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Abstract

Many facts about aphasic and nonaphasic naming are explained by models that use spreading activation to map
from the semantics of a word to its phonology. The implemented model of picture naming discussed here achieves this
by coupling interactive feedback with two selection steps. The model�s structure and default parameters were set up to
match the normal naming profile; and aphasic naming is simulated by altering ‘‘lesionable’’ parameters away from
default settings. Past studies within this framework have used different sets of lesionable parameters. Here, in the largest
and most representative case-series ever modeled, we show the superiority of the version of the model that allows lesions
to weaken semantic and/or phonological connections. Pairing this approach to lesions with the assumptions of inter-
activity and two-step selection equips the model to explain the wide variation in individual naming response profiles and
key facts about lexical and sublexical errors.
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Introduction

The early history of language production research
was dominated by speech-error studies (Baars, 1976;
Baars, Motley, & MacKay, 1975; Dell, 1986; Dell &
Reich, 1981; Fromkin, 1971; Garrett, 1975, 1980; Har-
ley, 1983, 1984; Levelt, 1983; Martin, Weisberg, & Saf-
fran, 1989; Shattuck-Hufnagel, 1979; Stemberger,
1985). The focus on errors led naturally to investigations
of aphasic speech, where speech errors are commonplace
(Blumstein, 1973; Buckingham, 1980, 1987; Buckingham
& Kertesz, 1976; Butterworth, 1979; Ellis, 1985; Garrett,
1982, 1984; Harley & MacAndrew, 1992; Kohn &
Smith, 1990; Lecours, 1982; Nickels, 1995; Saffran,
ed.
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1982; Schwartz, 1987; Schwartz, Saffran, Bloch, & Dell,
1994) and to aphasic picture naming, which has the
additional advantage that the relation between target
and error can be precisely defined (Berndt, Basili, &
Caramazza, 1987; Garrett, 1992; Howard & Orchard-
Lisle, 1984; Kay & Ellis, 1987; Martin & Saffran, 1992;
Mitchum, Ritgert, Sandson, & Berndt, 1990). Contem-
porary researchers who study speech production have a
larger array of methods to choose from, including chro-
nometric paradigms measuring response times or eye
gaze duration, and functional neuroimaging (e.g., Belke,
Meyer, & Damian, 2005; Bock, 1996; Buchsbaum, Hick-
ok, & Humphries, 2001; Glaser & Dungelhoff, 1984;
Griffin & Bock, 2000; Indefrey et al., 2001; Indefrey &
Levelt, 2000; Meyer, 1996; Meyer, Sleiderink, & Levelt,
1998; Schriefers, Meyer, & Levelt, 1990; Smith & Wheel-
don, 1999). Still, naming studies with patients remain an
important source of data for testing competing models of
speech production, and, in particular, lexical access.

Two recent developments in this area have stimulated
renewed interest and debate. The first is the application of
connectionist, spreading activation logic to explain how
aphasic errors arise (Harley & MacAndrew, 1992) and
to simulate the quantitative error patterns in actual
patient data (Laine, Tikkala, & Juhola, 1998; Martin,
Dell, Saffran, & Schwartz, 1994; Martin, Saffran, & Dell,
1996). The second development is the introduction of
case-series methods, in which numbers of individual
patients are studied with uniform procedures, with the
aim of explaining the variation across patients on the task
of interest (Dell, Schwartz, Martin, Saffran, & Gagnon,
1997; Goodglass et al., 1997; Lambon Ralph, McClel-
land, Patterson,Galton,&Hodges, 2001; LambonRalph,
Moriarty, & Sage, 2002; Nickels, 1994; Nickels & How-
ard, 1995a).

