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Abstract

This study investigated the developmental trajgctfrtwo marker effects of visual word
recognition, word frequency and orthographic neaghbod effects, in French primary school
children from grade 1 to 5. Frequency and neighbodhsize were estimated using a realistic
developmental database, which also allowed usntr@dor the effects of age-of-acquisition.
A lexical decision task was used because the famughis study was orthographic
development. The results showed that frequency dledr effects that diminished with
development, whereas orthographic neighborhootbeagignificant influence at either grade.
A Self-Organizing neural network was trained on tkalistic developmental corpus. The
model successfully simulated the overall pattetmtbwith children, including the absence of
neighborhood size effects. The self-organizing alkeuretwork outperformed the classic
interactive activation model in which frequencyeets are simulated in a static way. These
results highlight the potentially important role wisupervised learning for the development
of orthographic word forms.

Key words Reading acquisition, Word frequency, Orthograpimeighborhood, Self-
Organizing Map.



The aim of the present study was to provide a hehavand computational
investigation of the development of orthographipresentations during reading acquisition.
As marker effects of orthographic development, weestigated word frequency and
orthographic neighborhood size. The word frequaneyipulation was chosen as a standard
measure of lexical influences during reading, wasrerthographic neighborhood size was
chosen to provide a more direct measure of ortlpbgeainfluences as opposed to more
general lexical influences (including phonology asinantics, for example). These marker
effects are discussed next.

Word Frequency

The word frequency effect is perhaps the most estaphenomenon in
psycholinguistics. It reflects the fact that worttat occur more frequently in a given
language are processed more rapidly and more deburthan words that occur less
frequently (Balota & Chumbley, 1984; Connine, Multx, Shernoff, & Yelen, 1990; Forster
& Chambers, 1973; Rubenstein, Garfield, & MillikatQ70). This effect has consistently
been found in a variety of tasks (lexical decisioaming, perceptual identification, semantic
categorization, for review see Monsell, 1991). Wwed frequency effect has become one of
the hallmark effects of word recognition that angdal must account for.

In the earliest models of word recognition, frequerffects were implemented as
either frequency-dependent thresholds, frequenpgmtent resting level activations, or
frequency-dependent search priorities (Forster,619cClelland & Rumelhart, 1981;
Morton, 1969; Paap, Newsome, McDonald & Schvanay&@B2). The frequency effect does
not naturally “fall out” of these models - it is fpthere to begin with (see Norris, 2006, for
discussion of this point). In other words, frequertfects in these models are static. Clearly,
this is a major limitation of these models becausegal life, frequency effects likely reflect a
dynamic reactivity following actual encounters withitten and/or spoken words. Therefore,
accounting for frequency effects with static medbians is, at best, an approximation. In this
respect, more recent connectionist models (e.grmH& Seidenberg, 1999, 2004; Plaut,
McClelland, Seidenberg & Patterson, 1996; Seidenb&r McClelland, 1989; Zorzi,
Houghton & Butterworth, 1998a) present a major iovement over traditional word
recognition models because frequency effects atenhal-wired but result from simulated
learning. These models are confronted with a tngimorpus selected to reflect as accurately
as possible the frequency of occurrence of wordsritten language. Thus, high-frequency
words are “seen” more often by the network than-fmguency words, and it is the
frequency of presentation of a given word to théwvoek that determines the connection
strengths linking the different units that reprageat word in the network.

There are however several limitations with cur@rinectionist modeling, mostly tied
to the widespread use of back-propagation (e.gmHaSeidenberg, 1999; 2004; Plaut et al.,
1996; Seidenberg & McClelland, 1989; Zevin & Seioerg, 2002). First, such models
necessitate far greater amounts of training contparth the estimated exposure of children
to text during reading acquisition (Hutzler, Ziegl®erry, Wimmer, & Zorzi, 2004). For
example, Saragi, Nation, and Meister (1978) fourad tvords presented fewer than six times
were only learned by half of their subjects, whilerformance jumped to 93% after six
presentations or more (see Nagy, Herman, & Ander$685; and Rott, 1999, for similar
estimates). Second, these models are subject tastoaphic forgetting” (McCloskey &
Cohen, 1989). That is the network “forgets” pregigulearned items if these items are not
continuously interleaved in the presentation of n@ms. This arises from the distributed
nature of representations in the hidden-unit layfesuch models. Third, these models use a
“supervised” learning algorithm, while it is cleahat the learning of orthographic




representations, as opposed to the explicit legroingrapheme-phoneme correspondences,
must at least partially occur in a self-organizengd unsupervised fashion (Share, 1995).
Finally, current connectionist models are trainexing lexical databases selected to be
representative of adult reading habits. Thereftinese databases do not fully reflect the
written corpus that children are actually exposeduring their primary school years.

