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Abstract 

  (150 words) 

Speech perception theories differ on whether the process of sub-lexical speech 

perception is autonomous or is influenced by contextual knowledge such as semantic or 

lexical context.   A better understanding of sub-lexical speech perception would be useful 

for building cognitive models of speech perception and clinically, in understanding 

speech perception deficits after neurological injury.  We employ the N100 EEG-ERP 

waveform to measure the sub-lexical processes involved in stop-consonant voicing 

categorization and test whether voice-onset-time encoding is altered by lexical status (e.g. 

/d/-/t/ in dape-tape versus date-tate).  This project improves on previous work 

investigating sub-lexical perception (e.g. Ganong, 1980) by including an online measure 

of sub-lexical encoding.  We demonstrate effects of lexical context on N100 encoding, 

indicating interaction of lexical and sub-lexical information.  This finding supports online 

feedback accounts of speech perception.  Practically, it also confirms the N100 is a useful 

candidate for measuring deficits in speech perception in neurologically damaged 

populations. 
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Chapter 1 

Introduction and Background 

1.1. Introduction 

Perceiving speech requires mapping variable word-sounds onto internal meaning 

representations.  The acoustic characteristics of a word vary extensively, for example as a 

function of speaker, of emotional tone, of the surrounding phonetic and semantic context, 

and of ambient noise. A large body of research in speech perception has focused on the 

processing steps and representational levels by which we recognize words from variable 

acoustic input (see Norris, Cutler, & McQueen, 2000 for review).  Theories tend to agree 

on the levels of representation involved in this process (Liberman et al., 1967, Oden & 

Massaro, 1978; Klatt, 1980; McClelland & Elman, 1986; Marslen-Wilson & Tyler, 1987; 

Jucszyk, 1993; Norris 1994; McClelland, Mirman, & Holt, 2006; Norris & McQueen, 

2008; Feldman, Griffiths, & Morgan, 2009; Kleinschmidt & Jaeger, 2015; but see 

Goldinger et al. 1967; Nygaard & Pisoni, 1998; for opposing views).  The agreed upon 

processing steps include: a general auditory processing of the raw acoustic signal, a sub-
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lexical level, a word level, and a semantic level.  The representational content of each 

level is discussed below.  Figure 1 shows a schematic of this consensus cognitive 

architecture.   

Figure 1  
Figure 1– Schematic of speech perception processing levels, representational 
content, and feedback connections. Information flows from raw acoustic input up 
to the semantic network.  Intermediate steps are generally agreed upon, but sharp 
distinctions exist with respect to whether information can flow only bottom-up 
through this network, or whether information may flow backwards between levels 
during processing in addition.  Arrows with dashed edges highlight these debated 
feedback connections.  The starred feedback connection, from lexical units to sub-
lexical units is the focus of this study.  Some theories, such as TRACE, specify the 
existence of this starred connection and indeed all the dashed-edge arrows.  
COHORT specifies only the top-most dashed arrow (lexico-semantic feedback 
connections) exists, but does not allow feedback between the other levels, including 
the starred, lexical to sub-lexical node feedback connections. 
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In this consensus speech perception architecture, words are recognized by passing 

through a series of increasingly abstract representational levels, as depicted in Figure 1.  

First, a raw-acoustic level, shown at bottom of Figure 1, represents the acoustic input in 

activation patterns that reflect spectral and temporal information about the speech signal 

in primary auditory cortex (Howard et al., 2000; Nourski et al., 2014; Leonard & Chang 

2014).  These spectral and temporal acoustic cues in turn activate a language-specific 

sub-lexical level that represents speech as segmented  linguistic building blocks of words, 

assumed to be phonemes by many theories but as phonological features in others 

(Samuel, 2016b; Kleinschmidt & Jaeger, 2015, 2011; McMurray, Aslin, & Toscano, 

2009; McMurray, Aslin, Tanenhaus, Spivey, & Subik, 2008; Norris, McQueen, & Cutler, 

2006, 2003; Marslen-Wilson & Warren, 1994; Jusczyk, 1993; McClelland & Elman, 

1986; Liberman, Cooper, Shankweiler, & Studdert-Kennedy, 1967). Representations at 

the sublexical level in turn activate lexical level representations, or stored representations 

of sequences of sublexical units which correspond to familiar words (Luce & Pisoni 

1998; Marslen-Wilson & Warren, 1994; Jusczyk, 1993; McClelland & Elman, 1986). 

These lexical representations then activate semantic representations of meaning (Hickok 

& Poeppel, 2007; Luce & Pisoni, 1998; Gaskell & Marslen Wilson, 1987; McClelland 

and Elman 1986).   

While theories tend to agree on this or a similar set of increasingly abstract levels 

of representation (acoustic, sub-lexical, lexical, and lexical) involved in speech 

perception, there is considerable debate in two areas: first, how information can flow 

through these network levels; and second, in the precise representational structure of each 

level.   The current thesis focuses on the former question.  The debate on information 
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flow has centered on the presence or absence of feedback connections from higher levels 

of the network to lower-levels of network representation, or the top-down flow of 

information during speech perception.  If these top-down connections exist, denoted by 

the dashed arrows in Figure 1, then the activation of units at the sub-lexical level is 

influenced by both acoustic cues and lexical knowledge. If these connections do not exist, 

then units at the sub-lexical level are only activated by bottom-up information about 

acoustic cues.   

The second area of divergence between theories, concerning the exact nature of 

representations at each level, falls outside of the scope of the current project.  The 

question of feedback is largely orthogonal to questions of representational unit, but for 

ease of discussing feedback between these units, we will lay out some basic terminology 

we will use.  When we talk about the lexical level with word-level representations (Luce 

& Pisoni, 1998, Marslen-Wilson, 2011, Kleinschmidt & Jaeger, 2015), we will describe 

the system as a localist architecture, with a specific lexical entry each word in the 

perceiver’s vocabulary (e.g. a cat node). On the neural level, this lexical entry may be a 

“cat neuron” or, more likely, a dynamically stable network architecture that settles on the 

activation linked to cat upon hearing a certain sequence of sounds.  The lexical network 

feeds information upward to the more distributed global semantic network, encodes 

information like the fact that the cat is a domestic feline, or that cats like to drink milk 

(Hickok & Poeppel, 2007; Scott and Johnsrude, 2003; Kleinschmidt & Jaeger, 2015).  

The sub-lexical representations are an intermediary between general acoustic processing 

and the lexical entries.  They receive input from primary auditory processing areas and 

activate lexical units.  The structure and speech-specificity of the sub-lexical layer 
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represent one of the more active areas of investigation in speech perception research 

today (see Smits, 2001; Apfelbaum, Bullock-Rest, Rhone, Longman, & McMurray 2014; 

Jongman & McMurray, 2017) for recent views).  In assuming a sublexical layer, we 

assume at least one type of sub-lexical abstraction in the tradition of Liberman et al. 

(1967); encoding words as sequences of a set of segments rather than wholly encoding 

each individual word sound allows the system to be more efficient.  We will assume these 

sublexical units to be phonemes, since these have been identified as a strong candidate 

for the locus of language and speaker adaptation effects (Bradlow & Bent, 2008; 

Clayards, 2008), though it is possible that our results will be consistent with other types 

of sublexical units such as features (e.g. Luce & Pisoni, 1998; Mitterer et al., 2013; 

McMurray et al., 2008a; McMurray et al., 2008b; McMurray, Tanenhaus, & Aslin, 2002).   

With these working definitions laid out, we return to the inclusion/exclusion of 

feedback in current speech perception theories.  Here, we contrast two classes of theories 

common in the literature: feedforward-only theories and bi-directional-online theories.    

In feedforward-only theories (FFO), information can only move up the levels hierarchy 

from the acoustic level up to lexical and semantic levels (see COHORT, Marslen-Wilson, 

1987, MERGE, Norris et al., 2000, and Shortlist B, Norris & McQueen, 2008).  There are 

no feed-back connections allowing higher-levels (lexical and semantic) to coordinate 

with lower-levels (sub-lexical and general auditory).  Thus, there is strict independence of 

the sub-lexical levels from the lexical levels, which is equivalent in our schematic, Figure 

1, to removing the dashed arrow with the star next to it.  The result of this separation of 

lexical and sublexical stages is phonemes are identified without consideration of lexical 

and other contextual knowledge provided by the broader discourse.  This feedforward-
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only class of theories contrasts with bidirectional-online (BDO) theories in which 

information freely flows both bottom-up and top-down between levels, during normal 

processing.  In bi-directional online theories speech sound information is still fed into the 

network through the lower level, but information can flow in all directions, both from the 

bottom up, and reciprocally, from the top down, and back and forth as processing 

eventually settles on a stable pattern.  This back-and-forth passage of information 

between levels is proposed to occur 

during processing – online.  Via 

these feedback connections, BDO 

theories (see TRACE, McClelland 

& Elman, 1986; McMurray & 

Jongman, 2011), posit a co-

dependence of the various levels 

upon one another so that all 

representation levels process 

information in concert with the 

others.  Thus, the process of 

extracting the phonemes for a given 

word is assisted by knowledge of 

what the word should sound like. 

Note, when we use the term feed 

forward only, we refer to flow from 

Figure 2 -- A Comparison of the FFO and BDO 
Models as Dichotomized by Information flow.  Note, 
the FFO feedback models (e.g. COHORT, 1987; 
MERGE 2000; Shortlist 1994; Shortlist B, 2008) 
posit that sub-lexical, phonemic processing is 
independent of lexical influence.  Bi-directional 
Online-feedback models, in contrast, posit forward 
and backward information flow allowing 
coordinated lexical-sublexical identification. Note, 
when we use the term feed forward only, we refer to 
flow from sub-lexical to lexical nodes, since even 
FFO models allow feedback between semantic 
network and the lexicon. 
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sub-lexical to lexical nodes, since even FFO models allow feedback between semantic 

network and the lexicon. 

As an example of how feed forward-only (FFO) and bidirectional online (BDO) 

theories differ, we examine the processing of an example speech token “cape” and 

“cabe”.  In FFO theories, the lower-levels of sound perception, which include the 

sublexical extraction of phonemes from the acoustic data, precede higher levels of 

perceptual processing, such as lexical identification.  In addition to preceding higher 

levels, sub-lexical analysis also functions independently from the higher levels.  That is, 

lexical identification processing does not influence the way sub-lexical processing 

occurs.  Sub-lexical processing veridically provides the raw materials from which words 

are later built. For both “cape” and “cabe”, the sublexical units (/k/, /ay/ /p/ vs. /k/, /ay/ 

/b/) are activated equally well. These sublexical units in turn activate representations at 

the lexical level, though only the familiar word (cape) has a lexical entry. 

In contrast, in BDO theories such as TRACE (McClelland & Elman, 1986; 

McClelland, Mirman, & Holt, 2006), sub-lexical processes function in coordination with 

lexical predictions and semantic context.  In terms of Figure 1, fully interconnected 

theories specify that all dashed arrows in Figure 1 exist, and information can flow in both 

directions in the model.  In normal speech perception, information still enters the network 

through the sub-lexical level, but these lower levels are also influenced by higher levels 

of processing which occur simultaneously.  When either “cape” or “cabe” is presented, as 

soon as the /ka/ is processed at the sublexical level, this information is passed upward to 

lexical level, activating the lexical entry for cape or cave or canine.  These activated 

words then pass activation back to compatible phonemes at the sublexical level.  The 



 
8 

arrival of the /p/ sound in “cape” benefits from both the bottom up acoustic cues and the 

top-down activation from the lexical entry for cape, while /b/ phoneme in “cabe” is 

harder to activate, because there is conflicting information from the bottom-up (/b/) and 

top down (/p/) sources.  In this way, both lexical knowledge and acoustic cues influence 

sub-lexical processing. This co-dependence makes the sub-lexical system more efficient 

at recognizing words with noisy or partially disrupted input.  

 One important feature made possible by bidirectional connections operating 

freely, is that information originating from higher level representations rather than the 

sounds themselves, such as semantic knowledge, to influence lower levels of processing 

(e.g. Samuel 2016b).  Thus, information can enter the sub-lexical-lexical network through 

the top from semantic activations, as well as from the bottom-up acoustic connections.  In 

this way, semantic knowledge from the preceding sentence context, or from an associated 

visual scene, can pre-activate associated lexical nodes which then pass activation down to 

the associated phonemes.  This alternatively sourced phonemic activation can then bias 

processing.  As an example of this alternative influence entry, if the token cape is 

preceded by the sentence, Superman wears a red ..., the resulting activated semantic 

context from the sentence can then pre-activate words such as cape or belt that fit with 

the context.  The pre-activated word, cape, can in-turn pre-activate sub-lexical units, such 

as /k/, /a/, /p/, in line with that expectation. Allowing top-down entry into the network of 

semantically based phonemic predictions further aids in the expeditious and robust 

identification of cape.  In seminal findings, Connine & Clifton (1987) and Connine 

(1987) showed that perception is indeed biased by semantic contexts that allow prediction 

of the incoming word.  More recent work has shown that other inputs, such as syntactic 



 
9 

information or speaker identification (XX), also can bias speech perception, putatively to 

help predict incoming sounds and moderate spurious activations.   

Notably, all BDO feedback theories assume the lexical-sublexical connections as 

the intermediary by which higher-level information influences sub-lexical processing.  

