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tested, and (b) the simulations produce results based on generic
parameter values (not fits).

Grainger and van Heuven’s (2003) open-bigram model is based
on the assumption that the relative position of a letter is coded on
the basis of its local context, that is, coded with the context of
letters that co-occur within the string (up to a limit of two inter-
vening letters). This local context corresponds to a set of open-
bigram units. For instance, the open bigrams for the word judge
would be ju, jd, jg, ud, ug, ue, dg, de, and ge. Under Grainger and
van Heuven'’s original formulation, je would not be an activated
open bigram because its distance is beyond the limit of two
intervening letters.>

The architecture of the Grainger and van Heuven (2003) model
is shown in Figure 11. The input for the model is the visual
stimulus, processed by the alphabetic array, which is a bank of
detectors that processes all the characters in parallel and provides
an accurate retinotopic map of the string. The information in the
alphabetic array is fed on to the relative order map, which is
composed of units that code whether ordered pairs of letters are
present in the alphabetic array. Grainger and van Heuven used this
model to compute similarity between primes and targets to account
for masked priming results with transposed-letter items.

The SERIOL (sequential encoding regulated by inputs to oscil-
lation within letter units; Whitney, 2001, in press; see also Whit-
ney & Berndt, 1999; Whitney & Lavidor, 2005) model was de-
signed to explain the process of reading strings of letters, from
graphic feature detection to word identification. The model has
five implemented layers: edge, feature, letter, bigram, and word.
This model uses a letter-tagging coding scheme, in which each
letter is marked for the ordinal position in which it occurs within
a letter string. For instance, the word slat would be represented by
S-1, L-2, A-3, T-4. This letter-tagging scheme is also accompanied
by the activation of bigram nodes—ordered pairs of letters—so
that the word slat would be represented by the following bigrams:
sl, la, at, sa, st, and It (cf. Grainger & van Heuven’s, 2003, model).
For example, slat shares three bigram nodes with the transposed-

Figure 10. Plot of the overlap value and the predicted error rates for all
the experiments. The symbols correspond to the different types of exper-
iments in this article. a = Experiment la (nonword target and foils); b =
Experiment 1b (nonword targets and foils with no manipulations of the first
letter); w = Experiment 2 (word targets and nonword foils); n = Exper-
iment 2 (nonword targets and word foils); x = Experiment 2 (word targets
and word foils); 3 = Experiment 3 (nonword targets and foils with letter
migration); 4 = Experiment 4 (nonword targets and foils with double
letters); 5 = Experiment 5 (nonword targets and foils with letter insertion).

Figure 11. Architecture of the open-bigram model. The alphabetic array
is a bank of letter detectors that processes the visual stimulus. The infor-
mation in the alphabetic array is decomposed in the relative position map,
which in turn activates the whole-word representations in the O-word layer
(adapted from Figure 1 in Grainger & van Heuven, 2003).

letter neighbor salt (sa, It, sl), which is the same number it shares
with the one-letter-different neighbor scar (sa, at, st). Thus, salt
would be equally similar to and equally confusable with both slat
and scat.

More specifically, in the SERIOL model, during the process of
visual word recognition, each letter node undergoes synchronous
excitatory subthreshold oscillations resulting in a sequential firing
in left-to-right sequential manner (in Western languages). In the
oscillatory cycle, only the letter node receiving the highest level of
input can exceed threshold and fire (e.g., the letter ¢ in the word
trial), and as excitation increases over time, the letter node receiv-
ing the next highest level of input can fire (i.e., r), and so on. It is
important to note that the temporal encoding of letter nodes also
activates bigram nodes and that the activity across bigram nodes is
used to activate lexical units. The amount of activation of each
bigram node depends on its constituent letter activations, although
it is also influenced by the firing delay between those letter nodes
when neither letter node is highly activated (i.e., the firing delay
makes the open bigram #r more highly activated than the open
bigram ta in the word trial). Thus, the bigrams that encode the
first/second and first/last letters of a string are the most highly
activated, and those encoding the second/third and second/last
letters are the next most highly activated, and so on (see Whitney
& Lavidor, 2005). As a result, two words will be the most per-
ceptually similar when they share the most highly active bigrams,
and this would be independent of string length. This predicts that
hose may activate the lexical entry of house (i.e., the effects of
addition/deletion neighbors; see Experiment 5).

Both the open-bigram model and the SERIOL model require an
input that contains information about letter position before they can
extract the bigrams. More specifically, these models use this input (in
which the letter positions are correctly encoded) to produce a noisy
encoding of position. The SOLAR model, on the other hand, uses a
spatial coding scheme (see Figure 12 for a graphical representation) in
which the order of letters is coded by the relative activity of a set of
letter nodes. In this way, the transposed-letters words salt and slat

3 In our experiments, we have shown that letter transpositions that are
even three letters distant show larger similarity than the control conditions;
however, the Grainger and van Heuven (2003) model could readily be
extended to include bigrams separated by more than two letters.
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Figure 12. The different panels in the figure show the sequential coding in the SOLAR model for the words
SLAT, SCAT, SALT and SOAP (adapted from Figure 1 in Davis & Bowers, 2004). Within each panel, the x-axis
shows an unordered set of letters, and the y-axis shows the activation for each of these letters.

share the same set of letter nodes, but they produce different spatial
patterns. The SOLAR model also assumes the presence of a left-to-
right serial input (in Western languages), such that the letters are
processed sequentially. Because serial position is coded by relative
activities rather than via position-specific codes, and because of the
way the network computes bottom-up input, salt and slat are more
similar and, hence, more confusable than slat and scat. Thus, the
SOLAR model can readily explain some transposed-letters similarity
effects. The coding scheme of the SOLAR model is only the front end
of the model; indeed, the model can account for a number of phe-
nomena in the literature (e.g., lexical status, frequency, orthographic
neighborhood, masked priming, and pseudohomophone effects).