The ideal way to test connectionist learning modedglld be to use developmental
data (Harm & Seidenberg, 1999; Hutzler et al., 20Bringer & Jacobs, 1998; Jacobs &
Grainger, 1994; Zorzi, Houghton & Butterworth, 1838Given our focus on the development
of orthographic representations, we were partitplarterested in examining effects of
frequency and neighborhood in a task that emphasizthographic processing, such as
lexical decision, rather than reading aloud tadkewever, most previous studies have
investigated the development of frequency effeatsraading aloud (e.g., Ducrot, Lété,
Sprenger-Charolles, Pynte and Billard, 2003; Fritanderl & Wimmer, 1998; Sprenger-
Charolles, Siegel and Bonnet; 1998). Only a fewdisw have actually investigated word
frequency effects in children using the lexical iden task. For example, Burani, Marcolini
and Stella (2002) found that frequency effects weesent at each grade level and their size
(about 2%) did not vary across grade. However,Bbeani et al. study only investigated
frequency effects in children aged 8 yrs to 10 {irs., grades 3 to 5), while we were
interested in the development of the frequencycefimm the very beginning of learning to
read (grade 1).

Neighborhood effects

The second marker effect of interest was the ordmigc neighborhood effect.
Orthographic neighbors are words that share albbetletter while respecting letter position
(Coltheart, Davelaar, Jonasson & Besner, 1977)e figighborhood size of a word is the
number of orthographic neighbors of that word (¢\gord” has 6 neighbors: cord, ford, lord,
ward, work, worm). This is an important variablenmmodeling because it has effects both at
the lexical and sublexical level. At the sublexi¢alel, words or nonwords with many
neighbors are processed more quickly because tipggatly have more frequent sublexical
units and orthography-phonology correspondences, (Ziegler & Perry, 1998) or they
benefit from stronger lexical feedback (Andrews97P At the lexical level, however, words
with many neighbors might be processed more sldvdgause they suffer from lexical
competition and lateral inhibition (Grainger, 199Brainger, O’'Regan, Jacobs, & Segui,
1989). Indeed, both types of effects have beearteg previously. In tasks that emphasize
sublexical processing, such as reading aloud, berfjlood effects have been found to be
facilitatory (e.g., Andrews, 1989, 1992). In tatkat emphasize lexical processing, such as
lexical decision or perceptual identification, somstudies indeed reported inhibitory
neighborhood effects (e.g., Carreiras, Perea, &n@es, 1997; Grainger & Segui, 1990;
Holcomb, Grainger, & O’Rourke, 2002; Segui & Gra#ng 1990), whereas others still
reported facilitatory effects (e.g., Andrews, 198&gler & Perry, 1998). Whether facilitation
or inhibition is obtained probably depends on a bemof factors, such as the balance
between lexical and sublexical processing, tasiguage, and list composition (for reviews,
see Andrews, 1997; Grainger & Jacobs, 1996).

A few studies have investigated neighborhood effeciring reading acquisition. One
particularly relevant study (Laxon, Coltheart, &d&img,1988) investigated the neighborhood
effect in naming and lexical decision in 2nd and &rade children. They showed that
neighborhood size had a facilitatory effect botimaming and lexical decision, with improved
performance to words with many neighbors comparéith words with few neighbors.
Similar results were obtained by Laxon, Gallaghaed aMasterson (2002), who studied
children from 5 to 7 years old in a naming taskafy, Treiman, Goswami and Bruck (1990)




also showed that nonwords with many rhyme neighlbaese pronounced more accurately
than nonwords with fewer rhyme neighbors by chitddie grade 1 and 3. Together then, it
appears that developmental studies so far havetegpdacilitatory neighborhood effects.
However, most of these studies used naming tastdianted the comparison to two age
groups.

Goals of the present study

The aim of the present study was to provide a Wielel and computational
investigation of the development of word frequeranyd orthographic neighborhood size
effects during reading acquisition. As outlined \ayowe will focus on the kind of implicit
orthographic learning that is likely to happen mumsupervised and self-organizing fashion.
To specifically investigate orthographic developt@ther than reading aloud, we employed
the lexical decision task. It is well-establishéattthe lexical decision task is much more
sensitive to orthographic variables than the repdiloud task (Balota, Cortese, Sergent-
Marshall, Spieler, & Yap, 2004; Grainger & Jacob396). Use of the lexical decision task is
further motivated by the fact that the vast mayoat typical adult reading activity concerns
silent reading, not reading aloud.

From a purely methodological perspective, the preséudy goes beyond previous
studies in a number of ways. First, while previstgdies typically compared no more than
two age groups, the present study collected data firade 1 to grade 5. Second, frequency
and neighborhood estimates in previous developrhetidies were mostly based on adult
word counts (for a notable exception, see Ducratl.et2003). Instead, in the present study,
word frequency and neighborhood size measures westienated for each grade using a
developmental database based on textbooks thatwarently used in French primary
education for teaching reading (Manulex: Lété, 8ges-Charolles, & Colé, 2004). Third, the
use of this developmental database also allowetb usontrol for the effects of Age-of-
Acquisition (AoA).