Their intermediary role illustrates the centrality of the lexical-sub-lexical feedback link 

and is why we focus on lexical-sublexical online feedback connections in this study.  The 

lexical-sub-lexical feedback connections are the earliest divergence, when moving from 

top-down, between FFO theories (Norris et al., 2011) and BDO theories (McMurray & 

Jongman, 2011; McClelland & Elman, 1986).   

Despite these clear differences in lexical-sub-lexical connections, and thus in 

information flow, in these competing views of speech perception, both FFO and BDO 

theories claim to account for the range of patient and behavioral data (see McClelland, 

Mirman, and Holt. 2006, Samuel and Pitt, 2003, and Samuel. 2016b for BDO accounts; 

see McQueen et al. 2003 and Norris et al. 2016 for reviews of feedforward-only 

accounts).  Part of the reason that this debate over feedback in speech perception has 

gone unresolved is that behavioral evidence alone may be insufficient to resolve this 

conflict.  When only behavioral responses are analyzed – such as in the influence of 

semantic sentence context on phonetic categorization (Connine & Clifton, 1987) – it is 

unclear exactly when in the timeline of information processing that the effects of top-

down influence are occurring.  That is, semantics’ influence could be early, biasing sub-

lexical processing, or it could be a late response-selection stage bias.  The body of 

behavioral top-down influence paradigms, which we review below, rely on dependent 

variables (such as lexicality judgments or phoneme detection judgments) generated 
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through multiple cognitive steps, including decision making processes, that could be 

taking place hundreds of milliseconds after sub-lexical processing occurs.  Due to this 

limitation, this type of evidence can show that lexical or semantic factors influence the 

subjects’ reported sub-lexical percept but cannot show conclusively that sub-lexical 

perception was influenced as it occurred.  We discuss the specific types of behavioral 

evidence and limitations to its interpretation in the background review below.     

A better type of evidence to adjudicate this debate would be a measure that could 

detect the presence or absence of top-down influences onto low level speech-unique 

representations in real-time, i.e. as sub-lexical processing is unfolding, rather than later, 

once the subject has decided what they perceived.  A recent study by Toscano and 

colleagues (2010) demonstrated that the EEG-ERP N1 waveform indexes the neural 

activations involved in sub-lexical processing of speech sounds.  If the N1 provides a 

measure of sublexical processing in real time, it may provide a window to observe top-

down influence on sub-lexical processing.  Applying this measure to questions of 

feedback: if the BDO theories are correct, then we should observe top-down influences 

interacting with bottom-up processes, where sub-lexical process is codependent on 

lexical (and higher-level) knowledge as well as bottom-up stimulus features.  This will 

manifest in variations in the N1 waveform as a function of the top-down contextual 

information in which a sound is embedded.  If top-down influence does not exist and sub-

lexical processing is entirely independent, in accordance with FFO theories, then the N1 

waveform should not change as a function of manipulations of top-down variables.  

Therefore, in the current study I measured the EEG-ERP N1 waveform in the context of a 

behavioral effect that has been argued to support top-down influences in speech 
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perception (Ganong, 1980) to determine if the top-down influences are truly sublexical in 

nature. In the next section, I will review the relevant background materials on behavioral 

evidence for and against feedback in speech perception. Following that, I will review 

evidence that links the N1 waveform to sublexical processing in speech perception. Then, 

I will report an experiment that shows Ganong-like influences on the N1 waveform, 

which I will argue provides strong evidence for top-down influences on sublexical 

processes in speech perception.  

1.2. Behavioral Evidence Supporting BDO Theories  

1.2.1. Behavioral Lines of Evidence 

Behavioral evidence suggesting lexical influences onto sub-lexical levels comes 

from several lines of work, including the phonemic restoration literature (for review see 

Samuel et al., 2001), the lexically mediated adaptation literature (Kraljic 2005, 2006, 

2007; Davis et al. 2004; Bent & Bradlow, 2008), and the Ganong effect literature 

(Ganong 1980; Burton, Baum, & Blumstein, 1989; Borsky, Tuller, & Shapiro, 1998, 

Gow et al., 2008, Samuel et al, 2016).  Each line of evidence is discussed below. 

Phonemic restoration (Warren, 1970) is a phenomenon in which listeners “hear” 

parts of words which were deleted and replaced with white noise or a cough sound.  For 

example, in the sentence, “The state governors met with their respective legi(cough)lators 

at the capitol.” Subjects perceive the /s/ in legislators as present even though it is 

completely absent from the recording and every subject mislocalized the cough as 

coming before or after the entire legislators, even though it is, in fact, right in the middle 



 
12 

of the word (Warren, 1970). The phonemic restoration paradigm has been adapted and 

explored much further by Arthur Samuel (for review, see Samuel 2003).  Samuel (1981) 

showed more convincingly that subjects cannot accurately localize which phoneme is 

missing, guessing other phonemes as being replaced just as often as the truly deleted 

phoneme, using discriminability rather than accuracy as Warren did, to avoid response 

bias problems.  Samuel (1981) shows that both top-down and bottom up features 

modulate replacement.  In terms of bottom-up factors, the sound itself, both the phoneme 

and the replacement sound affect discriminability of replaced and intact phonemes.  The 

top-down factors of word predictability based on prior sentence, word length, word 

frequency, and word uniqueness point also determined the discriminability of 

replacement.  From these results, Samuel theorizes that replacement occurs because once 

enough of the word is identified sufficiently, that lexical item feeds back and activates all 

sub-lexical components sufficiently such that subjects cannot identify which phoneme 

was missing.   Further experiments confirmed that the factors that influence the 

probability of phoneme restoration included numerous “higher-level” factors such as 

attention (Samuel & Ressler, 1986; Pitt & Samuel 1990), lexical uniqueness (Samuel, 

1987; Samuel, 1996), and lexical pre-activation from previous semantic context (Samuel, 

1997; Sivonen, Maess, & Friederici, 2006).  The fact that phonemic restoration success is 

influenced by top-down factors such as attention, and especially lexical factors, suggests 

that it may derive from lexical feedback down to sub-lexical activations early in 

processing.  This is precisely the account given by McClelland and Elman (1986) in 

TRACE, the seminal BDO theory, and again by McClelland, Mirman and Holt (2006) in 

their theoretical arguments for feedback. 
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Another foundational line of evidence initially taken to support BDO theories is the 

Ganong effect (see Ganong, 1980 or McClelland, Mirman, Holt, 2006 for examples).  

The Ganong effect is the finding that perception of phonemes is biased by whether the 

result of perception yields a familiar word in the language of the listener.  Ganong 

documented that the perceptual boundary in word-onset categorizations can be shifted by 

lexical information by preparing voice onset time continua in word biasing contexts (e.g. 

bake-pake), in which one of the onsets (/b/) formed a familiar word and the other onset 

(/p/) did not (/pak/).  Ganong tested for bias on perception in 24 minimal pair continua, 

since continua of this type yield typically categorical perception (Liberman et al., 1961) 

from which a clean boundary (50% voiced-unvoiced) can be measured.  For example, the 

Figure 3 – Original plots of the Ganong effect, taken from Ganong (1980).  Bottom 
plots reflect categorical perception curve; top plots reflect the difference between 
the categorical curves (the lexical effect).  Note that perception is skewed towards 
perceiving more of the word side of the continuum.  The left side of this figure, 
demonstrates the Ganong effect in a blocked design.  The right side is the Ganong 
effect in a mixed block design, where stimuli from different continua are 
intermixed with one another, and 30 different continua were used simultaneously.  
Note that in both cases, there is a significant Lexical effect in the word-favoring 
direction, and that this effect is concentrated in the near-boundary VOT’s.   
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pair of phonemes /b/ and /p/ form a minimal pair since they differ only in a single 

articulatory feature, voicing or voice onset time (VOT).  VOT indexes the time 

difference, in milliseconds, from the plosive burst of a stop consonant to the beginning of 

vocal cord vibration known as voicing.  Shorter VOT’s are categorized as “voiced”, e.g. 

/b/, and longer VOT’s are categorized as unvoiced, /p/.  /d/-/t/ and /g/-/k/ also form VOT 

minimal pairs.  Ganong manipulated VOT directly, varying the amount of delay between 

plosive and voicing.  The continua were created from natural voiced and unvoiced 

endpoint stimuli, by splicing the voiced nucleus and coda of a voiced syllable onto 

varying points of the unvoiced aspiration, the delay period between plosive burst and 

voicing.  Ganong created continua which biased perception in each direction: some 

voiced biasing (e.g. bake-pake, dark-tark), some unvoiced biasing (e.g. bave-pave, darp-

tarp).  Critically, as shown in Figure 3, Ganong demonstrated that the perceptual 

boundary shifts either shorter or longer to favor the recognition of a word-forming 

percept.  In other words, if a VOT of length 25 msec in a /b/-/p/ continua would usually 

be categorized as /p/ (boundary of ~20 msec), in a b-favoring Ganong context, such as 

bake-pake, the b-p VOT boundary shifts to approximately 30, such that more 

intermediate VOT stimuli are categorized as word forming /b/’s than non-word forming 

/p/’s.  

Ganong (1980) verified this effect in both a blocked design experiment and a 

separate experiment where stimuli from all continua were interleaved.  Particularly 

powerfully, however, was the demonstration that the effect of lexicality on VOT 

boundary exists even the very first time the subject hears a token from one of the 

continua.  Thus, it is not simply that the boundary is adjusted gradually across trials due 
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to post-perceptual retuning.  Rather, the boundary is shifting in response to lexical 

information online as evidenced by the fact the boundary has been influenced even on the 

very first stimulus of each continuum. 

To examine where in the speech perception process this lexical information acts, 

Ganong considered how lexical influences act either in concert with, or separate from 

sublexical information, such as veridical stimulus voice onset time. Ganong analyzed 

how the effect of lexicality varied as VOT changed from firmly a voiced percept (short 

VOT), to near boundary (midVOT), to a firmly unvoiced percept (long VOT).  For 

graphic representation of where lexical influence occurred, inspect the Lexical effect 

plots on top of each of Ganong’s figures.  The bulk of the effect of lexicality exerted its 

largest influence at midrange VOT’s.  Ganong suggested this pattern is consistent with 

the notion that lexical influence is being combined with the phonemic goodness (or 

ambiguity) in a pre-categorical way, before hardline category judgments have been made.  

That is, both the lexical information and the quality (how /b/-like the token was) are 

being considered simultaneously as evidenced by their interaction.  Ganong argues that 

this interaction suggests a pre-categorical, early influence of lexicality onto sub-lexical 

processing.  Thus, the middle, ambiguous VOT concentration of the Ganong effect was 

the critical piece of behavioral evidence suggesting an early, online, locus of the Ganong 

effect.   

In a related line of evidence, Holt (1988) and Elman & McClelland (1988) have 

shown how the lexical surrounding can influence the categorical boundaries over time 

and in adjacent words, in addition to the single-trial single-word influence shown by 

Ganong.  Elman & McClelland (1988) and Kraljic and colleagues (2005, 2006, 2007) 
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showed that word and sentence contexts can lead to long-term (across multiple trial 

blocks, or even hours) adjustment of category boundaries such that words are formed.  

They distinguish this longer term Ganong effect from instant, terming it lexically 

mediated adaptation (LMA).  

 The prototypical example 

from the title of the well-known 

paper is an ambiguous sound that 

is an ambiguous blend of /s/ and 

/sh/ which will be interpreted 

differently when at the end of 

aboli- vs. christma- (Magnuson, 

McMurray, Tanenhaus, & Aslin, 

2003).  What differentiates this effect, from Ganong’s findings are that the category shifts 

are shown to persist across word boundaries, and across trials.  That is, when 

manipulations which consistently cause one sound (/sh/) to be interpreted as (/s/) (e.g. 

repeated playing christma/sh/) this leads to perceptual tuning that makes /sh/-like sounds 

more likely to be perceived in the /s/ category in future trials, and even in other words 

(Figure 3).  This is tested by placing them into a non-discriminant place in a word (di/sh/ 

vs di/s/) and verifying the boundary has shifted such that ambiguous stimuli are also more 

likely to be interpreted as /s/).  This pattern of results demonstrate that perceptual 

definitions are somewhat malleable, and redefinable (see Samuel, 2016 for review 

favoring this position).  And indeed, this redefinition of phonemic categories seems to 

carry over to new words as has been consistently and separately demonstrated by 

Figure 4 – Illustration of the LMA effect.  The 
boundary is shifted toward the lexically 
disfavored endpoint, resulting in increased 
categorization of the favored form.  In the case 
of Christmash, the results in the boundary 
shifting toward /sh/ so that more sounds are 
classified as /s/. 
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Bradlow & Bent (2008) and Davis et al. (2005), provided they are from the same or 

acoustically similar speakers.  This literature, like the Ganong and the phonemic 

restoration effects, shows that lexical knowledge is leading to adjustment of sub-lexical 

definitions to adaptively fit present speakers and environments.  

