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ABSTRACT OF THE DISSERTATION
Distributed Letter Representations in Visual Word Recognition
By
Ryan Stokes
Doctor of Philosophy in Cognitive Science
University of California, Irvine, 2019
Greg Hickok, Chair

Visual word identification is a remarkably automatic and flexible process - invariant to size,
shape, and location, but also sensitive to letter features and case. There is a general agreement that letters are coded hierarchically, starting with local receptive field contrasts that
form the simple feature that comprise letter identity. However, the mechanism that identifies words based on the location of letters, known as letter position coding, is not well
understood. Early models that coded precise locations in space cannot account for the minimal disruptions observed for words with letter position adjustments such as transpositions,
additions, or deletions. A wealth of experimental evidence supports a view of visual word
recognition that is forgiving to local changes in position. We present a model of letter position encoding, as an extension of the Overlap model, that treats letters as distributions
along a normalized retinotopic space. A convolutional neural network was used to estimate
a pattern of letter identity along overlapping receptive field locations. This method creates
an input to models of letter position that are closer in line with behavioral data. Model
estimates were found to fit well with a database of priming studies used to investigate the
effects of letter position manipulations on participants’ reaction time and accuracy. Using
model-based functional imaging, we show the model accurately localizes the visual word form
area (VWFA), a functional region in the lateral portion of the left ventral occipitotemporal
cortex. Finally, we demonstrate the need for a cohesive computational model of visual word
viii

recognition by examining the emergent properties of a combined letter identification and
letter position network.

ix

Chapter 1
Introduction

A fluent reader needs only to fix their gaze on a word and in an instant complex patterns of
light are decoded from simple features into letters, and from letters into words. Suppression
of this process is difficult if not impossible; ignoring a foveated word for a fluent reader is
like trying to avoid recognizing a familiar face. While reading and face recognition have a
lot in common, reading was invented recently1 , and evolution could not have developed a
specialized location or mechanism in our brains as it has for the faces. This makes fluent
reading all the more impressive, in that an automatic process can be adapted from the
existing visual object recognition and language systems. As we look into the process of
reading we should not expect to find specialization, but instead a combination of existing
mechanisms recycled to perform the new task of reading.
Visual word recognition is the process of identifying a word from a string of letters. This
is an impressive feat given the number of words that can be created from patterns of line
segments. The mechanism responsible must have some visual form invariance to know when
two differing patterns represent the same letter (e.g. ‘a’ and ‘A’) but also be able to identify
different letters from similar patterns (e.g. ‘Q’ and ‘O’). Word recognition is also invariant to
1

Relatively speaking, reading was invented around 3,000 BC.

1

changes over case (e.g. APPLE), size (e.g.

apple ),

position (e.g.

apple

), and font (e.g. apple).

Strings of letters are processed rapidly and in parallel, and must be coded with information
about identity and also position.
In this dissertation, we hope to better understand the mechanisms of visual word recognition
by modeling the two routes of reading, to be introduced in Chapter 2, as non-specialized
and distinct systems. Since the invention of reading is too recent to develop specialization,
we also constrain the model by the limitations of the visual object recognition system. The
proposed model and experiments are bound by this fundamental principle of reading and
attempt to elucidate the contributions of each route in identifying a word. We start with a
brief overview of the research on visual word recognition and letter position encoding. This
includes a review of prominent models in the literature and a discussion of the objectives
and limitations.
Chapter 3 focuses on two experiments which evaluate the first-position advantage, an effect
where the first letter of a word has preferential activation in recognition tasks. The first
experiment addresses whether this effect could be due to phonological effects, where the
first letter is translated into a speech sound improving recognition of the first letter with
multimodal activations. The second experiment addresses an attentional account of the
effect, where attention to the first position of the word improves recognition. Neither account
has a considerable behavioral background and may not be mutually exclusive explanations
of the letter position effects.
In Chapter 4 we introduce a computational model of letter position encoding as an adaptation
and extension of the Overlap model [41]. We propose a neural network variation to improve
model fits with behavioral evidence of known phenomenon. We then demonstrate how
an extension using a convolutional neural networks (CNN) can be used to produce letter
identification patterns that are more in line with human readers. Model predictions are
evaluated against a mega study of the most commonly observed letter position effects.
2

In Chapter 5 the computational model is used to predict a blood oxygen level-dependent
(BOLD) response for experimental stimuli composed of groups of words and non-words. The
predictions are used as regressors to estimate the response of letter position in fMRI data.
We present this model and procedure as an effective method of localizing the visual word
form area (VWFA). This is compared with a linear contrast localization to show an increase
in the number of individual participants with active clusters, and also clusters of greater
size.
Chapter 6 concludes with a general discussion and directions for future research.

3

Chapter 2
Visual Word Recognition

2.1

A Brief History of Reading

Early systems of writing were largely symbolic, consisting of geometric shapes and pictographic representations of objects, and used primarily to keep track of farming yields,
livestock, accounting, and time. From numbers and objects, writing progressed to more
sophisticated systems that also coded ideas. Over time, the intricate pictograms were stylized to create shapes that were simpler to write, but required additional training to read.
Additionally, abstract concepts could not be represented with a single unambiguous image.
To represent complex ideas, a combination of two pictograms or geometric shapes were often
used.1 These early writing systems charged the reader with memorizing large numbers of
symbolic images as well as many combinations that made up abstract ideas.
Eventually, a method of writing developed which would save readers from the need to memorize the symbols for thousands of words. The alphabetic principle, developed some time
around 1700 BC, employs symbols to represent speech sounds rather than words. A much
1

In cuneform writing, concrete objects were associated with one another to represent an abstract idea.
For example, an egg next to a bird represented birth.

4

smaller catalog of symbols, known as an alphabet, assigns a symbol to every speech sound
of the language. The alphabet can then be used to transcribe any of the languages spoken words, real or imagined. This greatly reduced the effort in learning to read, needing
only to memorize the letters in the alphabet and the translation into their respective speech
sounds. Once this foundation is laid, the learner has all of the required tools to read any
word, including ones they have never seen. For English, this is only partly true since the
language is considered to be orthographically deep. Letters do not perfectly correspond to
a single speech sound. Where a letter is positioned and which letters precede/follow will
impact the pronunciation. A reader will need to learn these rules and the many exceptions
before achieving fluency. A true alphabetic language uses a shallow orthography and has a
direct relationship between letters and speech sounds.
This history tells the story of two inventions of reading: The orthographic method, where
symbols are converted directly to meaning, and the phonological method, where symbols are
converted first to speech sounds and then to meaning. The phonological method is slower
because of this extra step; a student reader will carefully move from letter to letter, sounding
out each one before achieving a complete phonemic representation of the word. This is the
key innovation of the alphabetic principle, it does not matter if a beginner reader knows
what the word means, or even if it is a word. The reader only needs to identify the letter
and convert the letter into a speech sound. While effective for learning to read, this process
is laborious, analogous to identifying a person by looking first at their eyes, then their nose,
mouth, and ears, confirming each feature matches a memorized template before moving to the
next. As the reader improves, they begin to identify words not by the speech sounds, but by
the identity and order of the letters. At some point, the reader will begin to recognize whole
words. They will have gradually switched to the orthographic method of reading, and start
to translate combinations of letters directly into meaning. The alphabetic principle captures
the best of both methods, the gradual learning curve and ability to read any word provided by
the phonological method, and the rapid and accurate identification of words provided by the
5

orthographic method. In the cognitive science literature, the orthographic and phonological
methods are framed as pathways in the brain, and will henceforth be referred to as the
orthographic and phonological routes [19]. This distinction emphasizes that the processes
are analogous to pathways in the brain – a direct path for the orthographic route and
an indirect path for the phonological route, as more stops are necessary for phonological
translation. Additionally, it shows that these processes are not mutually exclusive, and act
together to identify words. For fluent readers, most words are understood almost instantly
and with a single fixation [85], largely from a direct orthographic translation into meaning.
An active phonological route can increase evidence towards a correct word selection, and
take over when an unfamiliar sequence of letters is present.
The orthographic route’s speed should not be surprising, since it is doing what the visual
system has evolved to do: visual object recognition. A person’s face is not recognized by
a serial search through each feature, instead, the features are taken in parallel, and rapidly
identified simultaneously and holistically [100]. The orthographic route, as a visual recognition system, can enjoy all of the perks evolution bestowed onto visual object recognition.
This includes invariance to size, position, shape, and even manipulations of letter position.
In a sense, the invention of reading has reduced object recognition down to its purest form,
identifying high contrast simple shapes and combining them to form whole objects.

2.2

Outline of the Reading Network

There are many aspects of visual word recognition which are either agreed upon in the literature or similar enough that an abstract diagram can be used to represent several ideas. For
this reason we have combined two dominating theories together, one of letter identification
[95] and the other word recognition [19], in one diagram to make the beginning-to-end visual
word identification process clear and to provide visual examples within each section (figure
6

2.1). Models which share specific architecture with this diagram are noted as they come up.
Visual word recognition can be divided into two levels of macro processing: prelexical and
lexical. In the prelexical stage, letter identity is processed, this includes the feature detection,
allograph, and the abstract letter unit (ALU) layers. These layers are generally agreed on
and have appeared in several prominent models in various forms of detail [95, 27, 19, 65].
The lexical stage has more variation in the literature but generally agrees on the two routes
of reading: one phonological, and the other orthographic.

2.2.1

Prelexical Processing

Letter identification starts by identifying the feature components of the letter. For example, a
vertical line and horizontal line make up the feature components of a capital letter 'T'. Oliver
Selfridge proposed a hierarchical solution, called the Pandemonium model, and serves as a
precursor to modern letter identification theory [98]. In the model, each feature component
of a letter is represented by a demon (parallel to the Pandemonium of Paradise Lost) that
is instructed to yell when his feature is present. The demons are organized hierarchically so
that more complicated cognitive demons will listen to feature demons and yell when they
hear the features necessary for the letter they represent. Finally, a decision demon will report
the loudest cognitive demon as the letter that is being perceived. This colorful analogy of
a hierarchically structured feature detector system was backed empirically with evidence
of feature detectors collected by Hubel and Wiesel in the cat striate cortex [50]. Current
models of visual word form recognition that seek to explain early feature-based detection and
biological plausibility use some form of feature-based detection. However, this feature-based
system can only account for a specific pattern of features which make up one form of each
letter. Then, in later processing, these specific letter units feed into the ALU layer, which
are invariant to font, size, position, etc. A distinction between the allographic layer and

7

the ALU layer is supported by a study of a patient with acquired dyslexia from a posterior
cerebral artery aneurysm. Imaging shows an extensive left ventral lesion extending from the
medial portion of the occipital lobe into the temporal lobe. The patient had trouble naming
abstract letter identities, but her ability to distinguish from letters and non-letter forms was
left intact [95].

2.2.2

Lexical Processing

In the phonological route, or letter-by-letter reading, letter identification is isolated to one
position at a time starting with the first. The ALU is translated to the corresponding
phoneme and the reader moves to the next letter. With every letter translated, the appropriate phonological lexical entry is activated and its meaning accessed. In the orthographic
route, all letters are processed in parallel and encoded for position from the ALU layer. As
a primary focus of this paper, several models of letter position coding will be presented in
the following section. Figure 2.1 illustrates an overlap representation of position, where each
letter exists along a distribution in space. Once coded for position, the letter string accesses
an orthographic lexicon for a specific lexical match followed by its semantic meaning.

2.3

Letter Position Encoding

How the position of letters in a word are coded is a central question to models of visual word
recognition and the primary concern of this dissertation. It is uncontroversial that some
method of identifying letter position must exist, otherwise anagrams such as angel and angle
would not be differentiable. An early solution, termed slot based coding, assigns each letter
to its respective position. The word SUNG would be coded with an S in the first position,
U in the second position, and so on. The arrangement would also be bound to the length of

8

the word; the first letter in SUNG would not be comparable to the first letter in SUN. This
was the assumption of the Interactive Activation (IA) model [65, 90], an influential model of
visual word recognition and the predecessor of several other models [19, 77, 97], which share
the assumption.
Slot based coding worked well for early models of visual word recognition, but was unable to
account for situations in which letters are removed, added, or scrambled with only a slight
loss in readability. Word modifications such as these are often employed as experimental
manipulations in studies of word recognition. Slot based coding can then be tested by comparing its predictions to the behavioral evidence. A condition might compare the difference
in reaction time of a word such as sung to its close neighbor snug, a transposition of the
middle two letters. A slot based approach assumes that only the first and last letter of sung
will facilitate recognition of snug, comparable to the double replacement condition sxxg.
While transposed conditions do impair word identification accuracy, they do not degrade
performance to the same level of a double replacement [34]. Letters can also be inserted
(e.g. sunxg), removed (e.g. sun), and replaced (e.g. sing) to create additional testable conditions. These types of letter manipulations inform models of letter position encoding, and
subsequently, models of visual word recognition. These phenomena must be accounted for
in any reasonable model of letter position encoding.

2.3.1

Transposition Effects

Transposed words are created by switching the place of two letters within a word. In all
forms of slot based coding, this transposition would result in a 50% loss of information
in a four letter word. However, as intuition tells us, and numerous experiments confirm
[37, 33, 34, 10], there is a smaller impact on readability for words with transposed letters
than words with letters that have been replaced randomly.
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Transposition effects are most commonly tested with lexical decision tasks and same/different
tasks using the masked prime paradigm [33]. In a masked priming task, participants are
presented with a brief (30ms60ms) visual word prime followed by a target. Participants are
instructed to either decide if the target is a word (lexical decision task) or choose between
a target and a foil (same/different task). Early experiments using a 60-ms prime in a
masked priming paradigm found significant transposition effects [34]. Transposition primes
(anwser-ANSWER)2 were used in a lexical decision task and compared to identity (answerANSWER) and single letter replacement primes (antwer-ANSWER). The authors reported
a similar priming effect for transposition primes and identity primes, and a smaller effect for
replacement primes [34].
Transposition effects have since become a gold standard for evaluating models of letter
position encoding. The following accounts are some additional conditions that constrain
transposition effects. First, increasing the distance between letters in a transposition causes
more disruption to response times in a lexical decision task [10]. Additionally, conditions
in which consonants and vowels were transposed displayed more disruption as compared
to consonant-consonant or vowel-vowel transpositions [10]. Finally, nonwords with typical
transpositions (e.g. caniso-CASINO) were compared to nonwords with pseudohomophone
transposed letter pairs (e.g. kaniso-CASINO). The authors did not find an effect for the
pseudohomophone pair and concluded that letter position encoding is primarily orthographic
[1].
Transposition effects for digits [37], symbols [38], pseudoletters [38], and geometrical shapes
[37] were evaluated with a procedure similar to the masked priming paradigm. Interestingly,
digits, symbols, and geometrical shapes were all shown to produce robust transposition effects
while pseudoletters were not [37, 38].
2
Masked priming studies use lowercase primes and uppercase targets to control for visual shape similarities
between the prime and the target.
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2.3.2

Relative Position Effects

Relative position effects describe a higher than expected response for primes with a length
that is different from the target provided the relative locations of the letters are preserved.
A relative position stimulus can either be a subset, where some of the target letters are
removed, or a superset, where irrelevant letters are inserted into the target stimulus. These
modifications often violate the length of a target while maintaining relative letter position.
For example, the word apricot can be reduced down to arct while still maintaining the
relative letter positions compared to the full word. Relative position primes (e.g. arct)
reliably facilitate target word (e.g. apricot) recognition both when length of the target is
not violated (e.g. adricot [34]) and when the length is violated (e.g. arct [44]). The authors
found that five letter primes would only facilitate a seven letter target if the letters did not
violate the respective letter positions of the target. Surprisingly, adding hyphens between
the letters so that absolute position information matched (e.g. a-r-c-t) did not increase the
priming effect [44].

