categorize the four training 
sounds along two dimensions rather than one. We expected humans to have more 
difficulty learning and maintaining these two-dimensional mappings than the one-
dimensional mappings (39), in particular for the XOR mapping for which the categories are 
heterogeneous and allow no generalization. If zebra finches are able to acquire similar 
dimensions during training to humans, then they might also have more difficulty with the 
two-dimensional than one-dimensional mappings. Alternatively, if zebra finches are purely 
relying on exemplar-based categorization, it may not matter if the training sounds vary in 
one or two dimensions, so performances in test is expected to be similar for all four 
mappings. 
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Figure 1. The panels display a stimulus matrix in which the vowel continuum is represented on the X-
axis, from wet to wit from left to right, and the speaker sex continuum is represented on the Y-axis, 
from female to male from top to bottom. The distances from the hypothetical category boundary 
(dashed line) to the trained sounds (Tr), the more extreme (Ext) and more ambiguous (Amb) test-
sounds are represented with arrows. If a subject uses exemplar memorization, it will perform best on 
Tr during the test. If a subject forms categories, generalization to new test-sounds may depend on 
the distance of these sounds from the category boundary, but one might expect similar responses to 
Tr, intermediate (Int) and Ext stimuli and possibly a lesser response to Amb. Left panel – example of a 
one-dimensional mapping (the wet-wit distinction). Right panel – example of a diagonal mapping. 
Grey boxes on the dotted lines represent sounds (between categories) not used for the analyses 
described here. 

Methods 

1. Subjects

Birds We used thirty-six adult zebra finches (Taeniopygia guttata) (18 males, 18 females) 
from the Leiden University breeding colony. All birds were between 120 and 563 days post 
hatching at the start of the experiment. Prior to the experiment, birds were housed in 
single-sex groups of no more than fifteen animals and they were kept on a 13.5 L:10.5 D 
schedule at 20-22 degrees Celsius. The birds always had access to a seed mixture (42% 
yellow millet, 22% canary seed, 16% yellow panis, 12% white millet, 6% red millet and 2% 
red panis). Twice a week, the birds received some egg food (mashed boiled eggs) and 
vegetables and fruits (grated carrots and apple). During the experiment, drinking water, 
cuttlebone, and grit were available ad libitum. The birds had no previous experience with 
similar behavioral experiments. All animal procedures were approved by the Leiden 
Committee for animal experimentation (DEC) (DEC number 14178). 
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Humans Sixty students from Tilburg University (39 women, 21 men) with mean age of 21 
(standard deviation (SD) = 3 years) participated after having given written informed 
consent. Participants reported normal hearing and were naïve to sounds used in the 
experiment and research question. All participants received course credits for 
participation. The study was conducted in accordance with the ethical standards of the 
2013 Declaration of Helsinki.  

2. Apparatus

Birds Zebra finches were individually housed in an operant conditioning chamber 
(Skinnerbox) (70 (l) x 30 (d) x 45 (h) cm), constructed of wire mesh front and side walls and 
a foamed PVC back wall. The cage was placed in a sound-attenuated chamber. A 
fluorescent lamp (Phillips Master TL-D 90 DeLuxe 18W/ 965, The Netherlands) served as 
the light source and was placed on top of the Skinnerbox. The same light/dark schedule as 
in the breeding colony was applied. The back wall of the cage contained three horizontally 
aligned grey round pecking keys (hereafter: sensors) with a red LED light at the top of each 
sensor. Sound stimuli were played at approximately 70 dB (SPL meter, RION NL 15, RION) 
through a speaker (Vifa MG10SD09–08) 1 meter above the cage. The three pecking 
sensors, the fluorescent lamp, the food hatch and speaker were connected to an operant 
conditioning controller that also registered all sensor pecks of the bird (Figure S1 in 
supplemental material). Pecking the middle sensor elicited a sound stimulus and 
illuminated the LED light of the left and right sensor. Depending on the sound, the bird had 
to the peck left or right sensor. A correct response resulted in access to food for eight to 
ten seconds and an incorrect response led to one to fifteen seconds darkness depending on 
the experimental phase.  

Humans The experiment took place in a dimly lit sound-attenuated room. Instructions were 
presented on a 19-in monitor positioned at eye-level, 70 cm from the participant’s head. 
The sound was presented through Sennheiser HD-203 headphones with a peak intensity of 
60 dB. The participant responded by pressing one of two buttons on a response box 
standing in front of the monitor. 

3. Stimuli
We created three versions for all sounds in the stimulus matrix in Figure 1 (hereafter:
stimulus matrices). In order to create the three stimulus matrices of morphed speech
sounds, recordings of wet and wit from six speakers (three male, three female) from an
earlier study were selected (10). The sound wet was pronounced as wet in General
American English (the open-middle front unrounded vowel in /wεt/ in International
Phonetic Alphabet (IPA)) and wit was pronounced as wit in General American English (the
near-close near-front unrounded vowel in /w*I*t/ in IPA). The vowels were chosen based
on canonical Dutch F1/F2 values for each sex (44). Three stimulus matrices were
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constructed with Tandem-STRAIGHT (45, 46), each based on four different natural speech 
recordings: wet and wit spoken by one male and wet and wit spoken by one female. All 
recordings were selected based on little noise and few fluctuations in the formant 
frequencies and for each stimulus matrix, recordings were matched based on duration and 
formants.  

Stimulus creation started by creating two male–female continua, one for wet and the other 
for wit. From these two male-female morphs, the vowel morphs were constructed 
following the same procedure. Discriminability of the morphed sounds to humans was 
tested in a pilot study (N=7). Based on Spearman-Karber curves for all individuals, a step-
size of 14% on the wet-wit continuum and a step-size of 10% on the female-male 
continuum were chosen in order to balance the salience on both dimensions. Sounds on 
the wet-wit continuum went from 8% to 92%, and sounds on the male-female continuum 
were going from 20% to 80%. We excluded natural end-points in order to keep the acoustic 
manipulation for all sounds the same. Four training-stimuli (Table S1 and Figure S2-4 in 
supplemental material) and twelve test-stimuli, including more extreme and more 
ambiguous test-sounds were used for all experiments (Figure 2).  

Figure 2. All subjects were trained to categorize four training sounds (Tr1, Tr2, Tr3, and Tr4 for the 
vowel-, speaker sex - or XOR-mapping, and Tr5, Tr6, Tr7 and Tr8 for the diagonal mapping) into two 
categories. All sounds come from the same set of stimuli but are labelled differently for the vowel-, 
speaker sex- and XOR mapping vs. the diagonal mapping. Upon reaching criterion they were tested 
on non-reinforced trained and test sounds. Left panel – The sound labelling for subjects assigned to 
the vowel-, speaker sex – or XOR-mapping. The within-category intermediate sounds for the vowel 
mapping (Int) and for the speaker sex mapping (Int). Right panel – The sound labelling for subject 
assigned to the diagonal mapping.  
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4. Design
The subjects were randomly assigned to one of the different mappings (mapping was
between-subjects). Every mapping was completed by fifteen humans and nine birds. Per
mapping, each of the three versions of the stimulus matrix was used for five humans and
for three birds.

5. Procedure
All subjects were trained to categorize four training sounds into two categories. Upon
reaching criterion, they were tested on the trained and non-reinforced test-sounds. In the
vowel mapping, Tr1 and Tr3 (Figure 2, left panel) were assigned to one category and Tr2
and Tr4 to the other category (Tr1-Tr3 vs. Tr2-Tr4). In the speaker sex mapping, Tr1 and Tr2
were assigned to one category and Tr3 and Tr4 to the other category (Tr1-Tr2 vs. Tr3-Tr4).
In the XOR mapping, Tr1 and Tr4 were assigned to one category, and Tr2 and Tr3 to the
other category (Tr1-Tr4 vs. Tr2-Tr3). In the diagonal mapping (Figure 2, right panel), Tr5
and Tr7 were assigned to one category and Tr6 and Tr8 to the other category (Tr5-Tr7 vs.
Tr6-Tr8).

Birds - At the start of the experiment, every animal was physically examined to allow 
monitoring of welfare. During the experiment, the birds were closely monitored. If, for 
some reason, a bird had not been able to obtain food for 18 hours, the food hatch opened 
automatically. Each experiment consisted of a shaping, a training, a transition and a test 
phase.  

Prior to the experiment, the bird needed to acclimate to the cage and learn where to find 
food. The food-hatch was open and the three LEDs on the pecking sensors were switched 
on. After a few hours up to overnight, the shaping phase was started by closing the food-
hatch. During the first shaping phase, the bird had to learn to peck all three sensors. 
Pecking the middle sensor elicited one of the two unfamiliar zebra finch songs (song A of 
58 msec. or song B of 94 msec.), pecking the left sensor or right sensor elicited song A 
respectively song B and led to opening of the food-hatch for ten seconds. Birds that did not 
start pecking spontaneously were trained in sessions by flickering the LEDs on the sensors. 
Once the bird started pecking all sensors, the second shaping phase was started. In this 
phase, the bird had to learn to initiate its own trial by pecking the middle sensor first and 
then respond to the played sound by pecking the left or right sensor. When song A was 
played, pecking the left sensor resulted in food access whereas pecking the right sensor 
resulted in a pre-set time of darkness and vice versa for song B. The birds had a response 
time of 25 seconds and a trial ended automatically in case the bird did not respond within 
this time window. An initial darkness of one second built up to three seconds and 
ultimately fifteen seconds darkness and eight seconds food access time. The inter-trial 
interval was two seconds.  
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For every day, the discrimination between the stimuli by each bird was calculated as the 
proportion of correct responses out of all sounds that birds responded to. After three days 
performing at > 0.75, the bird was transferred to the training phase, during which the bird 
was trained on four training-sounds (Tr1-to-Tr4, or Tr5-to-Tr8) according to the relevant 
SR-schema the bird was assigned to.  

After a bird had learned to associate the four training sounds to the correct sensor (overall 
discrimination score > 0.75, and a score of > 0.60 for each sensor for three consecutive 
days), the bird was transferred to the transition phase, during which these four stimuli 
were not reinforced in 20% of the trials for one day. By doing so, the bird was prepared for 
the test phase. During the test phase, twelve new sounds (other morphs out of the same 
stimuli set) were introduced. Test-sounds were never reinforced and were randomly 
interspersed between training sounds. Of all trials, 20% were test-sounds and 80% were 
training sounds. After 40 repeats of all test-sounds, the experiment was finished and the 
bird was returned to the aviary.  

Humans - The human participants were instructed to sort the sounds into two different 
groups. They were left naïve to the relevant SR-assignment. The experiment consisted of 
three phases: a familiarization phase, a training phase, and a test phase. In the 
familiarization phase, all four training sounds were played two times in random order in 
order to familiarize subjects with the sounds. Hereafter, the training phase followed 
wherein the participants learned to assign the four training sounds into two categories 
based on visual feedback (‘correct’ and ‘incorrect’) after each response. In the training 
phase, all four training sounds were repeated five times (twenty sounds per training block) 
in a random order at 100% reinforcement. The participants were promoted to the next 
phase if accuracy was on average > 0.75 and > 0.60 per category. If the participant did not 
reach the criteria, the block was repeated until a maximum of fifteen blocks (300 trials).  
The test phase consisted of four blocks of 80 non-reinforced trials each (five x four training 
sounds and five x twelve new speech sounds in a random order). After each block, the four 
training sounds were all two times randomly repeated and reinforced. In a short post-
experimental questionnaire, humans were asked to explain how they sorted the sounds.  

6. Analyses
Both for humans and zebra finches, the response data was recorded as binomial
measurements (number of left (‘0’) and right (‘1’) responses). For both species, a
proportion ‘correct’ for the different sound types was calculated by taking the average
scores of the proportion of correct responses to a particular sound type on each side of the
midline between the differentially reinforced stimuli (e.g. taking the average of the
proportion of correct pecks to ‘extreme wit’ and proportion of correct rejections to
‘extreme wet’ for the vowel test). For the birds, the proportions correct for the trained
sounds included non-reinforced trials only.
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Training We measured the number of training trials (birds) or training-blocks (humans) 
required before reaching the overall proportion correct of > 0.75 as well as discrimination 
for both left and right of > 0.60 on three consecutive days (birds) or one training-block 
(humans). For both species, the distribution for the number of training trials or training-
blocks of the four different experimental conditions were checked for normality. Because 
the data sets were not normally distributed, we submitted both datasets (humans and 
birds seperately) to separate Kruskal-Wallis tests, wherein mapping type was the fixed 
factor. In order to test whether subjects learned one-dimensional mappings (vowel and 
speaker sex combined) faster than two-dimensional mappings (diagonal and XOR 
combined), we ran a separate GLM/ Mann-Whitney test wherein dimensionality was the 
fixed factor.  

Test For the analysis of each experimental condition, we calculated the proportion of 
correct responses per sound type, i.e. for each group of trained, extreme, ambiguous and 
within-category intermediate sounds (Figure 2). For each sound type, distributions of all 
proportions correct were checked for normality. For the one-dimensional mappings, the 
proportion correct for the four extreme sounds, four trained sounds, four ambiguous 
sounds and the two within-category intermediate sounds (Figure 2 left) were submitted to 
two separate 2 (species: human/bird) × 4 (sound type: trained, extreme, ambiguous, 
within-category intermediate) ANOVA’s. For the diagonal mappings, the proportion correct 
for the four extreme sounds, four trained sounds and four within-category intermediate 
sounds (Figure 2 right) were submitted to a 2 (species: human/bird) × 3 (sound type: 
trained, extreme, within-category intermediate) ANOVA.  
For the XOR mappings, the proportion correct for the four extreme sounds, four trained 
sounds and four ambiguous sounds (Figure 2 left) were submitted to a 2 (species: 
human/bird) × 3 (sound type: trained, extreme, ambiguous) ANOVA. Post-hoc analyses 
were performed when the main analyses revealed significant effects.  

Results 

1. Training phase

Birds In order to reach criterion, birds required on average 5507 (SD = 2291) trials in the 
vowel mapping, 4884 (SD = 2890) trials in the speaker sex mapping, 7534 (SD = 4185) trials 
in the diagonal mapping, and 9012 (SD = 5330) trials in the XOR mapping (Figure 3). In 
order to test whether the number of trials before reaching criterion was different between 
the four experimental conditions, a Kruskal-Wallis test was performed which rendered a χ2 
of 5.238 that was not significant (p = .155). Additionally, we ran a Mann-Whitney test to 
compare the number of trials in the one-dimensional (vowel, speaker sex) to the two-
dimensional mappings (diagonal, XOR), that indicated birds were slower on the two-
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dimensional (Mdn = 7576) than on the one-dimensional (Mdn = 4601) mappings (U = 97.5, 
p = .040). 

Humans Humans required on average 5.13 (SD = 4.64) training-blocks to reach criterion in 
the vowel task, 1.07 (SD = 0.26) training-blocks to reach criterion in the speaker sex 
mapping, 2.33 (SD = 0.98) training-blocks to reach criterion in the diagonal mapping, and 
9.53 (SD = 3.56) training-blocks to reach criterion in the XOR mapping (Figure 4). In order to 
test whether the number of training-blocks before reaching criterion was different 
between the four experimental conditions, a Kruskal-Wallis test was performed which 
rendered a χ2 of 36.301 (p < .001). Post-hoc analysis with Mann-Whitney tests with a 
Bonferroni correction showed that the number of training-blocks in the speaker sex 
mapping (Mdn = 1) was significantly faster than in the vowel mapping (Mdn = 3) (U = 41, p 
= .001), the XOR mapping (Mdn = 8) (U = .000, p < .001) and the diagonal mapping (Mdn = 
2) (U = 27, p < .001). The number of training-blocks before reaching criterion in the vowel
mapping (Mdn = 3) was lower than in the XOR mapping (Mdn = 8) (U = 53, p = .013) but not
significantly lower than in the diagonal mapping (Mdn = 2) (U = 90.5, p = .351). The number
of training-blocks before reaching criterion was significantly lower in the diagonal mapping
(Mdn = 2) than in the XOR mapping (Mdn = 8) (U = .000, p < .001). Thus, humans learn the
speaker sex mapping the fastest and the XOR mapping the slowest. To compare the
number of training-blocks before reaching criterion on the one-dimensional with the two-
dimensional mappings, a Mann-Whitney test was performed that indicated that birds were
significantly slower on two-dimensional (Mdn = 4.5) than on one-dimensional mappings
(Mdn = 1) (U = 214.5, p < .001).

Figure 3. The number of trials for four experimental conditions for the zebra finches. Boxplots display 
median, interquartile range and full range. Non-significant differences (n.s.) among the experimental 
conditions are indicated at the top. 
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Figure 4. The number of training-blocks for four experimental conditions for humans. Boxplots 
display median, interquartile range and full range. Significant (p < .05) differences among the 
experimental conditions are indicated at the top. 

2.Testphase
Figures 5, 6, 7 and 8 display boxplots with median, interquartile range and full range of the
proportions correct (Table S2 and S3 in supplemental material for average proportions
correct and SD’s). The within-category intermediate sound type is indicated with
‘intermediate’. We applied an arcsine transformation on the proportion correct because
not all were normally distributed. In addition, the supplemental data (Table S4-7 and Figure
S5-7) contains individual data which suggests the use of different mechanisms among
individual birds.

2.1.1 Vowel mapping 
For individuals trained with the vowel mapping, birds performed much higher on the 
trained sounds than on the extreme, ambiguous, and within-category intermediate sounds, 
whereas humans performed about equally high on all sounds. This generalization was 
supported by a significant main effect for sound type (F (3,88) = 9.386, p < .001) (η2 = 
0.242), species (F (1,88) = 72.250, p < .001) (η2 = 0.451) and a significant interaction effect 
for sound type × species (F (3,88) = 4.804, p = .004) (η2 = 0.141) (Figure 5). A one-way 
ANOVA for birds showed that there was a significant difference between the sound type (F 
(3,32) = 25.497, p < .001) (η2 = 0.705). Post-hoc analyses showed that proportions correct 
for trained sounds (0,87 ± 0,09) were significantly higher than extreme (0.61 ± 0.06) (p < 
.001), ambiguous (0.58 ± 0.04) (p < .001) and within-category intermediate sounds (0.62 ± 
0.10) (p < .001). For humans, we found a significant difference for sound type (F (3,56) = 
2.885, p = .044) (η2 = 0.134), but the paired differences were not significantly different from 
each other in the post-hoc analyses. In addition to the analysis at group level, we noted 
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there were individual differences among the birds: one bird out of nine showed 
generalization to the extreme and within-category intermediate sounds (proportion correct 
> 0.75), whereas this bird showed a lower proportion correct for the ambiguous sounds
(0.62) (Table S4 and Figure S5 in supplemental material). Humans readily generalized to the
more and less extreme test tokens. All humans, except one, reported the correct strategy.
This person performed on chance level for all new sounds.

Figure 5. Proportions correct for the four sound type in the vowel mapping. Birds are represented in 
white, humans in grey. The boxplots represent the median, interquartile range, and full range of the 
proportions correct for the different sound types. Significant differences (p < .05) are indicated at the 
top. The horizontal line marks chance level of 0.5 correct. 

2.1.2 Speaker sex mapping 

For individuals trained with the speaker sex mapping, similar analyses were run as in the 
vowel mapping. In the 2 (species) × 4 (sound type) ANOVA, there was a main effect of 
sound type (F (3,88) = 8.264, p <.001) (η2 = 0.220) indicating that both birds and humans 
performed relatively low on the ambiguous sounds (birds 0.62 ± 0.05 vs. humans 0.72 ± 
0.11) compared to the extreme (birds 0.78 ± 0.08 vs. humans 0.86 ± 0.16), within-category 
intermediate (birds 0.80 ± 0.05 vs. humans 0.83 ± 0.17) and trained sounds (birds 0.89 ± 
0.04 vs. humans 0.83 ± 0.16) (Figure 6). There was no effect of species (F (1,88) = 3.582, p = 
.062) (η2 = 0.039) and no interaction effect of sound type × species (F (3,88) = 1.637, p = 
.187) (η2 = 0.053). In a separate ANOVA for birds, we found a significant difference 
between sound type (F (3,32) = 26.844, p < .001) (η2 = 0.716). Post-hoc analyses showed 
that proportions correct for trained sounds were significantly higher than extreme sounds 
(p = .001), ambiguous sounds (p < .001), and intermediate sounds (p < .004). The extreme 
versus within-category intermediate sounds did not differ significantly from each other (p = 

48



Mechanisms underlying speech sound categorization in humans and zebra finches 

1.000). Proportions correct for ambiguous sounds were significantly lower than extreme 
sounds (p < .001) and within-category intermediate sounds (p < .001).  

For humans, we found a significant difference between sound types (F (3,56) = 3.073, p = 
.035) (η2= 0.141) but post-hoc analyses were all non-significant between any combination 
of two sound types. Individual data showed that five out of nine birds showed 
generalization to extreme and within-category intermediate sounds (proportion correct > 
0.75) (Table S5 and Figure S6 in supplemental material). These birds performed higher on 
new extreme and within-category intermediate sounds than on ambiguous sounds. 
Humans readily generalized to the more and less extreme test tokens. Three humans in the 
speaker sex mapping reported that they categorized the sounds based on vowels instead of 
speaker sex. The others reported the correct strategy. Individual data showed that four 
humans performed low (< 0.70 proportion correct) and close to chance level on all sound 
types. 

Figure 6. Proportions correct for the four sound types in the speaker sex mapping. Birds are 
represented in white, humans in grey. The boxplots represent the median, interquartile range, and 
full range of the proportions correct for the different sound types. Significant differences (p < .05) are 
indicated at the top. The horizontal line marks chance level of 0.5 correct. 
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Discussion one-dimensional mappings 

In the vowel mapping, zebra finches showed limited generalization to new test-sounds and 
always performed best on the trained exemplars, a pattern that is indicative of exemplar-
based categorization. In the speaker sex mapping, birds also performed best on the trained 
exemplars, but at the individual level five out of nine birds also showed considerable 
generalization to extreme and within-category intermediate test-sounds, suggestive of 
rule-based categorization. Humans showed a generalization pattern that indicates rule-
based categorization both for vowels as for speaker sex with higher performance on 
extreme than ambiguous test-sounds. Both one-dimensional-mappings are easy to solve 
and verbalize with a simple rule (/ε/ versus /*I*/, or male versus female) and match with 
human categories for vowel and speaker sex.   

2.2 Diagonal task 

For individuals trained with the diagonal mapping, the 2 (species) × 3 (sound type) ANOVA 
showed that the main effect of sound type was not significant (F (2,66) = 0.921, p = .403) 
(η2 = 0.027) and the main effect of species was also not significant (F (1,66) = 0.844, p = 
.361) (η2 = 0.013) (Figure 7). There was a significant interaction effect for sound type × 
species (F (1,66) = 11.705, p < .001) (η2 = 0.262). Birds showed relatively high performance 
on the trained sounds (birds 0.87 ± 0.05 vs. humans 0.73 ± 0.09) whereas humans 
performed higher on the extreme (birds 0.74 ± 0.06 vs. humans 0.92 ± 0.09) and within-
category intermediate sounds (birds 0.68 ± 0.08 vs. humans 0.82 ± 0.10). In a separate 
ANOVA for birds, we found a significant difference between sound types (F (2,24) = 17.125, 
p < .001) (η2 = 0.588). Post-hoc tests showed that performance on the trained sounds was 
significantly higher than on extreme sounds (p = .001) and within-category intermediate 
sounds (p < .001). Individual data showed that four out of nine birds showed generalization 
to extreme sounds (proportion correct > 0.75) and two birds showed generalization to 
within-category intermediate sounds (proportion correct > 0.75) (Table S6 and Figure S7 in 
supplemental material). The separate ANOVA for humans only found a marginally 
significant effect of sound type F (2,42) = 3.157, p = .053) (η2 = 0.131), revealing that 
humans performed slightly higher on the extreme and within-category intermediate 
sounds than on the trained sounds. Five out of fifteen human participants reported that 
they used the speaker sex dimension to categorize the new sounds and six participants 
reported that they used the vowel dimension. The others did not report a strategy.  
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Figure 7. Proportions correct for three sound types in the diagonal mapping. Birds are represented in 
white, humans in grey. The boxplots represent the median, interquartile range, and full range of the 
proportions correct for the different sound types. Significant differences (p < .05) are indicated at the 
top. The horizontal line marks chance level of 0.5 correct. 