1.2.2. Evaluation and Limitations of Behavioral Evidence 

The literatures of phonemic restoration, of the Ganong effect, and of lexically 

mediated adaptation, were initially taken as evidence for top-down lexical feedback onto 

a sublexical level of processing, i.e. in favor of BDO theories.  However, recent reviews 

(e.g. Norris et al, 2003) have argued that a FFO and a BDO theory might account for the 

pattern of results described above.  Since, the current study employs a Ganong-type 

paradigm, so we focus on how FFO and BDO theories may account for this effect 

particularly.  Considering the word dent, with an ambiguous final phoneme on the d-t 

continuum, a midVOT token (represented as /dt/).  As the subject hears the initial /d/ /eh/ 

/n/, bottom-up cascading activation will activate the lexical dent node.  In BDO theories, 

the lexical node will pass activation back down to the compatible /t/ unit at the sublexical 

level.  Activation of the /t/ node, which will be in active competition with the /d/ unit in 

response to an ambiguous /dt/ coda will lead a subject to perceive a /t/ more often than a 

/d/, precisely the effect described by Ganong. The critical feature of the top-down, BDO 

account is that the sub-lexical processing is biased as the processing occurs (online), 

rather than after.  However, as hinted in the introduction, there is little behavioral 

evidence that constrains exactly when this feedback is occurring.  It may be online, or it 

may be offline, only occurring after initial stages of sub-lexical perception are complete.  

Ganong suggests that the midVOT focus of the effects implies an intermingling of lexical 
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level information with non-categorical graded information.  This implication is 

necessitated only when phonemic perception is categorical, i.e. phoneme selection is all 

or none.  Recent speech perception theories have posited a more nuanced view of 

phoneme categorization (McMurray & Jongman, 2011), in which graded information 

about phonemes persists, even after or perhaps alongside the selected phoneme 

(McMurray et al, 2002).  Thus, Ganong’s assumption that graded featural information 

presence implies a sub-lexical or lower locus of lexical influences is no longer grounded 

in theory.  Considering these modifications to views about graded featural perception, the 

time-course of lexical influence is no longer adequately constrained by the evidence to 

distinguish online (BDO) accounts from post-perceptual (FFO) accounts of Ganong 

effects. 

Following this reasoning, FFO compatible accounts for the behavioral Ganong effect 

have already been proposed that do not necessitate online feedback (see Norris et al., 

2000, 2003, 2008, 2016). Figure 5 presents a schematic representation of such an 

account. These FFO accounts include only feedforward connections between sub-lexical 

and lexical levels of representation, with the unique feature of a side-output offline 

decision module, that can extract and then merge information from both the phonemic 

and lexical layers to provide phonemic outputs to other cognitive systems. According to 

these theories, the subject perceives the veridical percept, dendt, at the sub-lexical level 

of representation, and only later, when performing a task that requires them to decide 

about which phonemes they perceived, they produce a response that uses information 

from both the lexical and sublexical levels. In this way, what looks like top-down 

feedback alteration of the /d/ unit behaviorally, is due to bias in a later stage of 
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perception, not due to any lexical to sublexical feedback connections which act online to 

modify sub-lexical processing.  Notably, similar FFO accounts which do not necessitate 

feedback can be made for the other two paradigms initially thought to support BDO 

theories, lexically mediated adaptation and phonemic restoration.  

Distinguishing between FFO and BDO accounts has been difficult as they differ only 

on the order of a hundred milliseconds in where/when the lexical effect is thought to 

occur.  Indeed, this online versus offline distinction of top-down influence in speech 

perception has been the focus of much debate and research over the last thirty years (Pitt 

& Samuel, 1995; Samuel, 2001; Norris et al., 2000; Magnuson, Tanenhaus, McMurray, 

Figure 5. The MERGE, feedforward only model adapted from Norris et al. (2000), 
labels of layer names added for clarity for this paper.  Norris et al. demonstrate this 
architecture can account for lexical effects on phonemic decisions in Ganong 
Effects, and LMA.  Lexical Effects on phonemic decisions occur due to the decision 
layer receiving input form the phonemic processing layer and the lexical layer, and 
thus is biased by both.  Importantly, the autonomous phoneme process layer in 
which phoneme processing proper occurs, is independent, and does not receive 
input from the lexical layer. 
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& Aslin, 2003; Pitt & Samuel, 2003; Norris 2003, McQueen, Jesse, Norris, 2009; Norris 

et al., 2016; and Samuel 2016 for debates on feedback in Ganong effects and LMA).  

Perhaps the strongest behavioral evidence in adjudicating BDO and FFO accounts 

of Ganong effects are small but significant variations on when Ganong lexical-bias 

effects occur due to attention or age (Fox, 1984; Cutler, 1987; Eimas, 1990).  This 

variation suggests that lexical effects, at least in Ganong type paradigms, are not as 

automatic and fast as BDO models might suggest.  Norris et al. (2000, 2003, 2008, 2016), 

argue this pattern of effect variability is more compatible with the FFO account.   

One experimental manipulation found to moderate the Ganong effect varies is 

reaction time speed (Fox, 1984).  Fox (1984) found that Ganong effect size is attenuated 

at shorter reaction times (<500), compared to longer reaction times.  Fox attributes the 

variation in Ganong effect size to be due to the Ganong effect being post-perceptual, an 

FFO compatible view.  That is, perception first occurs independently, and then reports its 

percepts up to lexical layers, which then modify percepts as possible to fit existing lexical 

entries.  The mitigation of the Ganong effect at shortest RTs, is suggested by Fox (1984) 

to be the result of access to the initial phonological outputs so quickly that lexical 

processing has not yet influenced them.  Fox argues this is compelling evidence against a 

BDO account, which should exert lexical influence on sub-lexical representations 

instantaneously and ubiquitously throughout processing.  In an FFO model such as 

MERGE it is clearly possible to account for variations in lexical influence by RT.  In the 

MERGE model, this is achieved by requiring phonemic processing to precede lexical 

processing and be autonomous from it.  This separation is only possible since no online 

feedback is allowed in MERGE and other FFO theories.    
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In a related line of evidence, Norris et al. (2000) also claim that their FFO theory 

is better able to account for variations in magnitude of Ganong effects due to 

manipulations of attention.  Cutler (1987) demonstrated that the lexical influence can be 

attenuated or enhanced, respectively, by having subjects attend to or ignore the lexicality 

of stimuli by manipulating task demands.  Eimas (1990), similarly found that lexical 

effects in an onset /b/-/p/ manipulation were dependent on having a secondary task that 

oriented subjects’ attention toward the lexical level.  Norris et al. (2000) argue that the 

attention-dependency of a lexical effect calls into question automatically active backward 

connections that always influence sub-lexical perception.  In monotonous tasks, with no 

reliance upon the lexicon, Cutler et al. (1987), and Norris (2000) argue that FFO theories, 

such as MERGE can more clearly fit attentional modulation into their architecture by 

different weightings into the merging decision unit.   

Norris et al. (2000, 2003, 2008, 2016) also argue on theoretical grounds that the 

offline integration MERGE architecture more parsimoniously accounts for the results 

than can interactive with feedback models such as TRACE.  Fraunfelder & Peeters 

(1990) showed in extensive simulations that a model designed to be a TRACE type 

architecture performed just as well without the online feedback connections, which they 

removed via weight trimming, as is it did with the backwards connections present.  This 

was true, even with noisy or degraded inputs.  This suggests the online feedback 

connections are non-essential to speech perception performance, at least as tested by 

Fraunfelder & Peeters (1990).  In the name of parsimony, then, Norris suggests we 

remove these online feedback connections.  Of course, proponents of online-feedback, 

such as McClelland et al. (2006) raise the point that MERGE has an additional decision 
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layer.  To this, Norris et al. (2000, 2003) raise the counterpoint that TRACE contains no 

explicit decision method and thus relies on some external unspecified mechanism.  In 

response to Norris’ claim that bidirectional connections are an additional component and 

should be subject to Occam’s Razor, McClelland et al. (2006) also suggest that bi-

directional (i.e. feedback) connections are the norm in neural systems rather than the 

exception, and so it is essentially assumed that feedback connections should exist, unless 

there is strong evidence to the contrary.   

Excepting these parsimony considerations, both FFO and BDO theories persist as 

viable interpretations of the data.  The MERGE exemplar of an FFO architecture seems 

capable of accounting for a range of behavioral Ganong effects, as do feedback models 

like TRACE.  As it is not clear that either account more neatly fits the pattern of the 

Ganong effect, behavioral evidence alone does not seem likely to resolve this debate.  

However, there are clear differences between the theories, namely the time course of 

when these lexical effects on sublexical tasks emerge, with the BDO theory assuming 

lexical influences at the time of sublexical processing and the FFO theory assuming 

lexical influences on sublexical processing only at later decision stages.   

How, then, could this debate be resolved?  It doesn’t seem very likely that further 

studies using outputs from the “decision” box will have success in distinguishing these 

two models.  Distinguishing between these two accounts, however, might be resolved by 

techniques which can measure sub-lexical activations, as they are occurring, directly to 

see if they change as a function of higher-level influences.  If online bias exists, with the 

right experimental paradigm, one might be able to measure that bias directly via sub-

lexical activation changes.  Until recently, measuring sub-lexical activation was 
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impossible unless intra-cranial electrocorticography (ECOG) was employed.  Recent 

evidence has shown that traditional non-invasive EEG may access the same neural 

activations associated with sub-lexical processing previously detected in ECOG, which is 

useful since EEG is much more affordable, more widely used, and much less invasive. I 

review these findings in the next section. 

1.3. Using N1 to Measure Sub-Lexical Perception More Directly 

1.3.1. N1 Indexes Sub-Lexical Encoding of VOT 

Recent innovation has shown that direct measure of sub-lexical processing is 

possible using traditional EEG/ERP.  A seminal study by Toscano and colleagues (2010) 

demonstrated compelling evidence that the amplitude of the N1 waveform is sensitive to 

acoustic features of speech. The N1 ERP waveform, shown in Figure 6, is observed as a 

negative going peak, when referenced to mastoids, from approximately 75-150 ms 

measured over frontal and central scalp electrodes.  Toscano and colleagues demonstrated 

that the N1 indexes online phonetic feature analysis for VOT of the perceived phoneme, 

with changes in VOT map mapping linearly to changes in N1 amplitude (see figure 6).  

Toscano et al. (2010) suggest that this linear mapping indicates a pre-phonetic-

categorization locus as the source of N1 effects.  That is, whichever sub-lexical 

processing N1 indexes, is prior to the category assignment step.  Categorization would 

represent a non-linear process and would be expected to follow a more categorical pattern 

in neural response (see Figure 2, in previous section, for example of a categorical, non-

linear pattern).  Toscano et al. directly compare the linear relationship to a categorical, 

non-linear relationship and find that the linear account fits the data significantly better.  
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Importantly, this places the speech perception processes indexed by N1 early in the 

hierarchy of speech perception.  Relevant to Norris’ et al.’s model, this suggests the N1 is 

indexing a process within the autonomous phonemic processing layer (bottom box of 

figure 5).  Most especially, it would not be consistent with the N1 indexing the phonemic 

decision module (right side, Figure 5), since information in this box is likely coded 

categorically for ease of readout to other neural systems).   

An important step to establish this mapping of N1 to phonetic feature analysis has 

been to extend the findings to other speech sounds (other than the /b/-/p/ and /d/-/t/ used 

in the 2010 study) and to articulatory features orthogonal to voicing (e.g. place, manner, 

F1 frequency).  Without such an extension, an alternative account of the N1 indexing 

Figure 6 – N1 Amplitude Indexes VOT Encoding, taken from Toscano et al., 2010.  
(left) In time-voltage data, the relationship of stimulus VOT with N1 waveform 
shape.  Grand average ERP waveform shown here, averaged across all subjects, and 
across both continua, with each color showing the response to a given VOT.  Note the 
prominent N1 peak reaching maximum amplitude around 110 ms after plosive onset.  
VOT relates to N1 amplitude (left) and this relationship is consistent across both 
continua used in the study.  Figure 6 (right) shows the relationship of N1-amplitude 
to VOT as a univariate dependent variable, in this case average amplitude from 75-
125 msec.  Shorter VOT’s yield more negative amplitudes, and this was true across 
both continua used in the study.   
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VOT could be that the VOT is simply indexing some raw-acoustic auditory processing 

preceding but distinct from speech-specific, sub-lexical processes.  One could imagine 

this as a set of neurons in primary auditory cortex that are sensitive to the interval of time 

between the onset of sound itself (such as a click), and the onset of a following tone (such 

as a musical note).   This explanation becomes less plausible if the N1 tracks other 

articulatory features that do not depend on these types of temporal cues, such as place of 

articulation.  It becomes less plausible still if the N1 is consistent across speakers and 

stimuli sets.  Recent work has provided evidence that this is exactly the case.  Toscano 

and Pereira (2016) demonstrated that N1 amplitude tracks VOT across many different 

phoneme classes, including stops, but also in fricatives and approximants.  Additionally, 

they demonstrated that N1 is sensitive to other articulatory features such as place of 

articulation (/v/ vs. /z/ and /f/ vs. /s/ and /p/ vs. /k/ vs. /t/) and manner of articulation as 

well.  The demonstration of consistent patterns in N1 amplitude with respect to place of 

articulation as well as VOT more firmly establishes that the N1 amplitude is indeed 

indexing phonetic feature analysis. 