2.3.3

Letter Migration Effects

In experiments where two words are presented at the same time (e.g. cope and cage), the
participants will occasionally report seeing a new illusory word that is composed of parts of
each (e.g. cape). This is known as the letter migration effect, since letters appear to migrate
from one word to the other. Interestingly, the letters are not bound to the same relative
position in the second word, and have been shown to span up to 2 letter positions [22]. For
example, dividing a participant’s attention between the words step and soap may elicit the
response stop. These errors would not be produced if words are processed separately from
one another. Instead, a shared space that processes words invariant to their position on the
retina can merge word forms together, and process them concurrently.
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2.3.4

First-Letter Advantage

One last consideration involves the importance of the first letter, and to a lesser extent the
last letter, of a word. Priming effects for transpositions are consistently higher for internal
letters than for the initial or final letter positions [76]. This is consistent with the results
of several experiments investigating the speed of letter in string processing [101, 4]. In one
experiment, participants were briefly presented with a letter string followed by a pattern
mask, then asked to identify the letter at a specified position. Letter accuracy tended to
follow a W shape while speed of recognition followed an M shape [101]. The advantage of
the initial and final position have been suggested to be due to crowding, as the initial and
final position letters are only adjacent to one letter [75]. A crowding explanation does not,
however, explain why symbols do not follow the same pattern as digits and letters [101].
A similar experiment had participants report on a same/different task between two letter
strings which differ at one letter position. The researchers found higher accuracy and shorter
reaction times for letter strings at the first position. This effect was prominent even when
prime text was displayed at a random orientation (between horizontal and vertical). The
underlying mechanism behind the first-letter advantage is still an open question and the
authors suggest the effect may arise from either phonological or attentional effects of the
first letter [4]. Both of these hypotheses were tested and are presented in Chapter 3.

2.4

Theories of Letter Position Coding

Several models of letter position coding explain the aforementioned effects reasonably well,
but disagree considerably with how the feat is accomplished. The models reviewed here were
designed for various purposes and represent different combinations of nodes from the visual
word recognition outline in figure 2.1. However, all include a method of coding letter position.
We emphasize models with a computational implementation of theory, as this comparison is
12

more practical than theory alone. Models are classified broadly by the units of representation
used to access the mental lexicon: bigram-based, distributed, and letter based. In bigram
models the basic unit of word recognition is the bigram, which is two adjacent letters which
code information about the letter identity as well as the position relative to each other.
These models assume that spatial coding is accomplished by comparing which bigrams are
present without a need to identify the broader location of the bigram in the word.

2.4.1

Bigram-Based Theories

A bigram is an ordered set of two letters to code identity and relative letter position simultaneously. A word is decomposed into an unordered list of component bigrams that uniquely
representing the lexical item. Bigrams can either be closed, where the two letters must be
adjacent in a word, or open, where some number of intervening characters can be present
between the two. For example, the word sung would be coded as the unordered set: {SU,
UN, NG} for closed bigram models and: {SU, SN, SG, UN, UG, NG} for open bigram models. A transposed prime, such as snug, is represented by: {SN, NU, UG} for closed bigram
models and: {SN, SU, SG, NU, NG, UG} for open bigram models. This can be quantified
as a 0% match for closed bigram models and an 83% match for open bigram models. As
previously discussed, a transposition is observed to cause less disruption a replacement of
both central positions with irrelevant letters. The closed bigram model predicts that no
information about the word is preserved, a prediction that is not supported by observed
transposition effects. Open bigrams, however, predict reasonable priming compared to the
50% match of the slot based method [48, 47]. Another approach to open bigram coding,
the SERIOL (Sequential Encoding Regulated by Inputs to Oscillations within Letter units)
model [104, 105] and its alteration the SERIOL2 (SERIalization Of Letters), places bigrams
on a continuous scale of activation. Letters are coded sequentially with a monotonically
decreasing function of activation placing less emphasis on letters further from one another.
13

Local Combination Detector

While most models of letter position are formed using behavioral data, the Local Combination Detector (LCD) model uses the neurophysiology of the ventral visual stream for its
foundation. Few models of letter position encoding and visual word recognition have utilized the findings of visual system research and the anatomical location of many proposed
processes are unexplored. According to the authors, the visual word form area (VWFA),
positioned in the occipito-temporal pathway and a reliable locus of activation for visually
presented words [26], is the locus for letter position encoding. The model uses a hierarchy of
local combination detectors to increase the complexity of the preferred features and size of
the receptive field at each step. At the lowest level the model detects and assembles simple
visual features. Local contrasts are processed in the LGN, this feeds into an oriented bar
layer in V1, followed by local contours in V2. Letter shapes are coded in V4 and represents
separate neurons to code for each font, style and case. These neurons feed into an abstract
letter layer in V8 to accommodate case invariance. While these abstract detectors are represented throughout the visual field, they are not invariant across position. Local bigrams and
small words and substrings in the left OTS represent the group of detectors responsible for
word identification. Since receptive fields maintain some relative position with each other,
the bigram layer is not thought to be location-independent. This was a popular assumption
for open bigram models. Neurons responding to bigrams are sensitive to local combinations
of letters tuned to a specific distance and position in the visual field. An example from
[27] describes a neuron which responds to N one or two letters left of A, both around 0.5
degree right of fixation. The LCD model inherits the issues of open bigram models and as
an explanation of letter position encoding it is susceptible to the same criticisms. However,
the LCD model is a notable attempt to place a neuroanatomical location and propose a
biologically plausible explanation for word recognition.
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Serialization of Letters

The SERIOL [104] and the SERIOL2 [106] models are both designed to be neurally-plausible
bigram based letter position encoders. In the SERIOL2 model simple visual features are used
in the earliest representation of letters and feed into a position invariant abstract abstract
letter detection layer. The last layer is made up of bigrams that code the relative letter
position of each letter in the set. This coding includes word-edge bigrams to represent the
beginning and ending of a word. For example, [ S] would represent the word beginning
bigram of the word ‘SUNG’, and [G ] would represent the word ending bigram. As seen
in earlier models the bigrams are considered open so that they may span multiple letters.
These open-bigrams are coded sequentially and with a monotonically decreasing function
of activation. Bigrams spanning an increasing number of letters have decreasing activation
[106, 104].

Criticisms of Bigram Models

Open-bigram models can be effective at fitting general cases of transposition and relative
position effects. However, several experiments have uncovered a lack of flexibility with
these models [71, 60]. Bigram models share the assumption that letter pairs are the units
of visual word recognition, but these units cannot be disturbed themselves. Nonetheless,
a reversed bigram condition (e.g. ob-ABOLISH), which does not appear in the target’s
unordered bigram set, still produces priming effects [71]. The group also demonstrated that
transpositions spanning more than two letter positions also produce priming effects [71].
Open bigram models typically limit the span to two letters, or in the case of Whitney’s
SERIOL model, have activation sharply drop off past two letters [105]. Finally, we consider
an experiment that uses masked priming with first or last letter superset primes (e.g. wjudgeJUDGE and judgew-JUDGE respectively) and compared them to substitution-letter primes
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(e.g. juwge-JUDGE) [60]. An open bigram model predicts that the supersets, which contain
the entire group of the prime bigram list, would prime the target more effectively. The
researchers instead found the first letter superset prime to be the most disruptive [60].
Another concern of open bigram models is the need for two layers to code letter position.
The first layer, a perfect representation of the position of each letter, is used to create
a noisy replica of the same information. Some question the rationale of coding a perfect
representation of a word, then inducing a noisy filter to make it less precise [41].

2.4.2

Distributed Theories

Distributed theories, also known as connectionist, or ”triangle models” explain word recognition as network of connections across three layers: orthography, semantics, and phonology.
These layers hold localist representations of their respective coding as discrete units for each
item. For example, in a simple triangle model the orthography layer will have a unit for
each letter of the alphabet, the phonology coding will have a unit for each phoneme, and
the semantic layer will have a unit for every possible meaning. The three layers are each
connected to one another through intermediate layers. The intermediate layers are made up
of arrays of unspecified units, also known as ”hidden” units, that allow for more complex
and nonlinear patterns to be learned between layers. The network learns associations between semantics, orthography, and phonology by training by supervised learning. This is an
adjustment of the weights in the hidden layer. To create a prediction, any of the three layers
can be activated as input to reveal patterns in the other two layers.
Distributed models do well in fitting behavioral data of visual word recognition [96]. As
it turns out, however, distributed models do well in fitting nearly any type of data. Deep
neural networks, or many layers of hidden units, are used ubiquitously as a standard machine
learning method in nearly all fields of science and industry. The versatility of neural networks
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is a testament of its statistical power in identifying patterns in data. However, this comes
at a cost of additional parameters and reduced interpretability.

2.4.3

Letter-Based Theories

In letter-based theories the simplest units to code position are the letters themselves. The
first letter-based theory, slot based coding, was an intuitive and straightforward explanation
for coding position, but suffered from its inability to account for behavioral evidence. Modern
theories such as the Spatial coding model [21], the Noisy Channel model [70], and the
Overlap model [41], all add some variation of noise to the position information to account
for transposition and relative position effects.

Spatial Coding Model

In the Spatial Coding model, letter position is an extension of the Interactive Activation
model and retains many of the core assumptions: localist letter and word representations,
hierarchical processing, lateral inhibition, and frequency-dependent resting activities. This
makes the model more complete than others in that it includes a prelexical component,
codes letter position, and implements an orthographic lexicon. The critical issue with the
Interactive Activation model was not in the prelexical layer where letters are identified though
hierarchical feature detection, or in the orthographic scan of the lexicon, the problem was
with how letter position was encoded. Letter position in the Interactive Activation model was
coded using slot based coding where each letter can only occupy its absolute position. In the
Spatial Coding model, letter position is coded with uncertainty, modeled using a Gaussian
function rather than a point. The distribution varies over ordinal letter positions so that
increasing letters in a word will widen the distribution of more distant letters. A notable
difference between the Spatial Coding model and other letter-based theories is that the
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distributional assumptions of the Spatial Coding model define only the pattern of activity
and do not represent visuospatial coordinates. The term spatial is used to represent this
spatial pattern where the serial positions of corresponding letters are coded.

Overlap Model

Similar to the Spatial Coding model, the Overlap model considers letter position to exist
along a distribution. The Overlap model posits that the initial letter position encoding
is noisy, eliminating the need for a second layer. Rather than precise points, letters are
understood better as distributions across the span of a word. In this manner, the letter a in
the word trail will activate the third position maximally, the second and fourth position to a
lesser extent, and the first and fifth position minimally. Transposition effects are accounted
for within the Overlap model since adjacent letters have high activation rates within several
letter positions. Switching two letters only slightly reduces total activation for the target
word [41].

Noisy Channel Model

The noisy channel model, an extension of the Bayesian reader model [70], agrees with the
overlap model in that there should not be additional layers of orthographic processing [71].
The models differ, however, in their treatment of letter identity. The noisy channel model
computes the likelihood of each letter at each position based on the distribution of feature
inputs. The identity of letters is distributed to adjacent positions with the positional certainty increasing with each sample. A likelihood estimate is made for each word based on
the weighted path [71].
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Neurophysiology of Letter Position

Letter position encoding has received a large focus of attention in the cognitive science and
computational modeling literature, however, it remains relatively unexplored with respect
to the actual neural mechanisms modulating the process. Functional MRI studies on visual
word identification reliably produce activation in both the ventral and dorsal networks.
The ventral network includes the VWFA, which is known to produce a robust response to
visual words compared with objects, numbers, and shapes [26]. The dorsal pathway has
shown activation in the intraparietal sulcus (IPS) bilaterally, as well as the temporoparietal
junction when presented with a reading task [88]. The dorsal network has been associated
with tasks requiring orthographic to phonological mapping [63].
With respect to letter position encoding, little is known regarding which of these networks
is utilized. The Local combination detector model proposes that positions are coded within
the ventral network using local bigrams. However, recent research has found activation in
the left intraparietal region for letter position variant stimuli [72]. Ossmy et al. argues that
the dorsal networks well documented role in spatial attention [109], as well as its involvement
with spatially distorted words [16], makes it a perfect candidate for coding letter position.
In their experiment, Ossmy et al. used Hebrew nouns either starting or ending with a
specific letter of interest, and presented them to participants undergoing a functional MRI.
A classifier was trained to predict the location of the letter of interest based on the activity
pattern of a cluster of voxels. Every voxel was used as input, with a cluster being defined
by the 125 nearest (Euclidian) voxels. The classifier responds with the output of both the
beginning and the ending letter to determine if the region responds to the letter invariant
to its position. The region that provided activation patterns most capable of discriminating
letter position was the left intraparietal region with an accuracy of nearly 80% [72]. Lesion
evidence provides additional support for a dorsal involvement in letter position coding. For
example, patients with left occipital parietal lesions display acquired letter position dyslexia
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[35].

2.4.4

Noisy Input

All reasonable models of letter position coding need to account for transposition and relative
position effects. A common approach, is to start at the abstract letter unit layer, and add
noise to this otherwise perfect representation of letter position. The literature is lacking in
any explanation of why a noisy representation of letter position is preferred to the precise
positions that are started with. The Overlap model differs by assuming that accurate position information is not available at all. Letters are instead coded as distributions around
retinotopic space causing nearby letters to overlap in their position distributions. Neither of
these theories are wholly satisfying. If accurate position information is available, then what
purpose does the noise serve beyond satisfying the constraints of letter position phenomenon.
If letter position starts out noisy, then other object recognition systems must also be noisy.
We do not see a large distinction in the multiple layer debate. The noisy first layer of the
Overlap model could just as easily be interpreted as the second layer of a perfectly represented
first layer. The extra layer may also be necessary since the amount of overlap for a single
letter layer to account for letter transpositions would require large distributions that are
outside of an individual letters receptive field [103]. We believe letter position requires a
layer to code the precise position of each letter, as well as a layer to code the flexibility
of that letter’s position during a word recognition task. The concerns of Gomez et al. in
coding a noisy representation of accurate position information could be explained by looking
at how the visual system handles other visual objects. Once again, reading is not special,
it is an adaptation of a visual system that evolved for three dimensional objects. When
recognizing a three dimensional object, say a face, the identification of the whole depends
on the relative position of the individual features. When the face turns, the relative distance
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between features changes, but the recognition of the holistic image remains. This invariance
to relative position distances between features is necessary for rotated physical objects, but
not for two dimensional images with constant uniform distances between features such as
words. The relative position invariance, proposed here as the noisy second layer, is then a
vestigial remnant of a more complicated system.

2.4.5

A Model of Letter Position Coding

In this chapter an overview of visual word recognition was presented with an emphasis placed
on the letter position encoding stage. Phenomenon described in the behavioral literature
show several effects at this stage: tranposition effects, relative position effects, letter migration effects, and the first-letter advantage. The least understood of these, the first-letter
advantage, is the subject of the following chapter. We present two experiments, the first to
elucidate the effects of phonology on the first position, and the second examines the possibility of a deployment of attention to the first letter position. These experiments helped to
develop a model of letter position encoding which builds on the Overlap model.
We borrow from the nested modeling strategy [52] where the best features of models are
combined to create a new generation of model. Several models have used this approach
successfully to extend the Interactive Activation model (e.g. [18, 19, 22, 23, 45, 77, 21]).
These extensions are crucial for fine tuning so that it can fit current empirical evidence.
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Figure 2.1: Overview of visual word recognition
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Chapter 3
First-Letter Advantage

3.1

Introduction

For all readers, visual word recognition starts with the identification of individual letters. We
previously reported a distinction between the phonological route, a slow left-to-right scan
and translation of orthography to phonology to ‘sound out’ words, and the orthographic
route, where fluent readers rapidly decode letter identity and position from only a single
fixation. The mechanisms responsible for encoding the identities and positions of letters
in fluent readers are the subject of some debate. For example, the amount of information
provided by each letter is not equal, and while existent theories generally agree that letters
are processed in parallel [19, 97, 79, 3], there is strong evidence that the efficiency of processing is dependent on letter position [21, 104]. Here we present two experiments that test
a phonological explanation (Experiment 1) and an attentional explanation of such effects
(Experiment 2).
The present chapter is divided into three sections: In the first section, we discuss the methods
used to evaluate letter position effects and summarize key findings. In particular, we examine
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the first-letter advantage, where letters in the initial position of a word are identified with
greater accuracy and faster reaction time. In the second section, we review the evidence of a
phonological explanation of the first-letter advantage and introduce Experiment 1, designed
to test a specific effect of phonology across each letter position. We used pseudowords with
a matching phonology but mismatching orthography to find effects of phonology at various
letter positions. In the third section, an attentional account of letter position is reviewed
and Experiment 2 is introduced. In Experiment 2, random letter positions are primed with a
feature-based distractor to disrupt the attentional mechanisms that would otherwise improve
the accuracy of a specific letter position. We conclude with a general discussion.