There is one basic difference between the overlap model and
the open-bigram, SERIOL, and SOLAR models. These last
three models include an intermediate stage that requires (and
uses) accurate information about letter position to extract big-
rams to represent order. This order representation is then used
to produce a noisy representation of position. One can ask why
the system cannot access this accurate information about posi-
tion. In contrast, in the overlap model a perfectly accurate
position encoding is not available during matching a test to a
study string (though accurate position information might be
produced by other processes).

We compared the predictions of the four models (the overlap
model, the SERIOL model, the open-bigram model, and the
SOLAR model) by using predictions from the parameter values
for the overlap model and by using Davis’s (2007) MatchCal-
culator program® for the latter three models. Again, the output
of the MatchCalculator program is obtained with generic pa-
rameter values, unlike the predictions of the overlap model,
which are obtained by fitting the model to the data. The pre-
dictions were used to produce correlations between target—foil
similarities for each model and between the models and the
empirical error rates (averaged from Experiments la, 1b, 3, and
5) for the transposed-letter, letter replacement, letter migration,
control for letter migration, and letter insertion conditions. For
the overlap model, we did not include the scaling parameter a,
so the comparison among models was solely on the basis of

string similarity. The scatterplots between the models’ string
similarity predictions and the empirical error-rate values are
shown in Figure 13. The correlations between the model simi-
larities and the data are .588 for the open-bigram model,’ .655
for the SOLAR model,® .850 for the SERIOL model, and .927
for the overlap model. This very high correlation found between
the data and the overlap model indicates that our model pro-
vides an excellent description of how string similarity affects
performance in the forced-choice task. Of course, comparing
these correlations should be done with caution, and they are
presented here not with the intention of falsifying the other
models but to show that the overlap model can account for the
data at least as well as the letter coding component of the other
models.

Interestingly, we should also note that a nonimplemented neural
model of letter position coding has been proposed recently by
Dehaene, Cohen, Sigman, and Vinckier (2005). This model as-

4 This program can be downloaded from Colin Davis’s Web site at
http://www.pc.rhul.ac.uk/staff/c.davis/Utilities/MatchCalc/index.htm.

>In a recent article, Grainger, Granier, Farioli, Van Assche, and van
Heuven (2006) indicated that open bigrams would be weighted according
to the amount of distance between the component letters in the input string.
In this case, the predictions of this “overlap open-bigram” model would be
closer to those provided by the SERIOL model.

It is possible that some tweaking of the parameters of the SOLAR
model would produce a better correlation value. One option, suggested by
Colin Davis, would be to compute the correlation after a constant of .3 had
been subtracted from the match value for each of the 16 conditions in
which there was a mismatch between the initial letters of the target and foil
stimuli (e.g., the match between ABCDE and BACDE would change from
.89 to0 .59, whereas the match between ABCDE and ACBDE would remain
unchanged at .89). The subtraction of this constant would be intended to
reflect the decreased likelihood of participants choosing a foil with a
mismatch in the initial letter (whether due to phonological factors or purely
orthographic factors based on the reduced position uncertainty associated
with this position). This modification had the effect of increasing the
correlation coefficient up to r = .90.
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Figure 13. The bottom left panels show scatterplots of the similarity values for the four models (overlap model,
SERIOL model, open-bigram model, and SOLAR model) and the error-rate data. The points are represented by
numbers that correspond to the type of item: 1 = adjacent transpositions; 2 = nonadjacent transpositions; 3 =
single replacements; 4 = adjacent replacements; 5 = nonadjacent replacements; 6 = letter migration; 7 =
migration + insertion; 8 = double letters; 9 = nonadjacent letter repetition; 0 = letter insertion. The diagonal
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panels show histograms of values, and the top right panels show the correlations.

sumes the existence of a noisy letter-detection system at the level
of the so-called visual word form area, an assumption that is
compatible with the overlap model, and furthermore, it provides
biological plausibility to the idea of noisy letter position coding in
terms of neural activity.

Finally, the generalization of the front end of a visual word-
recognition model to the context of normal reading is challenging
for all current coding schemes, in particular the role of parafoveal
information. In turn, a highly successful model of normal reading
such as the EZ reader model (Reichle, Pollatsek, Fisher, & Rayner,
1998) does not have a lexical/orthographic module, and hence, it
makes no specific predictions concerning letter position coding
(see Johnson et al., 2007). Further research is necessary to provide
a link between the input coding scheme in models of visual word
recognition and the when/where processes in models of eye-
movement control. Consistent with the assumptions of the overlap
model, letter position coding in normal reading is less accurate in
the measures that reflect early stages (e.g., first fixation durations
in parafoveal priming experiments), while it becomes more precise
in later measures of eye movements (see Johnson, 2007).