1.3.2. ECOG Corroborates Sub-Lexical Processing Is Occurring 70-150 msec 

After Sound Onset 

Corroborating findings linking early (70-150 ms post stimulus) electrical activity 

to phonetic analyses have also been documented in intracranial EEG (ECOG) studies of 

speech perception.  In ECOG, since the electrodes are so close to the sources, the signal 

to noise ratio (SNR) is much higher; however, ECOG recording requires highly invasive 

neurosurgical approaches, and for ethical reasons can only be performed when 

compelling orthogonal clinical reasons justify.  That said, ECOG indexes the same neural 
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activations that EEG does, and therefore may complement EEG studies.  The ECOG 

literature confirms that sublexical processing is occurring from 70-150 milliseconds after 

the onset of a speech sound (Mesgarani, David, Fritz & Shamma, 2008; Mesgarani & 

Chang, 2012; Steinschneider, Nourski, & Fishman, 2013; Leonard & Chang, 2014).  

More directly relevant to the N1, the ECOG literature also first described the inverse 

relationship between VOT and N1 amplitude during this time period, although the ECOG 

waveform is called Nα (Steinschneider et al., 1994; 2004) rather than N1, providing  

additional evidence for the claims that link N1 to prelexical phonetic analysis. Since 

ECOG has much higher spatial resolution than EEG, ECOG studies may also suggest 

source locations which generate these waveforms. Work in humans (for example, 

Mesgarani et al., 2014, Chang et al., 2016) has focused the cortical areas processing sub-

lexical information and has been generally been consistent in identifying the Superior 
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Temporal Gyrus (STG) and the Planum Superior Temporale (PLST) as the locus of the 

Nα.  These regions overlap with a subset of the regions identified in fMRI tasks designed 

to localize speech specific processing (Caplan et al, 1995; Scott et al., 2000; Scott & 

Johnsrude, 2003; Obleser et al., 2006; Friederici, 2011; for review Hickok & Poeppel, 

2000, 2007 and Rauschecker & Scott, 2009; for a meta-analysis, Price 2012).  This 

converging body of evidence clearly suggests that the N1 EEG waveform, which is the 

Figure 7.   
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7 – Intracranial Recording of Phonological Encoding of Many Classes of 
Phonemes.  Taken from Mesgarani et al. (2014).  ECOG recordings from 128 
standardized electrode sites in six patients grouped by phoneme response patterns 
over 75-125 milliseconds.  Each column represents one electrode.  Dark spots 
indicate a highly selective response to that stimulus.  Note that certain electrodes 
seem to respond generally well to broad classes of phonemes rather than to specific 
phonemes, suggesting the activation of featural responses during this time window, 
as individual electrodes were not distinguishing phonemes of the same class (e.g. /b/ 
versus /p/), but rather, responding to entire classes of phonemes, where class is 
defined over phonological feature.   From Mesgarani et al., (2014). Reprinted with 
permission from AAAS. 
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scalp-measurable analog of the Nα, is being generated by speech specific sub-lexical 

processing in the left superior temporal lobe.  It is, of course, possible that an entirely 

different source is responsible for the ERP N1 than for the ECOG Nα, but the probability 

of an identically polarized waveform carrying similar information at the same time 

windows is much smaller than the probability of a common neural source.  

In addition to time window and localization, human ECOG work has provided 

exciting new evidence about the neural encoding of sub-lexical information. Mesgarani 

and colleagues (2014) analyzed the frequency response pattern at electrode sites in 

middle and posterior STG in response to natural speech in sentences with various 

phonemes labeled and time-locked with the ECOG data.  They define the electrode 

response to a given phoneme as the ECOG signal from 85-135 milliseconds after the 

phoneme sound onset. In this time window, which matches nearly perfectly to Toscano et 

al. (75-125 msec), most electrode sites demonstrated a strong preference for natural 

classes of phonemes defined by phonological features (see Figure 7), but not for specific 

phonemes.  The leftmost column in Figure 7 illustrates an electrode with a strong 

preference for all plosive phonemes but does not identify one specific plosive from 

others. The unique signature of a phoneme seems to be the distribution of responses over 

all electrode sites, with different electrodes representing the phonetic features that 

combine to create individual phonemes.    

Collectively, this body of ECOG results strongly supports the conclusions of 

Toscano (2010) that N1 indexes sub-lexical processing and allows for a clearer 

interpretation of the results.  Specifically, the ECOG literature suggests that Nα (and by 

extension also N1) activity reflects feature-level information encoded without respect to 
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source phoneme in the 70-150 msec time window.  Despite general convergence of 

evidence across ECOG and fMRI evidence, the support the ECOG studies offer the 

interpretation of the N1 is somewhat limited since ECOG analyses use frequency bands 

dulled out by the skull (>70Hz) and employ analysis methods (power-frequency) not 

often used in ERP (time-voltage).  Although this limitation might seemingly suggest that 

ERP sensitive to the critical frequency bands; a recent comparison by Nourski and 

colleagues (2015) suggests similar information is present in power-frequency analyzed at 

high frequency bands and in lower frequency dominated time-voltage data, hinting that 

the informational content of ERP’s and ECOG is similar, regardless of analysis method 

used.  Since ERP analyzes is sensitive to these lower frequency oscillations of activity, 

this ECOG work is generally supportive of the potential of EEG-ERP approaches to 

measure this neural activity.  Taken together, the N1-EEG and ECOG literatures above 

clearly suggests that some EEG correlate of sub-lexical identification is occurring 

between 70 and 150 msec after a sound is heard. 

1.3.3. Combining the N1 Measure with Behavioral Manipulations of Top-

Down Context to Evaluate Whether Influence is Online 

Given previous work that has established the N1 as indexing a level of sub-lexical 

representation, the current work uses the N1 to test claims about top-down influences on 

sub-lexical processing. Specifically, we will conduct a Ganong experiment using stimuli 

that differ along a voicing continuum.  In doing this we combine two literatures and 

approaches to studying phonological representation.  One, based on the Toscano et al. 

(2010) study, we expect to be able to observe differences in the N1 for points along a 

VOT continuum.  Two, from the Ganong effect literature, we expect to observe a lexical-
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bias on categorization, this bias should interact with VOT.  The critical question of this 

proposal is whether the lexical-bias effect will be present in the N1 amplitude. The 

specific experiment is described below. 
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Chapter 2 

Experiment 1 – N1 Measures of 
Ganong Bias 

2.1. Overview 

The goal of the experiment is to compare the feed-forward only (FFO) and 

bidirectional online (BDO) theoretical accounts of top-down influence onto sub-lexical 

processing in Ganong effects.  We manipulated this experimentally by embedding a sub-

lexical voicing judgment within a lexically biasing context, as represented by a Ganong 

biasing VOT continua.  We examined variations in sub-lexical processing by measuring 

the N1, asking if the N1 is or is not influenced by the lexical context in which the N1 

generating phoneme is embedded.  For example, using a b-p voicing continuum, when 

embedded onto the beginning of the /b-p/-ake sound, only the /b/ percept yields a word, 

bake.  A /p/ percept yields a non-word, pake.  Including a measurement of the N1 while 

using a Ganong lexical-context manipulation that acts on the VOT boundary provides a 
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quantitative test of the early and late time course accounts VOT boundary adaptation.  If 

the online sublexical accounts of Ganong effects are correct, then the N1 may shift as a 

function of the lexical bias. 

The choice of a lexical-context, i.e. Ganong manipulation, rather than other top-

down manipulations such as phonemic restoration is preferable for several reasons.  First, 

it is well-documented and stable, with clearly articulated competing theoretical accounts 

in both bi-directional online and feedforward only theories.  Second, it is amenable to a 

multi-block, multi-subject design because it is stable across blocks and across subjects.  

Phonemic restoration, the other candidate paradigm is much less suited to this type of 

design because it has widely varying subject restoration rates (some subjects perceive it, 

others do not), and less within subject variability (i.e. at a given level phonemic 

restoration either occurs or does not (Mallick et al., 2015).  Conveniently, perceptual 

patterns in Ganong effects are consistent for almost all subjects and variable where 

expected only at near threshold VOTs (Ganong, 1980).  Third, the Ganong behavioral 

shifts are directional, with established stimulus-neural response mappings.  Schreiber & 

McMurray (2016) have already shown predicted directional shifts in N1 as a function of 

speaker gender.  The direction of shifts they observed in N1, matched with the behavioral 

bias created by carrier sentence speaker gender.  Together, these properties of the Ganong 

manipulation and the N1 make it an ideal candidate for comparing online versus offline 

explanations of lexical effects.  

Core to our study is the relationship of Ganong bias to N1 amplitude changes.  

The presence or absence of a Ganong shift in the electrophysiological data, can 

distinguish between the online-sub-lexical, BDO, and the offline-integrative decision 
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module, FFO, accounts of the Ganong effect.  FFO accounts of Ganong effects suggest 

sub-lexical encoding, vis-à-vis, the N1 should not change as a function of lexical bias. 

BDO accounts suggest that the Ganong bias onto sub-lexical levels should exist and 

suggest that we may measure this influence in N1 encoding changes.  Further, based on 

the work of Ganong (1980) and Schreiber & McMurray (2016), we may make even more 

detailed hypotheses in the case of BDO accounts.  Schreiber & McMurray (2016) 

demonstrated that the direction of the shift in neural encoding, matches the direction of 

shift in response.   In this experiment, this suggests that if behavior is lexically biased 

towards a /p/, then the N1 mapping should shift to be more /p/-like (a smaller N1 

amplitude).  The inverse should be true of voiced-biasing continua.  Thus, our hypotheses 

are directional with respect to the correspondence of behavioral and N1-amplitude 

changes.  Relatedly, since the behavioral effect of lexical bias is focused at the 

ambiguous middle VOT’s, we predict that the electrophysiological effect will also be 

largest at these phonologically ambiguous steps when compared with short or long VOTs 

where the voicing or lack-thereof is unambiguous.    

Thus, the present experiment offers a clear test of online-sub-lexical and offline-

FFO integrative decision module accounts of Ganong, lexical-bias effects.  In the larger 

speech perception literature, these competing Ganong effect models represent 

explanations of lexical bias by two different classes of speech perception theories, those 

with online feedback connections (BDO – TRACE; McMurray & Jongman, 2011), and 

those without online feedback connections (FFO – Merge B; Massaro & Oden, 1982).  

Thus, while our experiment cannot on its own rule out either of these types of theories, it 
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may adjudicate the nature of sub-lexical effects, the origin of which is related to the 

underlying architectures assumed.   

 

2.2. Methods 

2.2.1. Subjects 

Twenty-four subjects were drawn from the Rice University Graduate and 

Undergraduate populations.  Subjects were native English speakers, had no history of 

speech impediments, reported normal hearing, and had no history neurological damage or 

disease.  Consistent with previous ERP studies, subjects had no history of concussion, 

and no history of language disorders, depression/anxiety, or attention deficit disorders, 

and were right handed.  

2.2.2. Stimuli 

Stimuli were chosen after verifying good categorization in pilot experiments.  

Stimuli include 2 sets of pairs of 2 lexically opposing voiced-unvoiced Ganong continua 

(date-tate, dape-tape and gate-cate, gake-cake) with 9 evenly spaced VOT values from 5-

45. Each pair of continua include a voiced-favoring continuum and an unvoiced-favoring 

continuum.  2 neutral continua (dabe-tabe and gape-cape) were also used as to measure 

the threshold of each subject without Ganong bias.   

Continua were created by splicing together voiced and unvoiced natural tokens as 

previously done by Andruski et al. (1994) and McMurray et al. (2010).  A native English-
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speaking female vocalist unaware of the purpose of the project recorded the two 

endpoints of each continuum (e.g. date and tate).  VOT continua were then created from 

these natural endpoints in Praat (Boersman & Weenink, 2005), by carefully splicing the 

vowel and coda of the voiced token onto the aspiration of the unvoiced token at 5 msec 

intervals.  This procedure generates continua which produce perception of a smooth and 

clearly categorical transition from voiced to unvoiced percept, with a voiced-unvoiced 

boundary of ~25 msec, which is consistent with the boundary observed in natural speech, 

and in other artificial continua producing methods (e.g. in the synthetic continua of 

Toscano et al., 2010).  The splicing method is described in more detail in the pilot study 

B portion of the appendix, and is depicted graphically in Appendix B. 

2.2.3. Procedure 

Subjects performed phoneme discrimination in a 2-Alternative Forced Choice 

categorization task.  Subjects entered the experiment room and gave informed consent.  

They were then seated in a sound-insulated EEG testing room, and electrodes will be 

applied.  A 32-channel active electrode cap was fit, and electrodes set up with conductive 

saline gel.  Subjects performed a brief practice block to familiarize themselves with the 

stimuli, responses, and trial structure.  After completing the practice block, subjects were 

offered coffee, soda, water, and candy.  The full experiment consisted of 2-neutral blocks 

followed by 32 blocks of the Ganong bias, 2-AFC task with required breaks every 8 

blocks, and optional breaks after each block.  Each of the 34 experimental blocks 

consisted of a random sampling from one continuum with subjects making a response 

after each trial (e.g. random samples on a 9-step, dape-tape continuum, with subjects 

discriminating the /d/ onset from the /t/ onset).  Each step of the 9-step continuum was 
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presented 8 times to yield a block length of 72 trials.  Subjects were permitted 5 seconds 

to make a response, but nearly always responded within 800msec.  Each of the four 

biasing continua was used for 8 blocks, yielding 64 presentations of each unique 

stimulus.   