3.1.1

The First-Letter Advantage

Early work on letter position mechanisms used a masked prime paradigm with a post-cued
letter-in-string task. The task began with a briefly presented backwards masked string of
letters, followed by a forward mask and a visual prompt at one of the letter positions. Participants reported which letter was present at the cued location, and accuracy and reaction
times were measured [101]. This procedure, and similar variants [64], have found reliable
effects of letter position on the accuracy of response as well as speed of reaction time. For
example, a higher accuracy and lower response times for the first letter, commonly referred
as the first-letter advantage, and to a lesser extent the last letter, are reliably and consistently reported [101, 42, 93]. It was proposed that since word-initial and word-final letters
experience less lateral interference from flanking letters, an effect known as crowding [74],
that they would have greater identifiability [43, 101]. Additionally, the fixated letter, which
is the central letter of a word in this experimental design1 , has an advantage in accuracy
and reaction time, and is thought to be a product of a higher signal in foveated positions.
The first-letter position effect, characterized by the increase in recognizability of the first
1

Fixations in natural reading are slightly to the left of center for left-to-right languages [84]
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letter in a word, is argued here to be a phenomenon that extends beyond the explanatory
power of the orthographic route. The orthographic route is the representation of a word as a
visual object with the letters acting as the features which produce activations in parallel. In
crowding, adjacent letters are shown to impede the recognition of their neighbors when close
to one another [73] and since the initial letter has only one adjacent letter, it should have less
interference and more activation. This effect has been demonstrated in several experiments
that present strings of 5 letters and ask for the identity of one letter at one of the positions
using a binary forced choice response [101]. The response function in five letter conditions
was a ‘W’ shape for the accuracy and an ‘M’ shape for the reaction time [101]. That is, the
initial letter and the final letter had the highest accuracy and lowest reaction times, followed
by the central letter. Since the initial letter and final letter were less crowded, they elicited a
faster and more accurate response, and since the point of fixation was on the central letter,
it too had a slightly higher than average accuracy and lower response time. Number strings
also show this pattern, while symbols and shapes retain only the fixated position advantage
[101]. A follow up experiment, one that included the entire 5 letter string instead of just
a single letter as the forced choice, found increased accuracy in the initial letter position
for four and six letter words, and increased accuracy in the first letter position compared
with the last letter for five letter words. This paradigm, replicated several times [4, 3, 92],
was adapted under the assumption that including single letters as a forced choice was not
representative of how words are read. Under the old paradigm, letters were be treated as
individual items in a group and not a holistic representation of a word or nonword, which
would explain why symbols and simple shapes also elicited this crowding effect [101]. The
first letter effect is not explained entirely with crowding, a product of the orthographic route,
because we do not see increased activation for both the initial letter position and the final
letter position in whole word responses at about the same rate as would be expected with
crowding.
Models of letter position encoding and visual word recognition model the initial letter po25

sition effect in various ways. In the overlap model, the initial letter is estimated with an
additional parameter for the variance of the positional distribution compared with the other
letters resulting in higher sensitivity to transposition and relative position effects in the first
position [41]. However, the cost of the added parameter may not make up for the small effect
it has on the models ability to predict the present data [60]. For open bigram models, the
effect is modeled either with a decreasing activation gradient [104], or the addition of edge
bigrams [106]. An activation gradient may help explain the initial letter position effect, but
it would also assume a gradual fall off of activation with the last letter being the lowest. The
other alternative, edge bigrams, code the first and last letters in a word each as their own
special units. Since the first and last letter both have edge bigrams, there is no distinction
in open bigram models between initial letter and final letter effects. This assumption is not
consistent with evidence that suggests the initial letter is more important in the identification
of a word [101, 4, 3, 92].
It has been suggested that the letter-in-string paradigm places an excessive emphasis on
single letters, unlike natural reading [92], and arguing that a whole word approach [3] is
more appropriate. The whole word paradigm differs by having participants select from two
words, one identical to the primed word and a foil, which differs by one letter, in place of
cuing a letter position [3]. This paradigm reports a strong first letter advantage, similar to
the letter-in-string task, one that is robust to changes across word length [92] and orientation
[4]. However, none of the whole word experiments have found a strong effect at fixation or
for the last letter position. Instead, a left-to-right linear decrease in accuracy is typically
found [3, 4, 92]. Because of this, some have suggested that the letter-by-letter and whole
word paradigms may not be measuring the same processes [e.g. 4].
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3.2

Study 1: Testing the Phonological Account

A phonological account of letter position effects suggests that the system used for phonetic translation also facilitates letter position encoding. Several experiments evaluating
how phonology interacts with the coding of letter position have found effects consistent with
those detected using orthography alone. For example, [107] used the Thai language to investigate the first-letter advantage using the whole word paradigm. Thai was used because
it contains words with nonaligned phonological representations of the orthography. These
words are pronounced with the second letter position as the first phoneme, followed by the
phoneme of the first letter position [107]. Thai also has aligned words which are pronounced
sequentially from left to right as in English. While a first letter effect was found for the
aligned conditions, a second letter effect was found for the nonaligned conditions, even with
nonword stimuli [107]. Thus, in Thai, there is a first phonological letter advantage. This is
an interesting distinction, but the underlying process of the advantage remains obscure. In
another effort to elucidate phonological effects, researchers conducted a same-different task
with Japanese-English bilinguals [59]. In the same-different task, a referent word is presented
before the masked prime and the participant is tasked with reporting if this word matches
the target, presented after the masked prime. The referent and target were both presented
in English using the Roman alphabet, while the masked prime was presented as a Japanese
Katakana transliteration of the target English word versus a transliteration of an unrelated
English word. A phonological effect was found with the transliterated Katakana words, and
since there is no orthographic overlap between the languages, the authors concluded that
phonological information is utilized in the same-different task [59]. Critics point out that this
design removes the possibility of orthographic effects, and when given an experiment with
orthographic overlap, where both referent and target are presented in English, the phonological effect disappeared [55, 56]. The experiment controlled with a matching orthography
used masked primes in English with a similar same-different task. The prime was either

27

identical in orthography and phonology (identity condition, e.g. score-SCORE), identical in
only phonology (pseudohomophone condition, e.g. skore-SCORE), or different in both orthography and phonology (control condition, e.g. smore-SCORE). Reaction times for both
the phonology condition and control condition were consistently lower than the identity condition, but had little difference between themselves [55]. So, the same-different task within
the same script generates a small phonological effect compared to the considerable effects
found when orthographic overlap is removed. Thus, according to this work, orthography is
far more informative to the identification of letter identity and position, and phonology will
only have consequence when orthographic cues are unavailable.
In our first experiment, we attempted to replicate and further assess the phonological effects
found in previous work. We used the whole word approach along with pseudohomophone
pairs of consonant strings and pseudowords, and compared accuracies and reaction times
against a control differing in both orthography and phonology. The whole word approach
was used in place of the same-different task for two reasons: First, while the whole word and
the same-different task are both a measure of orthographic coding, they are still fundamentally different tasks. If a masked prime in the whole word approach is encoded successfully,
the accuracy of the response is expected to increase, conversely, the same-different masked
primes are disruptive. Consistency between the paradigms would not only increase the evidence against a phonological account of the first-letter advantage, but also demonstrate
some convergent validity between the paradigms. Second, the design of the same-different
task requires three types of primes for evaluating phonolgical effects: an identity, a pseudohomophone, and a control, as defined earlier. If the pseudohomophone primes reduce the
reaction time by a greater amount than the control relative to the identity, then an effect is
present. A whole word approach requires only two conditions: one where the target and foil
are both non-word homophones and another where the target and foil differ orthographically
and phonologically. Thus, each condition is already a contrast between the identity (match
between prime and target) and the experimental manipulation (match between prime and
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foil). A comparison between these two groups is statistically more powerful relative to the
same-different paradigm with three groups.

3.2.1

Methods

Participants

28 participants were recruited from the University of California at Irvine student population
through Human Subjects Lab Pool (18 females, 10 males). All reported normal or corrected
to normal vision and reported a native level of English proficiency. All participants received
course credit for their participation.

Materials

Stimuli consisting of five letter strings were generated for four conditions: matched phoneme
pseudowords, mismatched phoneme pseudowords, matched consonant strings, and mismatched
consonant strings. The pseudoword conditions were generated by an algorithm starting with
a list of five letter words and changing one letter to create a pronounceable pseudoword that
would not violate phonotactic constraints. The letter was replaced with either c/k or j/g
depending on if the created pseudoword would be pronounced the same way with both new
letters. For instance, since the letter ‘j’ is pronounced with /Ã/, a matching pronunciation
with a ‘g’ is pronounced when the following letter(s) is an ‘e’, ‘i’, ‘y’, ‘aw’, or ‘oe’. Similarly,
the letter ‘k’ is pronounced with /k/ when it is not before an ‘n’, the letter ‘c’ will be pronounced with /k/ as long as it is not before ‘e’,‘i’,‘y’,‘ae’, or ‘oe’. For some G/J conditions,
especially in the final letter conditions, there was an unavoidable difference in how a person might pronounce the pseudoword. The mismatched pseudoword condition was created
by taking the same word used in the matching conditon at the same letter position, but
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changing the letter so that it would make two pseudowords pronounced differently from one
another. The pseudowords were still under the restriction of being pronounceable, so two
letters were manually selected from a limited pool of pronounceable options. The consonant
string conditions were created by random combinations of 5 letter strings using a bank of 10
letters (c, k, j, g, b, s, l, v, d, and t). The randomization procedure required each letter to
be present in each letter position an equal number of times. For the matched condition c/k
and j/g were once again used. Ten stimuli were generated for each letter pair, at each letter
position, for each condition, totaling 400. For each pair, one word was randomly selected as
the target and the other as the foil. The words were counterbalanced across subjects so that
every word served as target and foil an equal number of times.

Procedure

Figure 3.1: Procedure for Experiment 1. (1) A forward mask was presented for 895 ms
consisting of a string of five hash marks at the center of the screen. (2) Prime presented for
33 ms in lower case letters. (3) Blank interstitial screen for 17 ms. (4) A backwards mask
was presented in the same position as the first along with the target word and foil in upper
case letters for 5000 ms or until the participant made a selection. (5) A blank intertrial
screen presented for 1600 ms.

The procedure approximates the one used in [92] and [3]. The procedure is outlined in
Figure 3.1. First, a string of five hashmarks was displayed at the center of the screen for
895 ms, the target word was then displayed in the center of the screen in lowercase letters
for 33 ms, then a blank screen for 17 ms, and finally another string of five hashmarks at
the center of the screen with both the target and the foil displayed underneath in capital
letters. The participant was instructed to press the z key to select the word on the left or
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the m key to select the word on the right. These words were displayed to the left or right
side of the screen randomly. If the participant did not make a selection after 5000 ms, the
trial was skipped. After each trial a blank intertrial interval was displayed for 1600 ms. 12
practice trials were presented at the beginning of the experiment to get participants used to
the speed of presentation. This was followed by five blocks of 80 randomly selected trials
(20 per condition). After each block, the participants were given feedback on the accuracy
of their responses.

3.2.2

Data Preprocessing

First, we removed all trials where a selection was not made within 5 seconds (0.17% of all
trials). Second, a log transformation was applied to the reaction time data to approximate
the normal distribution assumption of linear models. Reaction times that were less than
250 ms were excluded to further improve the distributional assumption (0.95% of all trials).
250 ms was selected as a cut off from a visual inspection of the normal Q-Q plot of the
log-transformed reaction times similar to [55].

Figure 3.2: Experiment 1 (accuracy): Mean proportion of correct responses with respect
to letter position across two conditions: Matching phonology and mismatching phonology.
Error bars are the within-subject standard error of the mean [67].
Accuracy was modeled using a generalized linear mixed effects model created in the Stan
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computational framework ([13]) using brms [12]) in R [82]. The model used was: correct ∼
position + position:condition + (1—participant). Interaction terms represent the contrast
between the matching and mismatching condition at each letter position. A main effect of
condition was left out so that the size of the effects between the matching and mismatching conditions could be interpreted clearly within the interaction effects of the categorical
factorization of each letter position. Conservative priors were used to avoid overfitting.
Reaction time data were analyzed using a general linear mixed effects model with the logtransformed reaction times as the response variable: log(RT) ∼ position + position:condition
+ (1—participant). This model can be interpreted similarly to the GLMM for accuracy.
Posterior contrasts across conditions and letter positions for both models gives the most
credible model estimates and 95% credible intervals.

3.2.3

Results

For the pseudoword condition, the first letter position was answered 16.48% (11.02, 21.65),
9.88% (4.86, 14.83), 17.75% (12.55, 23.13), and 13.95% (8.78, 19.12) more accurately than
letter positions two through five, and letter position 3 was 6.49% (0.92, 12.00), and 7.83%
(2.44, 13.30) more accurate than letter positions 2 and 4 respectively. The reaction times
for position one were also all faster than positions two through five (see Table 3.1 for all
posterior letter position contrasts). The most credible difference between the mismatching
and matching condition at position 3 was 9.98% (4.46, 15.56) in favor of the mismatching
condition. For position 5, participants responding to the mismatching condition performed
higher by 6.86% (1.25, 12.62) compared to the matching condition. Position 1 had a smaller
effect at 4.00% (-0.55, 8.80) in favor of the mismatching condition.
For the consonant string condition, letter position one was 14.55% (9.15, 20.07), 15.53%
(10.19, 20.79), 15.76% (10.34, 21.20), 16.15% (10.63, 21.57) more accurate than letter po32

sitions two through five. The reaction times for the first letter were once again faster than
letter positions two through five (see Table 3.2). The first letter position of the matching
condition was 6.28% (1.32, 11.11) more accurate and 76.7 ms (9.8, 140.3) faster than the
mismatching condition.

Figure 3.3: Experiment 1 (reaction times): Mean reaction times (seconds) with respect
to letter position across two conditions: Matching phonology and mismatching phonology.
Error bars are the within-subject standard error of the mean [67].

3.2.4

Discussion

A clear first letter advantage was found for the mismatching control for both the consonant
strings and the pseudowords, for both accuracy and reaction time. For pseudowords, we
found a robust effect in the fixated letter position (third) and slightly smaller effect in the
final (fifth) position for accuracy but not reaction time. The characteristic 'W'shape found
with pseudowords is consistent with the results of the letter-in-string task [101, 46], but only
for the control condition with mismatching phonology. Interestingly, the effect at fixation
for pseudowords was not found in similar experiments [92] and the absence has been used as
evidence that the letter-in-string and whole word procedures measure different processes [4].
Crucially, the improvement at the fixated and final letter seen in the mismatching condition
are absent for the matching phoneme condition. Small differences between the matching and
mismatching condition for the first letter in pseudowords is weak evidence for a phonological
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account of the first-letter advantage. For consonant strings, an effect in the opposite direction
was found, where the matching phonology condition performed better at the first position.

3.3

Study 2: Testing the Attentional Account

An attentional account of the first-letter advantage suggests a flexible attentional mechanism,
independent of word orientation, to facilitate activation of the initial letter [4]. [4] used a
variant of the whole word masked priming paradigm in which primes were presented in a
random orientation (horizontal or vertical). A comparable first letter advantage was found for
both horizontally and vertically presented primes. This finding conflicts with the predictions
of the modified receptive fields hypothesis (MRFH), a prominent account of the first-letter
advantage which proposes an adaptive modification of the receptive fields during reading
acquisition in favor of the initial letters [14, 42, 101]. If visual acuity for the first letter has
adapted to a horizontal reading orientation, then a vertical reading orientation should not
produce the same effect, and certainly not at the same magnitude. However, when a similar
orientation procedure was used with the letter-in-string paradigm, the horizontal condition
did show a more robust first letter advantage compared to the vertically presented words
[93]. The notably weaker effect for vertically presented stimuli admits some ambiguity to the
evidence against the MRFH and leaves open the possibility that the first letter advantage is
the result of an ensemble process.
Experiment 2 addresses the potential attentional effects of the first position advantage by
using color to redirect attention to various letter positions. A whole word masked priming
task was used with four conditions: number strings, consonant strings, pseudowords, and
words, all 5 characters long. In some trials, a single letter/number of the masked prime was
selected as the attentional distractor and it’s color set to red. A different colored letter will
produce a higher salience and attentional draw than the non attended characters defined by
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a constant color feature [51]. All five letter positions had an equal number of trials with an
attentional distractor, including a set of trials without any distractor. We categorized this
manipulation into three groups: a no distractor condition where no letter was colored red,
an attended condition where the manipulated letter/number position was the same as the
distractor, and the non-attended condition where the manipulated position was not the same
as the distractor position. A first-letter advantage in the no distractor condition but absent
in the non attended condition would suggest not only a mechanism for the deployment of
attention to the first position, but also that a nonconforming letter feature at a different
position can disrupt the mechanism. However, if the first-letter advantage is still present in
the non attended condition, we should not rule out attention. The attentional saliency of the
first position may be greater than the difference in color at another position. Additionally,
attention may be shared, with an increase in performance on the first letter position and
the attended letter. The attended condition was used to evaluate where attention is being
focused for each letter position across all character strings.