Indeed, it has been argued that empirical obsemnstof word frequency effects do
not actually reflect an influence of frequency apesure to words (as will be argued here),
but rather the influence of the age at which thvesels were acquired (e.g., Morrison & Ellis,
1995, see Johnston & Barry, 2006, for review). Niwadess, a number of studies have shown
robust effects of word frequency when AoA is mattheross frequency classes (e.g., Bonin,
Chalard, Méot, & Fayol, 2001; Brysbaert, 1996). iAmportant aspect of Brysbaert's study is
that it used an arguably more realistic measurko®, based on teachers’ ratings of whether
or not children in grade 1 were expected to knowoad or not (the majority of studies use
adult ratings of AoA). On the other side of them;dfevin and Seidenberg (2002) criticized
prior research reporting evidence for effects ofAAas having confounded AoA with
cumulative frequency. That is, the correct measdirord frequency would not be a single
static measure as provided by counts of occurreimcesrpora of reading material mostly
seen by adults, but rather a cumulative measutbeeohumber of times a word is likely to
have been encountered from childhood up to the dihtesting in a laboratory experiment. Of
course, AoA could still have an influence over abadve the effects of cumulative frequency
(e.g., Ghyselinck, Lewis, & Brysbaert, 2004), bodttis not the object of the present study.
Instead, in the present study, AoA was strictlytoafed, in that all the words that were tested
were already present in the reading textbooks rade) 1.

Finally, from a theoretical perspective, the préssmdy provides one of the first
evaluations of unsupervised self-organizing neurgworks in the modeling of implicit
learning of orthographic representations. Furtheemwhile previous connectionist models
were typically trained on an adult database, thesgmt network was trained on the same
realistic training corpus that was used to esthlilie frequency norms. Thus, the model was



trained on a corpus that contains the words thidrelm actually encounter during primary
school. The network was then confronted with theesavords that were used for the
experiment. We will first present the experimendl aesults and then the implementation of
the model and the simulations.

EXPERIMENT

Method
Participants.

One hundred and forty children were pre-testedw2be 1st graders (G1), 24 were
2nd graders (G2), 25 were 3rd graders (G3), 41 wénegraders (G4), and 25 were 5th
graders (G5). Patrticipants retained for data arslysre selected on the basis of their reading
level which was assessed with a standardized rgddst (Alouette Lefavrais, 1965). Only
children at the expected reading level for theadgr were retained. Following this criterion,
20 children in each grade were retained excepthingdade where only 10 children had the
appropriate reading level. Mean reading age wasabsyll months in G1, 7 years 6 months
in G2, 8 years 6 months in G3, 9 years 9 monttd4nand 10 years 6 months in G5.
Materials.

A set of fifty-six words of 4 and 5 letters in lehgvere selected from Manulex (Lété
et al., 2004). Manulex is a computerized lexicallase that provides frequency counts of
non-lemmatized and lemmatized words compiled frow 1.9 million words found in the
main French primary school reading text books. Mexprovides frequency counts for grade
1, grade 2, grades 3-5 collapsed (because frequamayts vary little across these grades),
and all grades combined (G1-G5). Words were saletctdill the four conditions created by
crossing word frequency (high vs. low, hereaftetedoHF and LF, respectively) with
neighborhood size (high vs. low, hereafter noted &d LN, respectively). There were 14
words in each category. HF targets averaged 51draswes per million words (G1-G5 level
values), and LF targets averaged 20 occurrencempion words. HN targets averaged 7
orthographic neighbors and LN targets averagedHbgraphic neighbor. Neighborhood sizes
were determined using the standard N metric (Calthet al., 1977) applied to the grade 1-5
corpus (Manulex), with the additional constrainattla given word’s classification (HN vs.
LN) did not change as a function of estimated vataty knowledge at each grade. A set of
28 nonwords (pseudowords) were constructed thamddrpronounceable, orthographically
legal letter strings, and a set of 28 unpronounieeaibnwords formed of random
combinations of consonants. Each participant savetttire set of 112 stimuli.

Procedure and apparatus.

Children were seated at a fixed distance of 60 knfrant of a 17" color monitor
connected to a Pentium Il laptop computer runngDX software (Forster & Forster,
2003). The stimuli were displayed in lowercase 4qpdint Courier font with a 640 X 480
resolution. Children were tested individually insangle 25-minute session. Each trial
consisted of the following sequence of events. Thid was first instructed to look at a
fixation point ("+") at the beginning of each trighfter 1000 ms, the fixation point was
replaced by a target centered on the screen. Thetteemained on the screen until the child
responded by selecting the word-response (rigfiit lsty) or the nonword-response (left shift
key on the keyboard). He/she was instructed tooras$as quickly as possible, while avoiding
errors. The targets were presented in a differmmtlom order to each participant. There was
one block of 28 practice trials followed by 4 bleakf 28 experimental trials.

Results
Response times (RTs) and mean percentage of ¢orarerds were calculated across



items (for the by-participant analysis) and acrpagicipants (for the by-item analysis) for
each grade level and for each experimental comdititrials with RTs below 450 ms or above
two standard deviations of a participant's mearcpaedition were discarded from the analysis
(3.78% of the total trials). A 5 (Grade Level) XRexical Frequency) x 2 (Neighborhood
Size) ANOVA was conducted with participants (Fl)daems (F2) as random factors.
Lexical frequency and neighborhood size were ttkate a between-item factor in the item
analysis. RTs and error percentages are shown bieTa (see Figures 2 and 3 for
corresponding plots). For a clearer view of thailtes simple effects and interactions in the
next section are only reported when both F1 anchi@s were significant.

Table 1: Behavioral Results. Mean Response Times (RT, idligédconds) and Error
Percentages (Err) on Words from Grade 1 (G1) thrdBgade 5 (G5). Standard Deviations in
Parentheses (HF, high frequency; LF, low frequertiy; high neighborhood density; LN,
low neighborhood density).