2.2.4. EEG Recording and Pre-Processing 

The EEG signal was amplified at the electrode via an active electrode system, 

then passed through an additional BrainAmp (BrainVision, LLC) amplifier, before being 

transduced via fiber-optic cables to the recording computer.  Accurate timing 

coordination with the stimulus presentation computer was performed via the TriggerBox 

and StimTrak Units (BrainVision LLC), which transforms the audio signal into a parallel 

port trigger, that can be overlaid onto the EEG signal by the EEG recording computer.  

Timing was verified during each experiment with an oscilloscope.  Offline, EEG pre-

processing was performed in the erplab (Lopez-Calderon & Luck, 2014) extension of 

eeglab (Delorme & Makeig, 2004).  Offline, all electrodes were re-referenced to the 

average voltage of the mastoids.  High-pass (half-pass at .1 Hz, slope of 12 dB/Hz) and 

low-pass filtering (half-pass at 30 Hz, slope of 12 dB/Hz) was applied to the continuous 

data.  Time-series voltage data were sliced into trial-width epochs using the marks 

provided by the TriggerBox onto the EEG data to indicate when word onsets occurred.  A 

trial consisted of 200 ms baseline before the onset of a stimulus, and 500 ms after the 

onset.  Each trial was visually inspected for corrupt electrodes, muscle artifacts, and eye 

movement artifacts.  Trials containing blink artifacts were discarded.  Corrupt electrodes 

were checked for, but none were detected.  At the trial level, three additional automated 

artifact rejection methods from the erplab toolbox were applied to identify: trials that 
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deviated from the average of the baseline period by 75 microvolts or more, trials that 

contain a change of voltage of 75 microvolts or more in any 200 ms window, and trials 

identified by ERPlab’s automatic blink detection tool with a covariance threshold of 0.8.   

After removing artifact trials, the remaining uncontaminated trials were grouped 

together within each subject, and sorted by bias, (2), place of articulation (2), VOT (9), 

and percept (2) into 72 trial type bins.  Trials within each bin were averaged together for 

each subject to generate the subject ERP waveforms for each bin (condition).  The N1 

waveform topography was then be analyzed via the grand-average ERP across subjects.  

An N1 waveform was expected in the left frontal and central regions.   

2.2.5. Behavioral Analysis 

Behavioral analysis consisted of generation of categorical response curves for 

each subject for each continuum.  All subjects demonstrated a normal categorization 

curve and a Ganong effect in the expected direction for all four continua.  Ganong effect 

was measured behaviorally by a within-subject comparison of the effect of continua bias 

(2) x continua (nuisance-2) on boundary (50% voiced-unvoiced judgment point derived 

from the categorization curve for each subject for each continuum).  The 50% 

categorization curve was derived using the L4P (McMurray, Samuelson, Lee, & 

Tomblin, 2010; Kapnoula et al., 2017) curve fit function in MATLAB designed to 

parameterize subject categorization curves using 4 estimated coefficients: the minimum 

unvoiced percept asymptote, the slope of the sigmodal curve (how sharp the boundary is), 

the inflection point of the sigmoid, and the maximum unvoiced percept asymptote. 
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2.2.6. EEG-ERP Analysis 

The N1 ERP analyses were performed using the N1-electrode average (the 

average of Fp1, F7, F3, C3, T7, and FC5) on the average amplitude from 75 – 150 ms 

relative to stimulus onset.  

Effect of VOT: We checked for a main effect of VOT on N1 amplitude as a 

replication of Toscano et al. (2010).  Though our experimental task was slightly different, 

an inverse relationship of stimulus VOT with N1 amplitude should still be present.  As a 

further test of replication, this VOT main effect should have a stronger linear than 

quadratic or cubic (sigmoidal) component.   

Effect of Bias:  The central a priori electrophysiological analysis of this study was 

testing for within-subject effects of VOT (3) x continua bias (2) on the N1 amplitude over 

midpoint VOT’s 20, 25, and 30.  Midpoint VOTs were defined after piloting stimuli in 10 

separate subjects and localizing the 50% points for those subjects to this VOT range.  The 

Ganong behavioral effect localizes to this region, so we predicted the neural ERP-N1 

Ganong effect should as well.  This statistical test was evaluated using one-sided 

distributions since we specify the direction of the effect with voiced biasing continua 

being more negative, and unvoiced biasing continua being more positive.   

Interaction of VOT and Ganong Bias: 

Critically, if a main effect of Ganong bias was observed at midVOTs, an a priori follow-

up plan included comparing the effect of Ganong bias at these midVOT points with the 

Ganong effect size at endpoint VOTs (5, 10, 15 and 35, 40, 45).   If the N1 is indexing 

changes related to the behavioral effect, then we expected the largest Ganong bias in the 
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ERP N1 to similarly be at these phonologically ambiguous midVOTs.  This test was 

performed by averaging together the bias effect over each VOT tercile (shortVOTs - 

5,10,15; midVOTs - 20, 25, 30; longVOTs - 35, 40,45).  A within subject custom contrast 

vector (-1, 2, -1), was fit to each subject to evaluate how the pattern of their N1 Ganong x 

VOT interaction matched the predicted pattern of a larger effect at the midVOT.  The 

value of this contrast fit was evaluated using a one-tailed t-test since direction of the 

interaction was specified. 

2.2.7. Electrode and Time-Window Definition 

We defined a priori that we would conduct VOT and Ganong bias statistical 

tests on the cluster of electrodes displaying an N1 waveform in response to our 

stimuli.  Importantly, these electrodes were identified via the grand average, 

collapsing across all our manipulated variables, and thus were chosen in a way 

designed to be agnostic to the effects being examined.   As was expected with 

linguistic auditory stimuli, a large N1 waveform was observed at left frontal electrodes 

(Fp1, F3, FC5) and left temporal electrodes (T7, F7, C3), see figure 8.  Accordingly, an 

average electrode, summarizing the activity across this region was created by averaging 

together the time-voltage data at these 6 electrodes.  Since previous work in the N1 has 

also suggested these two regions may represent distinct N1a and N1b waveforms, we also 

evaluate each of the three-electrode groups separately, though these results are not 

presented here, since similar patterns were found in each region.   The N1 amplitude was 

then defined as the average amplitude from 75-150ms after stimulus onset at these sites.  

This time window was defined based on past ERP and ECOG work. 
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2.2.8. Outlier Definitions 

Outliers were defined and excluded from analysis by behavioral and EEG criteria:  

failing to hit floor or ceiling (<15%p and >85%p at endpoint VOTs) for any of the 

continua, subjects with >40% of trials rejected for EEG data, subjects with average RT’s 

that differ by more than 3 standard deviations from the average.   Three whole-subject 

outliers were identified whose artifact rejection exceeded this quantity and their EEG and 

behavioral data were excluded from analyses. 

With respect to the by-response analysis, where subjects are expected to have 

highly variable response rates for each VOT, subjects with <15 trials in any critical EEG 

(VOT * Bias * Response) bin after artifact detection will have the data point for only that 

bin removed, and replaced with the overall average for that subject so as not to bias the 

within subject statistical tests. 

2.3. Results 

2.3.1. Overview 

On average, the experiment portion required 1.5 hours to complete with consent, 

electrode cap fitment, and clean up requiring another hour for each subject.  All subjects 

demonstrated a behavioral Ganong effect, when averaging across the two continua.  All 

also reached floor and ceiling perception rates at the ends of the continua, by the 

predefined criteria of less than 15% unvoiced percept at VOT 5msec, and >85% unvoiced 

percept at VOT 45.  Electrophysiologically, we observed N1 shifts in response to Ganong 

manipulations in the direction predicted by online, sub-lexical  -- BDO --  accounts of 
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Ganong effects.  The Ganong effect interacted with VOT, with a larger Ganong bias on 

N1 amplitude on the ambiguous VOT trials, just as Ganong (1980) observed 

behaviorally, and as we observe in our own behavioral data.  

2.3.2. Planned Analyses Results 

2.3.2.1. Behavioral Results: 

On average, the experiment portion required 1.5 hours to complete with consent, 

electrode cap fitment, and clean up requiring another hour for each subject. Every single 

subject, when averaging across all 4 continua, showed a Ganong effect, reporting more 

often the percept that formed a word than the percept that did not.  This effect was 

estimated for each word pair using the four-parameter curve fit function (L4P - Cardillo, 

2012), from which the 50% point was extracted for each continuum and then the 

difference between the voiced biasing and unvoiced biasing condition were compared.  A 

separate estimate of the Ganong effect was made for each place of articulation (D-T and 

G-C).  The average effect was a shift in the 50% categorization point of 2.75 ms to favor 

the word-forming percept (𝑡(20) = 7.75, 𝑝 < .001, 𝑆𝐸𝑀 =  0.34, 𝑑 = 1.73).  This 

effect was highly significant for each pair, 2.85 ms in the D-T pair (𝑡(20) = 5.93, 𝑝 <

.001, 𝑆𝐸𝑀 =  0.46, 𝑑 = 1.33) and 2.75 msec in the G-C pair (𝑡(20) = 5.13, 𝑝 < .001,

𝑆𝐸𝑀 =  0.49, 𝑑 = 1.15).  The perfect replication of the Ganong behavioral effect 

(Ganong, 1980) was expected and its observance permits the testing of the neural 

correlates in the N1 ERP data.   
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Figure 8.   
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Figure 8 – Behavioral Results Demonstrate Ganong Effect. (Top) Displays the 
behavioral categorization rates for the 4 critical biasing continua.  The 
horizontal axis indicates the VOT of the stimulus, the vertical axis indicates the 
average categorization rate as unvoiced.  Separate lines demonstrate the 
categorization curve for each continuum, lines that share a place are similar 
color, with the unvoiced biasing continuum being in the lighter color.  The 
difference between the unvoiced biasing and voiced biasing continuum is the 
“Ganong effect”.  (Bottom) The difference between the voiced biasing and 
unvoiced biasing categorization curves is shown (e.g. GakeGake - GateCate).  
We replicate the pattern Ganong (1980) observed with the largest effect of 
lexical bias at midVOTs.  *Error bars are standard errors, Cousineau (2005) 
adjusted for within-subject analyses. 
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2.3.2.2. ERP-N1 Results:  

N1 – Overview, Topology: An N1 was observed, 

and as predicted, had a left frontal negative 

topology (see Figure 9, below).  The grand 

average ERP had a negative value from 60-130 

msec relative to stimulus onset and nearly 

matched the expected N1 effect timeframe of 75-

150 msec suggested by past ERP and ECOG 

literature.  The N1 grand average reached its 

maximum at ~90 msec after stimulus onset.  

Slight variations in this time frame may be 

expected due to variations in task, student populations, and stimulus sets.  The grand-

average voltage at the 100 msec time point, relative to plosive onset, is shown in Figure 

9, as well as an orange circle, indicating the six electrodes we collapsed across to 

generate one region for use in statistical analyses.  

N1 – VOT Effects: The paradigm used in the present work represents a near replication of 

Toscano et al (2010). Notably, our behavioral task was slightly different (2-AFC vs. 

target phoneme detection), and we overlaid a Ganong manipulation onto the VOT 

continua.  Despite these modification, we still replicated the principle findings of the 

Toscano et al. (2010) paper. In the present data, N1 amplitude inversely related to VOT 

of the stimulus (𝐹(8,160) = 2.20, 𝑝 =  0.03, 𝜂 =  0.1).  The data had a significant 

linear trend present (𝐹(1, 20) = 9.35, 𝑝 =  0.006), and this linear fit strongly exceeded 

the other polynomial fits (quadratic, cubic, quartic) which were all non-significant.  Thus 

Figure 9 – Grand Average ERP from 
at 100 msec after stimulus onset.  
Averaged across all subjects, continua 
and VOTs.  The orange circle 
indicates the 6 electrodes averaged 
across for statistical analyses. 
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we replicate the critical finding of linear encoding of VOT, though we do have a slightly 

different N1 latency and topography.  This loose replication of Toscano et al. (2010) 

suggests that the paradigmatic variations we used did not disrupt the presence of 

phonologic information being encoded in N1 amplitude.   

N1 – Ganong Bias Main Effect:  Ganong bias effects were tested in a Bias (2) * midVOT 

(3) repeated measures ANOVA.   VOT was included as a nuisance variable since our 

main interest was in whether an effect of bias existed.  In the direction specified a priori 

– more negative for voiced biasing – a main effect of Bias was observed at these 

midVOTs, voiced biasing continua had slightly larger N1 amplitudes than unvoiced 

biasing continua (𝐴𝑣𝑔.  = .19 𝑢𝑉, 𝐹(1,21) =  8.43, 𝑝 =  .009, 𝜂 =  .286).  

75-150ms 
                     A priori analysis window 

Figure 10.  Figure 10 – VOT Main Effect, replicating Toscano et al. 2010.   The present results 
show loose replication where N1 amplitude varies by stimulus VOT.  For this figure, 
ERPs are averaged across all subjects, all continua, and response conditions.  Main 
effect of VOT had a significant linear component (p = .006) in a priori specified 
electrode sites and time windows.  Follow up analysis revealed strongest replication was 
at Left Central electrodes (C3, FC5, T7), but average of all 6 N1 electrodes is what is 
plotted above, since these were the electrodes used for statistical testing.  A priori time-
window for all analyses shown by blue bar. 
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After finding the effect on average, we followed up by testing whether a similar effect 

was found in the DT and GC continua, or whether the effect was mainly being driven by 

just one.  This effect generalized across both places of articulation used in this study, 

demonstrating similar effect patterns – .26 uV for the D-T continuum and .10 uV for the 

GC continuum.   