3.3.1

Methods

Participants

30 participants were recruited from the University of California at Irvine student population
through Human Subjects Lab Pool (23 females, 7 males). All reported normal or corrected
to normal vision and reported a native level of English proficiency. All participants received
course credit for their participation.

35

Materials

Stimuli were generated for four conditions, each five characters long: words, pseudowords,
consonant strings, and number strings. The consonant condition was created by randomly
generating 5 letter strings from the 9 possible consonants used in Experiment 1. The randomization procedure ensured that every consonant appeared 6 times (5 attentional distractors
and 1 control) for each letter position of interest. Every consonant was positioned in non
critical positions an equal number of times. In total, 9 consonants, across 5 letter positions,
and 6 attentional positions were used, for a total of 270 stims. The number strings were
created by converting the consonant strings to numbers where each consonant was set to a
number between 1 and 9. The word stimuli were selected from common five letter words
in pairs, so that the words differ only by one letter. Priority was given to the pairs of
words which had the highest minimum frequencies as reported by the Corpus of Contemporary American English [20]. The pseudowords created in Experiment 1 were used for the
pseudoword condition.

Procedure

Figure 3.4: The procedure for Experiment 2 is the same as Experiment 1 except for an
attentional distractor at each position made by changing the color of the letter. This is an
example of an attentional trial, where the position of the attentional distractor matches the
position of the unique letter between the words.
The procedure was similar to the one used in Experiment 1 and is outlined in Figure 3.4.
Each trial begins with a forward mask consisting of a string of five hash marks displayed in
the center of the screen for 895 ms. The target word was then displayed in the center of the
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screen in the same space for 33 ms. If the condition involved an attentional distractor, a
random letter was colored red. This was followed by a brief 17 ms interstitial screen. The
participant was then shown a backward mask of five hashmarks with the target and foil
displayed in all capital letters underneath, presented on the left and right side of the screen
in a random order. Once again, the participant was instructed to press either the z key to
select the word on the left or the m key to select the word on the right. If the participant
did not respond within 5000 ms the trial was skipped. Each trial was separated by a blank
screen for 1600 ms. The experiment began with 12 practice trials to adapt participants to
the speed of presentation. The experiment consisted of 9 blocks of 120 randomly selected
trials (30 for each condition), for a total of 1080 trials. Participants were given feedback on
their accuracy after each block.

Figure 3.5: Experiment 2 (accuracy): Mean proportion of correct responses with respect to
letter position across three conditions: attended, no distractor, and non attended. Error
bars are the within-subject standard error of the mean [67].
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Figure 3.6: Experiment 2 (reaction times): Mean reaction time (seconds) of correct responses
with respect to letter position across three conditions: attended, no distractor, and non
attended. Error bars are the within-subject standard error of the mean [67].

3.3.2

Data Preprocessing

Data preparation was identical to Experiment 1. Reaction times that were less than 250
ms (0.21% of all trials) or greater than 5 seconds (0.16% of all trials) were excluded from
analysis. Data was organized as follows: the attended condition consisted of trials where the
manipulated letter was the same as the attended letter, the non attended condition consisted
of all trials without an attentional distractor, and the non attended condition consisted of
all trials where the manipulated letter position was different from the colored letter.
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3.3.3

Results

Accuracy and reaction times were modeled with an equivalent GLMM and GLM used in
Experiment 1. For all stimulus types (numbers, consonants, pseudowords, and words), the
reaction times for the first letter position in the no distractor condition was faster and more
accurate than letter positions 2-5 (see Table 3.3). For words, the third letter position was
6.44% (-0.07, 12.78) more accurate than the fourth position and 8.96% (2.52, 15.49) more
accurate than the fifth.
The primary contrasts of interest are those between the trials where no distraction was
present, and conditions with non attended distractors. For the words at the first letter position, participants made the correct distinction 6.08% (2.33, 9.82) more often and responded
113.7 ms (70.2, 157.3) faster on trials that had no distractor compared to non attended
distractor trials. Similarly, the third position saw a reduction of 5.88% (0.72, 10.43) between
the no distractor and non attended trials. All four stimulus types saw an slower reaction
time in the non attended condition compared with the no distractor condition (see Table
3.4). The pseudowords condition showed a reduction in accuracy from the no distractor trial
to the non attended trials at position 3 (9.88% [3.91, 15.69]) and 5 (8.89% [3.13, 14.59]).
Trials with attended distractor letters tended to have a higher average proportion correct
relative to the trials with no distractor. For numbers, a strong effect is seen with the first
(9.31% [2.79, 15.52]), second (19.11% [11.84, 26.50]), third (12.50% [4.50, 20.55]), and fourth
(13.61% [5.44, 22.05]) letter positions. For consonants, the attended condition is 9.69%
(1.75, 17.59) more accurate at position 2 and 10.02% (2.15, 17.73) more accurate at position
3 compared with the no distractor condition. The second position was also more accurate for
pseudowords (8.52% [1.78, 15.35]) as well as a reasonably confident effect for words (4.89%
[-0.77, 10.66]). Interestingly, the word conditions displayed the opposite pattern for letter
positions one (-4.53% [-9.68, -0.05]) and three (-6.58% [-12.87, -0.24]).
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3.3.4

Discussion

The primary motivation behind Experiment 2 was to examine an attentional account of the
first letter advantage. The rapid deployment of attention proposed by [4], is supported for
words from the decrease in accuracy for the first letter when a distractor letter is present.
However, this effect was not found for numbers, consonants, or pseudowords, suggesting such
a mechanism has less utility in fluent reading. As previously mentioned, letters from familiar
words are processed in parallel whereas unfamiliar words and pseudowords are read left to
right and letter-by-letter. Thus, attention to the first letter of a word may be less useful
than to a number or nonword where reading from left-to-right is required. However, we are
careful not to rule out the effects of attention for non word stimuli, and propose instead that
attention was not sufficiently disrupted from the initial position of the non word conditions.
For the fixated letter, an increased accuracy was found for words, and a decreased response
time was found for pseudowords, once again demonstrating that the fixation effect is not
unique to the letter-in-string paradigm.
The attended condition evaluated how directed attention can change the performance at a
letter position. For numbers, we see a consistent increase in accuracy across all but the last
letter position. Interestingly, we saw no improvement in reaction time, except for the last
letter position, where accuracy was at its weakest improvement. The attended condition
most consistently improved performance at the second letter position across all stimulus
types. An attentional deployment to the beginning of a word might be more easily shifted
to the second letter as seen in [107], and especially so when a conspicuous feature change
is present. For words and pseudowords, with the exception of the second letter position,
the attended condition was never helpful and usually disruptive. This finding suggests that
drawing attention to a single letter of a pronounceable word or pseudoword will generally
not assist in identifying a change at that letter position. Finally, we observed a left-to-right
downward trend across letter position in numbers, consonants, pseudowords, and words,
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consistent with previous reports using the whole word paradigm [3, 92, 4].

3.4

General Discussion

Elements of the first letter advantage were investigated using the whole word paradigm
across two experiments. In Experiment 1, homophone pairs of pseudowords and consonant
strings were used to investigate phonological effects of letter position as measured by relative accuracy and reaction times. Two conditions were used for comparison, a matching
condition, where target and foil strings had a matching phonology and a differing orthography, and a mismatching condition, where target and foil differed by both phonology and
orthography. In Experiment 2 a letter was randomly selected and colored red to act as an
attentional distractor for the other letters, and compared against trials without distractors.
Three conditions were used for comparison, an attended condition, including all trials where
the attended letter matched the modified letter position, a non attended condition, including all trials where the attended letter did not match the modified letter position, and a no
distractor condition, where no attentional distractor was used.
Key findings are summarized here: (1) The first letter advantage was reduced in words with
an attentional distractor, but not with a matching phonology. (2) Counter to previous reports
[4, 92], the fixated letter had an advantage in pseudowords and words. (3) Performance for
the fixated letter was reduced in words and pseudowords when the fixated letter was not the
attentional distractor, and in pseudowords performance was reduced when the target and
foil had matching phonology. (4) Drawing attention to the divergent letter in the second
position consistently improved the accuracy of the second letter position across all types of
stimuli.
The findings for the first letter advantage reported are largely in agreement with previous
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research. We report a weak phonological effect on the first letter for pseudowords in line with
[55] and consistent with other phonological priming studies which have found only marginal
effects of phonology [83]. For attention, we report that the distracted condition in words
reduce the accuracy of the first letter position by around 6%. While the size of the effect is
not large, it reduces the pattern of accuracy in the first and third position down to a level
that is approximately linear with the rest of the letter positions. As previously discussed,
a downward left-to-right reduction in performance is thought to be due to efficiency of
processing at each letter position independent of the first letter advantage [3]. Removing
the source of the first letter advantage can only theoretically reduce the effect to a baseline
efficiency level. For numbers, consonants, and pseudowords, no comparable decrease was
found in the non attended condition. From the context of word recognition models, a word
stimulus activates a lexical representation of the whole-word and feeds back information
about letter identity [e.g. 19]. A route not available to nonword stimuli. The first-letter
advantage in words, may be from an automatic attentional process for left-to-right reading
that doesn’t need to ”turn off” unless presented with an attentional distractor. Conversely,
the nonword stimuli does not disconnect its attention from the first position when presented
with a distractor since there is no lexical activation to supplement identification.
The effect at fixation, reported in most letter-in-string paradigms [e.g. 101], has consistently
been reported as absent from the whole word approach [e.g. 92], leading some to suggest the
two paradigms measure differ processes [4, 92]. Using the whole word approach, we found
a consistent pattern of fixated letter effects across both experiments, within pseudowords as
well as words. We have not identified the source of the discrepancy, but since the effect is
considerably weaker in the whole word paradigm, and absent still for number and consonant strings, we agree that the measured processes are not identical, but more related than
previously assumed.
Interestingly, the surprise effect at the fixated letter for pseudowords was eliminated in the
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matching phonology condition in Experiment 1, and the fixated letter effect for words was
eliminated in the non attended condition in Experiment 2. A same-different task using a
similar approach saw no evidence of a phonological effect at position 3 [56].
As seen in Experiment 2, shifting attention to the letter in position 2 improved accuracy in
words and pseudowords, an improvement not seen for any other letter position, including
the first. A parallel may be drawn between this finding and the second letter effect found
in [107], where Thai words and nonwords with an initial phoneme in the second position
had a higher accuracy compared with other letter positions. Since they also found an initial
letter position effect in words and nonwords with an initial phoneme in the first position,
an adaptive attentional mechanism sensitive to the initial phonological letter is likely. Similarly, the increased accuracy at position 2 found in Experiment 2 suggests that this adaptive
mechanism is also amenable to English, but not without an attentional prime. Interestingly, attention to other letters does not improve the accuracy or reaction time in words or
pseudowords.
Our findings of the first letter advantage are largely aligned with previous studies. We found
little evidence of a phonological advantage of the first letter position across consonants and
pseudoword conditions, and stronger evidence for an effect of attention at the first position on
words, but not for number strings, consonant strings, or pseudowords. Importantly, the lack
of effect for nonwords is not evidence against an attentional mechanism for a first position
advantage. Not only could the attentional distractor have insufficient saliency with respect
to the proposed draw of the first position, but the attention between the first position and
any other position could also be divided. As discussed earlier, the proposed mechanisms
accounting for the first letter advantage are not necessarily mutually exclusive, and may be
explained by a combination of the attentional account proposed by [4] and the MRFH.
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Table 3.1: Posterior contrasts between letter positions for the mismatching phoneme condition. The 95% credible intervals that do not include zero are marked with an asterisk.
Position
Condition Contrasts
Consonants
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5
Pseudowords
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5

Accuracy

Reaction Time

Estimate
95% CI
∗
14.55%
[9.15, 20.07]
15.53%∗
[10.19, 20.79]
15.76%∗
[10.34, 21.20]
∗
16.15%
[10.63, 21.57]
0.97%
[-4.72, 6.56]
1.19%
[-4.73, 7.03]
1.57%
[-4.43, 7.15]
0.22%
[-5.42, 6.08]
0.54%
[-5.25, 6.44]
0.34%
[-5.53, 6.08]
∗
16.48%
[11.02, 21.65]
∗
9.88%
[4.86, 14.83]
17.75%∗
[12.55, 23.13]
13.95%∗
[8.78, 19.12]
-6.49%∗
[-12.00, -0.92]
1.34%
[-4.35, 7.07]
-2.49%
[-8.06, 2.97]
7.83%∗
[2.44, 13.30]
4.08%
[-1.43, 9.45]
-3.81%
[-9.44, 1.59]

Estimate
-165.8∗
-178.9∗
-150.1∗
-192.2∗
-13.2
17.8
-26.3
29.2
-13.8
-42.8
-175.4∗
-225.7∗
-224.5∗
-183.1∗
-49.8
-49.0
-7.3
1.3
42.4
42.2
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95% CI
[-238.6, -94.9]
[-253.8, -105.0]
[-221.8, -76.4]
[-268.5, -118.1]
[-89.5, 64.4]
[-60.6, 92.7]
[-104.6, 50.9]
[-46.2, 105.0]
[-90.8, 65.5]
[-117.2, 34.2]
[-230.2, -119.5]
[-278.6, -170.7]
[-282.2, -166.3]
[-238.2, -126.4]
[-109.8, 9.0]
[-110.1, 11.6]
[-66.1, 50.4]
[-59.6, 59.6]
[-15.1, 98.5]
[-17.2, 106.3]

Table 3.2: Posterior contrasts between the mismatching phonology condition and the matching phonology condition for each letter position. The 95% credible intervals that do not
include zero are marked with an asterisk.
Position
Condition Contrasts
Consonants
1
2
3
4
5
Pseudowords
1
2
3
4
5

Accuracy

Reaction Time

Estimate
95% CI
∗
-6.28%
[-11.11, -1.32]
-1.25%
[-6.89, 4.42]
0.92%
[-4.88, 6.71]
3.21%
[-2.66, 8.76]
-2.12%
[-7.78, 3.64]
4.00%
[-0.55, 8.80]
3.36%
[-2.31, 8.92]
9.98%∗
[4.46, 15.56]
1.57%
[-3.86, 7.18]
∗
6.86%
[1.25, 12.62]

Estimate
76.7∗
47.9
7.3
40.6
33.7
38.9
41.5
5.2
39.0
-28.2
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95% CI
[9.8, 140.3]
[-30.5, 125.8]
[-72.5, 89.8]
[-32.9, 123.1]
[-44.2, 109.3]
[-12.7, 94.4]
[-21.4, 102.2]
[-55.0, 64.4]
[-21.1, 99.9]
[-89.8, 30.5]

Table 3.3: Posterior contrasts of letter position for the no distractor (control) condition. The
95% credible intervals that do not include zero are marked with an asterisk.
Accuracy
Position
Condition Contrasts
Numbers
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5
Consonants
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5
Pseudowords
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5
Words
1 vs. 2
1 vs. 3
1 vs. 4
1 vs. 5
2 vs. 3
2 vs. 4
2 vs. 5
3 vs. 4
3 vs. 5
4 vs. 5

Estimate
13.70%∗
20.31%∗
28.62%∗
24.22%∗
6.72%
14.97%∗
10.57%∗
8.37%
3.79%
-4.46%
7.43%
6.79%
13.33%∗
15.55%∗
-0.65%
5.89%
8.11%
6.48%
8.70%∗
2.31%
5.79%
5.81%
10.84%∗
6.78%∗
-0.01%
5.14%
1.02%
5.14%
1.09%
-4.03%
9.20%∗
6.87%∗
13.35%∗
15.88%∗
-2.34%
4.06%
6.61%∗
6.44%
8.96%∗
2.47%