Reducing Number of Parameters in the Overlap Model

As can be seen in Table 3, the values of standard deviation
parameters are quite similar across experiments. This allows us to
reduce the number of parameters by fitting the standard deviation
for each position with a simple exponential growth to asymptote
function over letter position:

s; =d(1 — exp[—(i — .5)Ir]). 4)

The value of the s parameter rises across letter positions (i) with rate
runtil it reaches an asymptotic value d. By using this function, we are
able to reduce the number of free parameters for s from five to two
with relatively little loss of accuracy of the fits; these two parameters,
along with one or two scaling parameters (a in Equation 2 or a and b
in Equation 3) yield three or four free parameters, which are able to
account for between 16 and 36 degrees of freedom per experiment in
the data. Figure 14 shows the best fitting exponential functions (the
lines) and the s parameters reported in Table 3. Each of the panels
corresponds to a different data set: The A points (in the top left panel)
correspond to the s, to s5 parameters in Experiment la; the B’s
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Figure 14. The different panels show the parameters s, to s5 for each of the data sets A = Experiment la; B =
Experiment 1b; 2 = Experiment 2; 3 = Experiment 3; 4 = Experiment 4; 5 = Experiment 5. The lines show

the best fitting exponential approach to a limit function.

correspond to Experiment 1b; and the 2’s, 3’s, 4’s, and 5’s correspond
to Experiments 2, 3, 4, and 5, respectively. As can be seen, the
exponential growth to an asymptote provides an excellent description
of the s parameter behavior across position.

For each data set, after the exponential function was fit to the
original parameters (the ones reported in Table 3), a new set of s
values was generated with Equation 4. Then, the original scaling
parameters (the a and b in Equations 2 and 3) were used to
generate predictions.

The predictions from the three or four parameter (asymptote,
rate, and one or two scaling exponents) model provide an excellent
account of the experimental data. Figure 15 presents a plot of the
obtained error rates and the error rates predicted by the simplified
model, and it is very similar to Figure 9, which used the original
standard deviation parameters. The correlation between the ob-
served and the predicted error-rate values is r = .923, #(169) =
31.07, p < .001, which is only marginally smaller than the one
with the original parameters (r = .942).

To reduce the number of parameters even more, we obtained the
average values for the asymptote d and the rate r across the six data
sets (average r = 1.094, and average d = 1.544) and generated
overlap values (Equation 1) for the 81 conditions (Experiments 1a,
1b, 3, and 5) for which two exponents were not needed (Equation
3). The overlap values generated by this two-parameter model

have a correlation with experimental accuracy values of r = 915,
1(79) = 20.187, p < .001 (see Figure 15).

To reiterate, these same conditions were used to obtain the
correlations between the data and the open-bigram, SOLAR, and
SERIOL models. The correlations between the error-rate data and
the models were .616 for the open-bigram model, .703 for the
SOLAR model, and .895 for the SERIOL model. Thus, this highly
simplified version of the overlap model (with parameter values
obtained by averaging across experiments) provides a fit to the
data that is as good as or better than the open-bigram, SOLAR, and
SERIOL models described above. The correlation of overlap with
experimental data for the two-parameter model puts the compari-
son of the overlap model on a closer footing with the comparisons
with the SERIOL, open-bigram, and SOLAR models because the
models are not individually fit to experimental data.

To provide one additional comparison in which none of the models
had been fit to data, we compared the similarity match values from the
overlap, SERIOL, open-bigram, and SOLAR models with data from
Experiment 3 in Ratcliff (1987). This experiment was designed to
distinguish between conditions in which absolute position is similar in
study and test strings and conditions in which relative position is
similar in study and test strings. For example, for a study string
ABCDE, the test string BCDEA has no letter in correct absolute
position but has four letters in correct relative position. None of the



THE OVERLAP MODEL 593

0.5 -
£ 04 ,5’
l;:“ . 3PHA b Sas
5 o3 - 3; ®
u_t_, : aa 35?8 a 55
8 0.2 - bple, @ B, 5
= By

3

g 01+ ot gaa

0.0

I T I T I T
0.0 041 02 03 04 05

Predicted Error Rate

Figure 15. The figure shows plots of the similarity values for the
two-parameter model (a rate » of 1.105 and an asymptote d of 1.617 for
the exponential function in Equation 4). a = Experiment la; b =
Experiment 1b; 3 = Experiment 3; 5 = Experiment 5.

Table 8

four models were fit to the data, and the generic parameter values
(including the two exponential function parameters from the overlap
model) were used to generate similarity values. The error-rate data
and models’ predictions are shown in Table 8, and the simplified
(two-parameter) overlap model provides a better account of the data
(r = .850 between overlap and proportion of correct) than the SOLAR
(r = .522; but see footnote 6), SERIOL (r = .603), and open-bigram
(r = .545) models. Thus, it is clear that the overlap model provides a
highly plausible mechanism for the early stages of letter position coding.