HF-HN HFE-LN LF-HN LF-LN Marginal mean
RT Er RT Emr RT Emr RT Emr RT Err

Gl 2655 16 2389 20 3159 44 3491 532924 33
964) (12) (717) (16) (979) (18) (1150) (16)

G2 1325 8 1420 9 1815 30 1976 351634 21
459) (B6) (559) (9 (723) (A7) (716) (19

G3 873 3 884 5 1091 21 1122 25 993 14
(189) (5 (@57 (8 (262) (11) (262) (14)

G4 856 4 848 5 1026 19 1059 17 947 11
(161) (5 (126) (8 (306) (10) (146) (13)

G5 772 1 790 5 930 16 980 14 868 9
(106) 3) (1120 (B) (145 (@20 (@59 (12

Discussion

Response timesThere was a main effect of Grade [F1 (4, 85%:8pp < .001; F2 (4,
208) = 417.9, p <.001] with RTs decreasing asirmgpdkills increased. Children in grade 5
were about three times faster making lexical denssithan children in gradel. A main effect
of Frequency indicated that high frequency wordsawecognized faster than low frequency
words (1357 vs. 1735 ms, respectively) [F1 (1, 88p6.6, p <.001; F2 (1, 52) =56.5,
p <.001]. There was also a significant Grade Xqbescy interaction [F1 (4, 85) = 17.9,
p <.001; F2 (4, 208) = 7.8, p <.001] reflectitg tfact that the size of the frequency effect
diminished with age. The main effect of Neighborth@ize was not significant (HN = 1450
ms, LN = 1496 ms) and there were no significardrattions with this variable [Fs<1].

Errors. As expected, the ANOVA revealed a main effectgohde level [F1 (4,
85) = 25.20, p <.001; F2 (4, 208) = 52.80, p <]0thdicating that errors increased with age:
there was 34% of errors in G1, 22% in G2, 14% in GB3% in G4, and 9% in G5. High-
frequency words produced fewer errors than lowdfesgqy words (8% vs. 28%, respectively)
[F1 (1, 85) =214.30, p<.001; F2 (1, 52) = 32.83 .001]. A significant interaction was
found between grade level and frequency [F1 (4,=86)10, p <.001; F2 (4, 208) =7.49,
p <.001], indicating that the frequency effect@ased as age increased. The main effect of
neighborhood size was not significant (HN = 16 %4,+ 19 %) and there were no significant
interactions with this variable [Fs<1].



The present experiment examined effects of wordjueacy and orthographic
neighborhood size in primary school children frorade 1 to grade 5. The results of our
experiment showed a decrease in the size of thd mequency effect from grade 1 to grade
5, on RTs and errors. On the other hand, orthograpghborhood size did not significantly
influence children’s performance.

The word frequency effect observed in first graderthe present experiment was of
similar magnitude to the one previously reportedoigrot et al. (2003). These data therefore
suggest that orthographic development, as meadwyeléxical decision performance, is
sensitive to the printed frequency of words froma tery beginning of reading development.
Although there were no significant effects of oghaphic neighborhood, inspection of Table
1 shows that there was a relatively systematic migaleadvantage in both RTs and errors for
words with many orthographic neighbors relativevards with few orthographic neighbors,
which is in line with prior research (e.g., LaxdBallagher, & Masterson, 2002; Laxon,
Coltheart, Keating, 1988). The fragile nature & thassic neighborhood effect in the lexical
decision task is consistent with recent adult stssidiGrainger, Muneaux, Farioli & Ziegler,
2005; Mulatti, Reynolds & Besner, 2006; Ziegler &rB, 1998). In the present study, the
neighborhood effect appeared to be limited to tbenger readers, although the grade by
neighborhood interaction failed to reach signifiocanThe facilitatory nature of the N effect in
beginning readers found in prior research, and migally present in our experiment, could
reflect the crucial role of reading by analogy arlg reading development (Goswami, 1993;
Goswami & Bryant, 1990; 1992).

SIMULATION

The developmental data described above providethsdeal material to test our self-
organizing neural network model of orthographiaéag. It is important to note at the outset
that we chose not to simulate phonological recodinghe explicit learning of grapheme-
phoneme correspondences (for examples of work isnptirticular issue, see Hutzler et al.,
2004, or Zorzi et al. 1998b). The focus of the pmtsamodeling work was on the implicit
learning of orthographic representations as annésgeand until now largely ignored,
component of the process of learning to read. Tobus, modeling approach consisted of
specifying and implementing a set of realistic netgbims and principles that may underlie
the acquisition and representation of orthogragtmowledge about words. Our general
approach is motivated by the assumption that tlaeesp surrounding printed words enable
accurate association of letter-level informationthwa unique whole-word orthographic
representation, and that this process proceed&l¥asgithout explicit supervision. Self-
Organizing Maps (SOM; Kohonen, 1982) have the edtng property of being able to
represent certain biological cortical activitiexisuas lateral inhibition or redistribution of
synaptic resources that occur in an unsupervisednera(Kohonen, 1982; Miikkulainen,
1990). In psycholinguistics, SOMs have been preshp@applied to simulate phonological
development in children (Li, Farkas, & MacWhinn@@04) or category-specific deficits in
semantic representations (Zorzi, Perry, Zieglerdtiaart, 1999).