Discussion diagonal mapping 

Birds showed relatively high performance on the trained sounds, which indicates that they 
show mostly examplar-based categorization, with some evidence for use of information-
integration in a few birds. Humans performed higher on the extreme and within-category 
intermediate sounds (although not significant) than on the trained sounds. This outcome 
may suggest that this mapping induced humans to integrate both dimensions. In the post-
experimental questionnaire eleven out of the fifteen humans reported that they 
categorized the sounds on one dimension, either vowel or speaker sex, thus indicating that 
they were not able to describe their categorization performance explicitly.      

2.3 XOR mapping 

For individuals trained with the XOR mapping, the 2 (species) × 3 (sound type) ANOVA 
showed a significant main effect for sound type (F (2,66) = 9.895, p < .001) (η2 = 0.231) and 
a non-significant main effect for species (F (1,66) = 0.245, p = .622) (η2 = 0.004) (Figure 8). 
The interaction between sound type × species was significant (F (2,66) = 7.129, p = .002) (η2 

= 0.178). Birds performed higher on the trained sounds (0.86 ± 0.06) than new sounds 
(ambiguous: 0.55 ± 0.03 and extreme 0.54 ± 0.05), whereas for humans this difference 
between sound types was non-existent. A separate ANOVA for birds confirmed that there 
was a significant difference between sound types (F (2,24) = 87.011, p < .001) (η2 = 0.879). 
Post-hoc tests demonstrated that performance on trained sounds was significantly higher 
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than on extreme (p < .001) and ambiguous sounds (p < .001). Individual data showed that 
all birds performed high on trained sounds, pointing towards strong exemplar-based 
memorization, but they showed a less distinctive pattern for the new test-sounds (Table S7 
in supplemental material).  

The same ANOVA for humans showed that there was no significant difference between the 
sound types (F (2,42) = 1.706, p = .194) (η2 = 0.075). Among humans, there was more 
variation in the proportions correct for all sound types. Individual data showed that six out 
of fifteen humans performed high (> 0.75 proportion correct) on the trained and extreme 
sounds whereas five humans performed around chance level. Two participants reported 
that they used a one-dimensional rule (either vowel or speaker sex) and the others could 
not describe their strategy.  

Figure 8. Proportions correct for three sound types in the XOR mapping. Birds are represented in 
white, humans in grey. The boxplots represent the median, interquartile range, and full range of the 
proportions correct for the different sound types. Significant differences (p < .05) are indicated at the 
top. The horizontal line marks chance level of 0.5 correct. 

Discussion XOR mapping 

In the XOR-mapping, birds showed much higher performance on the trained sounds than 
on the extreme or ambiguous sounds. The proportions correct on those sounds are close to 
chance level. This suggest that zebra finches had formed an exemplar-based memory of the 
training sounds. Humans had great difficulty with the XOR mapping, presumably because 
they easily confused the SR-assignement.   
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General discussion 

Humans and birds were trained to categorize four speech sounds that differed in vowel and 
speaker sex into different functional categories according to various SR-mappings. Birds 
showed no significant overall differences in learning the different SR-mappings, whereas 
humans showed fastest learning in the speaker sex mapping, and slowest learning in the 
XOR-mapping. However, zebra finches did show significantly faster learning when both 
one-dimensional mappings were taken together and compared with the two-dimensional 
mappings combined. For humans, this finding fits the hypothesis that in one-dimensional 
mappings they preferentially rely on pre-existing categories that are rule-based, whereas 
they need to employ a different learning strategy in two-dimensional mappings because 
they cannot apply a simple rule. For zebra finches, the effect is weaker, but might indicate 
that they may also be able to use similarities between the stimuli to enhance their learning, 
and that nonanalytic, exemplar-based processing is not the only system through which 
birds categorize sounds (17). Nevertheless, the birds seem to rely more on exemplar-based 
memorization than humans. The responses of humans and birds to the test stimuli support 
these conclusions. Below, we will first discuss the results obtained by the birds in more 
detail, next those by humans and end with a comparison of both. 

Birds Based on previous studies (10, 12), we expected birds to be able to categorize speech 
sounds based on vowels, even after training on a small stimulus set. However, 
generalization in the one-dimensional vowel test was limited, suggesting that exemplar 
memorization was dominant in the present experiment. An explanation for the discrepancy 
between the earlier results of Ohms et al. (2010) and the current ones may be the different 
number of training-stimuli (10). We trained the birds on four-to-two mappings whereas 
Ohms et al. (2010) trained the birds in the first phase on a two-to-two mapping and in the 
next phase on ten-to-two mappings (wet versus wit, spoken by either five male or five 
female voices) using a Go-nogo paradigm. During the test phase, we presented the birds 
with new stimuli, whereas Ohms et al. (2010) used an incremental test set-up with a 
transfer training in which the five voices were replaced by novel voices of either the same 
or the other sex. Possibly, the more extensive training exposure to different voices by 
Ohms et al. (2010) might have enhanced vowel category formation. It indicates that our 
design may not have used sufficient variation with respect to the number of training stimuli 
per category to induce categorization, and hence may have been biased against obtaining 
categorization.  

In the speaker sex test, birds had higher proportions correct for trained tokens compared 
to the ambiguous, extreme, and within-category intermediate sounds, suggesting that their 
memorization was again mainly based on exemplar learning. Nevertheless, extreme and 
within-category intermediate sounds were better categorized than ambiguous sounds. 
Also, individual data showed that some birds showed clear generalization in the speaker 
sex mapping, despite the limited number of training stimuli. To our best knowledge, 
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generalization on a speaker sex dimension has not yet been demonstrated in animal 
research. This indicates the presence of some sort of rule-like learning process, although 
higher performance on extreme and within-category intermediate sounds compared to 
ambiguous sounds in a unidimensional mapping does not necessarily imply analytic 
processing (47). It is hard to assess whether high performance on within-category 
intermediate and extreme sounds is really due to rule learning or normal generalization.   

Our findings raise the question which acoustic cues (sound parameters) the birds used in 
learning the SR mapping in the one-dimensional tests. The generalization across speakers 
of both sexes shown in the experiments by Ohms et al. (2010) was ascribed to the birds 
generalizing on the basis of the formant ratios only, as neither the absolute frequency of 
the formants nor that of the underlying pitch of the voices (F0) could be used to that end. 
The bird that generalized in the vowel mapping in this experiment might also have used 
this feature. In contrast, the generalization in the speaker sex test cannot be based on 
formant ratios, as the training-stimuli for both male and female voices contained the same 
vowels (/e/ and /I/). In this case, the birds might, similar to what is known from humans, 
have used the pitch as the most salient factor distinguishing male from female voices. This 
would imply that zebra finches attend to both and have the flexibility to use either 
absolute or relative frequency features and to single out one dimension for making 
generalizations. However, due to our holistic morphing of natural speech sounds, the 
question which parameters birds used in their discrimination between the sounds remains 
open.  

In the two-dimensional mappings, the birds showed strong memorization of the trained 
sounds. The generalization for extreme sounds in the diagonal mapping, displayed by four 
out of nine individuals, suggests that these zebra finches displayed some implicit 
categorization possibly by integrating information of both dimensions. These results 
suggest that there is not a single mechanism used by all birds. Individual data of the XOR 
mapping showed that all birds performed high on trained sounds, pointing towards strong 
memorization, but they performed just above chance level for the new test-sounds. For 
this SR-mapping, the birds thus seemed to rely strongly on exemplar-based memorization.  

To summarize the results of the zebra finches, it seems that the most prominent 
mechanism that zebra finches use to generalize to novel speech items is exemplar-based 
learning. Nevertheless, the results of some individuals in the one-dimensional mappings 
strongly suggest that zebra finches also have the ability to categorize stimuli in a more rule-
like manner, while the two-dimensional diagonal mapping shows evidence of information-
integration based learning.  

Humans Given the evidence for vowel categorization and speaker sex categorization by 
humans (21), as well as their propensity for rule learning (15, 17), we expected humans to 
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have no difficulty with categorization in the one-dimensional SR-mappings. Nevertheless, 
humans were significantly faster in the speaker sex training. Possibly, humans approach the 
training at first as a multi-talker environment wherein they try to identify the different 
speakers (27) before they focus on the (in this case irrelevant) content. Humans showed no 
clear difference between the SR-mappings in how they generalized to new test-sounds. 
Nevertheless, three participants in the speaker sex test reported that they categorized the 
sounds based on vowels. Their strategy in the test phase may be attributed to the fact that 
feedback was very occasional (21), but the fact that we only found a shift from using the 
speaker dimension towards the vowel dimension and not in the other direction may 
suggest a bias towards vowel categorization rather than speaker sex categorization.   

Since humans are known to initially use a one-dimensional solution in a multi-dimensional 
SR-mapping they tend to find multi-dimensional mapping harder (21, 48). We therefore 
expected that the two-dimensional SR-mappings would be harder to learn than the one-
dimensional mappings. Indeed, learning in both the speaker sex and the vowel mapping 
was faster than in the XOR mapping. Also, the speaker sex mapping was learned faster than 
the diagonal mapping. The faster learning in the one-dimensional mappings fits the 
hypothesis that humans use their pre-existing categories in these mappings.  

In the tests, humans readily generalized in the one-dimensional mappings, as expected 
based on their pre-existing categories. The post-experimental self-reports confirm this 
inference. Humans also show generalization in the diagonal mapping. They reported often 
that their categorization was based on a simple rule (vowel or speaker sex) but the high 
proportions correct for extreme sounds suggested that some people used both dimensions 
suggesting that they used an implicit information-integration approach that they could not 
verbalize (21). Humans had great difficulty with categorization in the XOR mapping. One 
participant reported that he approached the XOR mapping as a one-dimensional vowel 
mapping and another participant reported that she approached the task as a one-
dimensional speaker sex mapping, i.e. here also they attempted to apply a unidimensional 
solution in a multi-dimensional mapping, as has also been reported in other studies (48).  

To summarize the data for humans: they demonstrate clear evidence of rule-based 
categorization in the one-dimensional mappings and the ability to use either the vowel or 
the speaker sex dimension to categorize speech sounds. When such a rule-based strategy is 
not possible, humans struggle with categorizing test stimuli although implicit information-
integration learning seems present.   

Birds vs. humans While our findings show that birds seem capable of a limited degree of 
rule learning and categorization based on an information-integration mechanism, it is also 
clear that they rely primarily on exemplar-based memorization. There is a considerable gap 
between their performance and that of humans. For humans, the sharp contrast between 
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the high performance on one-dimensional mappings and the low performance on, in 
particular, the XOR mapping showed that rule-based categorization is much more 
developed in humans than in birds. In contrast, the birds are much better at discriminating 
the training sounds from the test-sounds in the XOR mapping than humans are – a result 
that indicates that birds can readily use an exemplar-based categorization mechanism, 
while humans struggle by trying to solve the mapping in a more analytical, rule-based way. 
While this may reflect a genuine and fundamental species difference in categorization 
mechanisms, it cannot be excluded that humans’ lifetime exposure to the variety of speech 
sounds may contribute to the species difference. Also, training the birds with a more 
extensive set of stimuli in the one-dimensional mappings might have resulted in a clearer 
evidence of rule-based categorization.  

Our findings fit, at least to some extent, visual categorization experiments. In these 
experiments, involving categorizations somewhat comparable to our auditory experiments, 
macaques, capuchin monkeys and humans learned a one-dimensional SR-mapping faster 
than a two-dimensional information-integration mapping (15) . Pigeons, however, learned 
these mappings equally quickly (15), presumably by using a nonanalytic exemplar-based 
learning mechanism. This led Smith et al. (2012) to conclude that monkeys, but not 
pigeons, are capable of more analytical, rule-based like learning (15). In this study, they 
suggest that pigeons may be representative of an ancestral vertebrate categorization 
system dominated by an integral, holistic and nonanalytic learning mechanism (17). 
However, our zebra finch data provide some evidence that a more analytical and 
integrative learning can also be present in some bird species. Among birds, species like 
corvids and some parrots show cognitive abilities at a level comparable to that of primate 
species (49). Also, budgerigars show more evidence of abstraction in an auditory rule 
learning mapping than zebra finches (50), which in turn seem capable of detecting more 
regularities in auditory signals than pigeons (51). For this reason, we suggest that further 
comparative studies are needed to reveal the phylogenetic distribution and evolution of 
different types of categorization systems and how and why the differences between 
various species, including humans, evolved. 
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Supplemental material 

Methods 

Figure S1. A schematic picture of the operant conditioning chamber. Three horizontally aligned 
pecking sensors are depicted at the bottom just above the long horizontal perch. The food hatch was 
located in the middle of the back wall and accessible from the top middle perch, where the zebra 
finch is depicted in this figure. When the zebra finch gave the correct response, the food hatch 
opened (door moved upwards) and the bird was free to eat seed mixture for the allotted time. 

Table S1. Center frequencies for formants of training sounds from set 1. Timeframe is approximately 
0.1 seconds. 

Stimulus F0 F1 F2 F3 

Tr1 182 515 2000 2755 
Tr2 185 498 1867 2752 
Tr3 137 450 2163 2550 
Tr4 136 429 2011 2999 
Tr5 183 476 2072 2662 
Tr6 157 516 1944 2834 
Tr7 158 453 2084 2704 
Tr8 136 460 1944 2856 
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Figure S2. Spectrograms and the formant trajectories for training sounds (A. Tr1; B. Tr2; C. Tr3; D. 
Tr4) for the speaker sex, vowel and XOR mapping from set 1. 
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Figure S3. Spectrograms and the formant trajectories for training sounds (E. Tr5; F. Tr6; G. Tr7; H. 
Tr8) for the diagonal mapping from set 1. 
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Figure S4. Vowel chart of the first four training sounds from three sets. Frequencies in Hz of the first 
and second formants of Tr1, Tr2, Tr3 and Tr4 of each set are plotted against each other. 
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Results 

Table S2. Mean proportion of correct responses (plus standard deviation) for birds in the four 
categorization mappings. The within-category intermediate sound type is indicated with 
‘intermediate’. 

Soundgroup Vowel Speaker sex Diagonal XOR  

Trained 0.87 ± 0.09 0.89 ± 0.04 0.87 ± 0.05 0.86 ± 0.06 

Extreme 0.61 ± 0.06 0.78 ± 0.08 0.74 ± 0.06 0.54 ± 0.05 

Ambiguous 0.58 ± 0.04 0.62 ± 0.05 0.55 ± 0.03 

Intermediate 0.62 ± 0.10 0.80 ± 0.05 0.68 ± 0.08 

Table S3. Mean proportion of correct responses (plus standard deviation) for humans in the four 
categorization mappings. The within-category intermediate sound type is indicated with 
‘intermediate’. 

Soundgroup Vowel  Speaker sex Diagonal XOR  

Trained 0.91 ± 0.09 0.83 ± 0.16 0.73 ± 0.09 0.68 ± 0.19 

Extreme 0.89 ± 0.14 0.86 ± 0.16 0.92 ± 0.09 0.71 ± 0.20 

Ambiguous 0.82 ± 0.12 0.72 ± 0.11 0.60 ± 0.15 

Intermediate 0.91 ± 0.12 0.83 ± 0.17 0.82 ± 0.10 
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Table S4. Mean proportion of correct responses on vowel test for individual birds. The within-
category intermediate sound type is indicated with ‘intermediate’. 

Bird ID Trained Extreme Ambiguous Intermediate 

341 0.85 0.64 0.59 0.57 

360 0.76 0.57 0.59 0.65 

368 0.85 0.57 0.57 0.61 

539 0.94 0.62 0.61 0.49 

547 0.93 0.63 0.64 0.72 

550 0.68 0.52 0.49 0.48 

557 0.99 0.76 0.62 0.76 

585 0.92 0.62 0.57 0.73 

644 0.94 0.57 0.57 0.62 

Figure S5. Mean proportion of wet responses (high = dark grey, low = light grey) for two individual 
birds in the vowel test. A high score reflects that the bird classified the sound as wet; a low score 
reflects that the bird classified the sound as wit.  Left panel for this bird (bird ID 539), the responses 
are consistently high for the two trained wet sounds and consistently low for two trained wit sounds. 
This bird shows a less consistent response pattern for the new test-sounds. This profile suggests 
exemplar memorization. Right panel A different bird (bird ID 557) showing consistently high 
responses for the two trained wet sounds and consistently low for two trained wit sounds. This bird 
shows substantially higher scores for all test-sounds on the wet side than on the wit side, suggesting 
generalization to new test-sounds indicative of (partial) rule learning. 
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Table S5. Mean proportion of correct responses on speaker sex test for individual birds. The within-
category intermediate sound type is indicated with ‘intermediate’. 

Bird ID Trained Extreme Ambiguous Intermediate 

315 0.95 0.64 0.62 0.80 

318 0.87 0.89 0.66 0.84 

431 0.93 0.87 0.68 0.89 

437 0.92 0.82 0.57 0.83 

471 0.80 0.70 0.54 0.72 

496 0.87 0.72 0.64 0.76 

511 0.89 0.78 0.63 0.73 

551 0.94 0.79 0.72 0.83 

361 0.94 0.89 0.60 0.84 

Figure S6. Mean proportion of female responses (high= dark grey, low = light grey) for two individual 
birds in the speaker sex test. A high score reflects that the bird classified the sound as female; a low 
score reflects that the bird classified the sound as male.  Left panel For this bird (bird ID 315), the 
responses are consistently high for the two trained female sounds and consistently low for two 
trained male sounds. This bird shows a less consistent response pattern for the new test-sounds, 
although some generalization, in particular to the ‘male’ side, is present. Right panel A different bird 
(bird ID 431) showing consistently high responses for the two trained female sounds and consistently 
low for two trained male sounds. Furthermore, the responses of this bird to the intermediate and 
extreme test-sounds are comparable to the responses to the training sounds. This bird thus shows 
generalization to new test-sounds, indicative of rule learning. 
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Table S6. Mean proportion of correct responses on diagonal test for individual birds. The within-
category intermediate sound type is indicated with ‘intermediate’. 

Bird ID Trained Extreme Intermediate 

470 0.82 0.84 0.72 

472 0.90 0.65 0.79 

473 0.92 0.79 0.72 

474 0.92 0.86 0.72 

538 0.87 0.74 0.56 

666 0.86 0.71 0.62 

489 0.80 0.70 0.55 

493 0.81 0.70 0.78 

662 0.94 0.76 0.74 

Figure S7. Mean proportion of responses for the female wit like sounds (high= dark grey, low = light 
grey) for two individual birds in the diagonal test. A high score reflects that the bird classified the 
sound as more female wit like; a low score reflects that the bird classified the sound as more male 
wet like. Left panel For this bird (bird ID 666), the responses to one sensor are consistently high for 
the two trained sounds on the female ‘wit’ side and consistently low for two trained sounds on the 
male wet side. This bird shows a less consistent response pattern for the new test-sounds. This bird 
thus shows strong exemplar memorization. Right panel For this bird (bird ID 474), the responses to 
one sensor are consistently high for the two trained sounds on the female wit side and consistently 
low for two trained sounds on the male wet side. This bird gives similar responses to extreme sounds 
and to one of the intermediate sounds. This bird thus shows generalization to new test-sounds. 
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Table S7. Mean proportion of correct responses on XOR test for individual birds. 

Bird ID Trained Extreme Ambiguous 

350 0.90 0.52 0.58 

358 0.70 0.63 0.51 

384 0.83 0.56 0.52 

497 0.82 0.46 0.54 

505 0.94 0.60 0.60 

510 0.90 0.57 0.55 

512 0.90 0.53 0.56 

588 0.92 0.53 0.54 

643 0.88 0.49 0.61 
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Chapter 3 

Abstract 

Humans can categorize vowels based on spectral quality (vowel identity) or pitch (speaker 
sex). Songbirds show similarities to humans with respect to speech sound discrimination 
and categorization, but it is unclear whether they can categorize harmonically structured 
vowel-like sounds on either spectrum or pitch, while ignoring the other parameter. We 
trained zebra finches in two experimental conditions to discriminate two sets of harmonic 
vowel-like sounds that could be distinguished either by spectrum or fundamental 
frequency (pitch). After the birds reached learning criterion, they were tested on new 
sounds that were either noise-vocoded versions of the trained sounds (sharing the spectral 
envelope with the trained sounds, but lacking fine spectral detail from which pitch could be 
extracted) or sounds lacking the amplified harmonics (sharing only pitch with the trained 
sounds). Zebra finches showed no difference in the number of trials needed to learn each 
stimulus-response mapping. Birds trained on harmonic spectrum generalized their 
discrimination to vocoded sounds, and birds trained on pitch generalized their 
discrimination to harmonic sounds with a flat spectrum. These results demonstrate that, 
depending on the training requirements, birds can extract either fundamental frequency or 
spectral envelope of vowel-like sounds and use these parameters to categorize new 
sounds.  

Keywords 

pitch perception – categorization – harmonic sounds – songbird – spectral envelope 
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Introduction 

Driven by an interest in speech sound perception and its evolution, multiple studies 
investigated to what extent non-human animals (hereafter: animals) are able to 
discriminate and categorize speech sounds. In particular the discrimination and/or 
categorization of vowel-like sounds has been examined and shown for a range of species, 
such as ferrets (1, 2), cats (3), budgerigars (4), European starlings (5) and zebra finches (6-
9).  

Essential for speech perception is the ability to categorize speech sounds (10-13). Humans 
can categorize the same speech sound on different dimensions, for example, vowel and 
speaker identity or speaker sex. Speaker sex categorization is mostly driven by sex 
differences in pitch which are related to differences in fundamental frequency (f0) (the 
human analogue of pitch) and its harmonic spectrum. In contrast, vowel categorization is 
driven by differences in timbre, called ‘formants’ for speech sounds, characterized by 
different amplitude peaks in the harmonic spectrum (11, 14). Songbirds are also able to 
discriminate between speech sounds (5-7) and speakers (15) suggesting they can identify 
the most important parameters that humans use, that is, pitch and spectral envelope, to 
categorize vowel-like sounds.  

Despite these similarities, pitch processing is often assumed to differ between humans and 
birds. In tone sequences and music, humans are known to perceive relative pitch: we 
attend to the relationship or intervals between successive sound elements in order to 
recognize and discriminate sound sequences (16). This ability has also been shown by 
several mammal species, including Japanese (17) and macaque monkeys (18) and ferrets 
(19, 20). In contrast, songbirds, including starlings (21-24), mockingbirds and cowbirds (21), 
white-throated sparrows (25), black-capped chickadees (26), and zebra finches (27, 28), 
seem to attend primarily to the absolute pitch of sound stimuli to make their perceptual 
decisions. Absolute pitch is the capacity to distinguish different pitches without an external 
referent (29). After training on tone sequences, songbirds can eventually learn to 
generalize for relative pitch (23, 30). However, the birds do not transfer their strategies to 
sequences outside of the training frequency range and they need the same amount of trials 
to learn the new discrimination as they need to learn the first discrimination (21, 30). A 
cross-species mammal comparison (between rats and humans) led Weisman and 
colleagues to hypothesize that there is general difference in processing of absolute and 
relative pitch between mammals (including humans, rats and ferrets) and songbirds (31).  

However, a recent study showed that starlings are able to categorize pitch-shifted 
conspecific songs, including songs that were shifted outside the frequency range of the 
trained songs (16), although they could not do this for piano tone sequences. Starling songs 
are spectrotemporally complex and Bregman et al. (2012) suggest that the observed 
generalization across frequency-shifted songs reflects the birds’ ability to detect 
spectrotemporal changes over time independent of absolute frequency (16). Bregman et 
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al. (2016) subsequently investigated how starlings perceive tone sequences that varied 
over time both in pitch and spectral timbre (32). With these experiments, they showed that 
the birds are able to use spectral shape information, the so-called ‘spectral envelope’, that 
is, the overall pattern of amplitude across frequency bands. To what extent this is a general 
feature for songbirds or specific for starlings, is still unknown. 