Finally, Appendix B also provides some overlap values for com-
parison with masked priming effects. These additional analyses show
that the positional encoding mechanisms described in this article are
compatible with the masked priming effects that have been reported in
a segment of the literature on letter position coding.

In sum, developing theories that can be applied across experi-
mental domains is an important step toward the goal of developing
general theoretical principles of cognition. The overlap model
discussed in this article is based upon principles similar to modern
attention theories like Logan’s (1996) CODE theory and classic
theories of order information in memory like Estes’s (1975). We

Predictions of Different Models and Data From Archival Data (Ratcliff, 1987, Experiment 3)

Model

Error rate in Ratcliff’s

Alternatives SOLAR Open bigram SERIOL Overlap (1987) Experiment 3
ABCDE ABCED .68 78 .70 1.61 .570
ABCDE ABDCE .87 .89 .82 1.60 391
ABCDE ABDEC .62 .67 54 1.46 238
ABCDE ABECD .62 .67 .54 1.45 237
ABCDE ABEDC .61 .56 .39 1.40 254
ABCDE ACBDE .87 .89 .82 1.55 .330
ABCDE ACBED .55 .67 .53 1.46 224
ABCDE ACDBE 74 78 .67 1.41 268
ABCDE ACDEB .67 .56 57 1.30 178
ABCDE ACEBD 46 .56 47 1.26 164
ABCDE ACEDB .56 44 43 1.24 157
ABCDE ADBCE 74 78 .66 1.36 263
ABCDE ADBEC 46 .56 A7 1.23 162
ABCDE ADCBE .68 .67 51 1.32 244
ABCDE ADCEB .53 44 43 1.21 173
ABCDE ADEBC .38 44 43 1.03 139
ABCDE ADECB .38 .33 .30 1.05 137
ABCDE AEBCD .67 .56 .57 1.25 162
ABCDE AEBDC .56 44 43 1.20 174
ABCDE AECDB .60 .33 .33 1.19 210
ABCDE AECBD .53 44 43 1.21 159
ABCDE AEDBC .38 .33 .30 1.06 157
ABCDE AEDCB A7 22 .16 1.09 .149
ABCDE AXCDE .80 .56 .66 1.38 250
ABCDE ABXDE .80 .56 .59 1.43 218
ABCDE ABCXE .80 .56 .66 1.44 333
ABCDE ABCDX .80 .67 .66 1.45 .380
ABCDE BACDE .68 78 .69 1.20 113
ABCDE CBADE .61 .56 .38 0.94 .090
ABCDE DBCAE .60 .33 .33 0.88 .090
ABCDE EBCDA .60 .33 .33 0.86 .092
ABCDE XBCDE .80 .67 .66 1.09 129
ABCDE CABDE .62 .67 54 0.95 .100
ABCDE BCADE .62 .67 .54 1.03 .105
Correlation between Ratcliff

(1987) data and model
predictions r=.522 r=.545 =.603 r=.850
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hope that the overlap model can serve as a common organizing
structure between the fields of attention, memory, and word rec-
ognition.
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Appendix A

Methods and Results

This appendix includes the Method and Results sections for all
experiments.

General Method
Participants

Northwestern University (Evanston, IL) undergraduates partici-
pated in these experiments. There were 18 participants in Experiment
1a, 17 in Experiment 1b, 24 in Experiment 2, 20 in Experiment 3, 22
in Experiment 4, and 32 in Experiment 5. None of the participants
took part in more than one experiment, and all of them were fulfilling
a requirement for an Introduction to Psychology class.

Materials

For all experiments, we created sets of similar stimuli by rearrang-
ing the letters in either pseudowords or English words. The
pseudowords (1,380 of them) were created by substituting the vowels
in an English word with other vowels. Each target stimulus (or any of
the items generated by it) was presented only once. Table 1 in the
main text shows what types of stimuli were used in each of the
experiments. During the generation of items, vowels were always
replaced by vowels, and consonants were always replaced by conso-
nants in the replacement conditions. Of course, this produced an
unavoidable confound—transpositions might alter the consonant—
vowel structure to a higher degree than replacement items—however,
we do not believe that this affected the results in a fundamental way.

Experiment 1. In Experiment 1, the alternatives in the forced-
choice task were a pseudoword and a similar letter string that was
generated by either transposing two letters, replacing one letter, or replac-
ing two letters (see Table 1 in the main text). There were 23 types of
stimuli in Experiment la and 17 in Experiment 1b. In Experiment 1a,
there were 15 experimental blocks with 92 trials each, and in Experiment
1b, there were 18 experimental blocks with 68 trials each.

