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Speech perception requires the decoding of complex
acoustic patterns. According to most cognitive models
of spoken word recognition, this complexity is dealt with
before lexical access via a process of abstraction from
the acoustic signal to pre-lexical categories. It is cur-
rently unclear how these categories are implemented in
the auditory cortex. Recent advances in animal neuro-
physiology and human functional imaging have made it
possible to investigate the processing of speech in terms
of probabilistic cortical maps rather than simple cogni-
tive subtraction, which will enable us to relate neuro-
metric data more directly to behavioural studies. We
suggest that integration of insights from cognitive
science, neurophysiology and functional imaging is
necessary for furthering our understanding of pre-lexical
abstraction in the cortex.

Introduction

Spoken language comprehension fundamentally involves
extracting words from a continuous stream of speech.
Although this process is entirely effortless most of the
time, listeners are faced with considerable variation in
the speech signal: the physical properties of the waveform
corresponding to a given speech segment can be radically
different, depending on a variety of factors that include
talker characteristics, speech rate or ambient noise. Con-
versely, a given sound can be interpreted by listeners as a
different speech segment, depending on phonological and
acoustic context [1,2].

To deal with this variability, the auditory cortex derives
increasingly abstract representations from the speech sig-
nal. Most cognitive models of spoken word recognition
implement abstract pre-lexical units of representation
such as phonemes. These units have the function of inte-
grating and categorising acoustic-phonetic information
along multiple dimensions. They also form the constituent
parts of how words are stored in the mental lexicon, the
repository of words that the listener knows.

Phonemic categories are established in the first months
of life [3] and become less flexible with age, but even the
adult perceptual system allows for talker- and context-
specific adjustment [4]. An adjustment that is made to one
particular phonemic category, for example in response to
the accent of a talker, can generalize to any word in the
mental lexicon that contains this phoneme, and therefore
does not need to be made again for future encounters of
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that talker or speakers with a similar accent. Acoustic
variation can thereby be normalised at an early stage of
processing.

Pre-lexical abstraction is currently only loosely defined
in terms of its neural implementation. Neurophysiological
work in animals has revealed fundamentals of how acous-
tic features are processed in the auditory cortex, including
complex signals such as speech sounds. In humans, func-
tional neuroimaging research has identified a set of candi-
date regions in the superior temporal lobe which have a
crucial role in the different stages of processing of the
speech signal [5], but few of these have targeted pre-lexical
abstraction directly. Recent developments in functional
imaging techniques enable us to move beyond broad com-
parisons of activation strength (‘cognitive subtraction’, in
which two experimental conditions are contrasted with
each other to single out a specific processing step) and
instead allow observation of emerging abstract categories
in neuroimaging data in a fashion that requires fewer prior
assumptions about the choice of baseline condition (‘multi-
variate pattern analysis’) [6-8].

Understanding the process of pre-lexical abstraction in
the auditory cortex depends on the integration of findings
from cognitive psychology, neurophysiology and functional
neuroimaging. Here, we examine the current evidence and
suggest avenues for future research in which neuroscien-
tific investigations into human speech perception are
informed by cognitive models.

The view from cognitive psychology and speech science
Recent studies have revealed specific mechanisms that
contribute to achieving perceptual constancy in the light
of variability in the speech signal. For example, listeners
are able to adjust to a talker idiosyncrasy (e.g. as caused by
identity, emotional state or regional accent) by re-tuning
pre-lexical category representations in a talker-specific
manner [4,9,10]. Pre-lexical phonemic categories are a
highly effective locus for this type of adjustment: adjust-
ments at this level can generalize to all future instances of
the phonemic categories in the speech of this talker, no
matter in which word they occur [11,12]. Hence, only a
relatively small set of representations need to be retuned
because every language is made up of a very limited set of
phonemic categories, but contains many thousands of
words.

This advantage of pre-lexical representations is
reflected in the architecture of most cognitive models of
spoken word recognition (see Ref. [13] for a review). These
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models are organized hierarchically into consecutive levels
of processing that deal with increasingly abstract units of
representation. The TRACE model [14], for instance, con-
sists of three layers — corresponding to acoustic-phonetic
features, phonemes and words — and the primary flow of
information is from the feature level to the lexical level, in
which words are represented abstractly.

However, the focus of these models is on word recog-
nition, and not on pre-lexical abstraction. Although the
purpose of pre-lexical categories has been to mediate be-
tween the speech signal and the mental lexicon, the input
to most models is not a psychologically realistic repres-
entation of the speech signal, but instead consists of unam-
biguous, already abstracted, strings of phonemes (other
units of pre-lexical representation have been proposed,
including features, diphones, triphones or syllables [15]).