Mathematically, SOMs can be seen as a tool for ingpg multidimensional data set
onto a much lower dimensional space. An importardlity of this mapping process is that
frequency information is retained. We thereforeemtpgo observe a word frequency effect
during word learning. In addition, similarities ass different input vectors are coded in the
feature map. The absence of an effect of orthogeapbighborhood in the empirical data
might therefore be a problem for our model.

SOMs offer several advantages relative to prioenagits to simulate word learning



using backpropagation, over and above the factttiegtlearn without supervision. First, they
require much fewer presentations for successfuhieg, and as will be shown in the present
study, the numbers involved are more in line witl éstimated exposure of children to print
during reading acquisition. Second, they do nofesufrom catastrophic forgetting. The

localist nature of higher-level representations such models protects them against
interference from subsequent learning of differtams.

Method
Learning base

Three sets of four- and five-letter words were aotied from Manulex (Lété et al.,
2004) to serve as the training corpus. The gradetvas selected to represent exposure to
print in first grade primary education in Francedaonsisted of 54 014 occurrences of 1198
different words appearing in grade 1 reading t@dlds. The grade 2 set reflected exposure in
grade 2 and was composed of 54 341 occurrenceslwith different words. The grade 3+
training set reflected exposure in grades 3-5 adi@# 007 occurrences with 2404 different
words at each grade level. The same training sstugad in grades 3-5 because Manulex
only provides frequency counts for these three @tadels grouped together.

Input coding
SOMs can handle a large variety of different kinfisiputs (Miikkulainen, 2005), and

one important quality is their ability to handleataral” or realistic inputs. The starting point
of the present model is an orthographic coding mehéhat reflects the kind of flexible,
relative-position coding of letters in words thashbeen highlighted in recent behavioral
experiments (e.g., Grainger, Granier, Farioli, \lsgsche, & van Heuven, 2006; Perea &
Lupker, 2004; Schoonbaert & Grainger, 2004; Vanchss& Grainger, 2006; see Grainger,
2008, for review). Open bigram coding (Grainger &wWwHeuven, 2003; Grainger & Whitney,
2004) represents one possible representation &f lative-position coding (see Dehaene,
Cohen, Sigman, & Vinckier, 2005, for an accountoi open-bigrams can be derived from
visual input). Open-bigrams are formed of adja@mt non-adjacent pairs of letters in a given
order (e.g., the bigram “ab” implies that the letta” is before the letter “b” in the input
string). This coding scheme provides accurate onmfermation in the absence of precise,
length-dependent, position information. For examghe input of the word TABLE will be
represented by the following open bigrams: (TA, TB, TE, AB, AL, AE, BL, BE, LE). In
the specific implementation of open-bigram codisgdiin the present study, two additional
steps were taken. First, each bigram activationevatas modulated by the number of letters
separating the two letters of the bigram in thenslus word. The factor was equal to 1 for
TA, AB, BL, LE (adjacent letters), equal to .6 OB, AL, BE (letters separated by one letter),
equal to .1 for TL and AE (letters separated byet®efs), and equal to O for TE (letters
separated by more than two letters). This corredpda the Overlap Open Bigram model
described and tested by Grainger et al. (2006)or8Edigram activation was modified as a
function of letter visibility using the empiricallgetermined values provided by Stevens and
Grainger (2003). The bigram visibility value wa® tmean of the visibility values of each
constituent letter. For the example stimulus TABLe letter visibilities were T (.78), A
(.70), B (.72), L (.67), E (.65), and so bigram had a visibility of .74 (footnote 1). The
letters used were the 41 letters of lowercase aedeRrench (26 letters of the Roman
alphabet plus accented letters). This produced t68&1ibinations of paired letters arranged in
a vector. This vector [AA, AB, AC,..., ZX, ZY, Z4jas associated with the calculated values
of the active bigrams of a given input stimulus &ldd with zeros otherwise. Such a vector
will be referred to from now on as “bigram-word”hi$ kind of input defines a huge



multidimensional input space, but several SOM ayapilbns involve input spaces of this order
of magnitude (e.g., WebSOM: Lagus, Kaski & Kohorz®n4).

Architecture

The topology of the two dimensional map (word layarnsisted of 100 x 100 units
arranged in a grid. Each unit in this layer wageuh to its four map neighbors: North, East,
South, West. Each map unit was connected to alhihé layer units described above. A part
of the network is displayed in Figure 1. The dimensf the inter-layer connection matrix
was [1d, 1681], which allows the possibility of single dogl for ten thousand different word
representations, referred to from now on as “ldxigards”. Before learning, each element of
the inter-layer connection matrix (the weight mdtrwas assigned a real value randomly
chosen between 0 and 1.

Figure 1: lllustration of Full Connectivity betweéme Output Map (grid of black points) and
the Input Bigram Vector.

Training phase
SOMs are data-driven models in the sense thaetraihg algorithm is unsupervised.