The study by Bregman et al. (2016) also provides a novel perspective on the perception of 
vowel spectra by birds. Do birds discriminate vowel-like sounds by relying on fine spectral 
details, or do they rely on differences in the spectral envelope? In the current study we 
further examined the acoustic parameters that zebra finches can use to discriminate and 
categorize artificial sounds differing acoustically in fundamental frequency (hereafter: 
pitch, which is related to speaker sex differences) and in formant-like variation in spectral 
envelope. Zebra finches are known to be skilled at discriminating absolute frequencies (30, 
33), differences in harmonic spectra (34-36), and natural and artificial vowels (6-8), as well 
as known to be very sensitive to fine temporal structure of sounds (15, 37, 38). Unknown, 
however, is whether they can use the spectral envelope of harmonically structured sounds, 
which lacks information about pitch and fine spectral details, to discriminate sounds. Also, 
although zebra finches may have a natural tendency to be more sensitive to some 
parameters, for example, temporal fine structure, than to others, for example, spectral 
envelope (37), some experiments have suggested that they can learn to use both speaker 
sex and vowel quality for categorization (39). Here, we studied in a systematic way whether 
zebra finches are perceptually sensitive to the same parameters, pitch and spectral 
envelope, which humans use for vowel categorization and for speaker sex categorization. 
Birds were trained to classify six sounds into two categories using a two alternative forced 
choice paradigm with corrective feedback. In one condition, the birds had to discriminate 
artificial sounds based on differences in pitch while variation in spectral envelope was 
irrelevant to obtain reinforcement. In the other condition, the birds had to discriminate 
sounds based on differences in spectral envelope while variation in pitch was irrelevant. By 
differential reinforcement, the birds could potentially learn to focus on one parameter (e.g. 
pitch) and to ignore the other (e.g. spectral envelope) to succeed in correct classification.  

In the test phase, we examined whether the birds generalized the learned discrimination to 
new sounds using the relevant parameter irrespective of the value of the other (irrelevant) 
parameter. One set of test sounds had a flat spectrum, but contained information about f0 
in the harmonics (pitch). The other test set consisted of so-called noise-vocoded (hereafter: 
vocoded) versions of the trained sounds. The vocoding technique replaces the detailed 
harmonic spectrum with noise distributed over a limited set of frequency bands, thus 
removing harmonic detail from which fundamental frequency or pitch can be derived, but 
maintaining the gross spectral envelope (40, 41).  
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If the zebra finches were simply memorizing the individual trained sounds (exemplars), we 
expected them to show limited generalization to the new sounds. On the other hand, if the 
finches extracted the relevant cue (pitch or spectral envelope) from the training sounds, 
we expected them to generalize to those new test sounds that share that cue.  

Methods 

1. Subjects

We used fourteen adult zebra finches (Taeniopygia guttata; eight males and six females) 
from the Leiden University breeding colony. At the start of the experiment, all birds were 
between 136 days and 672 days post hatching (398 ± 151 days). Before the experiment, 
birds were housed in single-sex groups with a maximum of fifteen animals and they were 
kept on a 13.5 L: 10.5 D schedule at 20-22 degrees Celsius. Birds always had free access to 
water and feeders with seeds. Furthermore, they received twice a week some vegetables 
and fruit (grated carrot and apple) and egg food (mashed boiled eggs). All zebra finches 
were physically examined and weighted before the start of the experiment. Throughout 
the experiment, the birds were carefully observed. During the experiment, drinking water, 
cuttlebone and grit were available ad libitum. Food was used as reinforcement and 
therefore only available after a correct response. If, for some reason, a bird was not able to 
obtain food for eighteen consecutive hours, the food hatch opened automatically for 
unlimited time. None of the birds had experience with similar behavioral testing. All animal 
procedures were approved by the Leiden Committee for animal experimentation (DEC) 
(DEC number 14229).  

2. Apparatus

Zebra finches were individually housed in an operant conditioning cage (Skinnerbox) in a 
sound attenuated room (Figure 1, adapted from Burgering et al., 2018) (39). Three 
horizontally aligned pecking sensors in the back wall of the cage, a fluorescent lamp, a food 
hatch and a speaker were connected to an operant conditioning controller that registered 
all sensor pecks. Pecking the middle sensor elicited a sound and illuminated the LED light of 
the left and right sensor. Pecking the left sensor after hearing a sound from category A and 
pecking the right sensor after hearing a sound from category B resulted in food access for 
8-10 s. An incorrect response led to 1-12 s darkness depending on the experimental phase.
The intertrial interval was 2 s. The cage was built from wire mesh walls and one foamed
PVC back wall. A fluorescent lamp (Phillips Master TL-D 90 DeLuxe 18W/ 965, The
Netherlands) was placed on top of the Skinnerbox and functioned as the only light source.
The same light/dark schedule as in the breeding colony was applied. Sound stimuli were
played at ~70 dB (SPL meter, RION NL 15, RION, Kokubunji, Tokyo, Japan) through a
speaker (Vifa MG10SD09–08, Vifa, Viborg, Denmark) 1 m above the cage.
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Figure 1. The operant conditioning chamber is 70 (l) x 30 (d) x 45 (h) cm. Three horizontally aligned 
pecking sensors are depicted at the bottom just above the long horizontal perch. In the first display, 
the zebra finch is pecking the middle sensor which causes a sound to be played from the speaker 
above. The bird has 25 (s) to peck the left (or right) sensor (depicted in the second display). In the last 
display, the bird is sitting in front of the open food hatch (adapted from Burgering, ten Cate & 
Vroomen, 2018). 

3. Stimulus Material

Training sounds. We created two stimulus sets of artificial harmonic sounds which varied 
with respect to fundamental frequency and spectrum (i.e., the relative amplitude of the 
harmonics; Figure 2 and 3). Stimulus creation started with flat-spectrum source sounds (i.e. 
without amplifications of a specific set of harmonics) differing in fundamental frequency 
and number of harmonics using a PRAAT script from Shigeto Kawahara 
(http://user.keio.ac.jp/~kawahara/). All sounds had a duration of 0.8 s and were ramped on 
and off with 0.2 s cosine ramps. Per stimulus set, three different f0 values were chosen 
(100, 165 and 230 Hz for Set 1; 105, 170 and 235 Hz for Set 2; see Figure 2), based on 
natural f0 values of male and female speakers (42). The maximum frequency was set to 
6000 Hz, and the number of harmonics of the source sounds depended on f0. For stimulus 
Set 1, the flat spectrum source sound with an f0 of 100Hz contained 60 harmonics, the f0 
of 165Hz contained 36 harmonics, and the source sound with f0 of 230Hz contained 26 
harmonics. For stimulus Set 2, the source sounds had an f0 of 105Hz and 57 harmonics, an 
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f0 of 170Hz and 35 harmonics, and an f0 of 235Hz contained 26 harmonics. All formant-like 
frequency bands had a bandwidth of 190 Hz. 

To create the training stimuli, for each of the source sounds three spectral variants were 
created by amplifying a different frequency band (with 30-38 dB) centered around either 
1450, 1850 or 2250 Hz for Set 1; and 1440, 1840 or 2240 Hz for Set 2 using Adobe Audition 
(see Figure 2). Our amplified frequency bands resemble the second formant (F2) in natural 
vowels. For example, for Dutch vowels, frequencies for F2 are roughly between 800-2400 
Hz (42). The overall intensity of all training sounds had same overall amplitude of 71 dB.  

Test sounds. To create the vocoded test sounds, the training sounds were noise vocoded 
into 16 log-spaced frequency bands over the frequency range of 100 Hz to 6 kHz using a 
script from Matthew Winn (http://www.mattwinn.com/praat.html). To the human ear, 
noise vocoding distorts the fine spectral detail from which the pitch is derived, but the 
gross spectral envelope remains intact. For the test sounds with a flat spectrum, we used 
the original source sounds on which the training sound were based. Note that these source 
sounds had fine spectral details from which pitch could be derived, but their spectral 
envelope was flat (Figure 2 and 3).  

Training phase - We used two different six-to-two stimulus-response (SR) mappings called 
‘pitch’ training and ‘spectrum’ training. Six sounds could be categorized in training based 
on pitch (Tr1, Tr4, and Tr6 versus Tr3, Tr5, and Tr8) and six sounds could be categorized in 
training based on spectrum (Tr1, Tr2, and Tr3 vs. Tr 6, Tr7, and Tr8).  
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Figure 2. All birds were trained to categorize six sounds either based on spectrum (Tr1, Tr2, and Tr3 
vs. Tr6, Tr7, and Tr8) or based on pitch (Tr1, Tr4, and Tr6 vs. Tr3, Tr5, and Tr8). The pitch values and 
formant values for Set 1 are given in this figure. The values for Set 2 were +5Hz for all pitch values 
and -10Hz for all formant-values. Flat spectrum test sounds are depicted in the box on the right, and 
each vocoded test sound is depicted in the spectrum/pitch matrix. The vocoded test sounds were 
clustered in a low, mid and high group, depicted in the box at the bottom. 

Transition phase – In this phase, we presented birds with twelve amplitude modulated 
versions of the trained sounds (± 2dB from original training sound). By doing so, we could 
exclude the possibility that birds were categorizing the sounds solely based on loudness. 
These sounds were not reinforced in 20% of the trials.  

Test phase – This stage consisted of two stages. The birds either received the eight 
vocoded test sounds and next the three flat spectrum test sounds, or the other way 
around.  
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Figure 3. Spectrograms for the training sounds ((A) Tr1; (B) Tr6; (C) Tr3; (D) Tr8) for pitch training 
from Set 1 and two test sounds ((E) flat spectrum sound with pitch of 230 (Hz); (F) vocoded version of 
Tr8). Power spectra for Tr8 (G), the vocoded version of Tr8 (H) and the flat spectrum sound with f0= 
230 (Hz)  (I). Intensity plots for Tr 8 (J) and the vocoded version of Tr8 (K). 

4. Design

The birds were randomly assigned to one of the different SR mappings (SR-mapping was 
between-subjects). Every SR mapping was completed by seven birds. Per SR mapping, 
three birds were tested with stimulus Set 1 and four birds were tested with stimulus Set 2.  
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5. Procedure

All birds were trained to categorize six training sounds into two categories. Each 
experiment consisted of a shaping, training, transition, and test phase.  

During the shaping phase, the bird had time to acclimate to the cage, learn where to find 
food and learn how to use the pecking sensors. The bird had to learn to initiate its own trial 
by pecking the middle sensor first, which elicited one of the two unfamiliar zebra finch 
songs (A and B). Next, the bird had to respond to the played sound by pecking the left or 
right sensor (see Burgering et al., 2018 for further details). The birds’ responses were 
differentially reinforced, for example when song A was played, pecking the left sensor 
resulted in food access whereas pecking the right sensor resulted in a pre-set time of 
darkness and vice versa for song B. For each day, the discrimination between the stimuli by 
each bird was calculated as the proportion of correct responses out of all sounds that birds 
responded to. After three days performing at > 0.75 overall and > 0.60 per category, the 
bird was promoted to the training phase, during which the bird was trained on six training-
sounds according to the type of training, either pitch or spectrum.  

When a bird had an overall discrimination score of > 0.75 and a score of > 0.60 for each 
category for three consecutive days, the bird was promoted to the transition phase, during 
which the six training stimuli and the twelve amplitude modulated versions of these stimuli 
were not reinforced in 20% of the trials of 1 day. The bird had to maintain its discrimination 
score for another day. This transition phase prepared the bird for the test phase. During 
the two stages of the test phase, eleven new test-sounds were introduced: three flat 
spectrum sounds and eight vocoded versions of all trained sounds. Test-sounds were 
randomly played interspersed between training sounds and the test-sounds were never 
reinforced. During each stage of the test phase, 20% of all trials were new sounds and 80% 
of all trials were trained sounds. Each test-sound was presented 40 times. Therefore, birds 
were presented with 320 vocoded test sounds and 120 flat spectrum test sounds 
respectively. When both stages of the test phase were completed, the experiment was 
finished and the bird was returned to the aviary.  

6. Analyses

Training phase – We measured the number of training trials needed before the overall 
proportion correct was > 0.75 and the discrimination for both left and right was > 0.60 on 
three consecutive days. Due to our small sample size, we decided to treat the data as non-
parametric, and we submitted the data to a Mann-Whitney test to examine whether 
training type had a significant effect on number of trials required to reach criterion. Due to 
the design, birds had the possibility to withhold their responses, here defined as no-
responses. Therefore, we also calculated the percentage of ‘no responses’ for all birds 
during the entire training phase. 
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Test phase – We calculated the percentage of no responses for trained and test sounds per 
test stage. If this percentage for each test sound was higher than 25%, we excluded the 
data points of that individual from the analysis. Based on this criterion, we excluded one 
bird (ID 675), which had over 75% of no responses to each test sound. For all trials that got 
a response, the proportion of responses for each sound type was calculated as proportions 
of responses to the sensor for category low pitch (for the birds trained on the pitch 
mapping) or low spectrum (for the birds trained on the spectrum mapping).  

If the birds passed the training phase, they already demonstrated to be able to categorize 
the trained sounds. Therefore, we combined the proportion of responses into one score for 
the three trained sounds within each category (pitch_low vs. pitch_high and spectrum_low 
vs. spectrum_high). Next, we tested whether the proportions of responses for the three 
vocoded versions of the trained sounds with a low frequency (voc_low) were significantly 
different. If not, we combined the proportion of responses into one score for these three 
vocoded sounds. We did the same for the two vocoded versions with a middle frequency 
(voc_mid) and the three vocoded versions with a high frequency (voc_high). In order to 
test whether the proportions of responses for the five different sound types were 
significantly different, we submitted these proportions for each test phase to a separate 
Friedman test with sound type (two trained sound types and three flat spectrum sound or 
three vocoded sound types) as a fixed effect. When the main analysis revealed significant 
effects, three post hoc pairwise comparisons between the proportions of responses for the 
different test sound types were performed using a Wilcoxon Signed Rank test. These 
reported p-values are uncorrected. All analyses were performed with IBM SPSS Statistics 22 
(Armonk, New York, United States of America). 

Results 

Training phase 

For both the spectrum and pitch mapping, seven different individual birds completed the 
training phase. The average number of trials with standard deviation are reported. In order 
to reach criterion, birds required on average 1801 ± 619 trials in the spectrum training and 
2858 ± 2063 trials in the pitch training (Figure 4; for individual data, see Table S1 in the 
supplemental materials). To compare the number of trials needed to reach criterion in the 
two experimental conditions, we ran a Mann-Whitney test which showed that the number 
of trials was not significantly different between the spectrum (median= 1651) and pitch 
training (median= 1851; U = 20 and p = .620). The average of no responses was 6.3% for 
birds assigned to the spectrum mapping and 7.7% for birds assigned to pitch mapping.  
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Figure 4. The number of trials for two experimental conditions: spectrum training (left) and pitch 
training (right). Individual data points are indicated with different black and grey symbols. Boxplots 
display median, interquartile range and full range. 

Performance on test trials after spectrum training 

Figure 5 displays boxplots with the median, interquartile range and full range of the 
proportion of responses to the sensor associated with the low spectrum sounds for the test 
phase with flat spectrum test sounds (Figure 5A) and the vocoded test sounds (Figure 5B; 
for individual data, see Tables S2a and S2b in the supplemental materials). The birds had on 
average 208 ± 53 trials per day. We found no significant differences in performance of birds 
tested with Set 1 and those tested with Set 2. 

The percentage of no responses in the test on flat spectrum sounds was 5.8% for the 
trained test sounds and 18.3% for the new test sounds (see Figure S1 in supplemental 
materials). To examine whether sound type had an effect on proportion of responses, a 
Friedman test was performed which rendered a chi-square value of 23.200 (p < .001), 
which showed that the effect of sound type on the proportion of responses to low 
spectrum sensor was significant. Post hoc Wilcoxon’s tests showed that there was no 
significant difference in proportion of responses to the flat spectrum test sound with a low 
pitch and those to the flat spectrum test sound with a high pitch (p = .237) and those of a 
middle pitch (p = .398). The proportions of responses to the flat spectrum test sound with a 
middle pitch were not significantly different from those to the flat spectrum test sounds 
with a high pitch (p = .499).   
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Figure 5. Spectrum training: The proportion of responses to the low spectrum sensor for each sound 
type for birds trained on spectrum and tested on flat spectrum sounds (panel A) and vocoded test 
sounds (panel B). Boxplots display median, interquartile range and full range. Individual data points 
are indicated with dots. Significant (* p < .05) and non-significant differences (n.s.) among the test 
sounds are indicated at the top. A reference line marks the 0.5 proportion. 

The responses for the vocoded versions with different f0 but roughly the same frequency 
band (three low, two middle, and three high frequency) were not significantly different 
from each other. Therefore, we calculated average proportion of responses for these 
sound types (vocoded low-frequency sounds (voc_low), vocoded middle-frequency sounds 
(voc_mid), vocoded high-frequency sounds (voc_high)).  

The percentage of no responses in the test on vocoded sounds was 4.2% for the trained 
test sounds and 16.4% for the new test sounds (see Figure S1 in supplemental materials). 
To examine whether sound type had an effect on proportion of responses, a Friedman test 
was performed which rendered a chi-square value of 26.857 (p < .001), which 
demonstrated that the effect of sound type on the proportion of responses to low 
spectrum sensor was significant. Post hoc Wilcoxon’s tests showed that the proportion of 
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responses to the vocoded low frequency sounds (voc_low) were significantly different both 
from those to the vocoded high frequency sounds (voc_high) (p = .018) and also from those 
to the vocoded middle frequency sounds (voc_mid) (p = .018). The proportion of responses 
to the vocoded middle frequency sounds (voc_mid) were significantly different from those 
to the vocoded high frequency sounds (voc_high) (p = .018).  

Interim conclusion for spectrum training 

The zebra finches trained on spectrum differentiated among the vocoded test sounds with 
a low-, middle- and high-frequency spectrum. This indicates that zebra finches generalized 
for the parameter that the test sounds shared with the training sounds, namely, the 
spectral envelope. Furthermore, these birds did not show this generalization to the flat 
spectrum sounds, indicating that the feature that distinguishes these sounds (pitch value) 
was not relevant for them.    

Performance on test trials after pitch training 

Figure 6 displays boxplots with the median, interquartile range and full range of the 
proportion of responses to the sensor associated with low-pitched sound for the test phase 
with the flat spectrum test sounds (Figure 6A) and the vocoded speech sounds (Figure 6B; 
for individual data, see Tables S3a and S3b in the supplemental materials). The birds had on 
average 109 ± 57 trials per day. We found no significant differences in performance of birds 
tested with Set 1 and those tested with Set 2. 

The percentage of no responses in the test on flat spectrum sounds was 4.2% for the 
trained test sounds and 22.1% for the new test sounds (see Figure S1 in supplemental 
materials). One individual bird (ID 675) showed a very high no response rate.  Whereas the 
no response rate to the trained test sounds was 6.7%, it did not respond to 88.3% of the 
new test sounds. Therefore, we removed the data points of bird 675 from the analysis. For 
the six remaining individuals, the percentage of no responses in the test on flat spectrum 
sounds dropped to 3.8% of the trained test sounds and 11.1% of the new test sounds.  

A Friedman test was performed which rendered a chi-square value of 22.267 (p < .001), 
which showed that the effect of sound type on the proportion of responses to the low-
pitch sensor was significant. Post hoc Wilcoxon’s tests showed that proportion of 
responses to the flat spectrum sounds with a low pitch (flatprofile_low) were significantly 
different from those to the flat spectrum sounds with a high pitch (flatprofile_high) (p = 
.028) and also from those to the middle pitch (flatprofile_mid) (p = .028). Proportion of 
responses to the flat spectrum sounds with a middle pitch (flatprofile_mid) were 
significantly different from those to the flat spectrum sounds with high pitch 
(flatprofile_high) (p = .028).  
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Figure 6. Pitch training: The proportion of responses to low pitch sensor for each sound type for birds 
trained on pitch mapping and tested on the flat spectrum sounds (panel A) and vocoded sounds 
(panel B). Boxplots display median, interquartile range and full range. Individual data points are 
indicated with dots. Significant (* p < .05) and non-significant differences (n.s.) among the test sounds 
are indicated at the top. A reference line marks the 0.5 proportion. 

The percentage of no responses in the test on vocoded sounds was 8% for the trained test 
sounds and 27.5% for the new test sounds (Figure S1 in supplemental materials). The same 
individual bird as in the previous test (675) showed a very high no response rate. Whereas 
the no response rate to the trained test sounds was 6.5%, it did not respond to 82.8% of 
the new test sounds. Therefore, here we removed the data points of bird 675 from the 
analysis. For six remaining individuals, the percentage of no responses in the test on 
vocoded sounds dropped to 6.4% of the trained sounds and 18.3% of the new test sounds. 

The responses for the vocoded versions with different f0 but the roughly same frequency 
band (3 low, 2 middle, 3 high frequency) were not significantly different from each other. 
Therefore, we calculated average proportion of responses for these sound types (vocoded 
low frequency sounds (voc_low), vocoded middle frequency sounds (voc_mid), vocoded 
high frequency sounds (voc_high)). 
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A Friedman test was performed which rendered a chi-square value of 19.733 (p = .001), 
which showed that the effect of sound type on the proportion of responses to the low 
frequency sensor was significant. Post hoc Wilcoxon’s tests showed that the proportion of 
responses to the vocoded high frequency sounds (voc_high) were not significantly different 
from those to the vocoded low frequency sounds (voc_low) (p = .345) and those to the 
vocoded middle frequency sounds (voc_mid) (p = .917). The proportion of responses for 
the vocoded low frequency sounds (voc_low) were not significantly different from those to 
the vocoded middle frequency sounds (voc_mid) (p = .345).  

Interim conclusion for pitch training 

The zebra finches discriminated between the flat spectrum sounds differing in pitch. 
Discrimination between low and high pitch was maintained after removing amplitude 
peaks from the harmonic spectrum. Proportion of responses to the flat spectrum sounds 
with middle pitch fell right between the low- and high-pitched test sounds. Responses to 
flat spectrum sound with low pitch were similar to responses to the trained sounds with 
low pitch and responses to flat spectrum sound with high pitch were similar to responses 
to trained sounds with high pitch. These findings show that zebra finches generalized for 
the shared parameter, namely pitch. In contrast with birds trained on spectrum, birds 
trained on pitch do not react differently to the low vs. high vocoded versions of the trained 
sound, indicating that the feature that distinguishes these sounds (formant-like frequency) 
was not relevant for them. 

General discussion 

Our results show that zebra finches can learn to discriminate artificial vowel-like sounds 
either by differences in fundamental frequency (pitch) or by differences in the spectral 
envelope. The parameter that zebra finches will extract from these speech-like sounds is 
experience dependent, in this case whether they were trained on pitch or spectrum.   

Generalization for spectral envelope 

Our study is the first showing that birds can generalize from harmonic sounds with 
formant-like amplified frequency bands to vocoded versions of the spectral envelope of 
their formants. Zebra finches are known to be very sensitive to fine spectral details of 
sounds (37). It may therefore be surprising that they treat vocoded stimuli as being very 
similar to the original ones, despite substantial differences in spectral structure. However, 
the categorization of vocoded stimuli by zebra finches is not fully unexpected because 
other animal species also showed discrimination of vocoded speech-like stimuli. The 
identification of such stimuli has also been shown for chinchillas (43). In vivo recordings 
demonstrated that vocoded speech produced similar temporal representations in auditory 
nerves as produced by related natural stimuli, which could explain recognition of vocoded 
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signals (43). Also, Panzee, a common chimpanzee, responded significantly above chance 
when she was exposed to vocoded speech in a word-lexigram matching task (44).  