Neither human speech science nor automatic speech
recognition approaches [16] have been able to identify
invariant acoustic features that correspond to the percep-
tion of speech sounds reliably across different contexts and
talkers. It seems that pre-lexical speech processing
depends on both an acoustic-phonetic analysis and other
factors such as talker, speech rate or phonological context.
These sources of information are combined into an output
that is probabilistic rather than discrete (Figure 1a).

A probabilistic view of pre-lexical abstraction has
recently been implemented by Norris and McQueen [17]
in the Shortlist B model. In contrast to models in which
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word recognition is achieved on the basis of unambiguous
strings of discrete phonemes, the input to Shortlist B takes
the form of phoneme likelihoods which vary over time.
These phoneme likelihoods were derived from a beha-
vioural gating experiment, and thus reflect actual listening
ambiguities that arise for phonemes that are similar on a
perceptual dimension at a given point in time. Phoneme
likelihoods are noisier than discrete phoneme strings, but,
in addition to being a more realistic representation of what
listeners are faced with, they also contain more infor-
mation about the acoustic context. Although not currently
implemented in Shortlist B, a probabilistic type of input to
a computational model has the potential of taking into
account adjustments to talker idiosyncrasies by altering
phoneme likelihoods in a talker-and context-specific man-
ner (Figure 1a).

Insights on the abstraction of speech sounds from
animal physiology

The human auditory system shares basic mechanisms of
spectro-temporal encoding and cortical map formation
with other mammals. In the processing of simple to
increasingly complex sounds, a hierarchical division of
auditory cortex into ‘core’, ‘belt’ and ‘parabelt’ areas has
been established in non-human primates [18,19]. Although
there is a debate about the number and exact function of
these subfields in different species (e.g. see Ref. [5]), especi-
ally ‘belt’ and ‘parabelt’ regions are thought to support the
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Figure 1. Functional (a) and macroanatomical (b) architecture of the pre-lexical abstraction process. (a) Acoustic cues such as burst intensity, voice onset time and spectral
centre of gravity are extracted in primary auditory cortex [28,31,32] and then integrated into language-specific abstract units which can be used for word recognition. We
suggest that the output of the abstraction process is a probabilistic result of a cue weighting process. Left upward arrow in (a): contextual influences such as talker
characteristics or noise in the listening situation require re-adjustment of the relative influence of acoustic-phonetic cues on the probabilistic output of abstraction. Left
downward arrow in (a): perceptual learning mechanisms can utilize higher-level (e.g. lexical) information for re-tuning phoneme likelihoods over time [4,17,59].
Phonological memory is thought to operate on units that result from this pre-lexical abstraction process. (b) A set of brain activations from MEG and fMRI studies which
have directly addressed pre-lexical processing of speech are mapped onto a sagittal view of a standardized brain (Montreal Neurological Institute [MNI] coordinate system).
The colour coding represents a distinction of early components in the MEG signal (P50m, N100m; yellow), non- or pre-categorical responses to meaningful speech sounds
and spectro-temporally matched complex sounds (orange), meaningful speech sounds evoking a larger response compared with non-speech sounds (red) and detection of
a phonological change, but not merely an acoustic change (green).
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analysis of conspecific vocalisations and other auditory
signals which are behaviourally relevant [5,19-21].

Within this hierarchy, spectro-temporal properties of
the acoustic signal are processed selectively. Orthogonal to
a gradient of preferred frequency, subfields in auditory
cortex exhibit various gradients of selective responsiveness
to spectral bandwidths, periodicities and spectrotemporal
motion parameters (e.g. Refs [20,22-24]). This layout
enables the formation of orderly maps from spectrally
complex sounds. Acoustic dimensions that are relevant
to human speech sounds (e.g. formants, characteristic
peaks in the frequency spectrum of a speech sound) have
been shown to be topographically organized in the auditory
cortex [25,26].

But how do abstract categories of sounds emerge? Cur-
rently, the best evidence on mechanisms of auditory map
formation comes from species that are rather remote from
human anatomy. In gerbils, Ohl et al. [27] demonstrated
the emergence of distinct patterns of auditory cortex
activity over the time course of a discrimination learning
experiment. The animals were trained on multiple tokens
taken from two broad categories of inherently meaningless
sounds (frequency-modulated sweeps of either rising or
falling pitch). This was interpreted to reflect acquisition
of an abstract category. The authors detected category
formation using a classification algorithm in a higher-
dimensional search space (i.e. a space of more than just
two or three dimensions, being defined by the numbers of
signal detectors [18 in this study]). Interestingly, the newly
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formed categories were not observed as differences in
activation strength but as differing higher-dimensional
maps of activation patterns (for comparable multidimen-
sional approaches to human neuroimaging, see Box 1).