N1 – Ganong Bias * VOT Interaction:  The interaction of phonological VOT information 

and Ganong bias, top-down information was tested in a Bias (2) * VOTtercile (3) 

interaction evaluated using a custom contrast (-1 1) * (-1 2 -1).  This contrast evaluated 

the match of the neural data to the behavioral data by comparing the size of the Bias 

effect at the midVOTs with the average size of the bias effect at shortVOTs and 

 
Figure 10.  Figure 11 – Main Effect of Bias.  A main effect of continuum bias on N1 amplitude 

was observed on average amplitude over the same six electrodes from 75-150msec. 
with Voiced biasing continua generating a larger N1-amplitude and unvoiced biasing 
continua having smaller N1 amplitudes.  This N1 shift at midVOTs matched the 
behavioral shift pattern, was in the direction predicted a priori, was observed in both 
continua and was observed in 16/21 subjects. 
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longVOTs.  The pattern of the neural Ganong effect significantly matched the pattern of 

the behavioral effect (𝑡(20) = 1.94, 𝑝 =  .03).  Follow up tests comparing the effect size 

at individual VOT revealed the largest effect of bias was at VOT 20 msec, with a bias 

effect of .49 uV, when averaging across DT and GC places of articulation.  The second 

largest effect was at 15 msec, with an effect of .28 uV, with a similar effect also being 

observed at VOT 25, with a bias effect of .25 uV.  These electrophysiological results 

quite closely track the behavioral Ganong effect which was at its largest when stimulus 

VOT was 25 msec, and second largest at VOT 20 msec.   

 

Figure 12 – Interaction of Bias with VOT.  VOT interacted with the effect of bias, 
such that bias exerted its strongest effect at mid VOTs.  This N1 finding parallels the 
behavioral finding where Ganong effects are largest at the ambiguous VOTs.  
ShortVOTs include 5, 10 and 15 msec; midVOTs include 20, 25, and 30 msec; 
longVOTs include 35, 40 and 45 msec.  The y axis demonstrates the average 
amplitude from 75-150 msec in each condition, averaged across place of 
articulation. The bias effect shown at each VOT individually, rather than grouped 
into tercile, is shown in appendix C.  Error bars show standard error of mean, via 
Cousineau (2005) method. 
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2.3.3. Follow-Up Analyses Results 

How Does Effect of Bias Develop and Change Over the Time-Course of Sub-Lexical 

Processing? 

The presence of a Ganong bias effect from 75-150 msec begs the questions of 

when does this effect begin, how does the effect vary over the time-course of sub-lexical 

processing, and at what point is it overtaken by other cognitive processes.  To follow-up 

on these time-course questions, we tested for the effect of bias from 0-250 msec in a 50 

msec sliding window comparison, where we compared the voiced biasing with the 

unvoiced biasing average amplitude with a t-test in each time window.  The mean bias 

effect in each window was compared against the null hypothesis of no bias effect, zero 

mean, using t-test.  Since these were follow-up rather than principle analyses, no 

correction was made for multiple comparisons.  The time-window analyses revealed a 

lexical effect in the predicted direction that reached one-tailed significance beginning 

with the 25-75 msec window and stayed significant until the 175 to 225 msec window.   

The magnitude of this effect changed over time.  The effect started small 0.14 uV (d = 

.44) and steadily grew until the 150-200 msec time window reaching a maximum effect 

of 0.35 uV (d = .79), at which point it began to shrink yet again.   

Is effect of Bias consistent across place of articulation (GC vs. DT), or was just one 

continuum driving the N1 effect? 
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A Ganong effect in N1 bias was observed in both continua in the predicted 

direction, with the VOT x bias interaction being similar in both continua. This was 

confirmed in a follow-up ANOVA in which place of articulation (2) was included was 

included as an additional factor in the midVOT(3) x Bias (2) ANOVA.  The analogous 

test was also performed for the VOTtercile(3) x Bias (2) interaction.  Place of articulation 

Figure 12 

 

 

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0 
to

 5
0

25
 to

 7
5

50
 to

 1
00

75
 to

 1
25

10
0 

 to
 1

50

12
5 

to
 1

75

15
0 

to
 2

00

17
5 

to
 2

25

20
0 

to
 2

50

B
ia

s 
E

ff
ec

t (
uV

 d
if

fe
re

nc
e)

Time Window (msec after stimulus onset)

 

Figure 13 – Ganong Bias Effect Varies with Time.    The Ganong bias effect 
(Unvoiced biased N1 amplitude - Voiced bias N1 amplitude, for mid VOT stimuli), 
varied throughout the early processing period of each stimulus.  Early on, from ~50-
100 msec after the initial consonant onset, the effect was small but consistent at 
approximately .125 uV.  From 100 to 175 msec, the effect rapidly ballooned, steadily 
increasing until reaching a maximum effect of .34 uV. In later processing windows, 
possibly as sub-lexical processes were overtaken by later lexical and semantic 
processes, the bias effect shrank back down, and became non-significant in the 225-
275 window.   Mean N1 bias was evaluated in each time window with a t-test 
comparing against null hypothesis of no difference. Significant effect period denoted 
by the grey bar, all p-values are one-tailed * = p<.05, ** = p<.01, *** = p<.001, 
uncorrected.   Error bars show standard error of the mean. 
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did not interact with the Bias main effect at midVOTs (𝐹(1,20) =  .639, 𝑝 =  .433) or 

with the interaction of VOTtercile and Bias (𝐹(2, 40) = 1.03, 𝑝 =  .365).   

At each VOT, did the behavioral effect size correlate with the ERP effect size? 

At the VOTtercile level, in the planned analysis, the N1Ganong effect matched 

the pattern of the behavioral Ganong effect, having a midVOT focus.  Here we examine 

this comparison at a smaller scale, since the bias effect, and the behavioral effect may be 

estimated at each VOT independently.  There were slightly different patterns for the GC 

𝑦 =  .0119 ∗ 𝑥 +  .004 
N = 18, r  = .53, p = .02 

 

Figure 13 –  
Figure 14 – Correlation of Behavioral and N1 Bias Effects.  Each point on the plot 
represents one VOT step for one place of articulation, the x-coordinate is based on 
the size of the behavioral Ganong effect for that pair of continua (e.g. DapeVOT25 – 
Date VOT25), the y-coordinate indexes the ERP N1 bias effect for that same pair.  
There is a strong positive relationship between the VOT for which a behavioral bias 
was observed, and the size of the N1 bias at those same points.  The line of best fit is 
also plotted for the behavior-N1 relationship.  This line is the best fit for all 18 
points (9 VOT steps x 2 places of articulation).    
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and DT continua both in behavior and in the N1, and if these two patterns correlate with 

one another, then this would provide even stronger support for the notion that the N1 

biases are indeed the neural correlate of the behavioral bias. To examine this statistically, 

we measured the average bias effect at each VOT, for each place of articulation (D/T and 

G/C), in the behavior data and in the N1 data, and we correlated these measures.  This 

correlational analysis showed a strong positive relationship between size of the 

behavioral Ganong effect and the size of the N1 bias effect (𝑟 (16) =  .54, 𝑝 =  .02), the 

scatterplot and line of best fit are shown below.  The significant positive relationship 

provides strong evidence that the N1 bias we observe is indeed the neural correlate of the 

Ganong lexical bias.                          
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Chapter 3 

Discussion and Conclusions 

3.1. Discussion 

3.1.1. Review of Results – Evaluation of Online Sub-lexical and Offline 

Decision Module Accounts of Ganong bias 

In summary, we demonstrate that in the N1 waveform, the putative ERP index of 

neural sub-lexical processing, there is strong evidence for a lexical bias Ganong effect.  

This N1 effect is directional, in that voiced biasing continua cause the N1 encoding to be 

altered to be more voiced like.  This N1 bias effect varies by VOT, indicating that the 

effect of lexical bias is moderated by the surety/ambiguity of the incoming phonological 

information.  The N1 bias effect is strongest when phonological information is 

ambiguous.  The N1 bias effect also varies in time.  That is, the bias effect started out 

small, but was still detectable even during the P50.  The bias effect then remained steady 
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until around 100 msec, but then rapidly grew from 100 to 175 msec.  This suggests the 

bias effect is happening as the trial is occurring.  Finally, our correlational follow-up 

analyses showed that the size of the N1 effect in our a priori 75 to 150 msec time window 

correlated with the behavioral Ganong effect.  Taken together, these results provide a 

compelling demonstration that the Ganong effect is sub-lexical.    

With respect to FFO and BDO accounts of the Ganong effect, the question we set 

out to examine, we provide clear evidence in favor of BDO accounts for Ganong effects.  

The pattern of N1 – ERP results clearly contradicts the FFO, post-perceptual integrative 

decision module account of Ganong effects, since the strict version of this account posits 

that sub-lexical perception is independent from later levels of speech perception.  Sub-

lexical independence implies that the phonemes are identified irrespective of the lexical 

context in which they reside (i.e. the d-t in dape-tape is encoded the same as the d-t in 

date-tate).  By this offline view, phonetic features, such as voicing onset time, would be 

encoded in the N1 the same way regardless of the lexical status that would result from a 

/d/ or /t/ percept.  Our results clearly show this is not the case.  Namely, early phonetic 

encoding from 75-150 msec, was subject to influence of the lexical status of endpoints.  

We demonstrated shifts in the N1 electrophysiological correlate of sub-lexical encoding 

in the direction predicted by the work of Toscano et al. (2010) and McMurray & 

Schreiber (2016) 

In support of BDO accounts of the Ganong effect, there is substantial evidence 

supporting the notion that Ganong effects are driven by top-down feedback.  That is, 

Ganong effects are due to lexical information feeding back down to sub-lexical units 



 
53 

 

continuously as those sublexical units process sub-lexical features.  Multiple aspects of 

the N1 results fit well with this account of Ganong effects.  In the next few paragraphs, 

we review how the results reported here can be accounted for by a BDO account.   

The principal result of the experiment, that Ganong bias is due to sub-lexical 

encoding changes – i.e. there was Ganong bias evident in the N1 – invalidates the 

principal alternative explanation of the offline decision unit.  Further, a sub-lexical basis 

for Ganong bias is clearly compatible with an BDO account, as these accounts 

hypothesize that lexical feedback can indeed receive cascading activation from sub-

lexical units and then rapidly feedback to bias sub-lexical processing to favor percepts 

yielding familiar words. Strengthening the claim that the N1 bias is indeed the neural 

correlate of the behavioral bias is the correlation of the N1 bias with the behavioral bias 

across VOT and continua.  Finally, another piece of evidence supporting the N1 bias as 

the correlate of the behavioral bias was the directionality match of the N1 bias which 

corresponded to known properties of the N1.  That is, when the participants’ response 

was /t/ biased, the N1 looked more like a /t/ had been heard.  Given that we expect online 

feedback to reach backwards and effect the same units that would have processed a 

veridical /t/, it is important that the bias /t/ look very much like a veridical /t/.   

Another aspect of this set of results compatible with BDO accounts is the time-

variance of the N1 bias effect, that is, which increased throughout the course of the sub-

lexical processing we measured here.  The time patterning observed, starting small, and 

then rapidly growing makes sense if acoustic information about the stimulus must first be 

processed by general auditory and then sub-lexical units before being passed up to lexical 
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units which must then pass information back down.  This series of relays of activation 

presumably would take time.  Once the initial processing is complete, then the N1 could 

be biased in a VOT sensitive manner.  This matches with the fact that the bias effect grew 

rapidly from 100-175 msec in the midVOT trials.   

A third aspect of this result supporting BDO accounts is the VOT x bias 

interaction, in which bias only exerts its full effect at midVOTs where acoustic 

information is ambiguous.  This also makes sense in an BDO account, since when 

phonological information unambiguously contradicts the lexicon, it would be necessary 

for the sub-lexical system to “over-rule” the lexicon, otherwise we might never be able to 

perceive non-words such as dape.  BDO theories can account for this result since, to use 

the dape-tape pair as an example, if the onset is unambiguously a /d/, the tape lexical unit 

would not be activated.  As such, it would not provide feedback down and alter sub-

lexical processing.  An alternative BDO explanation may suppose that lexical feedback is 

happening throughout the course of the block, but this lexical feedback can only bias the 

sub-lexical units when the incoming information is ambiguous and thus activates multiple 

units which are in competition, such as /d/ and /t/ in the case of a midVOT /dt/.  For 

impartiality, it is worth noting that an FFO compatible, offline integrative unit might 

account for this result, too, but it cannot account for the other aspects of the results noted 

above as easily as the BDO account can.  
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3.1.2. Evaluating Bi-Directional Online Feedback and Feed-Forward Only 

Theories of Speech Perception 

In aggregate, the pattern of N1 - ERP results observed neatly fit the predictions 

made by an BDO account of the Ganong effect and contradict an offline decision unit 

FFO explanation.  Given that this offline post-perceptual decision account of Ganong 

effects has been the primary explanation for Ganong effects in strict FFO theories of 

speech perception, a new account of Ganong effects compatible with FFO theories should 

be considered.  We consider below how the present results might constrain such an 

account, and how FFO theories can be adapted or to explain these results.  But we note, 

importantly, that the strong performance of BDO accounts of Ganong effects must be 

viewed as favoring BDO theories, since BDO accounts neatly predict each aspect of the 

results observed.   