Starlings, after being trained on ascending versus descending four-tone sequences differing 
in timbre, were also able to generalize discrimination to vocoded versions of the trained 
stimuli (32). By comparing the birds’ performance on the vocoded stimuli with piano-tone 
stimuli, that shared absolute pitch but had a different timbre compared to the trained 
sounds, the authors showed that the starlings used the spectral envelope (maintained in 
vocoded stimuli) rather than pitch (maintained in piano-tone stimuli) (32). Patel has 
hypothesized that birds may generally be attending more to spectral envelopes of sounds 
than to pitch (45). If so, this indicates that birds may process complex spectral sounds more 
similar to how humans are processing speech than to how humans process music (46), as 
vocoded speech sounds, in contrast to vocoded musical stimuli, are often still well 
recognizable by human listeners. We suggest that the ability of birds to recognize vowels 
spoken by human speakers differing in pitch of voice may be based on using similarities in 
spectral envelope. 

Generalization for pitch 

That zebra finches can attend to pitch fits previous results on pitch perception in songbirds. 
Various studies demonstrated their ability to attend to absolute pitch (21-24, 30, 33) (see 
also Hoeschele, 2017 for a review (47)). While starlings had difficulty generalizing the 
learned pitch cues to the piano tone stimuli (32), our zebra finches were able to selectively 
attend to pitch and their recognition of pitch was not disrupted by the modification of 
spectral information in the flat spectrum sounds.  

Our results have implications for the understanding of perception of human speaker sex by 
birds. Speaker sex differences are predominantly based on differences in voice pitch. 
Previous studies showed that budgerigars (4) and zebra finches (39) are sensitive to 
acoustic differences between vowels produced by males and females, although the 
budgerigars seem to find acoustic differences between different speakers less salient than 
the differences between vowels (4). Results from the current study suggests that songbirds 
can identify pitch, or fundamental frequency, in speech-like harmonic sounds and that they 
can generalize this to harmonic sounds with different spectrum.  

Mammal-bird differences? 

Taken together, our studies suggest that pitch processing and processing of spectral 
envelope by songbirds might be more flexible than previously thought. Furthermore, as 
also suggested by others (16, 45, 47) , it seems to depend on the context (in our case the 
training procedure) which parameter is used to discriminate sounds. Our findings thus 
question the traditional idea that there is a fundamental difference in auditory processing 
of pitch between mammals and songbirds (31). In general, it may be true that songbirds 
attend to absolute pitch by default (47), but when another parameter is trained, they can 
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categorize based on e.g. spectral envelope (32). At the same time, studies on mammals 
indicate that relative pitch perception is not always their default strategy. For example, a 
study on pitch perception in ferrets showed that they needed additional training in order 
to expand the frequency range over which the relative pitch perception occurred (20). The 
authors concluded that although these mammals can also be trained to attend to relative 
pitch they might have the natural tendency to attend to absolute pitch (20).  

Underlying mechanisms 

Generalization to new sounds that only share one sound parameter with the trained 
sounds could be facilitated by rule-learning (48-50), i.e. by the birds discovering that all 
sounds in one category shared an underlying feature and next using this feature to also 
categorize novel sounds. This form of learning contrasts with an alternative way of 
distinguishing sounds, which is by exemplar learning, i.e. memorizing all trained sounds. In 
our experiments, almost all birds readily generalized to the novel test stimuli using either 
the pitch or spectrum that defined the categories, supporting earlier suggestions of rule 
learning by some zebra finches (39).  

If the birds would only have memorized the trained sounds (exemplars), we would expect 
less discrimination of the test sounds and also few responses to these sounds. This is 
actually the pattern shown by the one bird (675) that deviated strongly in its behavior to 
the test sounds. It performed well in the training, but showed very few responses in the 
tests, suggesting it did not attend to general similarities between training and test sounds.  

Conclusion 

The current study shows that zebra finches can not only learn to discriminate sounds based 
on pitch and spectrum depending on the context, but also show generalization for the 
relevant underlying parameter. This suggests that zebra finches can identify and generalize 
for both parameters independently to discriminate and categorize complex vowel-like 
sounds. It confirms the suggestion that songbirds are very flexible in their perceptual 
strategy and use the most relevant parameters to succeed in an auditory discrimination 
task (16).  

Unlike humans, birds do not have to deal on a daily basis with variability in human speech. 
However, pitch and spectral features do also vary among natural songs and calls of zebra 
finches, and might possibly vary independently to convey different types of information. 
The spectral envelope may be relevant for their communication because their conspecific 
calls differ primarily by this feature (51). Male testosterone levels were found to be related 
to pitch height in songs which in turn might be one of the predictors for reproductive 
success for males in a wild population (52). Zebra finches may thus use both sound 
parameters for recognition of conspecific calls and songs or estimation of the sender’s 
quality. Taken together, our study supports the hypothesis that flexible pitch and spectral 
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processing might be a more general perceptual ability of many vertebrates and not unique 
for humans (45).  
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Supplemental materials 

Figure S1. The percentage of no responses for the training phase, all stimuli presented in the flat 
spectrum test phase and all stimuli in the vocoded test phase for the seven birds trained on pitch (top 
panel) and the seven other birds trained on spectrum (bottom panel). 
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Table S1. The number of required trials for birds trained on spectrum and pitch. 

Table S2a. The proportion of responses to the low spectrum sensor for each sound type for all 
individual birds trained on spectrum and tested on flat spectrum sounds. 

Table S2b. The proportion of responses to the low spectrum sensor for each sound type for all 
individual birds trained on spectrum and tested on vocoded sounds. 
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Table S3a. The proportion of responses to the low pitch sensor for each sound type for all individual 
birds trained on pitch and tested on flat spectrum sounds. 

Table S3b. The proportion of responses to the low pitch sensor for each sound type for all individual 
birds trained on pitch and tested on vocoded sounds. 
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Chapter 4 

Abstract 
Humans quickly adapt to variations in the speech signal. Adaptation may surface as 
recalibration, a learning effect driven by error-minimization between a visual face and an 
ambiguous auditory speech signal, or as selective adaptation, a contrastive aftereffect driven 
by the acoustic clarity of the sound. Here, we examined whether these aftereffects occur for 
vowel identity and voice gender. Participants were exposed to male, female, or androgynous 
tokens of speakers pronouncing /e/, /ø/, (embedded in words with a consonant-vowel-
consonant structure), or an ambiguous vowel halfway between /e/ and /ø/ dubbed onto the 
video of a male or female speaker pronouncing /e/ or /ø/. For both voice gender and vowel 
identity, we found assimilative aftereffects after exposure to auditory ambiguous adapter 
sounds, and contrastive aftereffects after exposure to auditory clear adapter sounds. This 
demonstrates that similar principles for adaptation in these dimensions are at play.  

Keywords 
Audiovisual integration – gender – vowel – recalibration – selective adaptation 
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Introduction 
Humans constantly integrate different types of sensory input to form coherent 
representations of the world. This is particularly relevant in social interactions, in which we 
quickly combine the voice we hear with the face we see when watching our interlocutor. In 
less than half a second, audiovisual integration processes are initiated that, for example, 
support perception of the speaker’s biological sex – here referred to as gender – (1), emotion 
(2), and phonetic detail of the spoken input (3-9).  

Visual information is helpful to classify voice gender because there is substantial variability 
in the acoustic parameters that contribute to voice gender (i.e., fundamental frequency, (f0), 
corresponding to the perceived pitch) (10-12). Seeing the speaker’s face while hearing their 
voice facilitates categorization of both voice and face gender in terms of response times (13). 
Also, when facial gender is incongruent with the voice, effects are detrimental rather than 
facilitatory (14). The effect of seeing a face on voice gender categorization is also stronger 
than the effect of hearing a voice on face categorization, suggesting that visual information 
is more dominant in face-voice gender integration than auditory information (1).  

Although audiovisual incongruent stimulus materials can contribute to our understanding of 
multi-sensory integration, it is not clear whether these effects are caused by a genuine 
perceptual change or by a response bias. For example, an incorrect voice gender response – 
such as identifying a female voice as ‘male’ when it is presented in combination with a male 
face – may be caused by visual ‘capture’ (participants really perceived a male voice), but it is 
also possible that participants simply based their response on the visual information only.   

Under natural circumstances, large incongruencies between a face and voice (such as 
hearing a male voice and seeing a female face) are rare, but what is much more common is 
that there is a small discrepancy between what is heard and seen, typically because one of 
the two signals is unclear, degraded, or ambiguous. This distinction is important, because 
when the auditory signal is ambiguous rather than fully incongruent with the visual input, 
listeners may use visual facial cues to perceptually adjust/recalibrate their voice gender 
categories, as they do for phonetic boundaries (8, 15). This perceptual shift in the auditory 
modality minimizes the error between the two signals and induces a learning effect that can 
be measured as an aftereffect in audio-only trials.  

In the phonetic domain, this effect was first demonstrated by Bertelson et al. (2003) who 
exposed listeners to a moderate phonetic audiovisual conflict (15). Participants saw a 
speaker who pronounced /aba/ (or /ada/) while an ambiguous speech sound halfway 
between /aba/ and /ada/ – A? for auditory ambiguous – was delivered simultaneously. 
Immediately after exposure, listeners indicated whether ambiguous audio-only test sounds 
were either /aba/ or /ada/. Identification of the ambiguous sounds was shifted towards the 
previously seen lip-read information, so the same test sound was perceived more likely as 
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/aba/ when the previous exposure contained lip-read /aba/ videos, and more likely as /ada/ 
when exposure contained lip-read /ada/ videos. The rationale behind this effect was that 
during exposure, the perceptual system minimizes the inter-sensory discrepancy by shifting 
the auditory phonetic boundary, which leads to longer-term assimilative auditory 
aftereffects. Bertelson et al. (2003) termed the effect phonetic recalibration, which has 
proven to be a robust phenomenon (16-26).  

Typically, in the paradigm described above, a control condition is included in which 
participants are exposed to visual information that is paired with canonical/clear and 
congruent speech sounds that lead to selective adaptation (27). Selective adaptation differs 
from recalibration in two important ways. Although the same visual information is presented 
during exposure, selective adaptation is in the opposite direction of recalibration (a 
contrastive aftereffect, so after exposure to audiovisual /aba/, listeners show less /aba/-
responses during the auditory test). This effect is not driven by an inter-sensory conflict, but 
by the repeated presentation of the unambiguous speech sound itself, and is thus 
independent of the visual information (28, 29). Contrastive aftereffects may reflect neural 
fatigue of hypothetical ‘linguistic feature detectors’ (27), but it has also been proposed that 
they reflect a criterion shift (see Vroomen & Baart (2012) for an overview (23)) or neural 
sharpening (30).  

Audiovisual recalibration is quite ubiquitous, as it has also been found to occur for the 
perception of space (31), time (24, 32-36), and for the perception of emotional affect (37). 
Audiovisual recalibration thus may be a domain-general learning mechanism through which 
the perceptual system makes necessary adjustments whenever confronted with relatively 
mild inter-sensory conflicts. Here, the critical question was whether audiovisual recalibration 
also occurs for the perception of voice gender, which has never been demonstrated before, 
and vowel identity.  

Previous studies on phonetic recalibration mostly focused on consonants because 
consonants have sharper category boundaries than vowels, see for example Kuhl (1991) (38). 
However, there is some evidence that recalibration also occurs for vowels (18, 39). Given 
that identification of voice gender is mainly driven by fundamental frequency of the sound 
(40), and fundamental frequency is more discernible in vowels than in consonants, we 
envisaged that vowels would provide an ideal platform to simultaneously assess aftereffects 
of gender and vowel identity. We therefore used audiovisual recordings of a canonical low-
pitched male speaker and a high-pitched female speaker pronouncing the vowels /e/ and 
/ø/. These vowels were chosen because they are close in F1/F2 acoustic space, and easy to 
discriminate when lip-reading because the rounding of /ø/ is clearly visible. The vowels were 
embedded in the context of two Dutch words with a similar frequency of occurrence (‘beek’ 
[stream] and ‘beuk’ [beech]). These stimuli then allowed us to investigate recalibration and 
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selective adaptation of vowels and voice gender in a within-participant and within-stimulus 
design. 
We expected to obtain contrastive aftereffects (indicative of selective adaptation) of voice 
gender if the auditory tokens were clearly from a male or female speaker (41, 42). 
Assimilative aftereffects of voice gender (indicative of recalibration) have never been 
demonstrated before, but as in the phonetic domain, we expected assimilation of voice 
gender to occur if an androgynous voice was combined with a male or female face. Finding 
an assimilative effect of voice gender is of interest because it would speak to the generality 
of the phenomenon since perception of voice gender is quite different from perception of 
phonemes. For example, voice gender is a more or less stable property over time in the 
speech signal, which is quite different from phonetic information that is very short-lived and 
variable between, but also within speakers. Furthermore, while vowel categorization occurs 
in a dense multidimensional acoustic space (largely depending of first and second formant, 
F1 and F2) that is fine-tuned by language-specific rules, voice gender categorization is, 
arguably, less complex (a binary male/female distinction, mainly based on fundamental 
frequency) that is largely shaped by the anatomical differences between the male and 
female vocal apparatus. 

Methods  
Participants 
Thirty students (eleven males, 26 right-handed, mean age of 20.6 years, SD = 2.1) from 
Tilburg University participated in return for course credits or eight euro/hour1. All 
participants reported normal hearing, had (corrected to) normal vision and were naïve to 
the stimuli and research question. Participants provided written informed consent, and the 
study was conducted in accordance with the Declaration of Helsinki. The Ethics Review Board 
of the School of Social and Behavioral Sciences of Tilburg University approved the 
experimental procedures (EC-2016.48). 

Stimulus material 
Auditory material. We selected four artefact-free audiovisual recordings of a male and 
female native Dutch speaker pronouncing beek and beuk. The original speech sound beek 
was pronounced as /e/ (the close-mid front unrounded vowel in IPA with F1 = 471 Hz and F2 
= 2013 Hz for the male speaker and F1 = 498 and F2 = 2261 for female speaker) and the 
original speech sound beuk was pronounced as /ø/ (the close-mid front rounded vowel in 
IPA with F1 = 455 Hz and F2 = 1539 Hz for the male speaker and F1 = 485 Hz and F2 = 1734 
Hz for the female speaker). Tokens were chosen to have matching duration of their vowels 
(duration of male /beek/ = 702 ms, duration of /e/ = 192 ms; duration of male /beuk/ = 631 

1 The sample size was larger than in previous work from our lab (see e.g., Bertelson et al., 
2003), and was chosen without conducting a formal power analysis. 
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ms, duration of /ø/ = 205 ms; duration of female /beek/ = 580 ms, duration of /e/ = 191 ms; 
duration of female /beuk/ = 539 ms, duration of /ø/ = 210 ms). In order to minimize other 
accidental acoustic differences between tokens that might serve as a cue for gender or vowel 
discrimination, we deleted the release of the final consonant /k/ from beek and beuk (the 
unvoiced portions) and replaced them by an identical release from /k/ taken from a /beek/ 
or /beuk/ recording spoken by a different male. These sounds then served as anchors for 
two male-female gender continua (one for beuk and the other for beek). They were created 
using Tandem-STRAIGHT with a step-size of 2% between adjacent tokens (43). Tandem-
STRAIGHT decomposes a speech sound into five sound parameters, namely spectrum, 
frequency, aperiodicity, fundamental frequency, and time. Each parameter can be adjusted 
independently. For each speech sound, we manually identified time landmarks 
(corresponding with the transitions in the spectrogram, such as on- and offsets of the 
phonation) and frequency landmarks (corresponding with the first three formants in the 
spectrogram). Morphed stimuli were then generated by re-synthetization based on 
interpolation (linear for time; logarithmic for F0, frequency and amplitude) (44).  

We also created two beuk-beek vowel continua, one for the male speaker and the other for 
the female speaker in the same way as described before. We used tokens from the morphing 
continuum from 5-95% with a step size of 5% from the endpoints towards 40 and 60% and 
step size of 2% to have higher sampling between 40-60%. We ran a pilot study on seven 
participants to determine the male-female boundaries (40.6 ± 3.3 for the word beek 
[Aegender?] and 40.8 ± 4.1 for the word beuk [Aøgender?]), and the beuk-beek vowel boundaries 
(55.8 ± 3.2 for the male speaker [Avowel?male] and 57.1 ± 2.1 for the female speaker 
[Avowel?female]. The sounds closest to the these boundaries were designated as the 
ambiguous exposure stimulus and test sound (40 for Aegender?; 40 for Aøgender?; 56 for 
Avowel?male and 58 for Avowel?female). In order to have variation in the test sounds, we also 
used stimuli of +8% and -8% (denoted as A?+1 and A?-1). The ambiguous boundary tokens 
and their ambiguous neighbors were used across all participants. 

Visual material. During exposure, participants saw the video of a male or female speaker 
pronouncing beek or beuk. Recordings were framed as frontal headshots. The entire face of 
the speaker was visible against a neutral black background and measured 17° horizontally 
(ear to ear) and 20° vertically (hairline to chin). The videos were edited in Adobe Premiere. 
A single exposure phase contained four repetitions of either the male or female speaker 
saying beek or beuk. It contained a fade-in and fade-out of two frames at the start and the 
end of the video resulting in a total duration ~5.48 sec. The audio (clear or ambiguous) was 
dubbed onto the videos without any noticeable synchronization error.  
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Procedure 
General. The experiment took place in a dimly lit sound-attenuated room. Instructions and 
the face of the speaker were presented on a 25-in monitor (BenQ Zowie XL 2540, 240 Hz 
refresh rate) positioned at eye-level, ~70 cm from the participant’s head. The sound was 
presented through headphones (Sennheiser HD-203) with a peak intensity of 60 dB SPL. The 
participant responded by pressing one of two buttons on a response box placed in front of 
the monitor. Participants were instructed to pay attention to the videos displayed on the 
monitor, which was checked by the experimenter via a live-feed from a camera in the testing 
booth. These instructions were repeated during the breaks between tasks, and after 24 
consecutive exposure-test blocks within each task. 

Voice gender identification after audiovisual exposure. 
In order to induce voice gender recalibration, participants were exposed to four repetitions 
(ISI=425 ms) of one of the four audiovisual exposure stimuli containing an androgynous voice 
saying beek/beuk dubbed onto a male/female face:  Aegender?Vemale , Aegender?Vefemale , 
Aøgender?Vømale and Aøgender?Vøfemale. The exposure phase was immediately followed by a test 
phase wherein three test sounds were randomly presented, namely the ambiguous voice 
gender stimulus with the same vowel that was delivered during exposure (henceforth, 
/Agender?/), and the two close speech morphs on the same continuum /A?-1/ and /A?+1/ 
(Figure 1A). After each test sound, participants decided whether the test token was ‘male’ 
or ‘female’ in a 2AFC task with two buttons on a response box. The next test sound was 
played 250 ms after a button press.  

In order to induce voice gender selective speech adaptation, the exact same procedure was 
used as for recalibration except that the audiovisual exposure stimuli now contained the 
clear and gender congruent audio: (instead of androgynous): AemaleVemale, AefemaleVefemale, 
AømaleVømale, AøfemaleVøfemale (Figure 1B). There were twelve repetitions for each unique 
exposure-test mini-block, all delivered in pseudo-random order, so in total there were 48 
exposure-test mini-blocks for gender recalibration, and 48 mini-blocks for gender selective 
adaptation.  

Vowel identification after audiovisual exposure. 
To induce vowel recalibration, the same procedures were used as for gender recalibration, 
except that the four exposure stimuli to assess recalibration were ambiguous with respect 
to vowel identity: Avowel?maleVemale, Avowel?maleVømale, Avowel?femaleVøfemale and
Avowel?femaleVefemale (henceforth Avowel?). The test sounds were Avowel? and two neighboring 
sounds on the beuk-beek contina. The exposure stimuli to assess selective adaptation of 
vowels were, as in voice gender selective adaptation, the gender- and vowel-congruent 
audiovisual stimuli containing clear audio: AemaleVemale, AefemaleVefemale, AømaleVømale, 
AøfemaleVøfemale .  
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Aftereffects of gender and vowel were assessed sequentially with block order 
counterbalanced across participants. Preliminary analyses showed that block order did not 
have significant effects on voice gender recalibration and selective adaptation effects, Fs ≤ 
1.453, ps ≥ .245, or on vowel recalibration and selective adaptation, Fs < .111, ps > .065. 
There was also no significant effect of participant gender on voice gender recalibration and 
selective adaptation, Fs ≤ .737, ps ≥ .401, or on vowel recalibration and selective adaptation, 
Fs ≤ 3.358, ps ≥ .082, so block order and gender of the participant were not further analyzed. 

Figure 1. Overview of the audiovisual exposure-auditory test design. Recalibration (A): four repetitions 
of a dynamic video of a speaker pronouncing ‘beuk’ or ‘beek’ combined with audio of ambiguous voice 
gender were followed by an auditory-only test in which the participant had to categorize the stimulus 
into the male of female category. Selective adaptation (B): four repetitions of a dynamic video of a 
speaker pronouncing ‘beuk’ or ‘beek’ combined with audio of either a male or a female speaker were 
followed by an auditory-only test in which the participant had to categorize the stimulus into the male 
of female category. The black bars across the upper half of the faces in the figure were included to 
anonymize the speakers, but were not presented during the experiment.   
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Results 

Gender recalibration and adaptation 
Individual proportions of ‘female’ responses on the auditory-only test trials were calculated 
for each combination of Visual exposure gender (female or male), Auditory exposure type 
(ambiguous or unambiguous), Vowel (/e/ or /ø/), and Test sound (Agender?-1, Agender?, 
Agender?+1). Data from nine participants were excluded from the analyses due to 
unambiguous floor or ceiling effects (see supplemental materials for individual data plots), 
indicating that they did not adhere to the task instructions or were unable to perform the 
task correctly. For the remaining 21 participants, grand average proportions of ‘female’ 
responses as a function of Visual exposure gender, Vowel, and Test sound are shown for 
ambiguous and unambiguous auditory exposure types separately in Figure 2. 

Figure 2. Averaged proportion of ‘female’ responses on the auditory test that followed AV exposure 
(N=21) in the Gender identification task, averaged across /e/ and /ø/ vowels. Error bars represent 
one standard error of the mean.   

A generalized linear mixed- effects model with a logistic linking function to account for the 
dichotomous dependent variable was fitted to the single-trial data (lme4 package in R 
version 3.5.3). The fitted model included Response (male or female response) as the 
dependent variable. The model included fixed effects for Visual exposure gender (male or 
female), Auditory exposure type (ambiguous or unambiguous), Vowel (/e/ or /ø/), and Test 
sound (Agender?-1, Agender?, Agender?+1), with uncorrelated random intercepts and slopes by 
participants for the within-participant variables Visual exposure gender and Auditory 
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exposure type, and their interaction. All categorical factors were recoded such that their 
values were centered around 0. Hence, the fitted coefficients could be interpreted as the 
difference in ‘female’ responses (in log- odds) between two factor levels (e.g. Visual 
exposure gender male vs female, Auditory exposure type ambiguous vs unambiguous). The 
fitted model was: Response ~ 1 + VisualExposureGender * AuditoryExposureType * Vowel * 
TestSound + (1 + VisualExposureGender *AuditoryExposureType | Participant). Fixed effect 
coefficient estimates are shown in Table 1.  