Experiment 2. There were two sets of materials. The first set
included 814 five-letter words selected from the Kucera and Francis
(1967) list. The words had a mean frequency of occurrence of 68 per
million (range: 4-2,714). For a given word, the similar nonword
items could be a transposed-letter item, a single replacement item, or
a double replacement item. Transpositions, replacements, and single
replacements were constructed the same way as in Experiment 1a. A
second set of 201 word—word pairs was also selected from the Kucera

and Francis (1967) norms. In these pairs, words shared all the letters
except for two that were transposed (e.g., adjacent transposed-letters
pairs such as trial—trail or nonadjacent transposed-letters pairs such
risen—siren). Note that we did not use replacement items because of
the very low number of words that can generate both a replaced-letter
and a transposed-letter word neighbor. The mean frequency of the
words was 36 and 20 per million for the adjacent transposed-letters
and the nonadjacent transposed-letters words, respectively. Given the
small number of word—word pairs of five letters, we also used word—
word pairs of six and seven letters (making the mean letter length 5.6
letters and the range 5-7). Each participant was shown 736 trials
randomly chosen from the word—-nonword set (all five letters long and
counterbalanced across participants) and 192 (randomly selected from
the set of 201) trials from the word—word set. If one participant was
presented with a word target in the word-nonword pair, the next one
would be shown the nonword as a target. Overall, there were eight
experimental blocks with 116 trials each, for a total of 928 trials.

Experiment 3.  The pseudoword list was used in Experiment 3,
in which there were 23 conditions that included single letter
replacement conditions, adjacent letter transposition conditions,
letter migration conditions, and orthographic controls for the letter
migration conditions. For example, assuming ABCDE as one of
the alternatives, in the letter migration conditions the other alter-
natives were BCADE, ACDBE, CABDE, ABDEC, ADBCE, AB-
ECD, and AEBCD; and an orthographic controls for the letter-
migration items were BCXDE, ACDXE, XABDE, ABDEX,
AXBCE, ABXCD, and AXBCD. Overall, there were 13 experi-
mental blocks with 92 trials each (four items of each of the 23
conditions per block), for a total of 1,196 trials.

Experiment 4. The pseudoword list was used in Experiment 4.
Thirty-seven conditions were used in this experiment. For a stimulus
without any repeated letters (e.g., ABCDE), the foils could be non-
words with a letter repeated in an adjacent or nonadjacent position
(ABBDE, ABCCE, ABCDD, ABADE, ABCBE, ABCDC, and AB-
CDB). The strings with repeated letters were also used as targets, with
the foils being strings with no repeated letters. The third type of item
consisted of foils and targets with repeated letters (12 conditions:
ABBDE vs. ADBBE, ABCCE vs. ACCBE, ABCDD vs. ABDDC,
ABADE vs. BADAE, ABCBE vs. ACBEB, and ABCDC vs.
ACBCD). In addition, to further constrain the model, we included
transposed-letter items and single replacement items, as in the previ-
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ous experiments. For each participant, 1,249 pairs were selected.
Opverall, there were 13 experimental blocks with 96 trials each.

Experiment 5. The pseudoword list was used in Experiment 5.
In addition to transposed-letter and single replacement letter items,
this experiment featured the insertion of letters; if one of the
alternatives was ABCDE, then the other alternative was AXB-
CDE, ABXCDE, ABCXDE, ABCDXE, or ABCDEX. For each
participant, 1,080 pairs were randomly selected. There were 15
experimental blocks with 72 trials each.

Procedure

Participants were tested in groups of one to three. PC-compatible
computers controlled presentation of the stimuli and recording of re-
sponse times. Stimuli were presented on a 15-in. computer monitor in
24-point BrHand font (similar to nonproportional Courier fonts). On each
trial, a fixation point (a + sign) was presented for 500 ms on the center
of the screen. Then, an uppercase letter string was presented on the center
of the screen for 60 ms, followed by a mask with an image composed by
random segments of letters. Two uppercase letter strings were presented
two lines below the mask, one to the left and the other to the right of the
location where the stimulus test had been presented (see Figure 2 in the
main text). One of the alternatives was the stimulus item, and the other
was a foil. Participants were told to indicate which alternative was the
stimulus item that had been presented briefly. The order of presentation
was randomized across participants, and in all experiments, each alterna-
tive was the correct response in equal number of trials.

Results for All Experiments
Experiment 1

In this and in subsequent experiments, responses with latencies
less than 250 ms or greater than 1,600 ms were excluded from the
analyses (less than 1% of all responses). Response probabilities
were calculated for each participant for each condition, and then,
they were averaged across participants.

Table 2 in the main text shows the response probabilities for each
condition. In this and in subsequent experiments, unless otherwise
noted, all significant effects had p values of less than .05. For Exper-
iment la, we first conducted an analysis of variance (ANOVA) to
examine the effect of position across the five conditions with a single
letter replacement. The results showed a significant effect of position,
F(4, 68) = 43.94, which was caused mainly by the elevated propor-
tion of correct responses when the mismatch occurred in the initial
letter position. Second, we conducted an ANOVA to examine, for
adjacent transpositions/replacements, the effects of type of trial (trans-
position or replacement) and letter position(s) being manipulated
(first/second, second/third, third/fourth, and fourth/fifth). The
ANOVA showed an effect of letter position, F(3, 51) = 70.54; type
of trial, F(1, 17) = 89.61; and more important, an interaction between
the two factors, F(3, 51) = 14.10: The transposed-letter effect was
smaller when the transposition involved the initial letter position.
Third, we conducted a parallel ANOVA with nonadjacent letter
positions (one letter in between) to examine the effects of type of trial
(transposition or replacement) and letter position(s) being manipu-
lated (first/third, second/fourth, and third/fifth). Again, the ANOVA
showed an effect of letter position, F(2, 34) = 78.87; type of trial, F(1,
17) = 57.48; and more important, an interaction between the two
factors, F(2, 34) = 11.88: The transposed-letter effect was smaller