Reaction Time
95% CI
[6.32, 21.06]
[12.66, 28.15]
[20.74, 35.97]
[16.48, 31.57]
[-1.68, 15.01]
[6.70, 23.06]
[2.47, 18.49]
[-0.28, 16.70]
[-4.76, 12.10]
[-12.84, 3.80]
[-0.92, 15.78]
[-1.05, 14.94]
[5.20, 21.43]
[7.47, 23.86]
[-8.62, 7.33]
[-2.54, 14.09]
[-0.24, 16.36]
[-1.85, 14.53]
[0.52, 16.85]
[-6.09, 10.55]
[-0.90, 12.52]
[-1.20, 12.71]
[4.13, 17.94]
[0.16, 13.59]
[-7.40, 7.21]
[-2.23, 12.26]
[-5.98, 8.22]
[-2.19, 12.45]
[-6.13, 8.17]
[-11.14, 2.97]
[4.28, 14.78]
[2.00, 12.34]
[7.87, 19.47]
[10.09, 22.20]
[-8.34, 3.49]
[-2.14, 10.87]
[0.34, 13.18]
[-0.07, 12.78]
[2.52, 15.49]
[-4.09, 9.37]
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Estimate
-141.5∗
-201.0∗
-242.5∗
-304.5∗
-58.4
-98.5∗
-162.7∗
-40.8
-103.8∗
-64.1
-237.5∗
-263.5∗
-333.8∗
-321.1∗
-26.1
-96.9∗
-83.7∗
-71.2
-58.7
12.8
-221.4∗
-148.7∗
-204.6∗
-234.9∗
72.5∗
16.6
-13.6
-54.9
-86.2∗
-30.2
-189.1∗
-215.6∗
-216.1∗
-173.2∗
-27.0
-27.7
13.7
-0.8
40.5
41.4

95% CI
[-215.9, -70.6]
[-276.0, -123.2]
[-322.7, -161.2]
[-383.5, -228.7]
[-134.9, 17.5]]
[-181.2, -17.2]
[-242.3, -82.3]
[-128.5, 45.4]
[-188.3, -20.6]
[-148.0, 24.0]
[-312.9, -158.9]
[-340.4, -186.7]
[-413.8, -255.4]
[-403.0, -241.4]
[-106.0, 55.4]
[-178.6, -14.9]
[-166.3, -1.0]
[-152.4, 8.8]
[-136.9, 21.1]
[-73.0, 99.7]
[-284.4, -160.6]
[-211.9, -86.2]
[-266.6, -142.3]
[-296.9, -173.1]
[10.6, 137.4]
[-44.7, 79.2]
[-76.9, 49.6]
[-116.9, 6.6]
[-145.4, -21.6]
[-92.8, 30.4]
[-242.5, -130.3]
[-272.6, -159.2]
[-273.5, -159.3]
[-233.7, -118.5]
[-85.5, 32.0]
[-85.4, 32.7]
[-46.1, 72.1]
[-60.0, 57.5]
[-19.9, 100.0]
[-17.9, 101.1]

Table 3.4: Posterior contrasts between the no distractor (control) condition and the non
attended condition. The 95% credible intervals that do not include zero are marked with an
asterisk.
Position
Condition Contrasts
Numbers
1
2
3
4
5
Consonants
1
2
3
4
5
Pseudowords
1
2
3
4
5
Words
1
2
3
4
5

Accuracy

Reaction Time

Estimate
95% CI
4.54%
[-1.15, 9.67]
-0.79%
[-7.15, 5.66]
-0.52%
[-7.71, 6.17]
-6.68%
[-13.28, 0.16]
0.46%
[-6.16, 7.17]
-3.19%
[-9.26, 3.00]
1.85%
[-4.96, 8.36]
2.35%
[-4.10, 8.52]
0.87%
[-5.62, 7.30]
-0.98%
[-7.49, 5.49]
1.07%
[-4.46, 5.94]
3.54%
[-1.95, 9.17]
9.88%∗
[3.91, 15.69]
3.86%
[-2.39, 9.56]
∗
8.89%
[3.13, 14.59]
6.08%∗
[2.33, 9.82]
0.81%
[-4.40, 5.43]
∗
5.88%
[0.72, 10.43]
0.98%
[-4.45, 6.26]
1.11%
[-4.41, 6.48]

Estimate
-133.1∗
-100.7∗
-86.3∗
-129.8∗
-30.6
-93.4∗
-62.4
-86.6∗
0.1
-43.5
-64.7∗
22.3
-106.0∗
-40.8
-13.4
-113.7∗
-40.3
-37.1
-28.5
-57.9∗

47

95% CI
[-190.8, -75.0]
[-158.8, -39.3]
[-152.3, -24.9]
[-199.1, -58.3]
[-96.2, 36.7]
[-152.7, -34.2]
[-125.3, 1.7]
[-149.8, -25.7]
[-66.9, 67.8]
[-110.0, 23.6]
[-113.1, -16.9]
[-27.6, 69.1]
[-155.6, -56.9]
[-92.6, 7.6]
[-63.6, 36.5]
[-158.4, -70.2]
[-87.3, 5.6]
[-82.6, 9.5]
[-74.8, 19.4]
[-105.1, -8.8]

Chapter 4
Computational Model of Letter
Position Encoding

Computational models of visual word recognition tend to have strong theories about how
the position of letters are coded. As we have seen, at least three categories of letter position
have been introduced: bigram-based, distributed, and letter-based. The majority of these
models account for most behavioral phenomenon but also make vastly different predictions
about how the process is accomplished.
In bigram-based models, the basic unit of word recognition is the open bigram and letter
pairs are coded based on the relative position between them and spanning several letters in
between. However, as discussed in Chapter 2, the models have difficulty explaining several
types of stimuli. A reversed bigram prime (e.g. ob) will still increase subject accuracy for
a target word containing the inverse bigram (e.g. ABOLISH) [71]. Bigrams spanning more
than two letters, a limit set by several bigram models [48, 76, 27], will also still produce
priming effects [71]. Finally, bigram supersets, where the prime contains all bigrams in the
target, are ineffective at priming the target word [60]. Distributed models also fit behavioral

48

data well, but they tend to lack specificity and interpretability. For these reasons, distributed
models have fallen out of favor for modeling letter position.
In this chapter we discuss a prominent letter-based model of letter position encoding called
the Overlap model [41]. We offer an adaptation of the Overlap model, using a feedforward
neural network, which improves the fit and interpretability of the original model. The model
performance was fit and compared against behavioral masked priming data using a mega
study database [2]. we further extend the model with a distributed letter identification layer
to evaluate performance when letters are not perfectly represented. We used a Convolutional
Neural Network (CNN) to evaluate word images and input a distribution of letter activations
across each position as an estimate of letter identifiability patterns in humans.

4.0.1

The Overlap Model

Position uncertainty has been argued previously to account for feature binding errors in
object recognition tasks and to account for other perceptual phenomenon [61, 5, 102]. In
these studies multi-featured objects were briefly presented to subjects who were asked to
report the identity of each feature. For example, when the letter N colored blue and the
letter T colored green were presented adjacent but not overlapping, the subject occasionally
attributed the N with having the green color. This illusory conjunction was found to depend
on the proximity of the two objects. When presented with a horizontal bar and a closely
neighboring vertical bar the subject sometimes reported seeing the bars abut [61]. The
Overlap model uses the uncertainty about feature position to explain letter position effects
through the visual system. The location of visual objects are assumed to exist along a
distribution in space and feature selection probablistic with respect to this distribution [41].
This is an attractive prospect, since position phenomenon could be explained at an early
stage of visual processing where no reading specific theories are needed. However, the effect
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of illusory conjunctions found when combining horizontal and vertical bars relied on bars
in very close proximity. The gap distance between non overlapping bars was set at 4 and
8 pixels measuring only 5.5’ and 11’ of visual angle and at 8 pixels an illusory conjunction
was found in fewer than 5% of the trials [61]. This suggests a severely limited distribution
around feature position. The Overlap Model’s position uncertainty claim then requires some
additional assumptions: First, that feature-based position uncertainty extends to letters.
And second, that letter position uncertainty has a much higher variance to account for
transposition effects across more than one letter span. We believe it is unlikely both of
these statements are true. If we assume the feature and letter based position uncertainty
are a product of the same mechanism then it follows that they would likely have similar
distributions, the fact that letters can span multiple positions and continue to elicit priming
makes this unlikely.
In the Overlap Model the position uncertainty of visual objects is a product of a noisy early
stage of visual processing [41]. This is a departure from most models of letter position
coding which create the noise when coding position and usually start with an accurate
representation [48, 76, 27]. The authors of the Overlap model question why this accurate
position information is not used if it is available. In the world of reading, this observation is
reasonable, letters are always in the same relative position within a word and transpositions
can only result in misspelled words. However, the process of reading tasks a three dimensional
mechanism with a two dimensional task. In three dimensions absolute feature position
information is not guaranteed. When identifying an animal, a system robust to small changes
in the relative position of features would reduce the need for multiple encodings of every
physical orientation. When the angle of view or the position of the animal changes, the
viewer is still able to accurately identify the animal. We argue for the same distributed
letter position layer as the Overlap model, but processed after an accurate individual letter
identification layer. In theory there is a much clearer distinction between the Overlap model,
which assumes a noisy visual space, and the current model, assuming an accurate visual space
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with noisy output. However, in a model, if both letter identification and letter position are
represented in the same step, the distributional assumptions of the models are identical.
The Overlap model compares the distributions of letter position between a target word and
the prime word to get a measure of target activation. The orthographic similarity between
the strings is calculated by first assuming the position of letters in the target are located
in accurate positions and without a distribution. This is equivalent to reading a word with
unlimited time. The letters of the prime, which are only briefly displayed, are calculated using
a normal distribution. The target word determines the bounds of the primes distribution
that contributes to the activation of the target. The integral of the distribution between
these bounds multiplied by the area of the matching letter in the targets slot is summed over
all letters for the total activation. The Overlap Model can be expressed as:

o=

L Z
X
i=1

i+1/2

i−1/2

Z

i+1/2

ft (x)dx

fp (x)dx
i−1/2

Where L is the number of letters in the target word, i is the center of each letter position
slot, ft (x) is the distribution of the target stimulus and fp (x) is the distribution of the prime
[41].
The position uncertainty of the Overlap model captures most of the effects reported in
the visual word recognition literature and performs well on transposition and replacement
manipulations. Our aim is to improve on the predictive capacity of the model as well as the
biological plausibility. Our model is similar to the Overlap Model in that letters are believed
to have distributions centered around the true location of the observed letters. The input
letters map onto a discretized normal distribution of input layer cells which feed into a lexical
layer of output cells (Figure 4.1). We do not divide letter space into slots for comparison,
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which assumes some knowledge about the discrete length of a word. Instead, the entire
length of the letter position is fully connected to the lexical layer. Inhibitory connections
are used to suppress the activation of lexical entries with inserted or misplaced letters.
Most fonts have letters with a variable width as opposed to monospaced fonts, where letters
are spaced uniformly. For example, in most fonts the letter i will occupy less horizontal
space in a word than the letter w. The Overlap model was not designed to handle this sort
of data and it is unclear how the authors intended to account for natural word stimuli. If we
account for variable horizontal spaced letters in the Overlap model by making the slots of
each letter proportional to the letters width, then thinner letters are forced carry less weight.
This affects not only the area of the target letter, but also the bounds of the integral that
is multiplied to calculate activation. This modification was not discussed in the Overlap
Model, but reflect our best guess as to how it would have adapted to variable-width fonts.
When the slot based assumption is relaxed, and the entire range of activation is used to
identify a word, the width of letters does not decrease the activation.

4.0.2

Model Specification

Three layers are used in this network, an input layer, a letter position layer, and a lexical
layer. The letter layer contains an array of N spatial units by 26 letters of the alphabet.
Letter position is modeled with an graded response across a spatial map of neurons predicting
an increasing activation with close proximity to the location of the letter (See Figure 4.1). A
discretized Normal distribution (fk ) is used to represent the gradient of activation for each
letter presented to the input layer. Activation of the letter layer at each unit n and at each
letter i is calculated by generating the expected activation levels for each letter in the word
at each position:
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Vij = max(fk (xj |
k

k
, σ 2 )I(Ai =λk ) )
L+1

(1)

Where i = 1, 2, ..., 26 and j = 1, 2, ..., N index the cell array of the input layer, λ is the set
of letters in the word presented to the network, k is the index of λ, A is the set of all letters
in the alphabet, L is the length of the word, and I(Ai =λk ) is an indicator variable to ensure
only letters in the visual layer activate their respective neurons. xi , the position of the ith x
between 0 and 1, is defined as:

xj =

j−1
N −1

(2)

A word presented to the network (e.g. λ = {S, T, A, R}) will activate all rows of the cell
array where Ai = λk . The position of each letter in the word will determine the mean of
the Normal distribution by dividing the index k by the length of the word plus one. If
the same letter is repeated in a word then the maximum activation level between the two
letters is used for each neuron. See Figure 4.2 for an example of a six letter word (e.g.
λ = {B, U, T, T, O, N }) with a duplicate letter in the middle two positions.
The network is trained by computing the weights between the letter layer and the lexical
layer. Weights are set by first generating letter layer activations, then subtracting a constant
α from each cell:

Wij = Vij − α

(3)
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All letter rows that do not appear in the word start with a negative, inhibitory, weight.
Additionally, spatial neurons that belong to a letter in the word can still receive inhibitory
weights if they are distant from the true position of the letter. The standard deviation of
the letters remain constant, but the position of the letters, and the amount by which they
overlap, will be determined by how many letters are in a presented word (Figure 4.2).
After training, the network was tested by presenting words to its input layer. Activation
for lexical entries was found by summing over all input layer neurons multiplied by their
respective weights and dividing by the number of letters in the input word:

26

N

1 XX
Wij Vij
T =
L i=1 j=1

(4)

Where T is the target word in a lexicon. See Figure 4.1 for examples of the activation levels
of four lexical entries after the letter layer is presented with the word SUNG. Naturally,
the lexical unit with the highest activation is the identity SUNG. The subset prime SUN is
weighted to expect three letters in the center of the retinotopic space. These three letters
still receive activation, but less so then if the letters were aligned. Additionally, the letter
G inhibits activation since it is not a part of the expected word. The normalized activation
space allows for strings of letters of any length to be compared with one another. In the case
of transpositions, where two letters within a word switch places, the overlapping letters will
still activate, but with less magnitude than if they were in the trained location (e.g. SNUG).
Finally, a letter replacement such as SING will maximally excite letters in the appropriate
location, but inhibit the letter that does not belong in the lexical entry1 .
1

In fact SING also primes SUNG as they are close semantic neighbors [76]. However, the present model
does not make semantic predictions so only the orthographic match is discussed here.
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4.0.3

Masked Priming Mega Study

The most common way to evaluate letter position effects is through experiments using masked
priming. Experimental evidence routinely finds patterns of activation across a range of
various priming conditions. However, the small effect sizes typically reported with masked
priming studies, the inconsistencies with experimental design, and the differences in the
population of participants makes comparing results across experiments problematic. To avoid
these concerns, our model was evaluated using evidence from a masked priming mega study
[2]. Megastudies tend to be more carefully controlled, have a higher number of participants,
and most importantly, use the same methodology for all conditions. This results in more
reliable priming estimates which are better suited for a qualitative comparison to our model’s
estimates.
The study used 28 different modifications of 6 letter words as primes, corresponding to
many of the conditions used in the literature. The pseudoword condition was removed since
our model does not distinguish pseudowords apart from random letter strings for lexical
entries that have no similar letters. The remaining 27 conditions were fit to our model by
maximization of the correlation between the predicted activation of the network, and the
observed reaction times for each condition (see Table 4.1 for the set of conditions used from
[2]).
Values for each condition were generated by activating the letter layer with the same primes
used in the mega study, then calculating the appropriate lexical entry’s activation level. The
number of cells in the letter layer cell array were held constant at 20 spatial units by 26
letter units. Two free parameters, σ 2 from (1) and α from (3), were sampled from a grid
search to find good fits to the data. Activation levels from the model for 27 conditions have
a correlation with experimental reaction times of r(25) = .886, p < .01 (See Table 4.1 for
the predicted values of each condition), when σ 2 = 0.7 and α = 1.48.
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With two free parameters the model displays a strong linear relationship with the masked
priming data (See Figure 4.3). The relative activation levels of each condition compared
against the reaction times of the masked priming data is also useful in determining the
performance of the model (See Figure 4.4). The half word condition, where only the first or
last three letters of a word act as the prime, does not correlate well with the masked prime
data. It appears that more evidence is needed to make comparisons across words of different
lengths as this is the only condition which compares a target and a prime which have size
differences of more than two letters.
An implicit assumption of the Overlap model is that the identity of the letter input is not
confused with other letters. This is true for several other models of letter position as well
[27, 71, 48]. Naturally, the emphasis in position models is on the uncertainty of the location
of the letters and not the uncertainty of the identification of the letter. In the model above,
letter inputs are distributed around the assigned position and no positive weight is set for
letters with a similar appearance. However, this assumption is not accurate; the abundance
of letter confusability studies suggests it is unlikely that letter identification is unambiguous
at the abstract letter layer [68]. In these studies, letter confusability is determined by
presenting letters rapidly or under noisy conditions while participants are asked to report
or identify the presented letter. From the responses a confusion matrix is generated. See
Figure 4.7 for an example confusion matrix due to crowding effects from [58]. The value
of each cell is the proportion the letter assigned to the column was confused for the letter
assigned to the row.