The analysis revealed a main effect of Test sound (b = 1.36, SE = 0.04, p < .001), indicative of 
more ‘female’ responses to the more female-like test sounds, and a main effect of Auditory 
exposure type (b = 0.08, SE = 0.03, p = .01). Importantly, a significant interaction between 
Visual exposure gender and Auditory exposure type was found (b = -0.37, SE = 0.09, p < .001), 
indicating that the aftereffects of gender were different for ambiguous and unambiguous 
auditory exposure stimuli. This interaction effect was further examined with post hoc 
pairwise contrasts (Bonferroni corrected), testing the effect of visual exposure gender at 
each auditory exposure type. These contrasts showed a higher proportion of ‘female’ 
responses to the test sounds after exposure to ambiguous sounds paired with a visual female 
speaker, compared to ambiguous sounds paired with a visual male speaker, thereby 
demonstrating gender recalibration (b = 0.58, SE = 0.18, p = .001). In addition, a higher 
proportion of male responses was reported after exposure to unambiguous sounds paired 
with a visual female speaker compared to unambiguous sounds paired with a visual male 
speaker - indicating gender adaptation, b = -0.91, SE = 0.25, p < .001). 
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Table 1. Fixed effect coefficients and standard errors for the fitted mixed effects regression model: 
Response ~ 1 + VisualExposureGender * AuditoryExposureType * Vowel * TestSound + (1 + 
VisualExposureGender *AuditoryExposureType | Participant) 

Fixed factor Estimate SE z-value p 

(Intercept) 0.16 0.13 1.242 0.21 

VisualExposureGender 0.08 0.06 1.44 0.15 

AuditoryExposureType 0.08 0.03 2.56 0.01* 

Vowel -0.02 0.03 -0.66 0.51 

TestSound 1.36 0.04 32.74 < 0.001*** 

VisualExposureGender * AuditoryExposureType -0.37 0.09 -4.06 < 0.001*** 

VisualExposureGender * TestSound -0.03 0.04 -0.76 0.45 

VisualExposureGender * Vowel 0.06 0.03 1.78 0.07 

AuditoryExposureType * Vowel 0.04 0.03 1.18 0.24 

AuditoryExposureType * TestSound -0.01 0.04 -0.28 0.78 

Vowel * Testsound 0.08 0.04 1.99 0.05 

VisualExposureGender * AuditoryExposureType 

* Vowel -0.04 0.03 -1.21 0.23 

VisualExposureGender * AuditoryExposureType 

* Testsound 0.01 0.04 0.32 0.75 

VisualExposureGender * Vowel * Testsound -0.00 0.04 -0.08 0.94 

AuditoryExposureType * Vowel * Testsound 0.01 0.04 0.21 0.83 

VisualExposureGender * AuditoryExposureType 

* Vowel * Testsound 0.05 0.04 1.36 0.17 

*p < .05; **p < .01; ***p < .001
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Vowel recalibration and adaptation 
Individual proportions of /e/ responses on the auditory-only test trials were calculated for 
each combination of Visual exposure vowel (/e/ or /ø/), Auditory exposure type (ambiguous 
or unambiguous), Gender (female or male), and Test sound (Avowel?-1, Avowel?, Avowel?+1). 
Data from three participants were excluded from the analyses due to unambiguous floor or 
ceiling effects (see supplemental materials for individual data plots), indicating that they did 
not adhere to the task instructions or were unable to perform the task correctly. For the 
remaining 27 participants, grand average proportions of /e/ responses as a function of 
Vowel, Visual exposure gender, and Test sound are shown for ambiguous and unambiguous 
auditory exposure types separately in Figure 3. 

Figure 3. Averaged proportion of ‘/e/’ responses on the auditory test that followed AV exposure 
(N=27) in the Vowel identification task, averaged across male and female sounds. Error bars 
represent one standard error of the mean.   
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A generalized linear mixed- effects model with a logistic linking function to account for the 
dichotomous dependent variable was fitted to the single-trial data (lme4 package in R 
version 3.5.3). The fitted model included Response (/e/ or /ø/ response) as the dependent 
variable, and fixed effects for Visual exposure vowel (/e/ or /ø/), Auditory exposure type 
(ambiguous or unambiguous), Gender (female or male), and Test sound (Avowel?-1, Avowel?, 
Avowel?+1), with uncorrelated random intercepts and slopes by participant for the within-
participant variables Visual exposure vowel and Auditory exposure type, and their 
interaction. All categorical factors were recoded such that their values were centered around 
0. Hence, the fitted coefficients could be interpreted as the difference in /e/ responses (in
log-odds) between two factor levels (e.g. Visual exposure vowel /e/ vs /ø/, Auditory exposure
type ambiguous vs unambiguous). The fitted model was: Response ~ 1 +
VisualExposureVowel * AuditoryExposureType * Gender * TestSound + (1 +
VisualExposureVowel *AuditoryExposureType | Participant). Fixed effect coefficient
estimates are shown in Table 2.
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Table 2. Fixed effect coefficients and standard errors for the fitted mixed effects regression model: Response 
~ 1 + VisualExposureVowel * AuditoryExposureType * Gender * TestSound + (1 + VisualExposureVowel 
*AuditoryExposureType | Participant).

Fixed factor Estimate SE z-value P 

(Intercept) -0.52 0.10 -5.38 < 0.001*** 

VisualExposureVowel 0.11 0.04 2.67 < 0.01** 

AuditoryExposureType -0.12 0.03 -3.62 < 0.001*** 

Gender 0.25 0.03 8.21 < 0.001*** 

TestSound 1.79 0.04 42.06 < 0.001*** 

VisualExposureVowel * AuditoryExposureType -0.52 0.04 -13.07 < 0.001*** 

VisualExposureVowel * TestSound 0.00 0.04 0.09 0.93 

VisualExposureVowel * Gender -0.07 0.03 -2.23 0.03* 

AuditoryExposureType * Gender -0.01 0.03 -0.42 0.67 

AuditoryExposureType * TestSound 0.03 0.04 0.81 0.42 

Gender * Testsound -0.10 0.04 -2.31 0.02* 

VisualExposureVowel * AuditoryExposureType * 

Gender 0.08 0.03 2.70 < 0.01** 

VisualExposureVowel * AuditoryExposureType * 

Testsound 0.06 0.04 1.49 0.14 

VisualExposureVowel * Gender * Testsound 0.04 0.04 0.92 0.36 

AuditoryExposureType * Gender * Testsound -0.02 0.04 -0.60 0.55 

VisualExposureVowel * AuditoryExposureType * 

Gender * Testsound 0.01 0.04 0.36 0.72 

*p < .05; **p < .01; ***p < .001
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The analysis revealed a negative effect for the intercept (b = −0.52, SE = 0.10, p < .001), which 
indicates a slight overall bias towards /ø/ responses. There was a positive main effect of Test 
sound (b = 1.79, SE = 0.04, p < .001), indicative of more /e/ responses to the more /e/-like 
test sounds. In addition, there were main effects of Visual exposure vowel (b = 0.11, SE = 
0.04, p < .01), Auditory exposure type (b = −0.12, SE = 0.03, p < .001), and Gender (b = 
0.25, SE = 0.03, p < .001), and significant interactions between Visual exposure vowel and 
Gender (b = -0.07, SE = 0.03, p = .03), and between Gender and Test sound (b = -0.10, SE = 
0.04, p = .02). Importantly, a significant interaction between Visual exposure vowel and 
Auditory exposure type was found (b = -0.52, SE = 0.04, p < .001), indicating that the 
aftereffects of vowel were different for ambiguous and unambiguous Auditory exposure 
types. Finally, there was a significant interaction between Visual exposure vowel, Auditory 
exposure type, and Gender (b = 0.08, SE = 0.03, p < .01), indicating that the difference in 
aftereffects of vowel between the ambiguous and unambiguous Auditory exposure types 
depended on speaker Gender.  

The three-way interaction effect between Visual exposure vowel, Auditory exposure type, 
and Gender was further examined with post hoc pairwise contrasts (Bonferroni corrected), 
testing the Visual exposure vowel × Auditory exposure interaction at each level of Gender. 
These contrasts showed a significant Visual exposure vowel × Auditory exposure interaction 
for both the male and female speaker (male speaker: b = -1.73, SE = 0.19, p < .001, female 
speaker: b = -2.40, SE = 0.21, p < .001). These interaction effects were further explored with 
post hoc pairwise contrasts (Bonferroni corrected), which showed significant recalibration 
and adaptation effects for both the male and female speaker. Specifically, a higher 
proportion of /e/ responses to the auditory-only test trials was reported after exposure to 
ambiguous sounds paired with visual /e/, compared to ambiguous sounds paired with visual 
/ø/ (i.e. recalibration), male speaker: b = 0.78, SE = 0.13, p < .001, female speaker: b = 0.84, 
SE = 0.14, p < .001). In addition, a higher proportion of /e/ responses was reported after 
exposure to unambiguous sounds paired with visual /ø/ compared to unambiguous sounds 
paired with visual /e/ (i.e. selective adaptation), male speaker: b = -0.96, SE = 0.15, p < .001, 
female speaker: b = -1.57, SE = 0.16, p < .001). As can be seen in Table 3, vowel recalibration 
was alike across gender of the exposure stimuli, whereas selective adaptation was larger 
after female than male exposure stimuli, t (26) = 2.44, p = .022. 
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Table 3. Vowel recalibration and selective adaptation per exposure gender, averaged across test-
tokens.  

Aftereffect type Exposure gender (Exposure stimulus) Aftereffect 

Recalibration Male (A?Vmale) +.12*** 

Female (A?Vfemale) +.12*** 

Selective adaptation Male (AmaleVmale) -.16*** 

Female (AfemaleVfemale) -.24*** 

Aftereffects were quantified as the difference between proportion of /e/-responses after Visual /e/ 
and Visual /ø/, resulting in positive values for recalibration, and negative values for selective 
adaptation. The ambiguous exposure sound A? was ambiguous in terms of vowel identity (not in terms 
of gender).  *p < .05; **p < .01; ***p < .001 when tested against 0.  

Discussion 
We found, for the first time, compelling evidence that listeners use the gender of a male or 
female face to perceptually adjust (recalibrate) their voice gender category boundary, which 
is presumably based on pitch differences between a male/female voice. When an 
androgynous voice was dubbed onto the video of a female (instead of male) face during an 
audiovisual exposure phase, listeners were more likely to categorize an androgynous voice 
as female in auditory-only posttest trials.  

A similar assimilative effect was found for vowels: an ambiguous vowel halfway between /e/ 
and /ø/ dubbed onto the video of a speaker saying /e/ (instead of /ø/) led to more /e/ 
responses in auditory-only posttest trials. Gender of the stimulus materials can modulate 
vowel identification (45), and we indeed observed a main effect of Gender on the auditory 
vowel identification task that followed audiovisual exposure (overall, more /e/ responses 
were given after exposure to a male rather than female face). Most importantly however, 
we did not observe a difference in recalibration effect size for vowels induced by male and 
female exposure materials. We did, however, observe that selective adaptation for vowels 
was larger after exposure to female adapters rather than male adapters. Johnson et al. 
(1999) reported that rating female talkers – but not male talkers – as ‘stereotypical’ is 
correlated with voice breathiness (in addition to fundamental frequency). Perhaps then, 
breathiness in the female adapter sound constituted an additional acoustic cue that 
increased the size of the selective adaptation effect, consistent with the notion that the 
contrastive adaptation effect is mainly driven by the (unambiguous) exposure sound, and 
not by the video. 

In order to exclude the possibility that assimilative aftereffects were generated by other 
mechanisms than recalibration (e.g., priming or a simple response strategy to repeat the 
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exposure stimulus), we included a condition in which the exposure stimuli were audio-
visually congruent and thus without inter-sensory conflict. With these stimuli, we found in 
line with previous studies contrastive aftereffects indicative of selective adaptation (27, 41, 
42, 46). Selective adaptation of phonetic information is most likely driven by the 
unambiguous nature of the auditory component of the audiovisual exposure stimulus and 
appears to be independent of the visual information (28, 29). The same applies for selective 
adaptation of voice gender, where the visual information also does not seem to be very 
relevant. For example, silent articulating faces did not induce adaptation of perceived 
auditory gender (42). 

It remains to be examined in future studies what representation listeners adjusted in the 
case of the gender recalibration task: listeners might have shifted their male/female voice 
category in general, or only for these two talkers that they heard during the exposure phase. 
Previous studies on phonetic recalibration have demonstrated that recalibration is extremely 
token-specific, and that it even can be ear- and location-specific so that the same ambiguous 
sound can be simultaneously adapted to two opposing phonetic interpretations if presented 
in the left and right ear (19). Generalization of recalibration of voice gender, though, might 
be different. In an informal pilot study (47), we had switched talkers - but not gender - 
between exposure and test and observed comparable aftereffects. This result, at least 
tentatively, suggests that voice gender recalibration is not speaker-, or token-specific, but 
rather generalizes across speakers and tokens.  

Another intriguing question for future research is to examine to which extent adaptation in 
voice gender and voice identity rely on common or separate neural mechanisms. It seems 
likely that some mechanisms will be shared, while others will be separate. As an example, a 
study by Green and colleagues (48) provided behavioral evidence that perception of gender 
and phonetic information rely on dimension-specific mechanisms. The authors showed that 
the McGurk illusion – such as hearing /da/ when auditory /ba/ is delivered in combination 
with a face articulating /ga/ – was not modulated by gender incongruency in the audiovisual 
stimulus, despite the fact that the face-voice gender mismatch was perfectly clear. 
Audiovisual integration of phonetic information thus seems to be, at least partially, 
independent of audiovisual integration of gender information. A reason for this might be 
that indexical information such as emotional affect or gender is quite holistic in nature and 
can be acquired from an image or a simple vocalization. In contrast, phonetic processing of 
speech relies on the fine-grained temporal coherence between what is seen and heard (49-
53).  

The timing of when gender and phonetic information becomes available, though, might be 
similar. In an electroencephalography study, Latinus et al. (2010) observed that congruency 
between facial and vocal gender modulated brain processes within 180 ms and 230 ms after 
stimulus onset, which aligns with the time-frame during which auditory-only gender 
differences are processed (54, 55). Interestingly, processing of phonetic congruency is also 
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(partially) realized during this time-window (3, 9, 56, 57) and audiovisual congruency 
processing of gender and phonetic information thus overlap in time.  

It also remains for future studies to examine whether there is a common neural mechanism 
for recalibration of voice gender and vowel identity, especially since there seems to be a 
good candidate brain region that should be involved in this process: the superior temporal 
sulcus (STS). Specifically, the STS is involved in lip-read-induced phonetic recalibration (58), 
as well as text-induced phonetic recalibration (especially in the right hemisphere, see (59)), 
and is also part of a right hemisphere dominated network related to processing vocal gender 
(60-63), and cross modal integration of face and voice (64-66).  

To conclude, humans can flexibly adjust their perceived voice gender categories based on 
previous exposure. The results are in line with previous studies on voice-face interaction, 
and the underlying mechanisms seem to operate like those that underlie phonetic selective 
adaptation and recalibration. The current study inspires future work on the domain general 
versus domain specific aspects of recalibration.  
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Cross-modal recalibration of voice gender and vowel identity by a talking face 

Supplemental materials 

Figure S1. Proportion of female responses in the auditory Gender identification task after AV exposure 
for all individual participants (N = 30). Participants highlighted by red bars were excluded (N = 9) from 
the analyses due to ceiling effects (indicating that the test tokens did not represent their perceptual 
boundaries, and/or participants simply pressed only one key during the test for unknown reasons), or 
otherwise questionable data patterns. Panel a. represents the data after exposure to ambiguous 
adapters, panel b. represents the data after exposure to unambiguous adapters.  
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Figure S2. Proportion of /e/ responses in the auditory Vowel identification task after AV exposure for 
all individual participants (N = 30). Participants highlighted by red bars (N = 3) were excluded from the 
analyses due to ceiling effects (indicating that the test tokens did not represent their perceptual 
boundaries, and/or participants simply pressed only one key during the test for unknown reasons), or 
otherwise questionable data patterns. Panel a. represents the data after exposure to ambiguous 
adapters, panel b. represents the data after exposure to unambiguous adapters.  
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Chapter 5 

Abstract 

While there is strong evidence for neural correlates of phonetic and speaker processing in 
auditory cortices, it remains unknown whether these regions represent speech stimuli as 
continuous acoustic dimensions or as discrete categories with respect to vowel and speaker. 
We used high-field functional magnetic resonance imaging (fMRI) to measure the neural 
activity in participants who listened to speech and performed an unrelated detection task on 
sound duration. The speech stimuli were generated by morphing the vowels ee and eu 
spoken by a male and female speaker resulting in a two-dimensional matrix of sounds varying 
along ee-eu vowel and male-female speaker dimension. In post-scan tasks, participants were 
asked to categorize the stimuli for vowel and speaker thus providing a perceptual categorical 
assessment of the same stimuli. Both vowel and speaker morphing had a significant effect on 
behavioral responses in the vowel and speaker categorization task. Furthermore, we found a 
significant interaction effect on the group average responses in the vowel categorization task. 
We modelled BOLD responses to speech stimuli as reflecting 1) continuous acoustic 
properties (acoustical model), 2) vowel and speaker category (categorical model), or 3) 
participants’ behavioral responses during the post-scan tasks (behavioral model). All three 
models showed that the BOLD activation in bilateral auditory cortices could be explained by 
vowel and speaker predictors to a similar extent. This suggests that sensory and categorical 
processes relevant for vowel and speaker perception are tightly linked to each other. 
However, this may also be consequence of reduced analysis sensitivity due to the correlations 
among the models. Further individual analyses could unravel the complexity of these fine-
grained patterns.  

Keywords 

Auditory cortex – pitch processing – fMRI, encoding – decoding 
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Introduction 

The ability to effortlessly encode information from speech is an important function of the 
human brain. In daily communication, categorization allows us to selectively extract linguistic 
content (e.g., vowels and consonants) or voice related characteristics (e.g., age, emotional 
affect, speaker’s biological sex) from speech sounds.  

Active processing of phonemes (or syllables) during speech listening occurs in early auditory 
regions including Heschl’s gyrus/sulcus (HG/HS) and regions along the middle to (left) 
posterior superior temporal sulcus/gyrus (STS/STG) (1-9), similar to the processing of short 
sentences (10, 11). Phonetic categorization requires grouping of sound features like formants 
in the case of vowel categorization independent of speaker information (12, 13). For 
example, during a vowel categorization task, the right posterior STS/ middle temporal gyrus 
(MTG) showed stronger activation compared to the activation during a speaker 
categorization task (14). Based on contrasts between BOLD activation patterns along HG, 
neural discrimination of sounds was more accurate for pairs of vowels from different vowel 
categories than for pairs of vowels within a vowel category (15). Since participants did an 
unrelated task during which they had to respond to the sound of laughter, these results 
suggest that HG is involved in implicit vowel categorization. Furthermore, studies using fMRI 
(4, 5, 14, 16-19) and intracranial electrocorticography (ECoG) (20-23) showed that phonemes 
can be reconstructed or discriminated by machine learning algorithms based on the activity 
of multiple voxels or electrodes in a wide expanse of the superior temporal cortex, including 
STG, STS and HG.  

Active processing of human voices, apart from the linguistic content, occurs in temporal voice 
areas (TVA), including the (right middle) STG/STS (14, 24-28). Moreover, when transcranial 
magnetic stimulation (TMS) disrupted the processing in voice-selective regions, participants 
showed selective impairment for voice/non-voice but not loudness discrimination tasks (29). 
Another study showed that the (right) anterior STS responded during a voice but not during 
a verbal content task on spoken sentences (10). Categorization based on speaker’s biological 
sex (often called voice gender categorization in literature) seems to be carried out by the STG 
in interplay with prefrontal and anterior cingulate areas (27). Speaker (sex) categorization 
requires extracting speaker specific features like fundamental frequency (f0, perceptually 
associated with pitch) independently of phonetic information (30, 31). It is unclear whether 
the auditory cortex (AC) categorizes speakers by default (5). To summarize, a wide expanse 
of the superior temporal cortex, including STG, STS and HG, is involved in active processing 
of phonetic and speaker information. While some studies found especially right hemisphere 
activation for speaker related processing (10, 32, 33), most recent studies did not find strong 
evidence for this lateralization (14, 27).  

A few studies combined experiments on vowel and speaker processing (14, 34). Bonte et al. 
(2009) showed that participants’ EEG responses to short vowel utterances from different 
speakers (two female, one male) resembled the responses to the same stimuli measured 
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during a vowel task more than those recorded during a speaker task (34), which suggested 
that the linguistic dimension represents the default processing mode for these speech 
sounds. In contrast, when presented with concurrent speech, participants’ default processing 
might prioritize voice pitch for speech segregation to enhance subsequent speech processing 
(35). More recently, it was shown that speaker classification relied on regions across the 
(right) mid-anterior STG/STS and vowel classification relied on bilateral mid-posterior 
STG/STS, as well as the HG/HS (14). Therefore, they concluded that speaker (or arguably 
speaker sex, because the speakers were a boy, girl and a male adult) and vowel classification 
relied on distinct but overlapping regions. 

In this high-field fMRI study, we investigate with speech morphs varying continuously 
between two speakers and two vowels whether the representations in AC can be explained 
by speaker and vowel predictors. We created speech morphs along the vowel and speaker 
dimensions based on four natural speech utterances (i.e., ee and eu spoken by one male and 
one female speaker). Based on previous findings (36), we expected that participants would 
be able to reliably categorize the end tokens of these speech morphs as either ee-eu or male-
female.  

To minimize task-related effects, participants performed an unrelated duration task during 
fMRI scanning. To characterize the default response of speech responsive regions to these 
morphs, we modelled BOLD responses to speech stimuli as reflecting 1) their continuous 
acoustic properties (acoustical model) 2) their vowel and speaker category (categorical 
model) or 3) the participants’ behavioral responses during the post-scan tasks (behavioral 
model). Based on previous studies, we investigated which description of the speech features 
fits best the processing in areas in the superior temporal plane, including HG (most likely the 
site of the primary auditory cortex (PAC) (37), and adjacent auditory association areas, 
including STG (24, 38). By using these three models, we aimed to better understand the 
underlying processing of AC and its role in categorizing of speech sounds.  

Methods 

Participants 

Twelve participants (four male, six right-handed, five left-handed, one ambidextrous, age 
range: 20-30 years, mean age on day of testing 24.9, standard deviation (SD) = 3.2 years) 
studying or working at Maastricht University participated in return for gift vouchers. All 
participants reported normal hearing and vision and were naïve to the stimuli and research 
question. Participants provided written informed consent before conducting the experiment. 
Procedures followed the principles expressed in the Declaration of Helsinki. The local ethics 
committee of the Faculty of Psychology and Neuroscience (Ethics Review Committee 
Psychology and Neuroscience) at Maastricht University granted approval for the study 
(#167_09_05_2016).  
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Stimuli 

We selected four artefact-free audio recordings of a male and female native Dutch speaker 
pronouncing beek [stream] and beuk [beech], that were used in an earlier study (36). The 
original speech sound beek was pronounced as /e/ (the close-mid front unrounded vowel in 
IPA with F0 = 112 Hz, F1 = 471 Hz and F2 = 2013 Hz for the male speaker and F0 = 207 Hz, F1 
= 498 and F2 = 2261 for the female speaker) and the original speech sound beuk was 
pronounced as /ø/ (the close-mid front rounded vowel in IPA with F0 = 109 Hz, F1 = 455 Hz 
and F2 = 1539 Hz for the male speaker and F0 = 208 Hz, F1 = 485 Hz and F2 = 1734 Hz for the 
female speaker). Tokens were chosen to have matching duration of their vowels (duration of 
male /e/ = 192 ms, duration of male /ø/ = 205 ms, duration of female /e/ = 191 ms and 
duration of female /ø/ = 210 ms). We extracted the vowel part (ee and eu) of the four natural 
recordings (beek and beuk) and prolonged these recordings to 230 ms with a 40 ms linear 
fade-in and fade-out.  

These four isolated spoken vowels then served as anchors for two male-female speaker 
continua (one for eu and the other for ee). They were created using Tandem-STRAIGHT with 
a step-size of 2% between adjacent tokens (39). Tandem-STRAIGHT decomposes the speech 
sound into five sound parameters, namely spectrum, frequency, aperiodicity, f0 and time. 
Each parameter can be adjusted independently. For each speech sound, we manually 
identified time landmarks (corresponding with the transitions in the spectrogram, such as on- 
and offsets of the phonation) and frequency landmarks (corresponding with the first three 
formants in the spectrogram). Morphed stimuli were then generated by resynthesizing based 
on interpolation (linear for time; logarithmic for f0, frequency and amplitude) (40). 