More recently, Engineer and colleagues [28] trained rats
to discriminate a large set of speech sounds and obtained
neural confusion matrices (i.e. pairwise measures of neural
pattern similarity) for a comprehensive set of English
consonants. The discrimination performances of the rats
correlated with spike timing patterns elicited by these
sounds in primary auditory cortex. Although this study
did not demonstrate abstraction of speech sounds, it did
show that distinguishable patterns of cortical activation
emerge from acoustic dimensions that are relevant for
speech.

Studying the formation of phonemic categories with
human speech in animals is largely limited to bottom-up
processing. Although the categories can gain behavioural
relevance in the non-human brain (e.g. by means of con-
ditioning), interfacing with the lexical level is impossible to
study in animals. Schreiner and Winer [29], in a review on
auditory cortical map formation, note that the ‘existence of
topographic organization in auditory cortex is indisputa-
ble, yet their functional implications for neural processing
in the generation of perception and behaviour remain
obscure’. The key finding from the neurophysiology litera-
ture for pre-lexical processing is that acoustic-phonetic
features of the speech signal such as voicing, spectral
shape, formants or amplitude modulation [30-32] are

Box 1. Abstraction: a case for multivariate pattern recognition methods

If a given brain region processes two types of sounds in an equally
vigorous manner, then cognitive subtraction logic (e.g. voiced >
voiceless sounds, consonants > vowels) will fail — despite the fact that
crucial steps of analysis, pattern formation and abstraction could take
place within this region. Because the subtraction of BOLD activation
potentially misses crucial steps of acoustic-phonetic processing,
research into speech sound recognition and abstraction is a prime
candidate for the family of fMRI analysis techniques which are now
usually labelled ‘multivariate pattern analysis’.

All algorithms of pattern classification currently in use for fMRI data
(for reviews see Refs [566,57]) have in common the use of sub-threshold
activation differences within a cluster of voxels to detect (i.e. optimally
classify) different states of activation across this cluster of voxels. Non-
smoothed and non-averaged data points from all voxels in a given
brain region are considered by the classifier and can potentially
contribute to optimally distinguishing different activation patterns,
whereas some voxels will prove more informative to the classifier
decisions than others (RFE, Recursive Feature Elimination; [8]). The
algorithms are often trained on a given set of trials from all conditions
to be classified and then used to test (on separate test trials which are
kept aside from the fMRI time series) whether a multi-voxel pattern is
more likely to reflect one or the other cognitive state or stimulus
condition.

This means a fundamental change in experimental logic.
Formisano and colleagues [8,60] recently demonstrated how such
pattern recognition analyses might be used for understanding
speech sound abstraction by using linear support-vector-machine
learning. Their study presented three vowel categories by three
speakers (i.e. included acoustic variance and used more than just
binary stimulus conditions). Instead of confining the voxel search
space to a small region of interest via a localiser experiment, the
classifier was given data points from the whole fMRI volume. The
results can be visualized by mapping the most informative voxels
in classifying either vowel category or speaker identity from all

subjects in a cortically aligned brain space (Figure I). Importantly,
Formisano et al.'s [8] approach permits testing the classifier on
trials in which the stimuli were physically different from the
training trials: their findings show that the classification can
generalize, for example to the same vowel uttered by a new talker,
and thus are able to demonstrate learning of an ‘abstract’
representation [60].

Learning
(e.g. different Dnve, |
vowels) Brain activity
Recursive feature elimination
(support vector machine)
Discriminative %
patterns ‘

- “ . -

<

Map out sites that
contribute most to
discrimination

trials (e.g. other
speakers)

TRENDS in Cognitive Sciences

Figure 1. Outline of Formisano et al.'s [8] approach of using a linear support-
vector-machine learning combined with recursive feature elimination, applied to
speech sound abstraction (under review; see Ref. [60] for a detailed description
of the methodology). Materials reproduced with kind permission of Elia
Formisano, see Ref. [60].



made accessible by the computations of the ascending
auditory pathway and primary auditory cortex.