when the transposition involved the initial letter position. Fourth, we
conducted a parallel ANOVA with nonadjacent letter positions (two
letters in between) to examine the effects of type of trial (transposition
or replacement) and letter position(s) being manipulated (first/fourth,
second/fifth). Again, the ANOVA showed an effect of letter position,
F(1,17) = 92.37; type of trial, F(1, 17) = 14.02; and more important,
an interaction between the two factors, F(1,1 7) = 4.77: The
transposed-letter effect was smaller when the transposition involved
the initial letter position.

We should also note that, across all conditions involving the
manipulation of two letters in Experiment la, transposing letters
yielded lower discriminability values than replacing letters, repli-
cating previous research (Perea & Lupker, 2003b; Ratcliff, 1981,
1985; Ratcliff & Hacker, 1981); for all but three conditions, this
difference was highly significant (p < .005). For three conditions
in Experiment la, the difference between transposition and re-
placement trials was not significant (transpositions of Letters 1 and
2, 1 and 3, and 1 and 4), which was probably due to near-ceiling
levels of performance in the conditions that involved changes in
the first letter position. Although this level of accuracy is not
surprising given the importance of the initial letter in visual word
recognition, it could be argued that this pattern was the result of the
participants paying more attention to the first letter position. Ex-
periment 1b reduced the number of conditions by eliminating most
of the transposition/replacement conditions involving the first let-
ter position to examine whether the results would be similar when
participants were discouraged (via the proportion of items) from
attending to the first position of the string.

For Experiment 1b, we followed the same strategy as in Exper-
iment la. That is, we first conducted an ANOVA to examine the
effect of position across the four conditions with a single letter
replacement. The results showed a significant effect of position,
F(3, 48) = 10.99, which was caused mainly by the elevated
proportion of correct responses when the mismatch occurred in the
initial letter position. Second, we conducted an ANOVA to exam-
ine, for adjacent transpositions/replacements, the effects of type of
trial (transposition or replacement) and letter position(s) being
manipulated (second/third, third/fourth, and fourth/fifth). The
ANOVA showed a significant effect of type of trial, F(1, 16) =
105.53, and also an interaction between the two factors, F(2, 32) =
3.92. Third, we conducted a parallel ANOVA with nonadjacent
letter positions (one letter in between) to examine the effects of
type of trial (transposition or replacement) and letter position(s)
being manipulated (second/fourth, third/fifth). The ANOVA
showed an effect of letter position, F(1, 16) = 5.64, and type of
trial, F(1, 16) = 70.95. Fourth, we conducted a parallel ANOVA
with nonadjacent letter positions (two letters in between) to exam-
ine the effects of type of trial (transposition or replacement) for
positions second/fifth. Again, the ANOVA showed an effect of
letter transposition, F(1, 16) = 18.77.

What we should also note is that, in Experiment 1b, all the pairwise
t tests between the transposed-letter conditions and their replacement
controls were highly significant (the range of ¢ values was from 4.33
to 9.51, and all ps were < .001). It is interesting to note that in these
experiments, changes in the (final) fifth letter position (e.g., replace-
ment of Letter 5, replacement of Letters 4 and 5, and transposition of
Letters 4 and 5) yielded performance levels similar to conditions with
changes in the internal letter positions.

(Appendixes continue)
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Experiment 2

Table 4 and Figure 4 in the main text show the response
probabilities for each condition. Response probabilities were cal-
culated across individuals and were submitted to ANOVAs with
three within-participant factors: lexical status of the target (e.g.,
word or nonword), type of trial (transposition or replacement), and
letter position(s) being manipulated (e.g., 1, 1 and 2, etc.).

There was a large effect of lexical status of the target string on
accuracy, F(2, 23) = 28.06. Responses were more accurate when the
targets were words than when they were nonwords. The patterns of
results within the different types of trial, however, are very similar; the
average accuracy rates for the transposed-letter stimuli had a corre-
lation of r = .976, 1#(5) = 10.06, between the nonword-word and the
word-word trials; r = 988, #(5) = 14.27, between the word—nonword
and the word—word trials; and r = .940, #(21) = 12.61, between the
nonword-word and the word-nonword trials. A more detailed dis-
cussion of the implications of the lexicality effects will be presented
in conjunction with a discussion of the parameter estimates for this
experiment. Also, as in Experiment 1, replacement items were more
accurate than transposition items, F(1, 23) = 91.94, but as noted
earlier, the position of the replacements affected the size of the effect,
as is indicated by the significant interaction between letter position
and replacement/transposition, F(1, 23) = 91.99.