We also created two ee-eu vowel continua, one for the male speaker and the other for the 
female speaker in the same way as described before. We selected speech morphs on 13 
morphing steps on the male-female continua from 4-96% in order to have highest sampling 
in the most ambiguous range (4, 12, 22, 32, 38, 44, 50, 56, 62, 68, 78, 88, 96%). This resulted 
in a stimuli pool of 137 speech morphs (Figure 1A and for examples of spectrograms, see 
Figure 1B). Next, we created four catch trials (32% ee-eu 22% male-female; 78% ee-eu 22% 
male-female; 32% ee-eu 78% male-female; 78% ee-eu 78% male-female) that were 450 ms in 
duration.   
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Figure 1. Stimuli and design. Panel A represents the stimuli pool of 137 speech morphs with vowel 
continua going from ee (left) to eu (right) and speaker continua going from male (top) to female speaker 
(bottom). Set 1 (black squares) consisted of 68 unique sounds; set 2 (grey squares) consisted of 69 
unique sounds. The four catch trials with long duration are marked with a yellow border and nine stimuli 
are marked with a blue border indicating the spectrograms in the next panel. Panel B shows the 
spectrograms of nine stimuli (marked with blue border in panel A) with time in ms. on the X-axis and 
frequency in kHz on the Y-axis and pitch contour in dark blue. Panel C represents a schematic overview 
of an experimental trial and the fMRI stimulation protocol including the acquisition time (TA), presented 
in grey blocks, and the trials, presented in white blocks, and the total repetition time (TR).  
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Experimental design and procedure 

All participants took part in a fMRI session and two post-scan behavioral tasks. During the 
scan session, the participants had to press a button when they heard a sound that was longer 
in duration compared to the others. Before the start of the fMRI session, the sound was 
adjusted to a comfortable intensity level and the participants were familiarized with the 
standard trials and the longer catch trials. The fMRI session consisted of six functional runs 
that were always paired in two consecutive runs (during uneven runs 68 unique sound stimuli 
were pseudo-randomly played and during even runs the remaining 69 unique sound stimuli 
were pseudo-randomly played). During each run, there were six catch trials of longer sound 
duration and six ‘null trials’ without a stimulus. To ensure attention to the stimuli throughout 
the entire run, the catch trials were presented pseudo-randomly.  

Magnetic Resonance Imaging 

All anatomical MRI and fMRI data were collected at 7 Tesla Siemens MRI scanner (Scannexus/ 
Maastricht Brain Imaging Center). A head radiofrequency coil (single transmit, sixteen receive 
channels) was used to acquire anatomical T1- and PD-weighted and functional T2*-weighted 
images. T1-weighted images were acquired using a modified MPRAGE sequence (voxel 
dimensions = 0.6 mm isotropic; 256 slices; field-of-view (FoV) = 230 mm x 230 mm; repetition 
time (TR) = 3100 ms; echo time (TE) = 2.52 ms; GRAPPA 3). Proton density (PD) images were 
acquired together with the T1-weighted volumes to minimize inhomogeneities in the T1-
weighted images. In total, the acquisition time for the two anatomical scans was around 
twelve minutes.  

Functional data was collected during six runs of about eleven min (251/256 volumes for 
uneven/even runs) using an echo-planar imaging (EPI) sequence (vowel dimensions = 1.2 mm 
isotropic; TR = 2500 ms, TA = 1250 ms, FOV = 192 mm x 192 mm, matrix size = 160 x 160 
TE=3.67 ms, GRAPPA 3, multi-band 3) (Figure 1C). Each volume covered the whole cortex 
except the most superior part of the posterior parietal cortex. Sound stimuli were presented 
binaurally through an MR-compatible sound system via earbud (Sensimetrics S14, 
Sensimetrics Corporation, Malden, MA) during the 1250-ms silent gap between two volume 
acquisitions. In this fast event-related design, the average inter-trial interval between two 
sound stimuli (or the silent gap or catch trial) was 3 s (range 2-4 s). After the third functional 
run, two runs of 5 volumes were acquired with opposite phase encoding direction to correct 
for EPI artifacts during post-processing (41).  

Post-scan behavioral tasks 

During the post-scan behavioral tasks, participants were exposed to the same sound stimuli 
through the same earbud system and asked to perform vowel and speaker categorization 
tasks (vowel and speaker task, respectively). For the vowel (speaker) task, the participants 
were instructed to indicate whether the presented sound was perceived as an ee or eu (male 
or female). Participants performed three blocks of each task and during each block, all 137 
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unique speech morphs were randomly presented. Task type was pseudo-randomized 
(alternating blocks with vowel and speaker categorization task). Calculated proportions of 
female or eu responses were analyzed using a linear mixed model including vowel and 
speaker as main effects and the interaction effect (vowel × speaker) and subject as random 
effect.  

fMRI analyses 

Preprocessing 

All data were preprocessed using BrainVoyager 21.0 (Brain Innovations, Maastricht, The 
Netherlands). The preprocessing procedure consisted of slice scan-time correction and 3D 
motion correction. Functional slices were co-registered to the anatomical data and 
normalized to Talairach space (42). The normalized functional data were resampled to a voxel 
size of 0.5 mm isotropic. Based on the anatomical scans, individual cortical surfaces were 
reconstructed from gray–white matter segmentations using a semi-automatic procedure. For 
group analyses, individual cortex representations were mapped onto an average 3D surface 
representation obtained by cortex-based alignment (43).  

Whole brain analyses 

Functional runs were analyzed using voxel-wise general linear models (GLMs). Group 
analyses were performed by three different random-effects GLMs across data from all 
participants that modelled the BOLD time series according to the three potential neural 
representations. We modelled BOLD responses as reflecting 1) their continuous acoustic 
properties (acoustical model), 2) their vowel and speaker category (categorical model), or 3) 
the group-averaged participants’ behavioral responses during the post-scan tasks (behavioral 
model). For the acoustical model, we included two predictors reflecting the thirteen 
morphing steps along the ee-eu and male-female continua (hereafter: vowel and speaker 
predictors, respectively), coded between -1 and 1. For the categorical model, we created 
vowel and speaker predictors by coding the morphs smaller than 50% as -1 and larger than 
50% as 1, both for the vowel and for the speaker continuum. Stimuli with a morphing step of 
50% were coded as 0. For the behavioral model, vowel and speaker predictors were 
determined by group average proportions of responses in the vowel and speaker tasks, 
respectively, coded between -1 and 1. We refer to these three types of models as sound 
descriptors. All GLMs had in total thirteen predictors, including a baseline predictor, six 
motion correction predictors, a linear predictor, a predictor for target sound (button press), 
a predictor for false positives (for button presses at non-targets) a predictor for sound 
presentation and two model-specific predictors, namely for vowel and speaker. All predictors 
were normalized to a mean of 0 and range between -1 and 1. Separate group maps (with a 
threshold of p < .01), displaying activation patterns explained by sound predictor, vowel and 
speaker predictor, were created for all three GLMs.  
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Results 

Post-scan behavioral responses 

All participants completed the post-scan task. However, one participant did not show neural 
activation that one would expect when actively listening to speech sounds. Therefore, all the 
data from this participant was removed from further analyses.  

For each participant, average proportions of female or eu responses were calculated based 
on the behavioral responses. For the vowel and speaker categorization task, the group 
average proportions for each stimulus are displayed in heat maps (Figure 2A and 2C) and for 
each continuum in line graphs (Figure 2B and 2D). The group average proportions for each 
stimulus were used as behavioral predictors in the fMRI analyses. For the proportion of 
responses in the vowel categorization task, a linear mixed model was performed. The model 
including an interaction term and two main effects revealed a significant interaction (F 
(1,112) = 1.708, p < .001) and significant main effects for vowel (F (1,12) = 146.670, p < .001) 
and speaker (F (1,12) = 43.430, p < .001).  

For the proportions of responses in the speaker categorization task, a similar linear mixed 
model was calculated. The model revealed no significant interaction (F (1,112) = .798, p = 
.939) and significant main effects for vowel (F (1,12) = 8.402, p < .001) and speaker (F (1,12) 
= 178.225, p < .001).   
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Figure 2. Visualizations of behavioral responses A. Average proportion of eu responses in the vowel 
categorization task with vowel continua going from ee (left) to eu (right) and speaker continua going 
from male (top) to female speaker (bottom). The different line colors indicate the morphing step on the 
speaker continuum (e.g. dark blue represents the continuum for 4% male-female), which corresponds 
with panel B B. Average proportion of eu responses, on X-axis the vowel continuum from ee (left) to eu 
(right). C.  Average proportion female responses in the speaker categorization task with vowel continua 
going from ee (left) to eu (right) and speaker continua going from male (top) to female speaker. The 
different line colors indicate the morphing step on the vowel continuum (e.g. dark blue represents the 
continuum for 4% ee-eu), which corresponds with panel D.  D. Average proportion of female responses, 
on the X-axis the speaker continuum from male (left) to female (right).  

fMRI analyses 

One GLM included the continuous acoustic properties of the stimuli (acoustical model), the 
second GLM included the vowel and speaker category of the stimuli (categorical model) and 
the third GLM included the group averaged behavioral responses during the post-scan task 
(behavioral model). Voxels responding to our stimuli in general were distributed bilaterally 
over the AC and included regions of the primary and early auditory areas (on HG and adjacent 
regions) (two upper panels in Figure 3 displaying SOUND of the acoustical model). We created 
the same maps for the behavioral and categorical model, except for the maps displaying 
SOUND, and found that the pattern was very similar (Figure 4 and 5). This implies that the 
different descriptors for VOWEL and SPEAKER did not influence the contribution of the 
SOUND predictor to fitting the fMRI data. Voxels responding to acoustic description of vowel 
were also distributed bilaterally over the AC and included regions of the primary and early 
auditory areas (on HG and adjacent regions) (two panels in Figure 3 displaying VOWEL). 
Similarly, voxels responding to acoustic description of speaker were distributed bilaterally 
over the AC and included the primary and early auditory areas (on HG and adjacent regions) 
(two panels in Figure 3 displaying SPEAKER).  
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Figure 3. Group results for the GLM including acoustical predictors. Regions showing significant 
estimates for the SOUND, VOWEL and SPEAKER predictors for the acoustical descriptor model are color-
coded on inflated group average cortical surfaces. Note that middle and lower maps show the 
conjunction of SOUND and VOWEL and SOUND and SPEAKER, respectively. The maps are controlled for 
multiple comparisons with a cluster threshold of p < .01.  

For the categorical and behavioral model, we created similar maps for the main effects of 
vowel and speaker predictor (Figure 4 and 5). For these models, we found similar patterns: 
voxels responding to the categorical or behavioral description of vowel or speaker were 
distributed bilaterally over the AC and included the primary and early auditory areas (on HG 
and adjacent regions).  
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Figure 4. Group results for the GLM including categorical predictors. Regions showing significant 
estimates for the SOUND, VOWEL and SPEAKER predictors for the categorical descriptor model are 
color-coded on inflated group average cortical surfaces. Note that the maps show the conjunction of 
SOUND and VOWEL and SOUND and SPEAKER, respectively. The maps are controlled for multiple 
comparisons with a cluster threshold of p < .01. 

Figure 5. Group results for the GLM including behavioral predictors. Regions showing significant 
estimates for the SOUND, VOWEL and SPEAKER predictors for the behavioral descriptor model are 
color-coded on inflated group average cortical surfaces. Note that the maps show the conjunction of 
SOUND and VOWEL and SOUND and SPEAKER, respectively. The maps are controlled for multiple 
comparisons with a cluster threshold of p < .01. 
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Discussion 

In this high-field fMRI study, we aimed at investigating with speech morphs varying with 
respect to speaker and vowel if the representations over the AC can be better explained by 
their continuous acoustic properties (acoustical model), 2) their vowel and speaker category 
(categorical model), or 3) the group averaged behavioral responses during the post-scan task 
(behavioral model). In line with our previous study (36), participants were able to 
discriminate these speech morphs based on vowel and speaker in the post-scan tasks. 
Furthermore, vowel and speaker morphing step had a significant effect on the average 
responses in both post-scan tasks. While the effect of vowel morphing step was larger in the 
vowel task, the effect of speaker morphing step was larger in the speaker task. We found a 
significant interaction effect on the average responses in the vowel categorization task. 
Hereafter, we describe at first the general conclusions of the explorative analyses of the fMRI 
data, then we explain similarities that we found using three sound descriptors and the 
similarities for the two model-specific predictors (vowel and speaker).  

Voxels responding to sounds in general were distributed bilaterally over the AC and included 
regions of the primary and early auditory areas (on HG and adjacent regions). In addition, 
both model-specific predictors, vowel and speaker, contributed significantly to fitting the 
fMRI data. This was the case for the acoustic, behavioral and categorical models. 
Furthermore, the three models showed similar patterns for the vowel and speaker predictor. 

This similarity of cortical patterns for vowel and speaker morphing changes could be in line 
with earlier studies that suggested that the AC is not only involved in sensory processes but 
also in task-unrelated categorical processes. While several studies demonstrated that top-
down mechanisms, involving the (left) inferior frontal gyrus (IFG), are important in phonetic 
decisional processes (8, 44), other studies proposed that neural representations of speech 
sounds might represent a pre-lexical (phonetic) category in AC, including the posterior STG 
(20, 22, 45) and PT (4, 46) and left medial STS (2, 9). A recent study, combining fMRI, 
magnetoencephalography (MEG) and ECoG data, showed that sensory and decisional 
processes during a syllable categorization task co-localize in posterior STG (47).  

Given the large overlap of activation patterns explained by vowel and speaker predictors, 
interaction between these two predictors might explain to some extent the activation 
patterns in these areas. Furthermore, our linear mixed model showed a significant 
interaction for the post-scan vowel task. A role for this interaction of vowel and speaker is 
probable due to the fact that vowel formant frequencies are caused by vocal tract resonances 
and therefore also provide a salient cue for speaker sex perception (48-50).  

Although we attempted to construct a stimulus matrix that would be symmetrical around the 
category boundaries for male-female and ee-eu, our stimuli turned out to be systematically 
asymmetrical, which was reflected in the post-scan tasks. In the vowel categorization task, 
participants responded on average more often with ee to ‘female-like’ stimuli and they 
responded more often with eu to the ‘male-like’ stimuli. Similarly, in the speaker 
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categorization task, participants responded on average more often with male (female) to the 
eu-like (ee-like) stimuli. An explanation could be that the formant frequencies (e.g., F1 and 
F2) for the male eu stimuli have the lowest values and those for the female ee stimuli have 
the highest values. Importantly, the formant frequencies of our stimuli are similar to earlier 
acoustic descriptions of Dutch vowels for male and female speakers (51).  

While the use of a personalized stimulus set, based on individual category boundaries of each 
participant (e.g., in a recent study by Obleser et al. (15)), can reveal more about neural 
discrimination for near-boundary vowels, misclassification could occur because vowel 
category boundary might shift during the experiment. Especially while listening to our 
multidimensional stimuli, participants might have constantly and unconsciously shifted their 
vowel and speaker category boundaries. Therefore, we decided to use a large set of stimuli 
with highest sampling in the most ambiguous ranges.  

Furthermore, individual differences in language experience could also contribute to neural 
discrimination of sounds. A recent study on categorical processing for speech and musical 
sounds showed that individual differences with respect to involvement of PAC and IFG in 
categorization can (partly) be explained by experience (52). Although it is plausible that our 
native Dutch participants have comparable language experience, it would be interesting to 
further investigate to what extent language proficiency plays a role in the modulation of 
categorical processing by early auditory areas. Also, as Levy & Wilson (2020) suggested, it 
would be interesting to further investigate languages with and without particular vowel 
contrasts, in order to unravel the effects of language-specific categorical boundaries and 
universal gradients (15). 

To conclude, the use of three different models showed that acoustical, categorical or 
behavioral predictors contributed to explaining activation in auditory cortex. We suggest that 
essential sensory and categorical processes in sound-responsive areas are involved in both 
vowel and speaker processing and that these processes are very well attuned and tightly 
linked to each other. On the other hand, this may also be consequence of reduced analysis 
sensitivity due to the correlations among the models. Vowel and speaker related activation 
patterns seems to be very fine grained. The complexity of this pattern could be further 
investigated by using a multivariate approach at an individual level.   
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Thesis summary and general discussion 

In daily verbal communication, humans listen to a variety of speech sounds. We 
unconsciously map sounds onto multidimensional categories, e.g., based on phonetic or 
speaker related information, in order to distinguish between and within speaker variation 
among speech sounds. While humans are the only species that have language, we might 
share cognitive mechanisms, required to perceive language, with other species and these 
mechanisms might be at the origins of the evolution of language. In this thesis, I present two 
studies on the discrimination and categorization of speech(like) sounds and the underlying 
mechanisms in a bird species, one of which contains a cross-species comparison between 
birds and humans. Furthermore, I present a study on audiovisual perception of speech 
sounds by humans and I present an fMRI study using speech morphs that varied with respect 
to vowel and speaker to explore how the human brain deals with multidimensional speech 
sounds. Here, I will first present the summaries and afterwards the discussion of the findings 
in two sections: Comparative studies on categorization of speech(like) sounds, which includes 
chapter 2 and 3, and Flexibility and automaticity in speech perception by humans, which 
includes chapter 4 and 5.  

Summary 

Section 1: Comparative studies on categorization of speech(like) sounds 

Categorization is a general perceptual phenomenon that is essential for all animals to make 
sense of sensory input. For humans, auditory categorization is essential for the perception of 
speech sounds (1-4). This type of categorization describes how the variety in speech is 
mapped onto auditory categories in a multidimensional space. Humans categorize speech 
sounds unconsciously, and we do so along different dimensions, i.e., either based on 
phonetic information (e.g., vowel categorization) or speaker information (e.g., voice gender 
categorization). Phonetic categorization facilitates both first language acquisition in infants 
(5) and second language acquisition in adults (6, 7). In social interactions, individual voice
recognition and speaker sex (hereafter referred to as voice gender as it is most commonly
used in the literature) recognition are important as well. But how specific is this for language
or for humans? Previous studies demonstrated that multiple species, including a songbird
species (the zebra finch), can discriminate speech sounds based on vowel differences and are
able to generalize this discrimination to new speech sounds of new speakers (8, 9). These
results raised the questions how the zebra finches are able to make this categorization and
whether they are also able to categorize based on voice gender, the other relevant
dimension.

Mechanisms underlying speech categorization 

In CHAPTER 2, we describe a cross-species comparison between zebra finches and humans 
in a study on categorization of speech sounds. Speech stimuli were generated by morphing 
the natural speech recordings of wet (/wɛt/) and wit (/w*I*t/) spoken by a male and female 
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speaker which resulted in a continuum of sounds varying along the vowel and speaker 
dimension. We used a between-subject design with four categorization tasks that we labelled 
as one-dimensional and two-dimensional. In the one-dimensional tasks, subjects were 
reinforced to categorize the speech morphs based on one dimension, either vowel or voice 
gender. In the two-dimensional task, subjects were reinforced to categorize based on both 
dimensions, either by a conjunction rule in an exclusive-or task or by integrating the two 
dimensions in the information-integration task. In all four tasks, all subjects were trained to 
discriminate four speech morphs and after reaching criterion, the subject proceeded to the 
test phase, which included speech morphs that were closer to the hypothetical category 
boundary (intermediate) or further away from category boundary (extreme), next to the 
trained tokens.  

While absolute numbers of training trials were obviously very different between species, the 
two species showed very similar trends during the training phase. Both humans and zebra 
finches learned the one-dimensional tasks in fewer training trials than the two-dimensional 
tasks, although this result was a non-significant trend for the birds. In the test phase, 
differences between species became more pronounced. Birds mainly memorized the trained 
tokens, which suggests a propensity for exemplar-based memorization. Humans, however, 
showed strong generalization towards new test sounds, especially for the more extreme 
speech morphs, in the one-dimensional vowel and voice gender task. This result can both be 
explained by their life time experience in categorizing on these dimensions and the tendency 
for a rule-based approach, which is also confirmed by their low performance in the two-
dimensional exclusive-or task in comparison to performances on the other three tasks.  

Sound parameters underlying speech(like) categorization 

Humans use different sound parameters when categorizing speech sounds. Voice gender 
categorization is mostly driven by sex differences in pitch which is mostly related to 
difference in fundamental frequency (f0) (for humans perceived as pitch) and its related 
harmonic spectrum (10, 11). On the other hand, vowel categorization is driven by differences 
in timbre, mostly defined by the frequencies of ‘formants’ for speech sounds, characterized 
by different amplitude peaks in the harmonic spectrum (4, 12). Even though birds do not have 
to deal with variability in human speech on a daily basis, pitch and harmonic features do also 
vary among natural songs and calls of zebra finches (13), and these variations potentially 
convey different types of information.  

In CHAPTER 3, I present a study on how zebra finches use different sound parameters in their 
discrimination and categorization of speechlike sounds. In a between-subject design, the 
birds were trained to sort artificial speech sounds in two categories either based on f0 (low 
vs. high ‘pitch’) or on spectrum (a low amplified frequency band, ‘formant’, vs. a high 
amplified frequency band). After reaching training criterion, the birds were tested on sounds 
without an amplified frequency band, containing only information about the pitch (referred 
to as flat-spectrum test sounds) and vocoded versions of the training sounds, containing only 
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information about the spectral envelope, but no information about fine spectral detail and 
pitch (14, 15).  

During training, zebra finches successfully learned to discriminate artificial vowel-like sounds 
either by differences in fundamental frequency (pitch) or by differences in the spectral 
envelop. The parameter that zebra finches extract from these speechlike sounds is 
experience dependent. After being trained on pitch, the birds were able to generalize to the 
flat-spectrum test sounds, but did not discriminate between the vocoded test sounds. 
Conversely, after being trained on spectrum, the birds were not able to generalize to the flat-
spectrum test sounds but they did discriminate between the vocoded test sounds and these 
responses corresponded to their categorization of the training sounds. These results 
demonstrate that, depending on the training requirements, birds can extract either 
fundamental frequency or spectral envelope of vowel-like sounds and use these parameters 
to categorize new sounds. 

Section 2: Flexibility and automaticity in speech perception by humans 

The second part of this thesis is entirely focused on humans and the underlying audiovisual 
mechanisms and neural mechanisms of their phonetic and speaker perception. In the studies, 
described in CHAPTER 4 and 5, we used speech stimuli, varying with respect to vowel (ee 
versus eu) and speaker (male versus female).  

Audiovisual integration of speech 

In daily communication, humans are not only exposed to an auditory stream of speech 
information, but also to visual information from the speaker. In less than half a second, we 
integrate information from the voice we hear with the face we see (16-18). In natural 
circumstances, face and voice in general clearly match, but sometimes there might be a small 
discrepancy between what is heard and seen, typically because one of the two signals is 
unclear, degraded, or ambiguous. This raises the question to what extent can we adjust our 
categories with respect to vowel and voice gender in order to overcome these audiovisual 
discrepancies.  

In CHAPTER 4, I present a study that investigated to what extent humans can adjust their 
categories based on previous exposure to an audiovisual event which is either congruent 
(e.g., male face combined with male voice) or ambiguous (e.g., male face combined with 
androgynous, ambiguous voice). Participants were repeatedly exposed to videos containing 
a male or female speaker saying the Dutch words beek (/bek/) or beuk (/bøk/) (meaning 
‘stream’ and ‘beech’). The audio signal was either clear or ambiguous with respect to vowel 
or voice gender. Participants were to indicate the voice gender, choosing between male or 
female, or vowel, choosing between beek and beuk.  

As we expected for voice gender, the participants responded more often with male 
(respectively female) after exposure to a video of male (respectively female) paired with an 
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ambiguous, androgynous voice (the assimilative aftereffect: voice gender recalibration). In 
line with previous research, participants responded to ambiguous speech stimuli more often 
with female (respectively male) after exposure to a video of a male (respectively female) 
paired with the matching voice of this speaker (the contrastive aftereffect: selective 
adaptation for voice gender) (19, 20). As we expected for vowel, the participants responded 
more often with beek (respectively beuk) after exposure to a video of beek (respectively beuk) 
paired with an ambiguous/ androgynous voice (vowel recalibration). This result was also in 
line with an earlier study (21). Further in line with previous research, participants responded 
more often with beuk (respectively beek) after exposure to video of a beek (respectively beuk) 
paired with the matching voice of this speaker (selective adaptation for vowel) (22). 