3.1.2.1. Can FFO Theories Account for N1 Ganong Bias Effects? 

In light of the contradiction of the decision module account, FFO theories may 

account for the present results via at least two mechanisms:  One intuitive way to account 

for lexical bias in the N1, would be to suggest that the N1 waveform contains some index 

of the post-perceptual integrative decision module, rather than of phonological or sub-

lexical processing, per se.  This account of the N1 faces several immediate challenges 

though.  First, the integrative decision module, as specified by Norris and colleagues is 

thought to be task-induced categorization process, not a process normally involved in 

speech perception.  However, N1 waveforms in response to auditory stimuli have been 
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observed in a variety of auditory paradigms, including in linguistic paradigms where no 

categorization response is required, such as passive listening, and even in paradigms that 

are non-linguistic.  This body of evidence and the body of associated ECOG N  

waveform research which suggest that the N1 might even be a general auditory process 

contradict the notion that N1 might primarily index a task-induced phonetic-lexical 

integrating decision module.   

A second challenge for the explanation of N1-Ganong bias as an index of the 

decision modules stems from the timing of the observed lexical bias.  Namely, the N1 

bias is extremely early in processing.  Specifically, a priori planned comparisons in this 

experiment demonstrated lexical bias effects at 75-150 msec.  But unplanned follow up 

comparisons demonstrated that this lexical bias effect began as early as 50 msec, and 

persisted until 200 msec, growing in magnitude as latency increased.  The observation of 

bias at these early time windows is at odds with a decision module account, since: a) this 

time window is identical to timelines for phonetic processing identified in primate, 

human ECOG, and human EEG data; b) McQueen Cutler and Norris imply that the 

decision module comes online after a trial, integrating both sub-lexical and lexical 

evidence to provide a decision at the response stage.   

Another problem for a decision module account of N1 bias effects is that the 

Ganong bias observed was not simply a main effect of unspecified direction or 

topography.  The electrodes where the Ganong effect was tested for were selected for 

based on expected topology of the N1 in past literature, and on the basis that they showed 

an N1 response to the auditory task in this experiment, but agnostic to any bias effects.  
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Further, the direction of the N1 bias effect corresponded with that observed in past 

literature (Schneider & McMurray, 2016), and on the basis of veridical VOT encoding of 

speech sounds.  Additionally, this should be interpreted in the broader N1 literature 

which clearly suggests phonetic, as opposed to decision based, processing is the cognitive 

correlate processing in this time period.  The N1 is associated with auditory input in a 

variety of tasks, even those where phoneme categorization is not required.  It seems a 

stretch to suggest that the decision module N1 would have the exact same topology and 

time frame as the phonetic correlate N1 which is suggested by the past literature.  

Thirdly, the phonemic decision units specified in the McQueen (2000) account, 

figure 7 above, also have intra-layer inhibitory connections.  This is problematic since 

these inhibitory connections are included to account for non-linearity in behavioral data, 

but the neural data observed by Toscano et al (2010) and loosely replicated here displays 

a linear relationship between VOT and N1 amplitude.  Thus, this phoneme decision unit, 

which was initially created to account for categorical (non-linear) behavioral data, cannot 

simultaneously account for the linear, neural encoding of the phonetic feature of VOT.    

For these reasons –  N1 literature context in non-categorization tasks, time-

window, and linear encoding of VOT – we view decision module accounts of Ganong 

bias in the N1 as incompatible.  Thus, if FFO theories are to account for sub-lexical 

Ganong effects, it should be via another mechanism. One such other mechanism specified 

in FFO theories is offline adaptation of phoneme boundaries.  FFO’s adaptation is 

different from BDO accounts in that it proposes the effect of lexical knowledge occurs 

only after a trial has occurred.   
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FFO theories (McQueen et al., 2000) have previously suggested that sub-lexical 

retuning via adaptation may explain other sublexical phenomena such as lexical mediated 

adaptation, and as such, it is natural to try to extend this explanation to Ganong effects 

since the decision module is likely no longer a viable explanation.  Norris et al. (2016) 

suggest the form of this adaptation is much akin to the back-propagated error signal that 

is instantiated in modern back-propagating neural networks.  Explicitly, back-propagated 

error signals act offline.  This idea is in accordance with FFO theory, since, a trial 

proceeds in a feed forward manner through the network and reaches the output stage.  

After output is selected, a comparator module compares the output with the desired 

output (in the context of lexical bias, a word, when possible).  The magnitude of the error 

(how far off the output is from the desired output), is passed back as an error signal and 

network weights are adjusted such that the error is reduced.  In this way, the network 

slowly tunes its actual outputs to its desired outputs, but this adaptation of sub-lexical 

units is strictly offline (between trials).   

3.1.2.2. Viability of Adaptation as FFO Account of N1 Ganong Bias 

The adaptation mechanism holds some promise for account for N1 bias Ganong 

effects but faces a few complications.  First, Ganong (1980) demonstrated lexical bias 

effects in stimulus categorization even on the very first trial from a given continuum.  

Obviously, adaptation cannot account for this behavioral result.  However, an integrating 

decision unit, while not compatible with the present ERP results, could account for this 

first trial or even the first 5-10 trials, at which point, adaptation might have sufficiently 
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occurred to retune the sub-lexical units.   If the decision unit can account for the 

behavioral result in the first few trials, then adaptation may account N1 bias after these 

trials, as adaptation might have occurred sufficiently to reshape sub-lexical network 

dynamics and drive the ERP results observed in the present study.  This explanation 

garners some plausibility in that it can neatly account for how lexical bias is first 

employed by a flexible decision unit, and then that decision unit then guides retuning of 

sub-lexical units.  As Norris and colleagues have suggested elsewhere, more general 

cognitive units should be the driving force for an error signal which may propagate 

backward between trials and lead to the retuning of the sub-lexical network.  In this way 

FFO theories may account for both Ganong’s behavioral findings and the ERP result 

here, but via two different mechanisms.     

A second complication for the adaptation account stems from the underspecified 

time-course of the adaptation mechanisms proposed by Norris and colleagues.  In modern 

neural networks, adaptation occurs over thousands of trials.  Given that there were only 

2376 biasing trials in the whole experiment, and each set of trials was broken into 2-

minute long, 72 trial blocks, where each block sampled one continuum, and each block 

could be followed by any other block which might have a different direction of bias, for 

the adaptation account of these results to hold water, adaptation would have to occur 

quite rapidly, faster than a 2-minute block.  This would require particular flexibility when 

a block with the opposing bias followed (e.g. when a dape-tape block is followed by a 

date-tate block). The adaptation process would need to rapidly retune the sub-lexical 

units have to bias rapidly in the opposite direction.  An alternative conception of 
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adaptation would be that it is continuum specific (i.e. the adaptation to dape-tape does not 

affect adaptation to date-tate).  In any case, the adaptation account of Norris would have 

to be specified further to account for these results.  Principally, the rate and 

consonant/continuum specificity would have to be delineated to be sufficiently fast or 

specific.  At this point, limited evidence informs the question of adaptation speed or 

specificity, so the strength of an adaptation based may not be evaluated in this respect.   

Little work has investigated the speed of adaptation, and only a few projects have 

investigated the specificity of adaptation to particular consonants (Bent & Bradlow, 2008; 

Kraljic & Samuels, 2005, 2006, 2007; Reinisch & Holt, 2014).  One project (Krajlic & 

Samuels, 2007) has investigated the specificity of voicing adaptation (e.g. the extent to 

which D-T adaptation effects G-C) and found mild but significant effects which carried 

over from one voice-voiceless stop continua to another.  This carry-over would suggest 

that adaptation would persist from one continuum to another, but it is not clear to what 

degree.  Carryover was not found for fricative voiced-voiceless continua, suggesting 

carryover exists, but may be limited by the acoustic overlap between the continua. 

Applying these results to the continua used here, it is not clear whether to expect 

carryover from one continuum to another, or if each might adapt independently of the 

others.   

A third complication for adaptation account is that in the present experiment, the 

bias x VOT interaction necessitates that adaptation of network dynamics would need to 

vary as a function of VOT.  In our N1 bias x VOT interaction, the size of the bias effect is 

largest, and indeed, only really present at midVOTs.  No mechanism for midVOT 
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specific adaptation has been laid out before.  If this adaptation is offline, via the back 

propagated error as McQueen, Norris and Cutler might suggest, a mechanism would have 

to be specified where the error signal is only propagated backwards when the input was 

ambiguous.  Such a mechanism would clearly be implementable. Namely, one might 

imagine a slightly improved comparator that only sends an error signal back when the 

input could have been possibly interpreted as the desired lexical output.  This could be 

implemented numerically by requiring sufficient activation of the competitor for the 

retuning signal to be passed back.  Fortunately, the integrative decision module proposed 

by Norris and colleagues would be a unit with exactly the information necessary to 

perform these comparisons.  However, it remains to be experimentally determined if such 

a network could accurately mimic the behavioral results observed.  The success or failure 

of this network to retune only its response to ambiguous phonemes will likely depend on 

how its topology.  A fruitful experiment for future research would be to computationally 

implement an offline model of Ganong retuning specific to mid VOTs where midVOT 

retuning does not result in broader retuning to short or long VOT stimuli.   

To summarize this section, adaptation-based accounts of sub-lexical retuning hold 

promise to account for the bias x VOT interaction results in FFO theories of speech 

perception and the Ganong effect.  However, these adaptation accounts are 

underspecified in terms of specificity to place and manner variations in continua used, 

rates of adaptation, and VOT specificity.  Future work should explore implementation of 

an adaptive FFO compatible network that could mimic the present N1 ERP results.   
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One more challenge for adaptation accounts to address, assuming VOT specificity 

could be modeled, would then be to match the time variation in Ganong effects.  If the 

sub-lexical network is retuned only between trials via connection weight changes, then it 

is not clear why this effect would change over time.  The adaptation account would only 

allow for lexical bias between trials.  One possible explanation might be to suppose that 

the network changes do not alter initial encoding, but only how that information then 

cascades through the network, but such an explanation would need to be modelled 

computationally to demonstrate in-principle plausibility. 

3.1.3. Developing Online Feedback (BDO) Accounts of Ganong effects  

As we note above, BDO theories garner significant strength from these results in 

that they predict the bias effects on the N1 and even predict it to be time-variant, 

correlated with behavioral bias, sensitive to VOT information, and that its directionality 

corresponds to standard N1 mappings.  However, the precise mechanism of feedback, 

and the time-course of top-down feedback is under-constrained at present by BDO 

theories.  For instance, the time point at which sub-lexical activations are sufficiently 

processed to cascade up to the lexical level is underspecified. Additionally, how fast 

lexical information could respond to sub-lexical input and then spread backwards is also 

unspecified.  For online-feedback mechanisms to account for this N1 Ganong bias effect, 

the cascading upwards and spreading backwards needs to be fast enough to alter sub-

lexical encoding during the N1.  This under-specification of theory, highlights one place 

where the present experiment contributes, by constraining this time window, and 
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specifying that lexical information plays a role at least by the 25-75 msec time window.  

But also, these results suggest that the influence of top-down variables changes over time.  

The follow up analyses exploring the effect of bias over time suggests that the bias effect 

starts small and then grows steadily from 50-200 msec after stimulus onset.   

3.1.3.1. Feedback or Pre-Activation? 

One complicating factor for this lexical-sub-lexical feedback story is that the 

word tokens used were, on average, 400 msec, and the ambiguous phoneme was the first 

syllable, and the lexically identifying information was in the last syllable.  This means 

that the disambiguating information separating word-nonword from nonword-word 

continua (e.g. date-tate vs. dape-tape), occurred, on average at ~200 msec, when the last 

phoneme began to be articulated at the end of the vowel, well after the N1 bias effect has 

already begun. In this way, our stimuli are not like the den/dt/ example given in the 

introduction in which the ambiguous syllable is the final one.  How then, might lexical 

bias affect a word-initial ambiguous syllable such as /dt/ape?  This seemingly 

contradictory finding makes sense in the context of the paradigm we used.   

We can offer a clear explanation for why these biasing effects were observed so 

early based on the design of the study. In the present experiment, we grouped stimuli into 

blocks of a certain type.  Recall, we grouped continua into blocks of one bias, for further 

simplification, to one place of articulation. That is, one block represented samples drawn 

from one continuum repeatedly (e.g. Trial 1 = Dape VOT35, Trial 2 = Dape VOT10, 

Trial 3 = Dape VOT20…. Trial 72 = Dape VOT05).  Therefore, if subjects were in a 
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dape-tape block, subjects knew they would be repeatedly hearing dape and tape, which 

would allow them to pre-activate the lexical unit for tape.  Resultantly, an ambiguous 

midVOT /dt/ could be biased to favor a /t/ sub-lexical network state.  Conversely, if 

subjects knew they were in a date-tate block, a midVOT /dt/ would be biased towards a 

/d/ sublexical network state.   