Experiment 3

Response probabilities (shown in Table 5 in the main text) were
calculated across individuals. As in the previous experiments,
transposition trials were more difficult than replacement trials, as
shown by pairwise ¢ tests between the transposition letter items and
the single replacements, which were all significant (even that for
transposition of Letters 1-2 and replacement of Letter 1), and the
overall pattern of results was similar to those in previous experi-
ments. In addition, migration trials were slightly more difficult
than their orthographic controls (see Figure 5 in the main text).
However, t tests for migrated letters versus their orthographic
controls were significant only for the migration from Letter 2 to
Position 4, #(19) = 3.00; Letter 4 to Position 2, #(19) = 2.56; and
Letter 5 to Position 3, #(19) = 3.17. Again, when the first letter was

manipulated in any way, the probability of a correct response was
high, and differences among type of items were small.

Experiment 4

Table 6 and Figure 6 in the main text show the response probabilities
for each condition in this experiment. Note that in this experiment, there
are no explicit orthographic controls because there are enough conditions
to constrain the model. Repeated letters had a large effect on accuracy:
For items in which the target had a repeated letter and the foil did not,
performance was worse (accuracy was .684 for adjacent letter repetition
and .681 for nonadjacent letter repetition) than for items in which the foil
and not the target had a repeated letter (accuracies of .807 and .779 for
items with foils that included adjacent letter repetitions and nonadjacent
letter repetitions, respectively, p <.001). In addition, accuracy for trials in
which both the target and the foil included repeated letters was about
halfway between conditions that had either a repeated letter in the target
or a repeated letter in the foil. The accuracy values for items with targets
and foils with repeated letters were .786 for adjacent letter repetitions and
720 for nonadjacent letter repetitions. This shows that there was a bias
toward choosing the alternative without the repetition. As in the previous
experiments, transposition trials were more difficult than replacement
trials, and when the first letter was manipulated in any way, the proba-
bility of correct responses was high, and differences among items types
were reduced.

Experiment 5

The pattern of results for replacement and transposed letters is
the same as in the previous experiments (see Table 7 and Figure 8
in the main text). The accuracy of items of unequal letter length is
between that for replaced and transposed-letter items, F(2, 28) =
18.365. The position of the insertion of the letter yielded signifi-
cant differences, F(4, 28) = 6.344.

For the inserted letter conditions, accuracy decreased from the first
position, as the position of the inserted letter moved toward the right,
and then it was greater again for the last position, Position 4 versus 5,
#(28) = 3.338; Position 1 versus 3, #28) = 4.497. In addition,
insertion of letters in the target produced lower accuracies than inser-
tion of letters in the foil only for the rightmost letter positions; for
Position 4, #(28) = 1.815, and for Position 5, #(28) = 2.346.

Appendix B

Masked Priming and the Overlap Model

One central technique for studying the processes underlying visual
word recognition has been the masked priming paradigm (Forster &
Davis, 1984). As Grainger (2008) indicated, “in the last two decades
masked priming has become a key tool for studying all aspects of
visual word recognition, using both behavioral measures of perfor-
mance and also more direct measures of brain activity” (p. 8). In this
technique, a forward-masked, lowercase prime is presented briefly
(30—66 ms) and is subsequently replaced by the uppercase target.
When used in the context of the lexical decision task—the most
popular laboratory word identification task—participants have to de-
cide whether the uppercase item is a word or a nonword. A manip-
ulation that is currently popular is one in which the relationship
between the letters in the target are altered by replacement or trans-

position to form the prime (e.g., Andrews, 1996; Castles et al., 2003;
Christianson, Johnson, & Rayner, 2005; Forster et al., 1987; Guerrera
& Forster, 2007; Perea & Carreiras, 2006a, 2006b; Perea & Lupker,
2003b; Schoonbaert & Grainger, 2004). Then, these various condi-
tions are used to test the word-recognition models.

It seems natural that the overlap model should apply to data
from these studies. There are two limitations, though. First, the
masked priming effects obtained are very small, of the order of
1025 ms. This means that, in any experiment, all one really
knows is whether a mean reaction time (RT) for a condition is
significantly different from a control condition or not. Anything
finer grained is extremely difficult to detect. For example, Perea,
Duiabeitia, and Carreiras (2008) failed to find a significant dif-
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ference between the transposed-letter priming effect when the
nonadjacent internal transposition had one letter between the two
transposed letters and when the nonadjacent internal transposition
had two letters between the two transposed letters. This failure to
obtain a difference was probably due to lack of power at detecting
a very small effect with the masked priming paradigm. This is in
contrast to our identification paradigm, in which differences in
accuracy are large and graded and differences among conditions
are easily measurable. Second, one major problem with the
masked priming task is that currently there is no good model of the
decision process that accounts for accuracy and RT distributions
for correct and error word and nonword responses. Furthermore,
masked priming effects for words in lexical decision differ for
word and nonword primes (e.g., Carreiras & Perea, 2002), which
suggests that one may need to have a model of lexical decision. We
can imagine an application of the diffusion model (Ratcliff, 1978,
1981; Ratcliff & McKoon, in press; Ratcliff & Rouder, 1998;

Table B1

Ratcliff, Van Zandt, & McKoon, 1999), as in Ratcliff, Gomez, and
McKoon (2004) and Gomez, Ratcliff, and Perea (2007), that might
be able to be applied, but this is beyond the scope of this article.