In search for the neuroanatomy of pre-lexical
abstraction

Recent advances in functional magnetic resonance imaging
(fMRI) methodology have made it possible to study the
functional neuroanatomy of speech perception non-inva-
sively in humans. Through neuroimaging we have gained
insights on the neuroanatomical organization of the speech
comprehension system as a whole (e.g. Refs [33-36]). How-
ever, relatively few studies have directly addressed pre-
lexical processing and categorisation.

Figure 1b shows peak activations from a selection of
studies that have targeted pre-lexical processing of speech
with various strategies. They all used native sub-lexical
speech stimuli, such as isolated vowels, consonants or
syllables (except Ref. [37], which used pseudowords).
The peak activations illustrate a functional hierarchy in
the processing of these sounds.

First, relatively early components in the magnetocen-
cephalographic (MEG) signal (P50m, N100m) have been
localized to the lateral part of Heschl’s gyrus. This response
has been observed with many types of auditory stimuli and
is unlikely to be unique to speech, although its precise
latency and topography seem to be modulated by mean-
ingful speech sounds [38-40].

Second, posterior to Heschl’s gyrus, the planum tempor-
ale (PT) often does not show stronger responses to speech
compared to non-speech sounds that are matched in terms
of acoustic complexity. Rather, the PT exhibits sensitivity
to acoustic-phonetic variation [41,42] and to spectrotem-

Box 2. Where is the locus of pre-lexical abstraction?
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poral complexity in general [43]. On the basis of functional
connectivity analyses, this region has been suggested to be
at an intermediate stage of processing between primary
auditory cortex and the superior temporal sulcus (STS) [44]
(see also Box 2).

Third, it is only in the STS that responses to meaningful
speech sounds differ consistently from non-speech baseline
conditions (e.g. Refs [36,45-47]).

Fourth, detection of a phonological change [48], but not
merely acoustic change, is associated with activity in the
supramarginal gyrus (SMG). This indicates that the supra-
marginal gyrus has access to already-abstracted phonolo-
gical units (Box 2), and these activations have often been
interpreted as evidence that the SMG has an important
role in phonological working memory [37,49-51].

The distribution of the peak activations in Figure 1b
clearly shows that a vast area of the peri-Sylvian cortex is
recruited for pre-lexical processing. Note in particular that
there are prominent peaks along the STS. This area has also
been shown to process lexical, semantic and syntactic infor-
mation, talker variation and functions which are not necess-
arily linguistic, such as social interaction or multisensory
integration [52-55]. Pre-lexical processing, therefore, does
not seem to be confined to relatively low-level auditory
cortex such as lateral Heschl’s gyrus (Brodmann’s Area
42 [BA 42]); most likely corresponding to human parabelt
areas) or the planum temporale (BA 42/22). On a macro-
anatomical scale, there is considerable overlap in the sites
along the STS that exhibit sensitivity to pre-lexical, lexical
and possibly higher levels of linguistic processing.

Although there is evidence for a functional and neuroa-
natomical hierarchy in the cortical processing of speech

Figure | shows a schematic aggregate result across studies and
brain regions: by applying cognitive subtraction logic, only the
superior temporal sulcus (STS) shows a significant preference for
speech sounds over meaningless noises or tones (also clearly
reflected in Figure 1b in the main text). The planum temporale (PT)
has been implied to be a hierarchically up-stream structure to STS

[42,44]. It is often reported to show no such preference as long as a

certain spectrotemporal complexity is attained (cf. the pattern for

Heschl’s gyrus [HG] or more primary auditory cortex responses),

although its precise role in the functional hierarchy of abstraction is

unresolved.

The problem faced with cognitive subtraction designs is a general
one, which bears relevance when we aim to localize a transitory
processing stage like pre-lexical abstraction:

e Can the output of a brain region A (for example the PT), which itself
exhibits a non-categorical response but is activated to the same
extent and strength by two stimulus types, be indicative of the
categorization process nevertheless?

e Can we infer from equal activation by these complex stimuli (but less
so by very simple stimuli) that it is treating these stimuli the same?
Maybe region A transmits distinct output for these two stimulus

types and this output is in the shape of an abstract phonological

category signalled to brain region B (for example the STS). In other

words, is the categorical response observed in brain region B

indicative of a successful categorization process having taken place

at an hierarchically lower stage — or does it reflect the abstraction and
categorization process itself (as suggested by our tentative inter-
pretation of Figure 1b in main text)?