Combining the computational and case-series
approaches for the first time, Dell et al., 1997 fitted the
naming data from 21 patients with aphasia to the interac-
tive two-step model of lexical access in production (Dell,
1986, 1988; Dell & O�Seaghdha, 1991). That paper gar-
nered considerable attention from aphasia researchers,
who used the model to fit new patients (Caramazza, Pap-
agno, & Ruml, 2000; Croot, Patterson, & Hodges, 1998;
Hanley, Dell, Kay, &Baron, 2004;Hillis, Boatman,Hart,
& Gordon, 1999; Rapp & Goldrick, 2000; Ruml &
Caramazza, 2000; Ruml, Caramazza, Capasso, &Miceli,
2005; Ruml, Caramazza, Shelton, & Chialant, 2000; Sch-
wartz & Brecher, 2000), sometimes with the goal of chal-
lenging its generality or its processing assumptions. (See
especially Rapp and Goldrick, 2000; Ruml et al., 2005,
and the exchange between Ruml and Caramazza, 2000;
and Dell, Martin, Saffran, Schwartz, and Gagnon, 2000;
also Laine et al., 1998.) To facilitate the application of
the model to new data, an automated data-fitting
program was developed, which can be accessed from
http://langprod.cogsci.uiuc.edu/cgi-bin/webfit.cgi.
The present study extends the computational case-se-
ries approach to a new and much larger series of cases.
Earlier patient samples were small and nonrepresenta-
tive. The largest English-language sample (Dell et al.,
1997, 21 patients) did not include subjects with articula-
tory difficulties or those who made more than 15% omis-
sion errors. The largest sample (Ruml et al.�s study of 50
Italian patients, 2005) over-represented patients with
semantic deficits. Moreover, as we explain later, our
research group has proposed two versions of the model
that make different assumptions about aphasic deficits.
Although these versions are conceptually different, they
make fairly similar predictions for naming, and thus the
smaller scale studies that have compared them have not
generally found a reliable superiority of one version over
the other (e.g., Foygel & Dell, 2000; Ruml et al., 2000).
By evaluating the models in a large, representative sam-
ple, we hope to provide a definitive account of their par-
ticular strengths and weaknesses. On a more general
level, as in Dell et al. (1997) we aim to provide support
for a theory of lexical access that incorporates interactiv-
ity and a two-step selection process. We also aim to enu-
merate what a successful model of lexical access must
contain in the way of processing characteristics and
lesion effects in order to successfully capture the full
range of empirical findings.
Overview of the interactive two-step model

Fig. 1 illustrates the structure of the model�s network.
Units for semantic features, words, and phonemes are
arranged in layers, with bi-directional connections link-
ing semantic features and words, and words and pho-
nemes. The model�s two retrieval steps, word retrieval
and phonological retrieval, are each achieved by activa-
tion spreading within this network. We use ‘‘word
retrieval’’ synonymously with ‘‘lemma access,’’ the term
‘‘lemma’’ referring to a wholistic lexical representation
that is associated with grammatical information and
ultimately links up with a syntactic frame or procedures
that control how words are sequenced and inflected
(e.g., Dell et al., 1997; Kempen & Huijbers, 1983; Levelt,
Roelofs, & Meyer, 1999). There is no level containing
morphological representations, or other wholistic
word-form representations (e.g., ‘‘lexemes’’), although
we acknowledge that a more complete model might
require this (e.g., Caramazza, 1997; Dell, 1986; Levelt
et al., 1999). In this model, knowledge of word form is
represented in connections from word nodes to phoneme
nodes in the segmental layer that are labeled for syllable
position. No other aspects of phonological structure are
represented.

The word retrieval step begins with a jolt of activa-
tion to the semantic features of the intended word
(e.g., CAT). The activation spreads throughout the
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Fig. 1. Structure of the model.
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network—both downward and upward—and is con-
cluded by the selection of the most active word unit from
the proper grammatical category, which we assume to be
nouns for naming pictures of objects. The phonological
retrieval step starts with a jolt of activation to this select-
ed word. Activation again spreads through the network
culminating in the selection of the most activated pho-
nemes. Errors can occur during either step and result
because nontarget words and phonemes gain activation
as well as correct ones. Nontarget units can become
highly active if they are connected to activated target
units and, also, because the activation of all units is sub-
ject to random noise. For example, during the word
retrieval step, semantically related words (DOG), for-
mally related words (MAT), mixed (semantic plus for-
mal) words (RAT), and even unrelated words (LOG)
could be more active than the target word, thus leading
to a lexical error. Phonological retrieval provides a fur-
ther opportunity for errors, including the possibility of
selecting a set of phonemes that does not correspond
to a word (e.g., LAT).