One major difference between the masked priming task and our
matching task is that in masked priming, there is no effect of the prime on
nonword responses in most of the masked priming experiments, whereas
in the identification paradigm, there are large effects on nonword identi-
fication—in fact, most of our experiments used nonword targets. We
attribute this to the fact that in an identification task, participants have to
explicitly process the whole letter string and decide which of two targets
it matches, but in priming, the data suggest that any test string that is
nonwordlike can be rejected without much processing of the individual
letters. There are other effects of nonword primes on word identification
in lexical decision. If the nonwords are wordlike, RT is slowed, and
accuracy is reduced for word targets (e.g., Ratcliff et al., 2004). Further-
more, it is important to note that masked priming effects may differ
depending on the nature of the experimental task; as indicated by Norris

Masked Priming Effects and Overlap Values for Recently Published Articles

Davis & Bowers (2006) Experiments 2 & 3

Target Prime conditions
ANKLE AXKLE ANKXE AKXLE ANXKE
Priming effect (ms) 30 31 18 18
Overlap value 1.57 1.31 1.31 1.26 1.26
Guerrera & Forster (2007) Experiment 1
Target Prime conditions
12345678 13254768 21345687
Priming effect (ms) 45 30 23
Overlap value 2.35 2.05 1.90
Guerrera & Forster (2007) Experiment 2
Target Prime conditions
12345678 13254768 12436587 21436578
Priming effect (ms) 16 29 16
Overlap value 2.35 2.05% 2.05 1.80
Guerrera & Forster (2007) Experiment 3
Target Prime conditions
12345678 13254768 43218765 21436587
Priming effect (ms) 27 1 1
Overlap value 2.35 2.05 0.96 1.69*
Grainger, Granier, Farioli, Van Assche, & van Heuven (2006) Experiments 2, 3, & 5
Target Prime conditions
1234567 12345 34567 13457
Priming effect (ms) 37 26 23
Overlap value 2.10 1.57 1.31 1.57¢

Note.

All the priming effects are significant except the 43218765 and 21436587 conditions in Guerrera and Forster (2007). The overlap model standard

deviations in the letters were 0.7 for the first letter and 1.5 for the remaining letters.

# Conditions in which the overlap model would predict larger priming effects.

(Appendixes continue)
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and Kinoshita (2007), masked priming effects for nonwords can be easily
obtained with a same—different task but not with the lexical decision task
(see also Perea & Acha, 2008, for similar results). This suggests that
modeling masked priming effects in conjunction with nonword effects
will not be simple.

However, it is fair to ask how well the overlap model predicts the
differences in word target conditions for the various transposition
manipulations to see whether it could be a candidate to play a role in
word identification in this masked priming paradigm. To do this, we
selected eight experiments from three recent articles from the litera-
ture that have examined transpositions in masked priming (Davis &
Bowers, 2006; Grainger, Granier, Farioli, Van Assche, & van Heu-
ven, 2006; Guerrera & Forster, 2007). We generated overlap values
for the same conditions using a minimal version of the overlap model,
with standard deviations in the letters that were 0.7 for the first letter
and 1.5 for the remaining letters. The orthographic similarity (overlap)
between the prime and the targets was calculated using Equation 1

from the main text. These are displayed in Table B1. For this simple
version of the model with parameter values not generated by fits to
data, the overlap model predicts priming effects that are consistent
with the small priming effects obtained in the experiments, with only
two exceptions. There are two things to say about the exceptions:
First, the model was not fit, so idiosyncratic values of the standard
deviations might alter the predictions somewhat; second, the size of
the masked priming effects are small, and differences in the patterns
of results might be obtained upon replication.

Thus, the overlap model may work as a front end of a fully
implemented model of visual word recognition, and hence, it is not
restricted to the specific characteristics of the matching paradigm. One
example is the Bayesian reader model (Norris, 2006). As we indicate
in the main text, the Bayesian reader model can easily use the overlap
module as a front end of the model—instead of the position-specific
coding scheme of the original implementation of the model (see
Norris & Kinoshita, 2007).

Appendix C

Code in R for the Overlap Model

# This code will print out overlap value and response prob.
# Assuming that one of the target is the string “12345”

# Edit to modify the other alternative

f for replacements, use “6”

# Example 1: replacement of second letter

# foil=c(1,6,3,4,5)

## Example 2: transposition of letters 2 and 3

foil = ¢(1,3,2,4,5)

# Edit to change parameter values sl to s5 and a
par=c(.404,1.094,1.179,1.659,1.743,3.941)

sd=par

al=sd [6]
mn=c(1,2,3,4,5)
bo=c(.5,mn+.5)
ov=matrix (0,5,5)
for(j in 1:5){
for(i in 1:5){

ov[i,jl=pnorm(bo[i+1],mn[j],sd[j])—pnorm(bol[i] ,mn[j],sd[j])

}
}
ov=rbind(ov,c(0,0,0,0,0))

x=0
y=0
m<—c(1,2,3,4,5)

for(i in 1:5)x=x+sum(ov[foill[i],i])

for(i in 1:5)y=y+sum(ov[m[i],i])
p=x"al/(x"al+y~al)

print(“overlap value”); print(x)
print (“response p.”); print(l—p)
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