This is a fundamentally unsolved problem. It will be tackled best by
moving beyond activation strength measures (such as the relative
strength of a hemodynamic response or the amplitude of an event-

related potential) and analysing the actual functional behaviour of a
brain area (e.g. ‘neurometric curves’ [41]) or its complex multivariate
response patterns from a set of voxels rather than an averaged
response (Box 1).
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Figure I. A schematic aggregated result of cognitive-subtraction fMRI studies,
illustrating the difficulty establishing a processing hierarchy for different stimuli
based on the overall activation patterns in various regions. Are we to conclude
that no difference in BOLD activation strength means no difference in
processing? Is a difference in a region like the STS indicative of the abstraction
process itself or rather the result of this process? Abbreviations: HG, Heschl’s
gyrus; PT, planum temporale; STS, superior temporal sulcus.
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sounds, at present there are few human neuroimaging
studies with sufficient neuroanatomical detail and ade-
quate experimental manipulations to allow for direct infer-
ence on the pre-lexical transformation of the speech signal
into phonological units in structures of auditory cortex.
Furthermore, there are limitations to cognitive subtraction
experiments. Because this method depends on compari-
sons of relative activation, the choice of baseline condition
is crucial: processing steps of interest can be cancelled out
when the experimental condition (e.g. different phonemes)
and baseline condition (e.g. complex non-speech sounds)
share acoustic features (see also Box 2).

As described in Box 1, a promising alternative approach
to subtraction designs is multivariate pattern analysis: this
subsumes a family of methods that has recently been
applied to neuroimaging [56,57]. The fundamental leap
forward compared to conventional fMRI studies is the sim-
ultaneous analysis of a whole array of data points from a
given region, allowing for the detection of subtle and
abstract neural response pattern differences (i.e. differences
invisible if only looking at single data points at a time).

Concluding remarks

Behavioural investigations in speech sciences and compu-
tational modelling have led to a detailed understanding of
how the speech perception system can be conceptualised.
Although this type of research alone cannot produce a
neuroanatomical model of speech processing, it should
guide neuroscientific investigations by providing a theor-

Box 3. Questions for future research

Clinical relevance of pre-lexical abstraction

There has been an increased interest from a clinical perspective in
the neural mechanisms of pre-lexical abstraction, as certain clinical
populations exhibit ineffective processing of speech. It is likely that
an impairment of the abstraction process contributes to some
congenital and acquired disorders such as specific language
impairment, dyslexia or auditory processing disorder, but it is
unclear at present which neural systems underlie this deficiency.

Feed-back versus feed-forward in auditory cortex

There is an ongoing debate and an abundance of behavioural
evidence for or against online feedback in speech comprehension
[17,61]. Although human neuroimaging data might indicate a feed-
forward flow of information in speech sound abstraction, animal
research has indicated that early auditory fields might contribute
dynamically [24,62] to higher-level processing via local feedback
loops and re-entrant processing. This is difficult to investigate in
humans as BOLD fMRI provides a temporally integrated picture of
neural activity, whereas MEG does not have sufficient spatial
resolution to disentangle small auditory fields. Although intrinsi-
cally limited to patient studies, invasive electrophysiological
measurements of neural activity could provide the missing link
between animal studies and human neuroimaging [63].

Role of oscillatory networks

The electrophysiology of neural oscillations in perceptual object
formation in the visual domain is increasingly well understood [64],
and there is evidence to indicate that synchronization changes in
oscillatory networks are also a signature of auditory and speech
perception [65-67]. A functional neuroimaging method that relies
on metabolic measures such as fMRI does not permit investigation
of oscillatory networks. It is an important and timely goal to
reconcile results from fMRI studies in the spatial-anatomical
domain with these more time-based measures from EEG and
MEG research.
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etical framework. Using the cognitive subtraction method,
functional neuroimaging studies have broadly defined the
neuroanatomy of pre-lexical processing. Multivariate
analysis techniques of neuroimaging data have the poten-
tial to study spectro-temporal encoding and abstraction of
speech in more detail, and crucially, in a manner that can
be related to results from other fields (Box 3). A study by
Mitchell and colleagues [58] has already shown that it is
feasible to train a computational model of language pro-
cessing using neural data as input. We suggest that the
output of these multivariate methods (Figure I in Box 1)
can serve as input to cognitive models of speech perception,
in parallel to behaviour-based likelihoods that have been
used in speech science [17], waveform-based likelihoods
that can be extracted with automatic speech recognition
techniques [16] or spike-timing patterns that have been
observed in animal studies [28]. The integration of findings
from all of these areas, and the latest technological devel-
opments within each of them, can lead to a testable,
neuroanatomical model of pre-lexical abstraction.
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