Therefore our SOM has the ability to learn incretabyn from individual bigram-word
presentation (i.e., sets of bigrams corresponairrgdl words) without feedback. Each bigram
word presentation leads to connection weight meatifons of the maximally responding
lexical word unit and its neighbors (see FigureThie map used was two dimensional. At the
beginning of the learning phase, each map unitatoed a random template (1681 real values
within the range [0; 1], i.e. a weight vector) agdiwhich an input (the bigram-word vector
described in the input coding section) was matckeden bigram words were presented to
the input layer, the algorithm computed in parathe difference between templates and input
for all the map units. The map unit that verifiethjw-X|, where W is a map unit weight
vector and X the input values, was selected asnmhaing unit. Its weights were updated
according to

W1 =W, + OC.(Wt - Xt), (1)

where @961 and t the iteration step. The four neighbor undighits were updated

according to
Wit = Wit +8.(Whe - X0, (2)
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where W, represents the weights of a winning unit neighaod 'BDD[‘M], f < a. The
learning rates. andp were 0.95 and 0.5 at the beginning of the learpingse, i.e. grade 1
and grade 2 training sets. These values were ctand®8 and 0.3 respectively for the grade
3 to 5 training set, which are typical parametdtirsgs (for a more detailed presentation of the
SOM algorithm and standard parameter settings sdmien, 1995). It is important to note
that the construction of the map was incrementathé first few hundreds of bigram word
presentations, only central units responded toitipeits. Due to the properties of the
neighborhood weight updating, as learning progsssponding units spread on the map so
that more and more bigram words were processedigsalinput.

To ensure a reproducible network response, eadhingaset was presented three
times except for the grade 3+ set, which was ptedenine times (because this training set
comprised grades 3-5). By the end of training upgrerde 5, a network had processed about
900 000 bigram word occurrences. Bigram words iohetaining set were presented in
random order, and one hundred and twenty netwosgke wained according to the procedure
described above (24 networks for each grade, wbichesponds roughly to 1 network per
child). Training was incremental such that netwdiksgrades 2 and above were extensions
of the previously trained networks for the loweadgs (footnote 2).

Test phase and model readout

The 120 networks were used to simulate the perfocmaf 24 children per grade.
Model tests were carried out at the end of the®&lep of training for the grade 1 and grade 2
training sets and at the end of the third, sixtd amth epoch of the grade 3+ training set
(grade 3, grade 4 and grade 5 simulations, resedgti The unique maps built at these
particular epochs form a representation of theaatiaphic lexicon of a child at the end of
each grade. In order to generate response reaftesutthe SOM in the form of RTs and
percent errors, the bigram-word weights of a gitramed network were introduced in a two-
layered Interactive-Activation Model (IAM, McCleha & Rumelhart, 1981) with open-
bigrams and word representations. The main differerbetween the standard IAM and the
one implemented here are the following: (i) the ofskigrams instead of letters, (ii) the use of
SOM weights for setting connection strengths betwbgrams and words, and (iii)) the
absence of resting level activations of the wordsuat the beginning of a trial. All other
aspects of IAM described in McClelland and Rumédiliia®81), including parameter values,
were not modified. Simulated reaction times andoprtion of errors were then obtained for
the 56 words used in the behavioral experiment whi#hn SOM weights corresponding to
training after grades 1-5. RTs were measured asbeurof cycles to reach a criterion
activation level (average asymptote minus 10% f ¥alue), and errors were coded as trials
on which this criterion level was not reached (iasymptotic activation was lower than the
criterion level; footnote 3).
Simulation Results

The simulation results are presented together Wiéhhuman data in Figure 2 (%
errors) and Figure 3 (RTs) for both the frequenag the neighborhood effect. Because the
error rates in the early grades are quite highufao50% for low-frequency words), the
accuracy data are probably more meaningful thaiRtheata.
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frequency; LF — low frequency) and Orthographic didiorhood (number of orthographic
neighbors: HN — high; LN — low) on Percent Erraggdr bars represent standard errors).
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Figure 3. Behavioral and Simulated (SOM&IAM) Effecbf Word Frequency (HF — high
frequency; LF — low frequency) and Orthographic didiorhood (number of orthographic
neighbors: HN — high; LN — low) on RTs (error begpresent standard errors).

The simulation results were analyzed in exactlydhme way as the human data, that
is, we performed an ANOVA with Grade Level, Fregeaenand Neighborhood Size as
factors. The ANOVA was performed on the item me@f. This analysis revealed a main
effect of grade on reaction time (RT) and percerdrs (Err), [F2 (4,208) = 18.61, p < .0001;
F2 (4,208) = 29.12, p < .0001, respectively], iatileg that speed and accuracy both
increased with reading ability. A main effect of ddrequency was found in both RTs and
percent errors, [F2 (1,52) = 16.38, p < 0.001; E82) = 18.51, p < 0.001 respectively]. High
frequency words were processed faster and moreaetuthan low frequency words. These
effects were qualified by a significant interactioetween grade and frequency in both RTs
and percent errors, [F2 (4,208) = 6.03, p < 0.062(4,208) = 6.60, p < 0.001], indicating
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that the simulated frequency effect decreased wgitde. Again, as in the human data,

neighborhood density showed no significant effant] there were no significant interactions
with this factor [all F2 < 1].