4.0.4

Letter Identification Extension

Most models of letter position encoding start with input at the abstract letter unit layer
and assume a perfect mental representation of each letter orthography and position. This
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abstraction is convenient for model building because it reduces incidental factors that do
not contribute to the studied effects reducing the parameter space for estimation. The cost,
however, is a model that cannot detect changes in the feature layers of the input stimulus.
This makes comparing model predictions to empirical data problematic. For example, the
differences between the confusion matrices across different fonts cannot be accounted for
[68]. And a model that perfectly encodes letter identity will generate the same predictions
regardless of font. Further, models of letter position encoding [48, 71, 41], and nearly all
behavioral experiments on letter position phenomenon [101, 1, 37, 94] use word stimuli with
equally spaced letters. Once again, this is a convenient abstraction, but does not represent
a typical exposure to reading where letters are spaced width dependent. We aim to amend
these limitations by building a robust letter identification layer, that can serve experimentally
valid input to the letter position network.

Letter Identification

Letter identification has an extensive history of research in vision science, psychology, and
typography. Early aims were largely to improve the readability of the printed material by
identifying typefaces with the most legibility and to understand elements of the visual system
[e.g. 32, 91]. In these experiments, letters were ranked in order of legibility to identify and
categorize features that made the letters more perceptible. Researchers also took notes and
gave about which letters were most commonly confused with one another across a variety of
fonts [89]. Recommendations of which typefaces to use and how to create new ones improved
the readability of early printed material, and also formed a basis of over a hundred years of
letter identification research.
Classic approaches to letter identification are split between two broad hypotheses: globalto-local encoding and bottom-up feature-coding [68]. The global-to-local encoding strategy
likens letter identification to the gradual sharpening of an image when a camera is focused
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[69, 24]. Early in the process the outline of the image will carry the most information where
characteristics of the shape and size of the letter are utilized, but local features are not.
After the field has sharpened, the local features are made clear and the letter in its entirety
is identified. Global-to-local strategies proposed include methods of letter congruency [40]
or Fourier decomposition [9, 39] to measure letter similarity. Letter confusion matrices
developed through these techniques would place emphasis on shared global features between
letters such as the O and the Q which share a circular global feature. In bottom-up featurecoding the local features are identified first and are joined hierarchically to build shapes with
more complexity. Modern models of letter identification tend to focus solely on a bottom-up,
hierarchical approach [95].

Letter Confusability

As discussed earlier, letters in the Latin alphabet that share similar features are more often
confused with one another. The early stages of feature-to-letter processing builds activation
for all letters containing the observed features simultaneously. In some fonts, for example,
an uppercase ‘i’ and a lower case ‘L’ are nearly impossible to differentiate (i.e. I vs l). When
letters such as these are confused it can impair the speed and accuracy of reading [68].
Letter confusion matrices detail the accuracy based similarity between every combination
of letters in the alphabet based on an experiment. While matrices across experiments are
specific to the font of the letters and will not be identical, similarities between confusion
matrices are bound to arise. For any font, an increase of shared features between letters also
increases the amount of confusability between those letters. For features that are necessary
for identification, they are unavoidable. For example, all letters with a vertical bar in the
leftmost location may have some level of confusion with one another. Increasing the shared
features, such as a horizontal line at the top and middle sections would increase the confusion
further across letters with this shared arrangement of features (e.g. B, E, F, P, R). Since the

58

general form of these letters are predefined, a font cannot make changes to these principal
features without sacrificing identification of the identity letter.
A straightforward extension of the model could use the patterns of activation from the
behavioral confusion matrices as input. Each letter, formerly activating only its assigned
letter layer distribution, can be passed through a confusion matrix to generate respective
confusion rates for all letters in the alphabet. These range from 0, if an observed letter is
never confused with the actual letter, to 1 if the observed letter is always confused with the
actual letter. The identity, where the observed and actual letter match, typically has the
highest value. Of course, the more a letter is correctly identified, the less it will be confused
with other letters; a 1 in any position will force a 0 in every other position. A confusion
matrix can then convert an inserted letter into a probability distribution across all letters in
the alphabet. This design could be trained using either a binary training set, where every
letter is trained with a 1 or a 0 contingent on its identity match, or it can be trained using
the same confusion matrix that it is tested with. Neither of these options are ideal. A
binary training set will under-perform since the training patterns are further removed from
the testing set, and training with a confusion matrix would over-perform since the patterns
of activation for matching letters will be identical. In the next section, we introduce a letter
identification module that is trained on a variety of fonts, and generates a confusability
matrix not just for each letter, but for every location in a word using a CNN.
The aim of the letter identification layer was to create input to the network that simulates
the confusability matrices found in studies using humans. A reader with unlimited viewing
time will not reasonably make a mistake identifying a font based letter. However, in fluent
reading there is not unlimited time to identify a letter. At a reading speed of around 200 to
400 words per minute, a range for college-educated adults, and with an average of 4.5 letters
per word, fixation times per letter are around 30 - 70 ms [86, 11]. This demonstrates that
even with clear fonts, errors in letter processing are bound to manifest in casual reading.
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Computational Models of Letter Identification

Ideally, an existent model of letter identification at the feature level could be attached to
the front of the position model. We are aware of only a few models of reading that have
computational models of a feature level stage of letter processing. The interactive activation
model (IA) [65, 90] and models based on the same architecture [19, 77] use a set of predefined
features which are turned on or off depending on the letter. Thus, invariance to the shape, size
and font of letters are outside of the scope of the IA model. These, as well as models without
a computational implementation [95] cannot be used to make feature level predictions about
letter identity.
Interestingly, the machine learning literature offers an extensive library of models used for
visual recognition tasks. The convolutional neural network (CNN) is commonly used for
letter and image identification as it is well suited to fit nonlinear patterns and efficiently
summarize data. All CNNs will share at least some combination of two layers: convolutional
layers, and pooling layers. In a convolutional layer, a kernal of the previous layer is convolved
with a filter to extract high-level features from the image. The pooling layers act as a form
of data reduction to maintain the dominant features of the image while reducing the number
of cells required to process in the next step. CNNs are supervised, which means they are
trained using labeled training images with model accuracy measured with a set of out of
sample images.
Interestingly, CNNs have been shown to correlate strongly with neural unit response data
in the inferior temporal cortex [110]. While they may not offer an entirely mechanistic
explanation, they appear well suited to offer a descriptive one. The present study is an
attempt to use a CNN to produce letter identification patterns similar to human observers
as input to the letter position model.
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Network Architecture

Network architecture is outlined in Figure 4.5. First, a window of 64 by 64 pixels is selected
from the word image starting with the leftmost area. The first layer is a convolutional
layer with 5 feature maps followed by a max-pooling layer where the parameters and spatial
size of the images are reduced by half (window size of 2x2). This is followed by another
convolutional layer with 8 feature maps and another max-pooling layer. This layer is then
fully connected to 32 neurons which is connected to the output layer of 26 neurons - one
for each letter. On all of the max-pooling layers a dropout regularization method is used
to reduce the chance of overfitting. During training, the outputs of neurons at both maxpooling layers are set to zero with 50% probability. Effectively, this simulates a large number
of network architectures and has been shown to improve generalization error [57]. The size
and depth of each layer was adjusted in pilot simulations to produce reasonable levels of
confusability across letters.

Training Procedure

For training data, a combination of 966 open source fonts from fonts.google.com and a set of
default Windows 10 fonts were used. Fonts that did not contain letter information or were
stylized to a point where they were unreadable were removed from the set for a total of 1020
unique font types. A unique letter image was generated using each font for each letter sized
64 pixels across and 64 pixels tall. The network was trained on a randomly selected subset
of 90%, or 918 fonts, with the remaining letter images serving as a validation set. Fonts
were not divided by letter so any font that was selected for training includes the image set
of all letters of that font. Errors were calculated using stochastic gradient descent to update
weight values using back-propagation.
During pilot runs, models with high accuracy (greater than 95%) tended to have confusion
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matrices that did not show enough variability with letter confusability. By increasing the
dropout rate and reducing the neuron count in the fully connected layer, we produced a
model that can both fit letter data well, and also produce confusion matrices with values in
the off diagonals that are greater than zero.

4.0.5

Results

To ensure that the results found are consistent across each iteration we ran the same model
10 times. Network training across 50 epochs showed a typical asymptotic learning trajectory
ending with a training set accuracy of 94.5% and the validation set with an accuracy of
95.6% (Figure 4.10). The notably higher accuracy of the validation set is likely a product
of a relatively high dropout rate attached to each max-pooling layer. The network was
evaluated against behavioral data by creating a font specific confusion matrix for the fonts
used in the letter confusion literature. See Figure 4.7 and Figure 4.8 for a comparison of the
confusion matrices generated by behavioral experimentation [58] and the model using the
same font (Sloan). An average confusion matrix was also generated for average values of the
102 fonts from the validation set (Figure 4.9).

Letter Confusability

Bigrams are also susceptible to confusability from shared features and can also appear similar to individual letters (e.g. the bigrams ‘cl’ and ‘rn’ can appear similar to ‘d’ and ‘m’
respectively). This effect is exacerbated when a spacing between letters is not maintained.
Reducing the kerning of these bigrams can create a close impersonation of the look-alike
letters: ‘cl’ and ‘rn’. We observed a similar effect with the uppercase letters ‘L’ and ‘I’ being confused by the network as ‘U’. By gradually reducing the spacing between the letters
we increase the confidence of the combined letter thereby reducing the confidence of the
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component letters (Figure 4.6). While there is a rich background on the effects of letter
crowding, bigram confusability appears largely overlooked. Even in bigrams where letters
do not combine to form a complete letter, they still provide features that can be used to
build evidence about a letter. This complete model of word identification incorporates this
information naturally. If spacing between letters is further apart then the window will not
capture bigrams and no produce confusability or crowding, when spaced close together, the
window will make predictions about confusion error based on the trained letter identification weights. However, more work is necessary to collect the behavioral evidence of bigram
confusability required to evaluate the model accurately for these types of confusion.

Model Performance

The letter identification front end of the visual word recognition network serves several
purposes. First, it demonstrates the extendability of a network based model, where the
output of a convolutional neural network designed for letter identification is used as input to
the letter position network. Second, it improves the comparability between behavioral data
and model predictions. Letter predictions using the same font as an experiment can use the
font’s unique confusion matrix and patterns generated by features in adjacent letters. Third,
it allows for image based input. This is crucial if the text has a spacing that overlaps or
should appear exactly the same to the model as it does in the experimental procedure.
The letter position network required a single adjustment to accept input from the CNN. The
input of the network, formerly a set of 1 or 0 indicators at each letter position across all
letters, was expanded to accommodate continuous letter positions and with varying degrees
of activation between 0 and 1. Words with variable width letters will activate sections of the
position space differentially and with variable spacing:
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Vij = max(fk (xj |
k

k 2
, σ )θi )
K

(1)

Here k represents the position of the receptive field across positions, K is the total number
of positions, and θ is the output from the letter identification models activation for that
receptive field.
An image for every stimuli presented in the megastudy was generated and passed through
the trained pre-lexical network to create the letter layer activation patterns for each stimuli.
Once again, two free parameters, σ 2 from (1) and α from (3), were sampled from a grid
search to find good fits to the data. Activation levels from the model for 27 conditions
have a correlation with experimental reaction times of r(25) = .821, p < .01. The combined
network produces estimates that are consistent with the letter position model alone, but
overall accuracy is lower.

4.0.6

Discussion

Currently, the model of letter position encoding is informed by the various phenomenon
reported by masked priming studies and constrained by the limitations of the orthographic
route. Transposition effects, relative position effects, letter inhibition, and letter migration
effects are each explained by the model using a simple network of neurons and two free
parameters. Combined with the letter identification layers, the network demonstrates flexibility to distributed representations of letters as well as continuous position information as
the input layer.
Transposition effects are explained at the letter position layer. Adjacent letters have overlapping letter distributions that maintain some level of activation if those letters are transposed.
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However, distant letter transpositions will have inhibitory effects on word activation. This
is because the letter position layer follows an activation gradient with the most activation
centered around the true position of the letter, and inhibitory weights set near the tails. The
model’s prediction is consistent with behavioral studies where transpositions of more than
two letter spaces have smaller priming effects on target words [2, 71].
Words with letters that have been removed (subset) or inserted (superset) will still generate reliable priming effects [2]. The model accomplishes this by mapping every word onto
the same normalized space, independent of the number of neurons in the letter layer. This
strategy appears to be effective up to two letters of removal or insertion as the model underestimated performance of the half word (123/456) condition.
Letter migration effects can be evaluated by modifying the network to accept inputs from
multiple letters at the same position (i.e. assigning the input twice). Two words can then
be presented to the network at the same time similar to an experiment where a word is
presented to either side of the screen. This activates both sets of letters at overlapping
positions. As expected, the lexical units for each of the two words will increase in activation,
but occasionally, words which contain a combination of letters from the first two words will
also show robust activation. The model is naturally flexible to letter position between words
as well, eliciting strong activation for stop when presented with step and soap together. This
is consistent with evidence of letter migration effects [22].
Successful visual word identification relies on the identification of component letters and
their relative positions within the word. Letters that do not belong in a target word are
evidence against that lexical item. This is the motivation behind using inhibition to suppress
activation of inserted letters. Additionally, letters positioned far from their expected location
are also negatively weighted. This is consistent with masked priming evidence whereby letter
insertions and distant transpositions show low levels of priming [37, 33, 34, 10].
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The letter identification layers of this model used convolutional layers, max-pooling layers
with dropout and a densely connected distributed layer to estimate performance similar to a
human observer. We used a distributed representation because it could reliably estimate behavioral confusion matrices naturally through training a limited network. While the output
of the letter identification network produces a valuable input to the letter position network,
we do not believe much more can be derived from interpreting the model structure. Thus,
we used the network as a descriptive tool to evaluate the letter position network, and not as
a means of mechanistically evaluating letter identification. In future work, these layers could
be replaced with biologically plausible network of letter identification which better aligns
with the ambitions of modeling of this biological process.
There are several improvements that can be made to the letter identification layers to account
for various types of data. First, the model is trained on uppercase letters and output acts
as the abstract letter layer. Modeling both cases simultaneously, and feeding them into the
abstract letter layer would be more representative of cognitive models of letter identification.
Second, a parameter could be included to scale the severity of the confusion matrix based
on how much time a simulated reader has to view the letter, or how degraded the letter
is. The model is designed to simulate how letters are confused when participants see briefly
presented, degraded, or otherwise altered letters. Reasonably, most readers will perform
at ceiling on a letter identification task given unlimited viewing time and normal viewing
conditions, so by adding a view time parameter, the probability of letter confusion can
be adjusted in a way that is reasonable to human readers. This would require additional
behavioral work on estimating variable rates of time and how they impact a confusion matrix
in human observers. Third, distributed networks have little more contribute to the letter
identification literature, and a biologically plausible replacement could elucidate precisely
how letter identification and letter position interact.
Several emergent properties of the interaction between the letter identification layers and the
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letter position layers also warrant further investigation. The model makes strong predictions
of bigrams being confused for single letters. This phenomenon is largely overlooked in the
visual word recognition literature likely because of the discrete letter assumption that most
models implement. With a variable spacing model a behavioral bigram/letter confusion
matrix can naturally assign the appropriate confusions dependent on the features present
and space between the letters. It is unclear from this simulation that there is a strong
effect of bigram/letter confusability in human participants, and behavioral studies of letter
identification would benefit from including bigram sets in their stimuli. We believe that
the close proximity of letters in words, and the brevity of view time, would be the right
conditions for such a confusion.
The model presented in this chapter describes the position coding of visual word recognition
using a flexible and biologically plausible network. Further, the model is easily extended to
incorporate another computational model of letter identification to create predictions with
accuracy similar to humans. The image based input allows the model to receive stimuli
exactly as it appears in behavioral experimentation. This is a powerful tool to compare
performance with human subjects and to help differentiate between models that perform
similarly when abstracting letter spacing and font type. In the next chapter, we demonstrate
the utility of this model in imaging research where we use the model to localize the VWFA.
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Figure 4.1: An example of input into a model with four units in its lexicon: SUNG, SUN,
SNUG, SING. The letter input represents the word as a set of ordered letters presented
to the network. The letter layer converts these letters into distributions on a normalized
retinotopic space. The amount of activation of each lexical item is then determined by the
product of the letter layer’s activation and the lexical weights.
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Figure 4.2: Examples of lexical layer weights for when a single letter (a) 4 letter words (b)
and 6 letter words (c) are trained to the network. Every word in the lexicon has a unique
combination of 26 X 20 weights accounting for 26 letters across a retinotopic array of 20
neurons. When a word is composed of multiple of the same letter, the center two letters of
(c), the maximum activation between the two is used. Letters which are not present in the
word, or outside of the range of identification are given negative (inhibitory) weights.