To conclude, we found assimilative aftereffects (recalibration) and contrastive aftereffects 
(selective adaptation) for voice gender and vowel. Humans can flexibly adjust their category 
boundaries in order to make a coherent, holistic percept of multisensory input.  

Representations of vowel and speaker characteristics in speech responsive brain areas: 
continuous dimensions or discrete categories?  

Further evidence for specialized mechanisms for phonetic and speaker perception and their 
interplay can be found in the human brain. Results of functional neuroimaging studies 
provide evidence for neural correlates of phonetic and speaker processing in auditory 
cortices. A wide expanse of the superior temporal cortex, including superior temporal gyrus/ 
sulcus (STG/ STS) and Heschl’s gyrus (HG), is involved in active processing of phonetic 
information (23-27) and speaker information (27-32). However, it remains unknown whether 
these regions represent speech stimuli as continuous dimensions based on their acoustics or 
represent these sounds already as discrete categories with respect to vowel and speaker. 

In CHAPTER 5, I present a high-field functional magnetic resonance imaging (fMRI) study to 
measure the neural activity in participants who listened to short speech stimuli and 
performed an unrelated detection task on sound duration. In a post-scan task, the 
participants categorized the stimuli based on vowel (ee/eu) and speaker (male/female) thus 
providing a perceptual categorical assessment of the same speech stimuli. For the fMRI data, 
group analyses were performed by three different random-effects GLMs across data from all 
participants that modelled the BOLD time series according to the three potential neural 
representations. We modelled BOLD responses to speech stimuli as reflecting 1) continuous 
acoustic properties (acoustical model), 2) vowel and speaker category (categorical model), or 
3) participants’ behavioral responses during the post-scan task (behavioral model).

In line with our previous results, described in CHAPTER 4, participants were able to 
discriminate these speech morphs based on vowel (ee/eu) and speaker (male/female) in the 
post-scan tasks. Both vowel and speaker morphing had a significant effect on behavioral 
responses in the vowel and speaker categorization task. While the effect of vowel morphing 
step (% on ee-eu continuum) was larger in the vowel task, the effect of speaker morphing 
step (% on the male-female continuum) was larger in the speaker task. Furthermore, we 
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found a significant interaction effect on the average responses in the vowel categorization 
task.  

For the fMRI analyses, voxels responding to our speech stimuli in general were distributed 
bilaterally over the AC and included regions of the primary and early auditory areas (on HG 
and adjacent regions). Voxels responding to acoustic description of vowel were also 
distributed bilaterally over the AC and included regions of the primary and early auditory 
areas (on HG and adjacent regions). A similar pattern was visible for the acoustic description 
of speaker. Furthermore, the behavioral and categorical models showed that the BOLD 
activation in bilateral auditory cortices could be explained by vowel and speaker predictors 
to a similar extent.  

General discussion 

The work presented in this thesis explored the species-specificity, the flexibility and the 
neural representations of two fundamental skills in speech perception: phonetic and voice 
gender categorization. As in the summary, the following discussion is split in two sections: 
Comparative studies on categorization of speech(like) sounds, which concerns chapter 2 and 
3, and Flexibility and automaticity in speech perception by humans, which concerns chapter 
4 and 5. 

Section 1: Comparative studies on categorization of speech(like) sounds 

Cross-species comparative studies using nonhuman animals may help to understand the 
nature, species similarities and discrepancies and evolution of language-related cognitive 
mechanisms (33). Our studies compared the discriminative abilities of humans and songbirds 
for both pitch and vowels. The tasks included both naturalistic speech and artificial stimuli. 
Naturalistic speech sounds may reveal general perceptual mechanisms, e.g., indicating 
whether birds and humans similarly process sounds used in human speech (34). It could, 
however, be argued that humans have an unfair advantage over birds because of their 
lifelong language experience (35). In every task, the effect of familiarity was compensated by 
including an untimed training, ensuring similar discriminative success on the training tokens 
upon test onset (CHAPTER 2). We included tasks with artificial stimuli to specifically assess 
the effects of familiarity (CHAPTER 3). Based on CHAPTER 2 and 3, we can conclude that both 
the use of natural and artificial speech stimuli can reveal more about the underlying cognitive 
mechanisms used by different species.   

Mechanisms underlying speech categorization 

The challenge in CHAPTER 2 was to unravel underlying cognitive mechanisms used by 
songbirds and humans in different categorization tasks based on vowel and/or voice gender. 
With a unique combination of four categorization tasks, we demonstrated similarities and 
differences with respect to speech perception and categorization in a songbird species and 
humans.  
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What is evident from the birds’ behavior in this study is that there is not a single mechanism 
used by all birds. While most birds did not seem to use processes that go beyond exemplar-
based memorization, five out of nine birds showed evidence for rule-based learning (voice 
gender mapping), and two out of nine showed evidence for information-integration 
(information-integration mapping). These results indicate that some individuals might be 
more flexible in their task strategy than others. Being flexible is most likely beneficial; a good 
strategy for the setting in the current study is not necessarily the strategy they would use in 
any situation in the real world. To further investigate this, a within-subject design would give 
the opportunity to study if some individuals are more flexible than others (i.e., by analyzing 
correlations between individual performances in different tasks).  

Evidently, the one-dimensional tasks were easier for humans than for songbirds, because 
humans come to the task with established categories along the dimensions. Therefore, it is 
debatable whether humans actually need to learn a rule as humans have these categories a 
priori and birds have not. 

However, humans were also naïve to the speech morphs and the categorization. This might 
explain humans’ relatively slow learning speed on the vowel task. It seems that humans 
approach this training as a multi-talker environment in which they first try to identify the 
speakers. Nevertheless, it is not clear yet whether humans use this multi-talker approach by 
default. Neuro-imaging evidence favors a vowel-by-default approach; humans’ cortical 
responses in a passive listening task resemble those in a vowel one-back task rather than a 
voice gender one-back task (36). In contrast, when presented with concurrent speech, 
participants’ default processing might prioritize voice pitch for speech segregation to 
enhance subsequent speech processing (37). It is possible that, once humans are in ‘phonetic-
mode’, they are more inclined to categorize based on phonemes, which could also explain 
why three participants reported after the voice gender test phase that they categorized the 
sounds based on vowels. It just might take a little longer to get in phonetic mode when 
listening to (morphed) vowels compared to (morphed) consonants because vowel perception 
might be slightly more continuous and consonant perception more categorical (38).  

Our studies, combined with the extensive literature already available, provide interesting 
insights into the cognitive mechanisms underlying categorization. However, it remains 
difficult to draw firm conclusions based on behavioral responses in laboratory experiments 
which are inherently limited in their ability to generalize. Firstly, even when the animal does 
not display the learning of a specific rule or tactic, it does not necessarily imply that the 
animal is unable to learn this rule or tactic. Secondly, when the rule is apparently employed 
it is not definite proof for rule-based learning. It could be normal generalization or related to 
other types of learning such as prototype learning (39-41).  

Although we did not further discuss prototype learning in CHAPTER 2, it forms an important 
part in the body of work on cognitive processes. With prototype learning, some features of 
different training sounds belonging to the same category are ‘averaged’ to form a prototype. 
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In theory, the response to new stimuli then depends on the characteristics shared with the 
category prototypes. What counts as perceptually similar and therefore matches with the 
prototype will depend upon whether the physical step difference is actually equal across the 
psychological space of this individual prior to training. For our experiment, we would in 
theory expect high performance on the intermediate test sounds when an individual uses 
prototype-learning. However, with our small training and test stimuli set, it is hard to 
disentangle prototype learning from rule-based learning. Therefore, we decide that we 
cannot make strong claims for this type of underlying mechanism. Notwithstanding, in 
individual cases some birds and some humans seem to use various ways to categorize speech 
sounds. To conclude, both birds and humans are able to use different cognitive mechanisms, 
depending on the context. 

Our stimulus space was based on humans’ psychological space which is not necessarily the 
same for birds. The two dimensions (voice gender and vowel) are part of an acoustic space 
with more complex dimensions. What counts as (one-dimensional) rule learning is entirely 
dependent upon whether the dimensions (vowel or voice gender) are perceptually separable 
for the examined species and individual. However, the results of previous experiments (8) 
and our own results strengthen our idea that at least some birds can discriminate and even 
categorize complex acoustic speech sounds based on the vowel and voice gender dimension, 
demonstrating that using different dimensions for categorization is not unique for humans 
or unique for language. Categorization of multidimensional speech sounds seems to rely on 
basic perceptual abilities that are shared with other species.   

Our experimental design was tailored to the possibilities and restrictions of our set-up for 
songbirds. Consequently, both for ethical and practical reasons, we decided to go for few 
exemplars in the training (4-to-2 mapping) whereas other previous studies used larger sets 
of exemplars, e.g., a study on starlings (8, 42). While this extensive training takes more time, 
it allows researchers to disentangle whether the birds show true category learning or simply 
categorization behavior. While a task with a small stimuli set might be best served by 
exemplar-based memorization, this might not be the case for a large set of exemplars. Then 
again, the faster learning speed on one-dimensional tasks compared to the two-dimensional 
tasks in our experiment shows that nonanalytic, exemplar-based processing is not the only 
system through which birds categorize sounds (39).  

Sound parameters underlying speech(like) categorization 

In order to assess the relative weighting of acoustic information in categorization decisions, 
we used two simple acoustic dimensions in the study I presented in CHAPTER 3. Our results 
confirm the suggestion that songbirds are very flexible in their perceptual strategy and are 
capable of zooming in on the most salient parameters to succeed in an auditory 
discrimination task (43).  

The generalization to the vocoded test sounds demonstrates that the zebra finches did not 
simply learn the exemplars in the training, but were able to extract the common parameter, 
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namely the spectrum/ spectral envelope. It is remarkable that songbirds, which are known 
to be sensitive to fine spectral detail (44), can generalize for spectral envelope. Our results 
suggest that recognition of vowels by songbirds may be based on the use of similarities in 
spectral envelope. This is in line with results on other species that showed (neural) responses 
to vocoded stimuli (45, 46). Temporal patterns of chinchillas’ neural responses to vocoded 
speech sounds were similar to their responses to the natural tokens (45). A chimpanzee 
responded above chance level to vocoded speech in a word-lexigram matching task (46). Our 
study is, however, the first using artificial harmonic sounds and their vocoded versions to 
demonstrate generalization for spectral envelope. 

For humans, recognition of vocoded sounds seems to be dependent on the context. Humans 
are able to recognize speech with four bands of noise modulated by the energy envelope 
from those frequency bands, but they cannot do this for vocoded musical stimuli (47). This 
dichotomy between music and speech might be partly explained by experience. Nonetheless, 
it provides an avenue for the interpretation of our results and those of previous experiments. 
It seems that songbird and mammalian species process complex spectral sounds more similar 
to how humans are processing (vocoded) speech than how humans process (vocoded) music 
(47). Moreover, birds might be more flexible with respect to timbre recognition. Starlings 
were able to generalize discrimination of four-tone sequences differing on timbre, when they 
were presented as vocoded versions (48), suggesting that birds can apply generalization for 
spectrum to non-speech stimuli as well.  

Furthermore, the other group of zebra finches in our experiment were able to discriminate 
the training sounds based on pitch and maintained their recognition of pitch when spectral 
information of the sounds was modified. In contrast, starlings showed difficulty generalizing 
the learned pitch cues to the piano tone stimuli (48). Bregman et al. (2016) concluded that 
spectral envelope rather than absolute pitch may be the salient cue for songbirds recognizing 
sounds that both differ with respect to pitch and spectral variation (48). 

Based on our results, we conclude that songbirds have to some extent independent percepts 
of timbre and pitch. In combination with results from Bregman et al. (2016), it seems that 
pitch and spectral processing might be a more general perceptual ability of many songbirds 
and not unique to humans (48, 49). Both the ability to generalize for spectral envelope and 
pitch might be highly context dependent. Furthermore, both differences between species 
and individuals are gradual. We conclude that humans share basic perceptual trait with other 
animal species that may have served as the basis for speech evolution in humans. 

Conclusion on the comparative studies on categorization of speechlike sounds 

Speaker normalization, based on formants, is present in some of our studied zebra finches, 
as demonstrated by birds that show generalization for vowel in CHAPTER 2 and generalization 
for spectrum in CHAPTER 3. Besides speech perception, the perception of formants has been 
studied in conspecific calls of multiple species. Mammalian species, including koalas 
(Phascolarctos cinereus) (50), rhesus macaques (51, 52) and red deer stags (53), can perceive 
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formants in conspecific calls (see for an overview (54)). Both formant perception by animals 
and human speech perception could be served by a broadly shared perceptual mechanisms 
for conspecific vocal perception (54). 

Pitch perception, and especially relative pitch perception, might rely on a less general 
perceptual mechanism. As previously suggested, recognition of tone sequences based on 
pitch might only occur in species that modulate the pitch and spectral shape of sounds 
independently in their own communication system to convey distinct types of information 
(49).  

Section 2: Flexibility and automaticity in speech perception by humans 

Based on results described in CHAPTER 4, we can conclude that humans are able to adjust 
their vowel and voice gender categories based on visual information. From CHAPTER 5, we 
learned that neural processes underlying vowel and voice gender categorization are 
facilitated by a finetuned interplay of sensory and categorical processes.  

Audiovisual integration of speech 

The results I present in CHAPTER 4 demonstrate that audiovisual recalibration of speech is 
not bound to linguistic information only, but can also occur for indexical information, such as 
voice gender. In all aftereffects, the clearest modality seems to be used as the most 
informative modality. Selective adaptation of phonetic information is most likely driven by 
the auditory clarity of the auditory exposure stimulus (55, 56) and thus independent of the 
visual information (57) and for voice gender information a similar phenomenon was 
demonstrated (58).  

On the other hand, in case of recalibration, the auditory signal is ambiguous and thus the 
unambiguous visual information is the most informative modality. The two types of 
recalibration described in CHAPTER 4 of this thesis depend on different facial features. While 
phonetic recalibration is depending on articulatory dynamics of lip-read information, for 
recalibration for emotional affect and voice gender, information from the whole face is 
crucial (59). 

In our study, the sample size was too small to investigate a correlation between the vowel 
and gender aftereffects. Therefore, we cannot test if there is one common mechanism of the 
aftereffects. Instead of one common recalibration mechanism, there can be a domain general 
recalibration mechanism that receives input from separated processes that are specific to 
the stimulus dimension that is being recalibrated. 

Representations of vowel and speaker characteristics in speech responsive brain areas: 
continuous dimensions or discrete categories?  

The results I present in CHAPTER 5 demonstrate that both model-specific predictors, vowel 
and speaker, contributed significantly to fitting the fMRI data. This was the case for the 
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acoustic, behavioral and categorical models. Furthermore, the three models showed similar 
patterns for the vowel and speaker predictor. This similarity of cortical patterns could be in 
line with earlier studies that suggested that the AC is not only involved in sensory processes 
but also in categorical processes. While several studies showed that top-down mechanisms, 
involving the (left) inferior frontal gyrus (IFG), are important in phonetic decisional processes 
(60, 61), other studies proposed that neural representations of speech sounds might 
represent a pre-lexical phonetic category in AC, including the posterior STG (62-64) and PT 
(65, 66) and left medial STS (24, 25). A recent study, combining fMRI, 
magnetoencephalography (MEG) and ECoG data, showed that sensory and decisional 
processes during a syllable categorization task co-localize in posterior STG (67).  

Given the large overlap of activation patterns explained by vowel and speaker predictors, 
interaction between these two predictors might explain to some extent the activation 
patterns in these auditory areas. Based on sound characteristics, a role for this interaction is 
probable, because vowel formant frequencies are caused by vocal tract resonances and 
therefore also provide a salient cue for voice gender perception (11, 68, 69).  

In conclusion, we suggested that sensory and categorical processes relevant for vowel and 
speaker perception are tightly linked to each other. However, this may also be consequence 
of reduced analysis sensitivity due to the correlations among the models. Further individual 
analyses could unravel the complexity of these fine-grained patterns. Also, it would be 
interesting to further investigate languages with and without particular vowel contrasts, in 
order to unravel the effects of language-specific categorical boundaries and universal 
gradients (70). 

Conclusion 

Multi- or interdisciplinary studies, like the ones described in this thesis, will continue to give 
us more insight in the cognitive mechanisms, audiovisual mechanisms and neural correlates 
that contribute to vowel and speaker categorization. By comparing (song)bird species with 
humans, using both real and artificial speech(like) sounds, we can unravel language specific 
mechanisms underlying speech perception and categorization. By using within-subject 
designs, we can further investigate the domain general versus domain specific aspects of 
audiovisual recalibration. Finally, by using individual analyses, one could unravel the 
complexity of the fine-grained patterns involved in sensory and categorical processes related 
to vowel and speaker perception. With this in mind, we have created a foundation for 
interdisciplinary approaches, combining animal behavior, psychophysics and neuro-imaging, 
to unravel shared and unique cognitive, audiovisual and neural mechanisms.  
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English summary 

In daily communication, people can quickly switch between talking and listening. Speech 
production and perception alternate at a rapid pace. Speech sounds differ in composition of 
vowels and consonants but also contain speaker-specific characteristics, such as gender and 
emotion of the speaker. People can generally pick up words from speech without much 
difficulty despite variations between speakers. In addition, we can also easily recognize 
voices, even though a person speaks different words. We do this unconsciously by placing 
sounds in multidimensional categories, for example based on phonetic information or 
speaker-specific characteristics. In physical contact, for example during a conversation in a 
cafe, we also use visual information to form a complete perceptual image. 

Auditory categorization is important for the perception of speech sounds. Unconsciously, 
people categorize speech sounds on different dimensions, for example, either based on 
phonetic information (for example, vowel categorization) or speaker information (for 
example, categorization based on gender of the speaker). Phonetic categorization is 
important for young children to learn their mother tongue and for adults to learn a second 
language. For social interactions, for example at a party where several people talk 
simultaneously, recognizing a person by his or her voice is also important. 

During my PhD, I collaborated with researchers from three research groups at different 
universities. Some of these researchers were experts in behavioural biology, others in 
neuropsychology, psychophysics and/or neuroimaging. In my multidisciplinary projects, I 
have investigated similarities and differences between language-related cognitive properties 
in humans and songbirds. In addition, I investigated to what extent a discrepancy between 
what we hear (the spoken words or voices) and what we see (information that can be read 
from faces) can subsequently change our perception. Finally, I studied what happens in the 
brain when people listen to speech sounds that differ in vowel and gender of the speaker. 

In the first part of this thesis, I present two studies on categorization of speech (like) sounds 
and underlying mechanisms in a songbird species (the zebra finch). All animal species have 
their own way of communication and it is easy to point out differences between, for example, 
human language and communication between songbirds. However, there are also clear 
similarities between these forms of communication. That is why it is interesting to investigate 
what extent animals can master or learn skills that are important in human language. Using 
animal studies, we can reconstruct which cognitive mechanisms are common and possibly 
shared with our common ancestors. To what extent can animals also distinguish speech 
sounds and how do they do this? 

Categorization is a general perceptual phenomenon that is essential for all animals to 
understand different perceptual input. Categorization based on phonetic information or 
speaker-specific characteristics is important for human language. But how specific is this to 
human language? Previous studies have shown that different (bird) species, including zebra 
finches, can be trained to distinguish speech sounds based on vowel differences (e.g., the 
Dutch words ‘wit’ (white) versus ‘wet’ (law)). After a training, they could also distinguish 
these speech sounds from another speaker. Based on these results, we wondered how zebra 
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finches can make this classification and whether they are also able to categorize based on 
gender of the speaker, the other relevant dimension. 

In CHAPTER 2, I describe a comparative study of zebra finches and humans. We used a study 
with four categorization tasks that we called one-dimensional or two-dimensional. Both 
participants and birds were randomly assigned to one of four tasks. All four tasks started with 
training. During training phases for one-dimensional tasks, the participants or birds were 
rewarded when they categorized four speech sounds based on one dimension, either by 
vowel (wet versus wit) or by voice (male versus female). Birds received something to eat as a 
reward, subjects received positive feedback on the computer screen (the word ‘correct’). 
During training phases on two-dimensional tasks, participants or birds were rewarded for 
categorizing speech sounds based on both dimensions (‘wet’ spoken by a man and ‘wit’ 
spoken by a woman versus ‘wit’ spoken by a man and ‘wet’ spoken by a woman). This task 
can be performed using either a combination rule or by integrating the two dimensions (a 
category dominated by ‘wet’ spoken by the man versus a category dominated by ‘wit’ spoken 
by the woman). This was followed by a test phase in which participants or birds had to classify 
more ambiguous or clear variations of the sounds. The birds were still able to receive rewards 
by properly categorizing the training sounds. They received no reward for correctly 
categorizing the test sounds. 

Although zebra finches took much longer to complete their training phase, both humans and 
zebra finches were faster at learning one-dimensional tasks than two-dimensional tasks. 
During test phase, the difference between species increased. Birds were especially good at 
distinguishing sounds that they heard during training phases, suggesting that they are good 
at remembering examples. People were especially able to distinguish new, clear test sounds, 
which most closely resemble real speech. This result can be explained in part by people's 
lifelong experience of categorizing by vowel and gender of the speaker and by the tendency 
towards a rules-based approach, which is also reflected in the difficulty people have with 
tasks wherein no simple rule can be applied. 

How can the zebra finches distinguish speech sounds? And does that resemble the way 
people do it? People subconsciously pay attention to different sound parameters when we 
categorize speech sounds. When categorizing voices, we pay particular attention to the pitch 
of the voice. We distinguish vowels mainly on the basis of timbre, which is mainly determined 
by the amplified frequency bands, the formants, in the speech sound. Although birds do not 
deal with variability in human speech on a daily basis, they do deal with variability in the 
songs of their congeners on a daily basis, which also varies in pitch and harmonic 
characteristics. 

After we learned from the study, described in CHAPTER 2, that birds are able to distinguish 
human speech sounds based on the vowel and gender of the speaker, we decided to further 
investigate how zebra finches use different sound parameters to categorize speech-like 
sounds (CHAPTER 3). During training, birds had to learn how to sort artificial speech sounds, 
which most closely resemble vowels, into two categories. Half of the included birds had to 
categorize based on fundamental frequency, f0 (low versus high ‘pitch’); the other half of the 
birds studied make this categorization based on spectrum (low amplified frequency band, 
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‘formant’, versus high amplified frequency band). After birds had successfully completed 
training phase, they were tested for sounds containing only information about pitch, without 
an amplified frequency band. In addition, birds were tested for sounds that only contain 
information about the global spectrum but no information about fine spectral details and 
pitch. These test sounds were created by processing training sounds with a vocoder, a 
computer algorithm. 

During training, zebra finches learned to distinguish between artificial vowel-like sounds 
based on differences in pitch or differences in global spectrum. The difference in training had 
an expected effect during test phase. The sound parameter to which a zebra finch focuses on 
during test phase, depends on training. After being trained on pitch, birds were able to 
generalize to sounds without an amplified frequency band, but they did not distinguish 
between test sounds with information about the global spectrum. After birds were trained 
on spectrum, birds could not generalize to test sounds without amplified frequency band, 
but they did differentiate between test sounds with information about global spectrum and 
these responses were consistent with their categorization of training sounds. 

Thus, these songbirds are very flexible in their perceptual strategy and they use the most 
relevant parameters to solve an auditory categorization task. Our findings shed light on a 
traditional idea that there is a fundamental difference between mammals and songbirds with 
respect to auditory processing of pitch. Songbirds may initially pay attention to absolute 
pitch, but they can also perceive relative pitch, just as many mammals (including humans, 
rats and ferrets) do. 

In the second part of this thesis, I further elaborated on cognitive and neural mechanisms 
that underlie audio (visual) processing of speech in humans. In everyday communication, 
people are not only exposed to an auditory stream of speech information, but also to visual 
information from a speaker. In less than half a second, we integrate information from the 
voice we hear with the face we see. In natural circumstances, face and voice are generally 
clearly in agreement, but sometimes there is a slight discrepancy between what is heard and 
what is seen, usually because one of the two signals is unclear or ambiguous. To what extent 
can we still form a complete perceptual image in situations where auditory and visual 
information do not match? Can we adjust our categories with regard to the vowel and gender 
of the speaker?  