The paradigmatic choice of blocking of stimuli into blocks from one continuum – 

and thus one bias direction, such as /t/ biasing in dape-tape – allows subjects to easily and 

potently pre-activate the tape lexical item.  This blocking of stimuli was designed to 

model, in an experimentally tractable way, the predictability of upcoming words provided 

by linguistic context, in which the upcoming word may often be predicted and thus pre-

activated.  Incidentally, this methodological choice made pre-activation (pre-bias) of the 

target phoneme indistinguishable from online activation (online-bias), at least when 

looking at the main effect of bias analysis.  Given that both pre-activation and online 

feedback may exist in BDO theories of speech perception, showing either would be an 

important empirical result which would support BDO models.  The strong contradiction 

these N1 bias results provide against an offline decision module account of Ganong 

effects stands irrespective of the pre/online distinction since in either case, the bias is sub-

lexical, though obviously in one case, it is prior to processing rather than during.  But in 

either case, the bias is measurable, online, during the processing.  One additional 

contribution of these results are the time-constraints the N1-bias results provide on the 

time-frame of both feedback and adaptation is an important contribution, since neither 

feedback nor adaptation have clear timelines at present.  However, there are some 
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theories (notably Kleinschmidt and Jaeger, 2015), which allow prediction, but do not 

explicitly allow online feedback, so we consider below how the present N1 results, in 

finer grained comparison, might distinguish online and pre-activation accounts of 

Ganong bias.   

3.1.3.2. Distinguishing Pre-Activation from Online Feedback: 

Evidence from our follow-up analyses suggest that at least some portion of the N1 

bias effect is driven by an online activation component.  The principal results supporting 

online variation is the VOT x bias interaction, and the variation of the bias effect over 

time.  Both findings suggest that the effect of bias has not fully swayed the sub-lexical 

network until the phonological information about VOT arrives.   

With respect to the VOT x bias interaction, if the principle driver of N1 ERP 

Ganong bias were pre-activation of the appropriate phoneme, one would imagine an 

effect of bias on the network to be equal at all VOTs.  This follows since pre-activation 

would occur before the trial and thus would not be able to vary based on the VOT 

information which arrives during the trial.   Online feedback accounts of Ganong effects, 

however, can explain this interaction.  Considering case of the midVOT ambiguous 

stimuli, this VOT information would arrive in primary auditory cortex around 20-40 

msec after stimulus onset (ERP t = 0).  This timeline seems early enough such that the 

sub-lexical network could process this information, and then alter whether lexical 

influence biases processing, in the case of ambiguous VOT, or leaves processing 
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undisrupted in the case of unambiguous VOTs.  Thus, in this respect, the VOT x Ganong 

bias interaction supports online influences of the lexicon.    

The linchpin evidence that lexical bias is acting more online than prior to the trial 

is the variation in the N1 bias effect over the time-course of sub-lexical processing.  That 

is, the bias effect on the N1 starts out at zero at the start of the trial and grows rapidly 

during the period of sub-lexical processing 75-150 msec, and then gradually fades over 

time.  This variability in the size of the N1-bias effect over the course of the trial would 

again be expected if the effect is online, since the lexical information and the sublexical 

information are being combined and interacting in real time.  Further, the effect would be 

expected to grow over time as more acoustic information from the incoming word arrives 

and builds up activation of the lexical target.  In pre-activation accounts, this time 

variation is much harder to explain.  If lexical bias is only pre-activation, it is not clear 

whether to expect time-variance of effect, since the bulk of lexical bias should only exert 

its biasing before the trial begins.  As such, we interpret the time-variance of this effect as 

strong evidence for an online confluence of lexical and sub-lexical information.  

3.1.3.3. Linearity Changes to Non-Linearity and Loss of Initial Sensory 

Record 

One interesting aspect of these results was the conversion of graded information 

to categorical information that was associated with the N1 bias effect in midVOT’s.  The  

loose replication of Toscano et al (2010) indicated that N1 encodings of VOT certainly 

contain graded information about the exact VOT of the stimulus.  However, the 
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waveforms shift, as the bias effect unfolds over time to look less like the veridical 

midVOT, and more like the lexically favored endpoint.  This change indicates that at 

least in the networks detectable in the N1, the initial sensory information is effectively 

lost.  In other words, a VOT 20 biased to a /d/, is indistinguishable from a VOT 5, 

veridical /d/ in later time windows of the N1.  There might be other cortical areas where 

the sensory information is kept for record, but if not, this would suggest, insofar as EEG 

can measure, that the sensory information is overwritten.   

The suggestion from the data that the cognitive system would overwrite the 

sensory information is surprising, since as Norris and colleagues have noted, optimally 

accurate combination of multiple information sources is Bayesian and requires an 

accurate record of each source.  Thus, that the brain overwrites this sensory information 

suggests it may be sub-optimally accurate.  Why the brain is organized this way is an 

open question and might be answered by future developmental or theoretical work.   

Perhaps this sub-lexical locus for information combination is accurate enough, or is more 

efficient, or provides some benefit in particular types of acoustic environments.  Future 

work should attempt to address these questions and measure these potential benefits of 

suboptimality. 

3.1.3.4. In BDO accounts, Should Ganong Bias have a midVOT focus? 

Behaviorally, we observe a midVOT focus for Ganong bias effects.  Thus, in 

the neural correlate of this behavior, if a bias was observed, we expected it to be 

largest at midVOTs.  However, we turn now to a more theoretical question.  In BDO 
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theories and models, it is not necessary that bias be restricted only to ambiguous 

VOTs.  For instance, the lexicon might exert its effect on categorization irrespective 

of the goodness-of-fit of the phoneme – in our experiment, irrespective of how good 

the phoneme was to a voicing category.  If so, then we would have expected to 

observe N1 bias shifts at all VOTs.   The fact that we do not observe this suggests 

that this is not the case, but raises an interesting question of how the cognitive 

system, apparently from 75-150 msec represents VOT in a graded manner, but also 

is simultaneously evaluating category goodness, which is non-linear.  This category 

goodness calculation is necessary for biasing to occur in a VOT sensitive manner.   

Apparently, the neural system is simultaneously maintaining graded and categorical 

information.  Computational models of speech perception processing should explore 

this dual representation and whether or not it can be implemented within existing 

speech perception models such as jTRACE and MERGE.    

3.2. Limitations and Future Directions 

This study faces a several limitations which future research might address:  1) 

stemming questions about mapping the N1 onto levels of representation in speech 

perception models; 2) Isolating slow-adaptive sub-lexical-lexical biases processes from 

fast-online lexical connections.  3) Separating pre-activation form online activation.  

With respect to problem one, which cognitive processes involved in speech 

perception is the N1 indexing neural activity from, Toscano and colleagues (2010) argue 
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persuasively that multiple features of the VOT establish it to be early in the speech 

perception processing stream, specifically, as early as the bottom-box, autonomous 

phonemic processor in Norris’ model or earlier.  This argument is covered in depth in the 

background section addressing the N1, but centers on several attributes of the N1: that 

VOT is coded linearly in the N1, that behavior response is non-linear in pattern, that 

ECOG suggests phonemic processing is occurring in temporal lobes at the same time as 

the N1 is observed, and lastly, that even non-human primates show an N1-like waveform 

to con-specific vocalization features.  These features taken together suggest a very early 

locus for the N1.  However, several aspects of the N1 are still undefined.  First, it is not 

even clear whether the N1 is a language specific process or whether the N1 is an index of 

general auditory processing.  The fact that it is modulated by linguistic manipulations 

provides surface evidence that N1 related processes are linguistic, but if BDO accounts 

are taken at their word (e.g. McClelland, Mirman, & Holt, 2006), feedback connection 

down to early auditory processes may be possible.  Second, another problem related to 

due unknown etiology of the N1 is problem of association.  That is, the N1 may be 

associated with phonetic feature encoding, but may not be a necessary component to 

successful phonetic encoding.  We view this second objection as weak, due to the 

compelling ECOG results linking phonetic categorization to this time-window.  But it is 

worth exploring to what extent the full time-frame of N1 related processes are necessary 

for speech categorization.  The N1 may reflect multiple processes occurring over time, 

rather than one square in a cognitive schematic.   
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Looking forward, there is one type of evidence that in the future may better 

establish linking of specific waveforms to specific cognitive processes in performing 

ERP N1 studies of patients with auditory processing deficits at various stages.  The 

dissociation logic of neuropsychology is well suited to explore the necessity (as opposed 

to association) of N1 processing for successful sub-lexical categorization.  Even more 

useful studies might come from ERP work with patients with deficits in particular aspects 

of sub-lexical processing which may provide a lens into the various component processes 

which unfold over time to generate the N1.  Neuropsychological ERP approaches have 

already been employed in the production side of speech.  Laganaro and colleagues 

(2009a; 2009b; 2011) have begun this type of work in speech production, but to date, no 

work of this type has been published in speech perception.   

With respect to point two, no study alone could conclusively establish whether the 

N1 bias effect and the associated behavioral bias effect are due to rapid online feedback 

or to slow adaptation.  What this study does contribute, is clearly documenting a sub-

lexical basis for lexical influences on phoneme categorizations. If adaptation does drive 

some or all of the N1 Ganong bias effect, then we can at least say that the adaptation is 

fast enough to develop over 72 trials presented in rapid succession with short <1200ms 

ISI’s. We can also say that it is flexible enough to rapidly switch between blocks or 

specific enough to be specific to one word-non-word pair in the lexicon.  Hopefully 

future studies can address this limitation by alternating bias direction between trials rather 

than blocking continua, or by having enough continua pairs, such that no continuum 



 
71 

 

needs to be used repeatedly.  However, such a design is difficult to implement in ERP, 

where numerous trials of one type are needed.   

With respect to point three, discriminating pre-activation and online feedback, the 

two are not mutually exclusive, and as such are very hard to disentangle experimentally.   

As we note above, the VOT x bias interaction, and the time variance of bias suggest some 

online activation component.  However, this does not preclude a pre-activation 

component as well.  In this study, online feedback in response to incoming VOT 

information is confounded with, and very possibly interacts with pre-existing lexical 

information resulting from blocking of continua.  Fortunately, this study does not stand 

alone, and complementary recent studies in the labs of our collaborators, McMurray and 

Toscano, attempt to control for repeatability and predictability, and manipulate non-

semantic factors such as gender adaptation effects.  Schneider & McMurray (2016) 

demonstrate effects of speaker gender in the carrier sentence of a neutral gender voiced 

VOT token.  These effects match the behavioral bias these gender sentences create and 

are thought to reflect automatic sub-lexical alterations employed by the sub-lexical 

network to adjust for speaker variability.  This type of speaker gender adaptation seems 

like a different kind of adaptation than the knowledge that you are in a dape-tape block 

and thus can lexically pre-activate tape.  Toscano et al. (in prep) manipulate predictability 

in the extreme short-term, by embedding VOT continua into strong lexical associates 

such as “Eiffel /dt/ower”.  Again, this seems like yet another type of feedback.  At this 

point, neither pre-activation, nor online feedback are at this point defined enough to be 

discriminated from one another.  Projects such as this provide valuable contributions in 



 
72 

 

providing insight into which top-down influence and adaptation effects are actually sub-

lexical, and may even provide some insight into online versus pre-activation. 

3.3. Conclusions 

We observed Ganong-like lexical bias effects in behavior and documented an 

early neural signature of these effects in the N1 waveform (75-150 msec).  The 

observation of Ganong bias effects embedded in the N1 waveform which has previously 

been linked to sub-lexical processing suggests that Ganong biases are truly the result of 

variations in sub-lexical processing dynamics, rather than due to offline, extra-perceptual 

task-driven decision units coming online to integrate lexical and sub-lexical information.  

This invalidates the traditional FFO post-perceptual decision unit explanation of Ganong 

effects.  These results favor BDO accounts of speech perception which more naturally 

account for bias x VOT interactions and the variation of bias over the time-course of a 

trial.  However, FFO theories of speech perception may account for some of these results 

via adaptation mechanisms, but some specification work would be required to account for 

how adaptation might be VOT specific, and lead to within-a-trial time variation in the 

lexical effect.  Speech perception theories, both FFO and BDO, will need to consider how 

to account for these N1-bias effects in a Ganong paradigm, and how to further specify 

adaptation, pre-activation, and the time-course of feedback to account for the pattern of 

effects documented. 
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Appendix A – Splicing Technique 

 

A graphic illustration of the splicing technique used to make the continua.  

Ideal endpoint stimuli were selected carefully, matching pitch, length, and intensity.  

A closely matching candidate pair from each side of the continuum (dape and tape) 

was selected and then stimuli were prepared for splicing.  The stimuli underwent 

several steps to more carefully match the stimuli and line them up: whole 

wavelength periods were added/removed so that length of the two endpoint tokens 

was nearly identical (in the dape-tape case shown above, length from plosive to 

vowel closure was ~200ms), the release was moved to an identical position, mean 

intensity was matched, and the plosive opening was set carefully to timepoint zero.  
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Using these prepared endpoints, a crossover procedure was then performed at 

intervals of 5 milliseconds, from 5-45 msec.  The experimental sound file was the 

hybrid sound generated by crossing over at these intervals, taking the unvoiced 

plosive (i.e. 0 ms to the splice-point) for its beginning and appending the vowel and 

release of the voiced word onto this (i.e. splice-point to the end of the sound file).  

The image below illustrates a splice point of 25 msec between dape and tape.   

 

 