Figure 4.3: Regression (95% confidence region) between the values estimated by the model
on the Y axis and the observed relative reaction times of each condition on the X axis.
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Table 4.1
Condition

Code

Identity
Final deletion
Suffix
Final transposition
Medial transposition

123456
12345
123456d
123465
132456/124356/
123546
13456/12456/
12356/12346
12345d
d23456
213456
123d456
d123456
123/456
123DD456
1256
1d3456/12d456/
123d56/1234d6
12d356/13d456/
124d56/123d46
143256/125436
123dd456

Medial deletion
Final substitution
Initial substitution
Initial transposition
Central insertion
Prefix
Half
Repeated central letter
Central double deletion
Medial substitution
Neighbor-once
-removed
2-apart transposition
Central double
insertion
All-transposed
Central double
substitution
Reversed halves
3-apart transposition
Interleaved halves
Transposed halves
Reversed-exceptinitial
Central quadruple
substitution
Unrelated
a
b

Adelman
(2014)a
42.69
34.23
33.66
32.46
31.42

Current
modelb
92.02
83.41
63.35
83.11
81.97

29.56

87.18

29.45
29.16
29.03
29.00
26.67
25.83
25.48
24.91
22.68

65.94
65.94
83.11
66.40
63.35
30.87
52.22
78.74
64.14

21.77

59.10

20.20
19.42

61.42
45.31

214365
12dd56

16.77
14.94

64.11
36.19

321654
153426
415263
456123
165432

13.44
9.91
8.90
8.80
2.86

34.20
45.62
7.80
0.00
9.80

1dddd6

2.34

0.00

dddddd

0.00

0.00

in milliseconds
in arbitrary units
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Table 4.2

Model (typewriter)
Model (sloan)
Model (courier)
Townsend 1971a
Liu et al. 2001
Mueller et al. 2011

Model
(typewriter)
1.00
.701
.636
.670
.659
.649

Model
(sloan)

Model
(courier)

Townsend
(typewriter)

Liu
(sloan)

Mueller
(courier)

1.00
.827
.803
.744
.723

1.00
.928
.873
.818

1.00
.878
.816

1.00
.747

1.00

Figure 4.4: The relative reaction time primes from the masked priming database compared
to the model’s activation level for each condition.
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Figure 4.5: Diagram of letter identification network with example stimuli.
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Figure 4.6: Reducing the distance between letters in a bigram increases activation of letters
with similar features.

73

Figure 4.7: Confusion matrix from [58]
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Figure 4.8: Confusion matrix from model using same font stimuli as [58]
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Figure 4.9: Confusion matrix of average values across all validation fonts.
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Figure 4.10: Training and validation accuracies across epochs for the letter identification
network. The training set ends with about 94.5% accuracy and the validation set around
95.6%.
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Chapter 5
Model Based fMRI Localization of
the VWFA

In this chapter we evaluate the model proposed in Chapter 4 using imaging data. We use
model based fMRI approach, where the model is used to generate predictions about the
stimuli, and those predictions are used as covariates in a general linear model (GLM) that
is estimated across every voxel in the scan. The purpose of this method is to find which
areas are most similar to the model predictions. If the model is making accurate activation
patterns of word stimuli, then we expect to see voxels responsible for processing words to
show significance. We expect to see this activation in the visual word form area (VWFA),
where words and letter strings show preferential activation patterns compared with other
types of image stimuli [15].

5.0.1

The Visual Word Form Area

Visual word recognition has been associated with the left fusiform gyrus since the nineteenth
century. Relatively little else was known until Cohen et al. used fMRI and event-related
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potentials to find a precise and consistently reproducible area in the left lateral occipitotemporal sulcus that responded strongly to written words [17]. This area, now the VWFA, is
reliably active when presented with visual words of a familiar language. The words presented
can vary in case, location, font, and handwriting styles and still elicit a strong blood-oxygenlevel-dependent (BOLD) response. When damaged or intracranially stimulated, subjects can
experience pure alexia, a condition which impairs the ability to read but spares the ability
to write [26]. Typically, letter-by-letter reading is also spared, as this method of reading is
not thought to arise from the VWFA but instead the posterior parietal cortex [26].
The functional specificity of the VWFA, however, is not as straightforward as some of these
early studies imply. The area activates not only for words, but also for naming colors,
naming pictures, reading braille, auditory words and line drawings [80]. As reported earlier,
reading was invented far too recently to occupy its own specialized space in the cortex.
Instead, according to the neuronal recycling hypothesis, the VWFA is positioned in an area
engineered for similar tasks [25].

Neuronal Recycling Hypothesis

As humans have only been reading for a few thousand years, natural selection can not have
created a region specialized for recognizing words. Instead, Dehaene et al. proposed a
neuronal recycling hypothesis [25]. In short, the brain will utilize areas that were originally
meant for other tasks. In the case of the VWFA, those other tasks involve object and shape
recognition. Humans already have areas that specialize in deciphering an objects contour in
such a way that the shape can be perceived invariant to the viewpoint. These areas are then
adapted to interpret the shapes of letters and the forms of words [26].
The neuronal recycling hypothesis asserts that the anatomical placement of the VWFA
must be in an area that is already performing operations similar to the shape of visual
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Figure 5.1: (a) For the experimental paradigm each block (8 seconds long) contains 16
stims (.5 seconds long), presented in random order and separated by an interstitial crosshair
screen (2 seconds long). Each set of 5 conditions was repeated 5 times for each of 2 runs.
(b) The boxcar function is composed of adjusted model estimates placed in the same series
as presented in the experiment. (c) The box car function is convolved with the canonical hemodynamic response function to create the model’s predictor variable for the design
matrix.
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words. The ventral occipitotemporal cortex, an area known for where objects are identified
based on their shape, is a clear starting point. There is also evidence that the ventral
occipitotemporal cortex is loosely arranged retinotopically with the finer details on the lateral
side and large peripheral shapes organized on the medial side [53]. Since words require
fine detail perception, it makes sense that the VWFA is found closer to the lateral side.
Additionally, the left hemisphere contains the majority of language processes, and since
reading has close ties to language, it would be economical to settle on the same side. These
considerations make the placement of the VWFA in the lateral ventral occipitotemporal
cortex ideal for the task of reading.
Since the VWFA could not possibly have been a product of natural selection, it follows that
its activation would not exclusively be visual words. The prediction of the neuronal recycling
hypothesis is that the VWFA will always activate for written words, but not exclusively, as
its original function will still be in use. Illiterate adults were used in an experiment designed
to examine the function of the VWFA before it became the center for word form recognition
[29]. The groups were broken down in order of reading ability as follows: Brazilian literates
with high socioeconomic status (LB1), Portuguese literates (LP), Brazilian literates with
low socioeconomic (LB2), Brazilian ex-illiterates (EXB), Portuguese ex-illiterates (EXP),
and Brazilian illiterates (ILB). In this study ex-illiterate indicates the person learned to read
as an adult. Each group was given a reading test while undergoing an fMRI scan. Activation
in the VWFA increased as the groups reading ability increased and was predictably lowest
among the illiterates. The researchers then examined the activation levels for different types
of stimuli. The stimuli used were: faces (F), houses (H), tools (T), strings (S), false fonts
(FF), and checkers (Ck). The results of this experiment show that the higher the literacy
level of an individual, the less active the VWFA was for items that were not related to
reading. The illiterate group and the ex-illiterate groups showed more activation in stimuli
unrelated to language [29]. This supports the neuronal recycling hypothesis as the areas that
are used for reading in illiterates are instead occupied by other functions. An interesting
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consequence of literacy may be a reduction in other functions that occupy the same space.
However, there is not yet sufficient evidence to make a strong case for this.
Consonant strings are often used to measure how responsive the VWFA is to written words.
In one experiment, participants were presented with strings of non words composed of common English letter pairs (bigrams) [8]. Bigram and trigram frequency were gradually increased across four conditions with a control condition containing bigrams not found in
English. The VWFA was the only area in the brain that responded to an increased frequency of bigrams and the BOLD response increased with the expected frequency of the
bigram. The results of these studies show there may be some bigram statistical knowledge
that resides in the VWFA. Both studies also showed an increase in activation for trigrams,
and some researchers have interpreted this to mean that short words may also be represented
in the VWFA [26].
In a study to determine the multimodal nature of the VWFA, eight congenitally blind subjects who were literate in Braille were scanned using fMRI [87]. Since the participants are
now using touch instead of sight, it would be reasonable to expect activation in the parietal
lobe instead of the VWFA. This, however, was not the case. The VWFA activated just
as strongly for the blind participants when reading words verses non words in Braille as a
sighted person reading written words [87]. This finding provides evidence that the VWFA
is a multisensory integration area that integrates shapes into meaningful words despite the
manner in which those shapes are perceived.

Functional Specialization

Written word comprehension requires a process that is invariant to style, font, case and
location. A word that is written by hand, or on a computer should always be read the
same way despite different visual features. The VWFA has been found to not only responds
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equally well to different fonts, but it also responds the same to cursive handwriting. Less
legible handwriting also produced an increased activation in the ventral stream, indicating
a top-down process since the abnormal shapes and non discrete nature of cursive cannot be
easily recognized by the VWFA [81]. The VWFA was also found to distinguish between a
word and its mirror copy. In an imaging study, subjects were presented with two images, a
prime and a target [28]. The prime image, either a word or a line drawing, was presented for
50 ms followed by a 50 ms fixation period and finally a 500 ms target. The target consisted
of the same image/word, a different image/word, a mirrored copy of a different image/word,
or a mirrored copy of the same image/word. The experimenters found a reduced BOLD
response when then subjects were presented with a mirror copy of the same image. This
repetition suppression was not present when a mirrored word was presented demonstrating
a distinction between words and mirrored words in the VWFA [28].
After the discovery of the VWFA, it was still unclear what features of the word stimuli was
causing the activation. Word stimuli selectivity has been reported when compared to line
drawings, faces and houses [26]. These reports, however, do not account for stimuli that have
similar features to words. In one experiment researchers presented a variety of languages
and objects with similar features to participants that were either literate in both Hebrew
and English or literate only in English [6]. The stimuli presented were: English words, line
drawings, Chinese characters, digit strings, consonant strings, and Hebrew. The English
only group (A) displayed an increased preference for English words and consonant strings.
The Hebrew readers (B) displayed the same response to English words and consonant strings
but also an increased response to Hebrew words. This demonstrates that activation in the
VWFA is selective to familiar languages. Extensive experience with a language will thus
shape the selectivity of this region [6].
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Evidence Against the VWFA

Several researchers have argued against the VWFA. Price and Devlin et al. found that the
VWFA activates not only for visual word forms but also for naming colors, naming pictures,
readings Braille, repeating auditory words, and actions in response to meaningless objects
[80]. Write et al. also found no difference between written words and images and claimed
previous research was using less rigorous statistical thresholds than needed [108]. Perhaps the
most convincing evidence comes from Kherif et al. who found repetition suppression between
images and words that were conceptually identical [54]. The researchers presented words and
images alongside one another so that every combination of matching and mismatching words
and images could be represented. The researchers found that when the objects matched there
was repetition suppression in VWFA. This was true even when presented with different
stimulus types (the word lion vs. an image of a lion). This could not be explained with
a bottom-up process as the words have little to no similarity to the images. The author
concludes that there must be some top-down modulation to explain the observed results
[54]. These findings, however, are inconsistent with a similar study which did find repetition
suppression when presented with semantically dissimilar words (fasten-FAST) but not when
presented with semantically similar words (profit-GAIN) [31].
One concern with the aforementioned studies is that the object images were not matched
on various physical parameters. Szwed et al. performed a neuroimaging experiment where
they carefully matched objects with words across luminance, total contour length, average
number of vertices, overall height, overall width, and recognizability [99]. The words and
objects were then degraded to leave either only the vertex or only the mid segment so that
55% of the stimulus is left. Each stimulus was then scrambled to act as a control. All such
stimuli were presented briefly (200ms) to reduce any top down effects that were present in
the previous studies. An fMRI scan was performed and the controls were subtracted out
to produce a location for each stimulus. The researchers found a clear preference for words
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than to objects in the VWFA.

Damage to the VWFA

Damage to the VWFA caused by a lesion to the left occipito-temporal region causes a deficit
known as pure alexia. Pure alexia was first described in the late 19th century by the French
neurologist Joseph-Jules Dejerine who described a patient that was unable to read after a
stroke [30]. His patient was not only unable to derive meaning from words, but he was
unable to recognize individual letters (summary from [26]). Damage to the VWFA retains
this ability to read letters but knocks out the ability to read words. This allows the patient
to read, but on a letter by letter basis. The latency of naming a word thus increases with
the length of the word [26]. Individuals with pure alexia can also typically retain the ability
to write but cannot read what they have written [66].
Additional lesion data comes from a case study of a 46 year old man who had tissue just
posterior to the location of VWFA removed to ease epileptic seizures [36]. fMRI scans
were performed to check neural responses of various stimuli. With the tissue removed each
type of stimuli still had a neural response except for word objects. This was confirmed
with behavioral tests where the subject had difficulty in recognizing words. In a follow up
assessment two weeks later, he was able to read in an effortful, letter by letter manner. The
time it took him to recognize a three letter word was about 1000 ms and increased by about
100 ms for each additional letter. Before surgery, his recognition speed was around 600 ms
for words between three to eight letters [36]. Similar results were found using extraoperative
electrical stimulation. In a presurgical evaluation, Mani et al. used subdural electrodes to
stimulate the dominant VWFA [62]. They found this to produce pure alexia with letter by
letter reading. The subjects retained auditory comprehension and writing [62].
Not all neuroimaging studies have agreed that damage to the VWFA causes reading deficits.
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In one such study from, 53 subjects with damage to their VWFA were tested with written
words as well as other lexical tasks [49]. They found no significance between damage to the
VWFA and impaired written word comprehension. Instead, damage to the VWFA caused
impairment in a variety of lexical tasks including oral reading, oral naming, and written
naming. Additionally, reading comprehension remained intact for 58 percent of their subject
pool. Reading comprehension was further compromised with additional damage to Wernickes
area (WA) or the left angular gyrus (AG) or both. The researcher concluded that the right
homologue of VWFA can assume the role and compensate for deficits in the VWFA but only
for modality specific input and output representations [49].
Since its discovery in 2000, research has continuously provided evidence for the VWFA
and has reliably reproduced its location and its function. The area has been extensively
researched and seems now to be less controversial. In this study we use a generally accepted
location of the VWFA with approximate coordinates of x = -42, y = -57, z = -15 [53] as a
centroid position and evaluate how well the model can localize imaging data of visual word
stimuli to this position.