Finally, we studied what happens in the brain when people listen to speech sounds that differ 
in vowel and gender of the speaker. It is already known which areas of the brain are involved 
in vowel and speaker processing, but it is still unclear whether these brain areas in the 
auditory cortex only contribute to the processing of acoustic properties of the sound or also 
play a function in categorizing speech based on vowels and speakers. To what extent can we 
explain the activation patterns in the brain using a model based on acoustic properties, 
another model based on categorical properties or a third model based on behavioural 
responses? 

In our study, described in CHAPTER 4, we examined to what extent people can adjust their 
categories based on previous exposure to either a congruent audio-visual presentation (e.g., 
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a male face in combination with a male voice) or an audio-visual presentation with 
ambiguous sound (e.g., a masculine face in combination with an androgynous voice). In the 
first case, when sound and image match during exposure and the person adjusts his or her 
assessment of the next sound accordingly, we speak of selective adaptation. In the second 
case, when images and sound do not match during exposure and the person adjusts his or 
her assessment of the next sound accordingly, we speak of recalibration. 

Participants were repeatedly exposed to short videos with a male or female speaker saying 
either the Dutch word ‘beek’ (brook) or ‘beuk’ (beech). The audio added to the video was 
either clear and consistent with the visual information of the face (selective adaptation) or 
ambiguous (recalibration) with regard to vowel or gender of the speaker. The sound stimuli 
that sounded ambiguous for vowel were a mixture of the words ‘beek’ and ‘beuk’. The sound 
stimuli for the speaker's gender sounded ambiguous and androgynous because we mixed the 
male and female voice. Subsequently, subjects were presented with ambiguous test sounds 
that they had to categorize based on vowel or gender of the speaker. 

In line with expectations, after exposure to a video of ‘beek’ (or ‘beuk’ respectively) combined 
with an ambiguous sounding word, participants more often indicated that they found 
ambiguous test sounds comparable to ‘beek’ (respectively ‘beuk’). This result is an indication 
that people can recalibrate their categories for vowels. In accordance with previous research, 
subjects responded more often with beuk (respectively beek) when exposed to a video of a 
beek (respectively beuk) combined with the corresponding spoken word (selective 
adaptation for vowel). 

As we expected, after exposure to a video of a man (respectively woman) in combination 
with an androgynous voice, subjects more often indicated that they found an ambiguous test 
sound to be masculine (respectively feminine). This result is an indication that people are 
recalibrating their categories for the gender of the speaker. Consistent with previous 
research, participants gave more ‘female’ responses (respectively ‘male’ responses) after 
exposure to video of a male (respectively female) when this video was paired with the 
appropriate voice of this speaker (selective adaptation for gender).  

To summarize, we have found recalibration and selective adaptation for both vowel and 
gender of the speaker. People can flexibly adjust their category boundaries to create a 
coherent, holistic view of the auditory and visual input. 

After learning from the study in CHAPTER 4 that humans can also categorize ambiguous 
beek/beuk speech sounds from a male and female speaker, we decided to use these sounds 
in an fMRI study in CHAPTER 5. Here, we examined activation patterns in the brain when 
people listened to speech sounds that varied in vowel and speaker. In this study, we only 
used vowels (ee and eu) of the four audio recordings of beek and beuk spoken by a male and 
female speaker. Based on these audio recordings, we made a number of extra ambiguous 
and clear variations. After a practice session in the scanner, participants were asked to do a 
detection task during the MRI scan session wherein they had to indicate when a played sound 
lasted longer than the other sounds. After their scan session, participants did two behavioural 
tasks on the computer in which they had to categorize the same sounds based on vowel and 
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speaker. The participants' BOLD responses measured with fMRI were analysed at group level 
using three models: one model based on continuous acoustic properties, another model 
based on categorical properties (ee or eu category and male or female category) or a third 
model based on participants' behavioural responses during categorization tasks after MRI 
scan sessions. 

Behavioural responses during vowel and speaker categorization tasks were significantly 
influenced by (the ambiguity of) vowels as well as that of the speaker of the speech sound. 
All three models showed that BOLD activation in bilateral auditory cortices could be 
explained to a similar extent by vowel and speaker predictors. This suggests that sensory and 
categorical processes relevant to vowel and speaker perception are closely linked. The 
differences between areas of the brain involved in acoustic processing or categorization 
appear to be so subtle that it is difficult to distinguish at group level. 

In conclusion, this thesis shows that multidisciplinary studies can provide us with more insight 
into cognitive mechanisms, audio-visual mechanisms and activation patterns in the brain that 
contribute to categorization of vowels and speakers. By comparing (song) bird species with 
humans, we can unravel language-specific mechanisms that underlie speech perception and 
categorization. By examining different audio-visual processes in the same people, we can 
further investigate domain general versus domain specific aspects of audio-visual 
recalibration. Finally, with the help of individual analyses, one could unravel the complexity 
of fine-meshed patterns involved in sensory and categorical processes related to vowel and 
speaker perception. With this in mind, by studying animal behaviour, combining 
psychophysics and neuroimaging, we can discover more about shared and unique cognitive, 
audio-visual and neural mechanisms underlying speech categorization. 
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Nederlandse samenvatting 

In dagelijkse communicatie kunnen mensen snel schakelen tussen praten en luisteren. 
Spraakproductie en -perceptie wisselen elkaar in hoog tempo af. Spraakgeluiden, ookwel 
spraakklanken, verschillen in samenstelling van klinkers en medeklinkers maar bevatten ook 
spreker-specifieke kenmerken, zoals het geslacht en de emotie van de spreker. Ondanks 
variaties tussen sprekers kunnen mensen over het algemeen zonder veel moeite woorden in 
gesproken taal herkennen. Daarnaast kunnen wij ook stemmen goed herkennen, ondanks 
dat een persoon verschillende woorden uitspreekt. Dat doen wij onbewust door middel van 
het plaatsen van geluiden in multidimensionale categorieën, bijvoorbeeld gebaseerd op 
fonetische informatie of spreker-specifieke kenmerken. In persoonlijk contact, bijvoorbeeld 
tijdens een gesprek in een café, maken wij ook gebruik van visuele informatie om een 
compleet perceptueel beeld te vormen.  

Auditieve categorisatie is van belang voor de perceptie van gesproken taal. Onbewust 
categoriseren mensen spraakklanken op verschillende dimensies, bijvoorbeeld ofwel op basis 
van fonetische informatie (bijvoorbeeld categorisatie op klinker) of sprekerinformatie 
(bijvoorbeeld categorisatie op geslacht van de spreker). Fonetische categorisatie is voor 
jonge kinderen van belang bij het leren van hun moedertaal en voor volwassenen is het 
belangrijk bij het leren van een tweede taal. Voor sociale interacties, bijvoorbeeld op een 
feestje waar meerdere mensen door elkaar praten, is ook het herkennen van een persoon 
aan zijn of haar stem belangrijk. 

Gedurende mijn promotie heb ik gewerkt bij drie onderzoeksgroepen op verschillende 
universiteiten. De onderzoekers waarmee ik heb samengewerkt waren gespecialiseerd in 
gedragsbiologie, neuropsychologie, psychofysica en/of neuro-imaging. In mijn 
multidisciplinaire projecten heb ik onderzocht wat de overeenkomsten en verschillen zijn 
tussen taalgerelateerde cognitieve eigenschappen bij mensen en zangvogels. Daarnaast heb 
ik onderzocht in hoeverre een verschil tussen wat wij horen (het gesproken woord of de 
stemklank) en wat wij zien (informatie die af te lezen is aan het gezicht) onze waarneming 
vervolgens kan veranderen. Tot slot heb ik bestudeerd wat er in de hersenen gebeurt 
wanneer mensen naar spraakklanken luisteren die verschillen in klinker en geslacht van de 
spreker.  

In het eerste deel van dit proefschrift presenteer ik twee studies over de categorisatie van 
spraak(achtige) geluiden en de onderliggende mechanismen bij een zangvogelsoort (de 
zebravink). Alle diersoorten hebben hun eigen manier van communicatie en het is 
gemakkelijk verschillen aan te wijzen tussen bijvoorbeeld de menselijke taal en de 
communicatie tussen zangvogels. Er zijn echter ook duidelijke overeenkomsten tussen deze 
vormen van communicatie. Daarom is het interessant om te onderzoeken in hoeverre dieren 
de vaardigheden, die van belang zijn bij menselijke taal, kunnen beheersen of leren. Met 
behulp van gedragsonderzoek bij dieren kunnen wij reconstrueren welke cognitieve 
mechanismen gemeenschappelijk  en mogelijk gedeeld zijn met onze gemeenschappelijke 
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voorouders. In hoeverre kunnen dieren ook spraakklanken onderscheiden en op welke 
manier doen zij dat? 

Categorisatie is een algemeen perceptueel fenomeen dat essentieel is voor alle dieren om de 
verschillende perceptuele informatie te begrijpen. Categorisatie gebaseerd op fonetische 
informatie of spreker-specifieke kenmerken is belangrijk voor menselijke taal. Maar hoe 
specifiek is dit voor menselijke taal? Eerdere studies hebben aangetoond dat verschillende 
(vogel)soorten, waaronder zebravinken, kunnen leren om spraakklanken te onderscheiden 
op basis van klinkerverschillen (bijvoorveeld de woorden ‘wet’ versus ‘wit’). Daarna konden 
zij ook deze spraakklanken van een andere spreker onderscheiden. Naar aanleiding van deze 
resultaten vroegen wij ons af hoe de zebravinken deze indeling maken en of zij ook in staat 
zijn om te categoriseren op basis van de andere relevante dimensie, namelijk het geslacht 
van de spreker. 

In HOOFDSTUK 2 beschrijf ik een vergelijkend onderzoek naar zebravinken en mensen. Wij 
gebruikten vier categorisatietaken die wij ééndimensionaal of tweedimensionaal noemden. 
De vogels en proefpersonen kregen willekeurig één van de vier taken toegewezen. Alle vier 
de taken begonnen met een training. In de training van de eendimensionale taken moesten 
de proefpersonen of vogels leren om vier spraakklanken op basis van één dimensie in twee 
categorieën te delen, ofwel op klinker (wet versus wit) of op stemklank (man versus vrouw). 
Wanneer het antwoord juist was, kregen vogels wat te eten als beloning en proefpersonen 
kregen op het computerscherm te zien dat zij goed hadden geantwoord. In de 
tweedimensionale taken moesten proefpersonen of vogels leren om de spraakgeluiden te 
categoriseren op basis van beide dimensies. De ene taak kon worden opgelost door gebruik 
te maken van ofwel een combinatieregel (wet uitgesproken door de man en wit uitgesproken 
door de vrouw versus wit uitgesproken door de man en wet uitgesproken door de vrouw); 
de ander taak door de twee dimensies te integreren (een categorie die wordt gedomineerd 
door wet uitgesproken door de man versus een categorie die wordt gedomineerd door wit 
uitgesproken door de vrouw). Daarna volgde een testfase waarin de proefpersonen of vogels 
meer ambigue of juist heldere variaties van de geluiden moesten indelen. De vogels konden 
nog steeds beloningen verdienen door de trainingsgeluiden goed te categoriseren. Voor het 
juist categoriseren van de testgeluiden kregen zij geen beloning. 

Hoewel zebravinken veel langer deden over de training, waren zowel mensen als zebravinken 
sneller in het leren van de ééndimensionale taken dan de tweedimensionale taken. In de 
testfase werd het verschil tussen soorten groter. Vogels waren goed in het onderscheiden 
van de trainingsgeluiden, wat suggereert dat zij goed zijn in voorbeelden onthouden. Mensen 
konden vooral de nieuwe, heldere testgeluiden, die het meest op echte spraak lijken, goed 
onderscheiden. Eén van de verklaringen voor dit resultaat is de levenslange ervaring van 
mensen met het categoriseren op basis van klinker en geslacht van de spreker. Bovendien 
hebben mensen vaak de neiging om een op regels gebaseerde aanpak te hanteren, wat ook 
blijkt uit de moeite die mensen hebben met de taak waarbij geen simpele regel kan worden 
toegepast. 
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Op welke manier kunnen de zebravinken spraakklanken onderscheiden? En lijkt dat op de 
manier waarop mensen dat doen? Onbewust letten wij op verschillende aspecten van geluid, 
ookwel geluidsparameters, wanneer wij spraakklanken categoriseren. Voor het 
categoriseren van stemmen, letten wij vooral op de toonhoogte (pitch) van de stem. Klinkers 
onderscheiden wij vooral op basis van timbre, wat vooral wordt bepaald door de versterkte 
frequentiebanden, de formanten, in het spraakgeluid. Hoewel vogels niet dagelijks te maken 
hebben met variabiliteit in menselijke spraak, hebben zij wel dagelijks te maken met variatie 
in de liedjes van hun soortgenoten die ook variëren in toonhoogte en harmonische 
kenmerken. 

Nadat wij in de studie in HOOFDSTUK 2 hadden geleerd dat vogels in staat zijn menselijke 
spraakklanken te onderscheiden op basis van klinker en geslacht van de spreker, besloten wij 
om in de studie in HOOFDSTUK 3 verder te onderzoeken hoe zebravinken verschillende 
geluidsparameters gebruiken bij het categoriseren van spraakachtige geluiden. Tijdens de 
training moesten de vogels leren om kunstmatige spraakklanken, die nog het meest leken op 
klinkers, in twee categorieën te sorteren. De helft van de onderzochte vogels moest 
categoriseren op basis van fundamentele frequentie (lage versus hoge 'toonhoogte'); de 
andere helft van de onderzochte vogels moest dat doen op basis van spectrum (laag 
versterkte frequentieband, 'formant', versus hoog versterkte frequentieband). Nadat de 
vogels de training succesvol hadden afgerond, kregen zij tijdens de testfase geluiden te horen 
die alleen informatie over de toonhoogte bevatten, zonder een versterkte frequentieband. 
Daarnaast moesten de vogels in deze testfase geluiden categoriseren die alleen informatie 
bevatten over het globale spectrum maar geen informatie over de fijne spectrale details en 
toonhoogte. Deze testgeluiden waren gemaakt door de trainingsgeluiden met een vocoder, 
een computer algoritme, te bewerken. 

De zebravinken leerden tijdens de training onderscheid te maken tussen kunstmatige 
klinkerachtige geluiden op basis van verschillen in toonhoogte of op basis van verschillen in 
het globale spectrum. Het verschil in training had het verwachte effect tijdens de testfase. 
De geluidsparameter waar de zebravinken op focussen in de test is afhankelijk van de 
training. Na een training op toonhoogte konden de vogels generaliseren naar geluiden zonder 
een versterkte frequentieband maar zij maakten geen onderscheid tussen de testgeluiden 
met informatie over het globale spectrum. Nadat de vogels waren getraind op spectrum 
konden de vogels niet generaliseren naar de testgeluiden zonder versterkte frequentieband 
maar zij maakten wel onderscheid tussen de testgeluiden met informatie over het globale 
spectrum en deze responsen kwamen overeen met hun categorisatie van de 
trainingsgeluiden. 

Deze zangvogels zijn dus erg flexibel in hun perceptuele strategie en zij gebruiken de meest 
relevante parameters om een auditieve categorisatietaak op te lossen. Onze bevindingen 
zetten het traditionele idee, namelijk dat zoogdieren en zangvogels fundamenteel verschillen 
wat betreft de auditieve verwerking van toonhoogte (pitch), in een ander daglicht. Mogelijk 
letten zangvogels in eerste instantie wel op de precieze hoogte van de pitch maar zij kunnen 
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ook de toonhoogte in verhouding tot andere geluiden waarnemen, net zoals veel zoogdieren 
(inclusief mensen, ratten en fretten) doen.  

In het tweede deel van dit proefschrift ben ik verder ingegaan op cognitieve en neurale 
mechanismen die ten grondslag liggen aan audio(visuele) verwerking van spraak bij mensen. 
In dagelijkse communicatie halen mensen niet alleen veel informatie uit de gesproken taal 
maar ook uit de visuele informatie van de spreker. In minder dan een halve seconde 
integreren wij informatie van de stem die wij horen met het gezicht dat wij zien. In natuurlijke 
omstandigheden zijn gezicht en stem duidelijk met elkaar in overeenstemming maar soms 
zijn er kleine verschillen tussen wat wij horen en zien, meestal omdat één van de twee 
signalen onduidelijk of dubbelzinnig is. In hoeverre kunnen wij in situaties waarin auditieve 
en visuele informatie niet overeenkomen toch een compleet beeld vormen? Kunnen wij onze 
categorieën aanpassen met betrekking tot klinker en geslacht van de spreker?  

Tot slot hebben wij bestudeerd wat er in de hersenen gebeurt wanneer mensen naar 
spraakklanken luisteren die verschillen in klinker en geslacht van de spreker. Er is al bekend 
welke hersengebieden betrokken zijn bij klinker en spreker verwerking. Het is nog onduidelijk 
of deze hersengebieden in de auditieve cortex alleen bijdragen aan de verwerking van 
akoestische eigenschappen van het geluid of ook al een functie vervullen bij het 
categoriseren van spraak op basis van klinkers en sprekers. In hoeverre kunnen wij de 
activatie patronen in het brein verklaren met behulp van een model op basis van akoestische 
eigenschappen, een ander model op basis van categorische eigenschappen of een derde 
model op basis van gedragsresponsen?  

In onze studie, beschreven in HOOFDSTUK 4, onderzochten wij in welke mate mensen hun 
categorieën kunnen aanpassen op basis van eerdere blootstelling aan ofwel auditieve en 
visuele informatie die bij elkaar passen (bijvoorbeeld een mannelijk gezicht in combinatie 
met een mannelijke stem) of visuele informatie in combinatie met een ambigue geluid 
(bijvoorbeeld een mannelijk gezicht in combinatie met een androgyne stem). In het eerste 
geval, wanneer geluid en beeld tijdens blootstelling overeenkomen en de persoon zijn of haar 
categorisatie van het volgende geluid daarop aanpast, spreken wij van selectieve adaptatie. 
In het tweede geval, wanneer beeld en geluid tijdens blootstelling niet overeenkomen en de 
persoon zijn of haar categorisatie van het volgende geluid daarop aanpast, spreken wij van 
rekalibratie.  

Deelnemers kregen een aantal korte video’s te zien waarin een mannelijke of vrouwelijke 
spreker ‘beek’ of ‘beuk’ zei. Het geluid bij de video was ofwel helder en overeenkomstig met 
de visuele informatie van het gezicht (selectieve adaptatie) of ambigue (rekalibratie) met 
betrekking tot de klinker of het geslacht van de spreker. De geluiden die ambigue klonken 
voor klinker waren een mix van de woorden beek en beuk. Voor geslacht van de spreker klonk 
dat ambigue, androgyne geluid als een mix van een mannelijke en vrouwelijke stem. Daarna 
kregen proefpersonen ambigue testgeluiden te horen die zij moesten categoriseren op basis 
van klinker of geslacht van de spreker.  
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In lijn der verwachtingen, gaven de proefpersonen na blootstelling aan een video van beek 
(respectievelijk beuk) gecombineerd met een ambigue klinkend woord vaker aan dat zij het 
ambigue testgeluid vonden klinken als beek (respectievelijk beuk). Dit resultaat is een 
aanwijzing dat mensen hun categorieën voor klinkers kunnen rekalibreren. In 
overeenstemming met eerder onderzoek reageerden proefpersonen vaker met beuk 
(respectievelijk beek) wanneer zij waren blootgesteld aan een video van een beek 
(respectievelijk beuk) gecombineerd met het bijpassende gesproken woord (selectieve 
adaptatie voor klinker). 

Zoals wij hadden verwacht, gaven de proefpersonen na blootstelling aan een video van een 
man (respectievelijk vrouw) in combinatie met een androgyne stem vaker aan dat zij het 
ambigue testgeluid mannelijk (respectievelijk vrouwelijk) vonden klinken. Dit resultaat is een 
aanwijzing dat mensen hun categorieën rekalibreren voor het geslacht van de spreker. In 
overeenstemming met eerder onderzoek, gaven de proefpersonen meer ‘vrouw’ responsen 
(respectievelijk ‘man’ responsen) na blootstelling aan video van een man (respectievelijk 
vrouw) wanneer deze video gepaard was met de passende stem van deze spreker (selectieve 
adaptatie voor het geslacht van spreker).  

Hieruit volgt dat wij rekalibratie en selectieve adaptatie voor zowel klinker als geslacht van 
de spreker hebben aangetoond. Mensen kunnen hun categoriegrenzen flexibel aanpassen 
om een samenhangend beeld van de auditieve en visuele input te maken.  

Nadat wij in de studie van HOOFDSTUK 4 hadden geleerd dat mensen ook ambigue geluiden 
van de woorden ‘beek’ en ‘beuk’ en van een mannelijke en vrouwelijke spreker kunnen 
categoriseren, besloten wij deze geluiden te gebruiken in de fMRI-studie in HOOFDSTUK 5 
waarin wij de activatiepatronen in het brein onderzochten wanneer mensen naar 
spraakklanken luisterden die varieerden in klinker en spreker. Wij gebruikten in deze studie 
alleen de klinkers (ee en eu) van de vier geluidsopnames van ‘beek’ en ‘beuk’ uitgesproken 
door een mannelijke en vrouwelijke spreker uit de vorige studie. Op basis daarvan maakten 
wij nog een aantal extra ambigue en heldere variaties. Na een oefensessie in de scanner, 
vroegen wij aan deelnemers of zij tijdens de MRI-scan een detectietaak wilden doen waarbij 
zij moesten aangeven wanneer een afgespeeld geluid langer duurde dan de andere geluiden. 
Na de MRI-scan deden de deelnemers twee gedragstaken op de computer waarbij zij 
dezelfde geluiden op basis van klinker en spreker moesten categoriseren. De met fMRI 
gemeten BOLD-responsen van de deelnemers werden op groepsniveau geanalyseerd met 
behulp van drie modellen: een model op basis van de continue akoestische eigenschappen, 
een ander model op basis van categorische eigenschappen (ee of eu categorie en man of 
vrouw categorie) of een derde model op basis van gedragsresponsen van deelnemers tijdens 
de categorisatietaken na de MRI-scan.  

In de klinker en spreker categorisatietaken werden de gedragsresponsen zowel door (de 
ambiguïteit van) klinkers als die van de sprekers van het spraakgeluid significant beïnvloed. 
Alle drie de modellen toonden aan dat de BOLD-activering in bilaterale auditieve cortices in 
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vergelijkbare mate verklaard kon worden door voorspellers van klinkers en sprekers. Dit 
suggereert dat sensorische en categorische processen die relevant zijn voor de perceptie van 
klinkers en sprekers nauw met elkaar verbonden zijn. De verschillen tussen hersengebieden 
die betrokken zijn bij akoestische verwerking of categorisatie lijken zo subtiel te zijn dat er op 
groepniveau lastig onderscheid te maken is.  

De studies in dit proefschrift laten zien dat multidisciplinaire studies ons meer inzicht kunnen 
geven in de cognitieve mechanismen, audiovisuele mechanismen en activatiepatronen in het 
brein die bijdragen aan de categorisatie van klinkers en sprekers. Door (zang) vogelsoorten 
te vergelijken met mensen, kunnen wij taalspecifieke mechanismen ontrafelen die ten 
grondslag liggen aan spraakperceptie en categorisatie. Door het onderzoeken van 
verschillende audiovisuele processen bij dezelfde mensen, kunnen wij de domein algemene 
versus domeinspecifieke aspecten van audiovisuele rekalibratie verder onderzoeken. Ten 
slotte zou men met behulp van individuele analyses de complexiteit kunnen ontrafelen van 
de fijnmazige patronen die betrokken zijn bij sensorische en categorische processen die 
verband houden met klinker- en sprekerperceptie. Door het bestuderen van diergedrag in 
combinatie met psychofysica en neuro-imaging kunnen wij meer ontdekken over gedeelde 
en unieke cognitieve, audiovisuele en neurale mechanismen die ten grondslag liggen aan 
spraak categorisatie. 
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