Frequency effects in SOM and children

The SOM successfully simulated the developmentéepa of the word frequency effect
observed in children. In order to provide a dirgmnparison of performance in the model and
in children, the frequency effect was transform@d a percentage gain in performance in HF
words compared with LF words. These percentageesalshown in Figure 4, were entered
into an ANOVA with Grade and Type of Data (Children SOM) as factors. An ANOVA
was conducted with participants and simulations) @l random factor. An analysis of the
error data revealed main effects of Grade and TofpPata [F1(4,200)=42.67, p < .0001;
F1(1,200)=15.02, p < .001], and no interaction [F1€An analysis of the reaction time data
revealed a main effect of Grade [F1(4,200)=14.0% ®001], no effect of Type of Data
[F1<1], and a trend to an interaction [F1(4,200)#2p < .1]. This pattern of results indicates
that the size of the frequency effect decreasekl griaide in both the children and the model in

a similar manner, and that the frequency effecRds was smaller in the model than the
effect found in children.

Size of the Frequency Effect on Errors
1 1 1 1 1
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Figure 4: Behavioral and Simulated Effect Size afrd/Frequency on Errors and RTs (error
bars represent standard errors).

SOM’s contribution

Our modeling approach consisted of building lexiegresentations via a series of
learning stages using a self-organizing map algorifSOM). This learning model was
combined with the interactive activation model (IAM order to generate read-out for lexical
decision RTs and errors. The question to be exaimoav is the extent to which the fit with
the behavioral data is driven by the weight adjesttmprocedure of SOM, or by the
architecture and read-out mechanisms of the |AMortfer to dissociate SOM'’s contribution
from the IAM, we compared the performance of theV®DAM model with two versions of
IAM: one with the standard slot-based letter coddingeme (McClelland & Rumelhart, 1981),
and the other with our open-bigram coding scheménfaut. In these two models, connection
weights between input and word-level representatididl not vary as a function of word
frequency and were set using the standard parawedtess of the IAM. Frequency was coded
in terms of variations of resting level activatiasfsvord representations, calculated using the
cumulative word frequencies across grades as pedviiy Manulex. Performance of these
three models (slot-code IAM, open-bigram 1AM, SOM&MI) was compared by computing
correlations on means per item per grade (N=280)fodel and children. It can be seen in
Table 2 that the open-bigram code version of IAMg@ened better than the classic slot-code
version, hence providing additional support forsthype of flexible letter position coding
scheme. Most important, the weight adjustment mocee of the SOM produced stronger
correlations than the frequency-adjusted restingtlactivation model, with everything else
being equal between these two models.

Table 2 Correlation between Behavioral and Simulated Re$IAM Slot Code; IAM
Open Bigram Code; SOM&IAM Open Bigram Code) for B@n Time Measures (RT) and
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Error Percentages (Erp-levels in parentheses.

IAM IAM SOM&IAM

Slot Code Open Bigram Code Open Bigram Code

RT RT RT Err
0.13 0.23 0.40 0.47
(0.02) (<0.001) (<0.001) (<0.001)

The fact that SOM outperformed the standard IAMthwiesting-level activations
varying as a function of cumulative frequency,glence that the pattern of effects found in
children is not simply a direct reflection of howngulative frequency varies across grade
level. Indeed, if we plot the actual cumulativegnency values of the low and high frequency
words tested in the present study as a functiagrade level then we see a much faster rise in
cumulative frequency for high frequency words coredawith low frequency words.
Therefore a simple measure of cumulative frequevayld incorrectly predict an increase in
the size of the word frequency effect across gladel.

GENERAL DISCUSSION

The present study provides an empirical and theatetnalysis of the development of
the word frequency effect during reading acquisiti€hildren in grades 1 through 5 were
shown high-frequency and low-frequency words irexidal decision task. Lexical decision
performance was found to be significantly more saateufor high-frequency than for low-
frequency words, and the size of the word frequeafégct decreased significantly with age.
Our results show that word frequency has a stramgact on visual word recognition right
from the very first phases of reading acquisitibhe behavioral experiment also examined
effects of orthographic neighborhood density bus thariable did not significantly affect
lexical decision performance in the present study.

A simulation study with a self-organizing map (SONKohonen, 1982) successfully
simulated the main pattern of effects found in thehavioral experiment. The model
comprises an orthographic input layer that codesidkntity and relative-positions of letters
in the stimulus input (open-bigram coding: Graingervan Heuven, 2003; Grainger &
Whitney, 2004), and a “lexical” layer that assignsingle node to a given recurring input
pattern. The model was trained with an ecologice#liid corpus extracted from text books
used to teach reading in French primary schools. Sdme text books were used to estimate
word frequency as manipulated in the behavioral egrgent. In order to simulate
performance in a lexical decision task, the SOM ehadas combined with an interactive-
activation model (IAM) in order to generate responsad-out in terms of predicted RTs and
errors. The SOM was used to determine the bigramstweeight values in the IAM.
ANOVAs performed on the simulated RTs and erromagd exactly the same pattern as the
ANOVAs performed on the behavioral data. Most stigky, the model accurately simulated
the word frequency effect and the interaction betwBequency and grade in children. That
is, the model correctly showed a diminishing effe€tword frequency as a function of
simulated number of years of learning to read. Haurhore, the non-significant effect of
orthographic neighborhood size found in the simoiatesults is also in line with the pattern
found in the behavioral experiment. The good fiiAeen the model and data, in particular the
fact that the model captured the main effects efiiency and grade as well as the evolution
of frequency effects with age, suggests that aifsignt part of learning to read words
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involves the kind of self-organized learning medblians that are implemented in our model.
It is important to note that our simulation studpwed us to demonstrate that the weight-
adjustment algorithm of the SOM outperforms a sempequency-adjusted resting level
activation mechanism.