5.0.2

Methods

Imaging data from a concurrent project was used for the model based localization of visual
word recognition networks. The data include sixteen right-handed, native English speaking
participants with normal or corrected-to-normal vision (5 women, 11 men). The experiment
is a close reproduction of one used in [103] to investigate the hierarchical structure of the
occipitotemporal cortex. The stimuli included six categories of six letter strings with varying
structural similarity to real words. (1) false-font strings, (2) infrequent letter strings which
contained infrequent bigrams and quadrigrams, (3) frequent letter strings which contained
frequent letters but infrequent bigrams and quadrigrams, (4) frequent bigram strings which
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contained infrequent quadrigrams, (5) frequent non-word quadrigrams, and (6) words. To
minimize top down effects, each condition was presented in block format with a rapid presentation of 16 letter strings for .5 seconds each. A total of ten blocks of each condition were
used in a session for a total of 160 letter strings in each condition, 960 total. A low level
task was included to ensure that participants were paying attention. The task was to report
the presence of the six letter string ‘######’ by pressing a button on a provided button
box.
Images were pre-processed using Statistical Parametric Mapping software (SPM12) implemented in Matlab (R2018a). Functional scans were corrected for motion and registered to
the first image and then spatially smoothed using an isotropic 8mm Gaussian kernal. Scans
were then normalized to an MNI template supplied by SPM12.
We first attempted to localize the VWFA using the model presented in Chapter 4 by generating an estimated VWFA activation level based on model estimates for the sum total
activation of the lexical layer. We presented each experimental stimulus used in the original
experiment (with the exception of the false font condition which cannot be used as input)
to the model and recorded the total activation of the lexical layer. The total activation is
the summed response of every target word independent of every other word that has been
trained on the network. For the current model, with no lateral inhibition or interactivity, the
lexicon represents a series of target words that are checked for similarity with the presented
word. We used the top 5,000 words in the word frequency list in the Corpus of Contemporary American English as the lexicon, including words that are greater than or less than six
letters long [20]. We also appended the lexicon with all word stimuli that was presented in
the experiment. The total activation of each stimulus was then normalized with respect to
the averaged total activation for the words condition.
The normalized activation levels were placed into the same order they were presented in the
experiment and formed into a boxcar function and matched with the timing of the stimuli
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Figure 5.2: (a) Imaging estimates across all participants using a linear contrast (2: words, 1:
frequent quadrigrams, 0: frequent bigrams, -1: frequent letter strings, -2: infrequent letter
strings).
(See Figure 5.1). The boxcar function was then convolved with a canonical hemodynamic
response function in SPM to create an expected BOLD response of the VWFA during the
experiment. The expected BOLD response was discretized at intervals of 2.5 seconds to
coincide with the repetition time of the scanner. This function, an indicator variable for the
session number, and a drift rate for each session made up the design matrix for the general
linear model used in each voxel.
For comparison, a standard linear contrast model was implemented in a separate general
linear model. Six regressors of interest were included corresponding to the conditions: false
fonts, infrequent letters, frequent letters, frequent bigrams, frequen quadrigrams, and words.
The onsets and durations were matched to the experiment blocks for each condition to
create a boxcar function for each regressor of interest. This function was then convolved
with the same canonical hemodynamic response function used in the model based analysis.
This adjusts the predictor to account for the delayed BOLD response. The linear contrast
estimates the expected response dependent on how close the stimuli is to a word, which has
been shown to localize the VWFA effectively [103].
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Figure 5.3: (b) Imaging estimates across all participants using a model based GLM.

5.0.3

Results

We found reliable activation in most participants for the VWFA in both the model based
analysis and the linear contrast. Results were thresholded at p < .05 and with a family-wise
error correction for multiple comparisons to control false positive rates. The linear contrast
analysis failed to localize the VWFA in 4 out of 16 of the participants (P04, P09, P12,
P15) whereas the model based analysis only failed on one participant (P09). The distances
from each VWFA centroid was compared against the coordinates found in the literature
to estimate localizational accuracy of the two methods (figure 5.4(a)). The model based
approach had a mean distance of 16.31 mm (σ = 8.07 mm) and the linear contrast around
15.65 mm (σ = 8.54 mm), but there was no significant difference between these groups; t(11)
= -2.92, p = 0.776. The linear contrast had a mean size of 1.14 mm3 (σ = 2.37 mm3 ), the
model based mean was 3.24 mm3 (σ = 4.79 mm3 ). These results were statistically significant
t(11) = 2.30, p = 0.042.

5.0.4

Discussion

Converging evidence across neuroimaging studies show reliable activation in the left fusiform
gyrus, or VWFA, for visual word stimuli compared with non-word stimuli. The response
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Figure 5.4: Distance to VWFA centroid across participants

Figure 5.5: Size of activation across participants
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properties of the VWFA suggest a specific visual process and not a general linguistic one.
Indeed, numerous studies, with multiple types of control stimuli have repeatedly found activation in the same region [15, 87, 8]. In this study we evaluate the localizational accuracy
of the network presented in Chapter 4. We found that by using model based fMRI methods
we could utilize the HRF convolved network predictions as regressors in a GLM model to
accurately localize the VWFA. The location of the VWFA was found to be just as accurate
as a linear contrast method using the same data and significant clusters of a greater size.
The number of individuals where the VWFA was successfully localized was also greater in
the model based analysis.
A powerful feature of this model-based approach is that the same image based stimuli that
is presented to the participant is also used by the network to generate predictions. Stimuli
that appear similar to words, or images that share letter features, may induce activation in
the VWFA more than stimuli without. A model that includes identification of these low level
features and estimation of letter identities can make predictions about the amount of word
activation based on those features. Thus, an accurate model of visual word recognition can
be used to make predictions about activity in the VWFA regardless of the stimuli presented
to it.
Improvements to the model may also improve accuracy in localization. As discussed in
Chapter 4, the letter identification network does not currently improve fits to behavioral
evidence compared to the letter position network alone. The attraction of the letter identification network, is that it can differentiate between stimuli that are presented in different
fonts, sizes, spacings, or orientations. Further work is necessary to improve the fit of the
letter identification network. Since the network can be trained on any set of data, simple
improvements can be made by improving the training set.
We have shown that a model-based fMRI can accurately localize the VWFA using the visual
word recognition network. The method shows an increase in the number of participants with
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significant clusters in the left ventral occipitotemporal cortex, as well as an increase in the
size of those clusters. In its current form it can be used in research as well as presurgical
evaluations to reduce the time necessary to localize the VWFA and improve the proportion
of localizations. With modification, the network may continue to improve through a fine
tuning of the letter identification network.
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Chapter 6
General Discussion

In this dissertation several topics relating to visual word recognition have been discussed.
We began with a focus on the background literature of letter identification and letter position coding in Chapter 2. A general model of visual word recognition was used to review
broadly accepted steps of processing in visual word recognition. Prelexical letter identification involves the conversion of letter features into abstract letter units. The lexical stage of
processing is divided up into two routes, a phonological route, where letters are translated
into their speech sounds one at a time, and an orthographic route which identifies a word
through the parallel identification of all letter identity and position information. The encoding of letter position, once thought to be an intuitive slot based ordering, where every
letter is assigned an absolute position in the word, is now a subject of debate. Transposition
effects, where nearby letters switch positions with minimal impact on word identification,
and relative position effects, where letters can be added or removed with minimal impact,
were primarily responsible for this revaluation. Now, numerous theories and computational
models have been proposed to explain these effects, and contribute mounting evidence to
one of the least understood, and most studied areas of visual word recognition.
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6.0.1

First-Letter Advantage

In Chapter 3 we investigate the first-letter advantage, where the letter in the first position
of a word is the most destructive to successful visual word identification when it is removed
or transposed. Two hypotheses are proposed from the literature. The first, a phonological
account of the effect, speculates that the slower phonological route of reading may work
alongside the faster orthographic route. The mechanism is designed for a left-to-right scan,
and would only have time to evaluate the letter in the first position. This letter would
then have two components (phonological and orthographic) to contribute to word identity
whereas other letter positions would only have the orthographic component. The second, an
attentional account of the first-letter advantage, assumes a rapid deployment of attention
to the first position in a word. Support for this comes from studies which present words
in a random orientation, either vertically or horizontally, and report a similarly sized firstletter effect for both [4]. This evidence is convincing, but it does not control for potential
phonological effects. We examine both accounts of the first-letter advantage to evaluate
whether one or both proposed accounts have merit.

Experiment 1 (Phonology)

In the first study, we compared pseudohomophone pairs of consonant strings and pseudowords to control pairs differing in both orthography and phonology. We used the whole
word masked priming paradigm, where a briefly presented prime is followed by a matching
target and non matching foil with a specific alteration. The participant is tasked with selecting the target, and reaction time is measured. We found a robust first-letter advantage in
consonant strings and pseudowords for both matching phonology and mismatching phonolgy.
This indicates that the phonology of the first letter does not contribute to identification in
the whole word paradigm. However, for pseudowords, phonology does have an effect on the
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fixated letter and the final letter where accuracy improves in the mismatching phonology
condition, an indication that phonological information is contributing to the identification
of the pseudoword.
While this study did not find evidence of a phological effect of the first-letter advantage, we
did find evidence in other letter positions. The characteristic ‘W’ shaped pattern of activity
revealed in the mismatching condition of the pseudowords is consistent with many other
studies of letter position [101, 42, 93]. Traditionally, the fixated letter effect is thought to
be a product of acuity, and is present even for numbers, symbols and simple shapes in a
letter-in-string paradigm, where individual characters in selected positions are identified and
not whole words.

Experiment 2 (Attention)

In the second study, we used a color based attentional distractor to shift the attention to
specific letter positions. Once again, the whole word masked priming paradigm was used. In
attended conditions each letter position of interest was colored red in the prime. The letter
changed in the foil string included every permutation across attended spaces. We found that
when attention is shifted away from the first letter the accuracy drops significantly indicating
some attentional component to the first-letter advantage. This trend was consistent for the
fixated letters as well.
The attentional account of the first-letter advantage is supported in the literature, and supported by this study. Interestingly, the second letter showed significant improvement in the
attended conditions for all categories of stimuli (numbers, consonant strings, pseudowords,
and words). This suggests that the proposed rapid deployment of attention can be shifted
at least by one letter.
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6.0.2

Computational Model of Letter Position Encoding

In Chapter 4 we presented a computational model of letter position encoding as an extension
of the Overlap model. We made the following changes to the Overlap model to improve performance: First, we implemented a discretized version of the distributed position assumption
in a feed forward neural network. This allows for straightforward adjustments of biologically
plausible mechanisms such as lateral inhibition, inhibitory connections, and interactivity. A
deep network was avoided to maintain biological plausibility, reduce parameter space, and
produce a parsimonious solution that maintains interpretability. Second, instead of dividing
the letter position layer into equally spaced slots, we let the entire range inform the lexical layer. This improves not only the model fit, but also facilitates more realistic spacing
between letters. The vast majority of fonts are not equally spaced and a slot based segmentation will limit the models ability to explain behavior in more realistic reading settings.
Third, inhibitory weights were placed on any letters missing from the word or outside of the
distributions threshold. This greatly improves the models fit for words with inserted letters,
and letter transpositions too distant to facilitate recognition of the word.
A letter identification extension was used to evaluate the models ability to handle letter
confusibility and natural word stimuli. In the first letter position modification we modified
the input of the letter layer from a binary activation pattern to a distributed activation
pattern based on a confusion matrix. We used confusion matrices from letter confusability
experiments and found these did not present an issue for the model and surprisingly improved the model fit. We believe this could result from a lexical layer that is sensitive to
the nuanced pattern of the letter layer more than if letter activations are binary. In the
second letter position modficiation, we implemented a CNN which was trained on the full
alphabet from a variety of fonts. The CNN revealed patterns it its confusion matrix that
were similar to confusion matrices using the same fonts from the behavioral experiments.
This addition to the network was designed to examine how the letter position coding would
96

handle letter activation patterns that are similar to human readers and non constant across
various fonts. We found that not only does the network maintain accurate predictions to
letter position phenomenon, but it also reveals emergent properties of letter position coding,
namely bigram/letter confusions. Similarly, the continuous spacial layer allows for letters to
be presented in non uniform distances from one another. This detail provides the network
with the capacity to handle letter strings with varying letter width and distance between
letters, a common feature in modern fonts.

6.0.3

Model Based fMRI

We used the letter position network to predict biological patterns of activation of word and
word-like stimuli to localize the VWFA. The stimuli from an visual word imaging study was
used to predict lexical activations in the network, the sum of these activations served as an
estimate of total lexical activation in the VWFA. These predictions were convolved with a
canonical HRF, then used as regressors in the GLM for each voxel in the series of images. We
found robust activation in the VWFA for most of the participants and with larger clusters
than a linear contrast method. We believe this method of localizing the VWFA could be
useful to reduce the scan time in both research experimentation and presurgical evaluations,
especially in situations where there is not sufficient time to run an extended localizer.

6.0.4

Conclusions

The focus of this dissertation was principally the elucidation of the mechanism responsible
for letter position encoding. From our extension of the Overlap model, we note a significant improvement in both interpretability and accuracy of the network in fitting behavioral
responses. Additionally, modeling with biologically plausible constraints produced a model
that was more robust to variable-width letter spacing. The letter identification layer demon97

strated that letter position coding is maintained despite a more disperse and ambiguous
activation pattern. Additionally, we found that letters with more crowding, as a result of
variable-width spacing, will be more susceptible to varied activation patterns, but also more
flexible to letter transpositions. Removing the slot based activation calculation from the
Overlap Model was necessary to make comparisons across letter position when letters are
not spaced equally.

6.0.5

Future Directions

The first-letter advantage, while easy to replicate, does not have a well defined model of
the latent mechanism. While the evidence here supports a role of attention, there remains
several questions that should be investigated. First, while an effect at the first letter was
found for words, no such effect was found for numbers, consonants, or pseudowords. If the
effect is truly attentional, further studies would benefit from experiments surrounding the
effect on non word stimuli. After all, the first letter advantage is not exclusive to letters,
and it is unlikely that a different mechanism is responsible for words. The attentional cues
presented in this study may have only partially distracted attention, and the reduced effect
in non word stimuli may arise from an interaction between the stimulus type and the saliency
of the distractor. Improvements to this design can be made where the attended letter has
stronger attentional cues.
The computational model presented has several uses for application. First, we demonstrated
an accurate VWFA localization on individuals using a model-based fMRI analysis. The
model could serve useful in both experimentation, where it can reduce the time spent localizing areas of interest, and also in medicine, where proper localization can prevent resection
of language critical regions. Second, the model could be incorporated into search algorithms
to produce predictions that are in line with what a human viewer may see. For example,
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errors of transposition, insertion, replacement or omission are common in typing, and can
go undetected even in academic [7] and professional [78] writing. An error of this sort in a
database can make the entry invisible to text based search, but a model based search will
return options that are within some range of reasonable results. Finally, having a model of
visual word recognition grounded in the limitations of a human reader can serve as a useful
tool in designing anything meant to be read with minimal effort. Relying on deep computational models, where human level vision serves as a baseline and no longer an aspiration,
may overestimate the legibility of things designed for human eyes.
Interestingly, the various models of letter position coding are similar in that they predict
most behavioral phenomenon accurately (transposition effects, relative position effects, first
letter advantage), but also exceedingly different in their description and interpretation of
the mechanism responsible. A reasonable solution is to extend each model past the section
of visual word recognition that it was designed to explore. Ideally, a model of letter position
coding should be able to extend in either direction to naturally incorporate various letter
identities, and also explain lexical effects. These extensions help to differentiate otherwise
similar models and further the pursuit of identifying a mechanistic, and not just descriptive,
model of visual word recognition.
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[30] J. Dejerine. Contribution à létude anatomopathologique et clinique des différents
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