Our model was trained to associate specific contioing of letter sequences (coded as
sets of contiguous and non-contiguous bigrams) wvathunique higher-level category
representation (lexical nodes). These lexical acategodes therefore implement a level of
whole-word orthographic representations (orthogi@piord forms). In the earliest phases of
learning, a single lexical representation is attgaby the different words that are presented
to the model. However, as more and more words @gepted to the network, the mapping
between orthographic input and lexical represemsmatbecomes less and les ambiguous as a
function of the number of times a word is presenBydthe end of simulated grade 1, a stable
mapping begins to emerge between the orthographputi and higher-level lexical
representations such that a majority of the wands have been presented to the network now
correctly activate a distinct lexical representati@ne-to-one mapping). However, some
words in the grade 1 pool still have an ambiguouns-tw-many mapping from lexical
representation to input representation. It is thveseds that generate an error in the simulated
performance of children’s lexical decision accuradihat is critical in the simulation results
is that the number of errors is shown to dependifstgntly on word frequency in grade 1,
and that this influence of word frequency diminishas reading experience increases.
Basically, the model's performance to high frequewords asymptotes quite quickly, while
performance to low frequency words develops moosvisl This is a direct result of the
algorithm used to adjust connection strengths & rtiodel as a function of exposure to a
given input. As the weights get closer to their maxn value (1.0 in the present
simulations), the change in weight becomes smalleh that with unlimited exposure the
weight value converges asymptotically to its maximualue. This is a feature shared by
many neural networks, with the consequence thaghwehanges are relatively large in initial
phases of learning and gradually diminish with meomd more training.

Our self-organizing model of orthographic learngenerated a developmental pattern
that provided a very good fit with the learningeifound in children between grades 1 and
5. Moreover, this good fit with the empirical datas obtained with a realistic exposure of the
model (in terms of number of epochs) to an ecohllyicvalid training corpus. The relative
success of the SOM contrasts with the difficultybaick-propagation networks to generate
plausible developmental patterns (Hutzler et a004). In contrast to back-propagation
models (Seidenberg & McClelland, 1989; Harm & Selukrg, 1999; 2004; Plaut et al.,
1996), there are no hidden units in the SOM. Néwedess, the resulting map shows certain
non-linearities. For example, an informal analygishe different maps shows that words tend
to be topologically organized into similarity nelirhoods, with clusters of words on the
map presenting a certain orthographic similarity.spite of this generality, in some cases
words are located far from their expected simyaciuster. Future research will explore the
extent to which the topographic structure of SOMm capture effects of orthographic
similarity neighborhoods in visual word recognitidrhis research should apply more refined
measures of orthographic similarity that go beythesimple N metric.

The idea that a significant part of the learningdhographic representations proceeds
in an unsupervised fashion fits with current acesunf skilled reading that propose a division
of labor between orthographic and phonological gesses (Harm & Seidenberg, 2004), or
others that make a clear distinction between amographic and a phonological pathway in
skilled reading (Coltheart, Rastle, Perry, LangddrZiegler, 2001; Grainger & Ferrand,
1994; Grainger & Ziegler, 2007; Perry, Ziegler &rZp 2007; Zorzi et al., 1998a). For
example, Zorzi et al. (1998a) have shown how a k&nwo-layered associative network using
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the supervised delta learning rule can successiedlsn regular sublexical spelling-to-sound
correspondences but a lexical procedure is needktn irregular words. Our unsupervised
SOM provides such a mechanism for learning wholedwarthographic representations that
can then map onto whole-word phonology via simgleoaiative learning. This whole-word
route from orthography-to-phonology would allow aate reading aloud of irregular words.
It is important to note that Li et al. (2004) haaweccessfully applied a SOM to the learning of
phonological representations of spoken words. leutesearch should therefore examine how
our orthographic learning map could be connected tmap of whole-word phonological
representations as in the Li et al. model.

Finally, the success of our model also providesraatl confirmation of the role of
some form of relative-position coding of letter pios information during the processing of
orthographic information. Support for this type wmiput coding was provided in our
comparison of the simulation results obtained vaithopen-bigram version of the IAM and
the standard slot-based coding scheme versioneofAhl (McClelland & Rumelart, 1981).
In future simulation work, we will examine whetheur SOM can capture some key
phenomena observed with adult participants, sut¢haasposed-letter (Perea & Lupker, 2004;
Schoonbaert & Grainger, 2004) and relative-posipoiming (Peressotti & Grainger, 1999;
Grainger et al., 2006; van Assche & Grainger, 2006)
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Footnhotes

1. The weighting of bigram activation by empiricaltétvisibilities was motivated for
extended tests of the SOM that are not reporteddrpresent study, and is not critical
for the results of the simulations presented here.

2. The training regime used in the present simulasituay is arguably much closer to
the real-life exposure to print of children leaignito read, compared with the training
regimes that are typically used with back-propagatietworks.

3. Here we assume that beginning readers performetkieal decision task as a word
identification task — respond “yes” when a wordasognized, and “no” otherwise.
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