As its name implies, the interactive two-step model�s
principal characteristics are that it is interactive—infor-
mation flows up from phonology and down from seman-
tics—and that it has two distinct retrieval steps. These
two characteristics are, at least on the surface, strange
bedfellows. By its very nature, interaction makes bound-
aries between processing modules or stages more perme-
able (Dell & O�Seaghdha, 1991; Farah, 1994). In the
model, interaction allows phonological information to
affect how semantic information is mapped onto lexical
representations (the word retrieval step), and it allows
semantic information to impact how phonological repre-
sentations are processed (the phonological retrieval
step). But the distinction between the steps is maintained
because, among other things, selection at the first step
limits the effect of interactivity at the second step; the
boost to the selected word is large in comparison to
residual activation generated by interactivity. In this
way, the model occupies the middle ground between dis-
crete-stage theories, which do not allow any cross-stage
influences (e.g., Levelt et al., 1999), and highly interac-
tive models in which the mapping between meaning
and the output of lexical forms is achieved in a single set-
tling step (e.g., Plaut and Shallice, 1993; see Rapp &
Goldrick, 2000).

The next section briefly reviews the key qualitative
findings from previous empirical studies and shows
how the interactive two-step model accounts for them.
These are divided into effects that apply to all speakers
(1–6), and those that characterize aphasia specifically
(7–9).
Lexical-access error phenomena

1. Lexical–sublexical distinction

Some errors appear to be replacements of one entire
word with another, while others are characterized by
sublexical distortion. It is simply not possible to explain
lexical errors as fortuitous combinations of sublexical
errors; lexical errors are far too numerous. Hence, any
account of impaired lexical access must have a mecha-
nism for both types of error. In our model, it is the
two-step assumption that provides the mechanism. Lex-
ical errors result when an incorrect word unit is selected
during word retrieval, while sublexical errors require the
misselection of phoneme units during phonological
retrieval. The model does not deal with other sublexical
levels of organization, such as morphology or syllabic
constituents, but these are clearly important determi-
nants of the actual form of sublexical errors (Berg,
2005; Dell, 1986; Fromkin, 1971; Garrett, 1975).
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2. Semantic errors

The typical lexical error is the semantic substitution
(e.g., elbow fi ‘‘knee’’; orange fi ‘‘apple’’). These are
the most common errors made by unimpaired speakers
in picture naming (Dell et al., 1997), and every aphasic
patient that we have tested on the Philadelphia Naming
Test has made at least one. It is thus important that a
model generate semantic errors. In our model, semanti-
cally related words share feature units. When the target�s
features are active, they send activation to the word
units for semantic neighbors of the target as well as
the target itself. If there is enough noise in the system,
they can be selected during the word retrieval step
instead of the target.

3. Distinction between lexical and sublexical phonological

errors, and the dual nature of formal errors

Errors that are phonologically similar to the target
can be either words (e.g., populationfi ‘‘pollution’’) or
nonwords (e.g., castlefi ‘‘kaksel’’). Nonword errors
arise during the processing of sublexical units, although
they reveal some lexical influences (Schwartz, Wilshire,
Gagnon, & Polansky, 2004). Phonologically similar
word errors—what we call formal errors—are more
complex. Some appear to be caused by the same mech-
anisms that lead to nonword errors, that is, the move-
ment, deletion, addition, or substitution of sublexical
units (e.g., castlefi ‘‘cackle,’’ a perseveratory substitu-
tion of /s/ by /k/). These processes just happened to
result in a word instead of a nonword (cf., Butterworth�s
‘‘jargon homophone,’’ 1979). However, a formal error
like population fi pollution would require several seg-
ment slips to occur if it was generated by segmental
transformations. If each such transformation occurred
independently, the error likelihood would be miniscule.
Of course, if segmental transformations are nonindepen-
dent and biased to create lexical items (e.g., phonologi-
cal attractors in models such as Plaut & Shallice,
1993), then it is conceivable that some more distant for-
mal errors such as population fi pollution could be akin
to other sublexical errors. However, an important fact
about formal errors that differ from the target in multi-
ple respects is that they often obey the grammatical cat-

egory constraint: the error belongs to the same
grammatical category as the target (Fay & Cutler,
1977; Gagnon, Schwartz, Martin, Dell, & Saffran,
1997). Our model explains this by assuming that the
mechanism that causes these formal errors is lexical,
rather than sublexical.

We label the hypothesis that formal errors can occur
at either the lexical or sublexical level the dual nature of

formals. In our model, both the two-step and the inter-
active assumptions are required to explain this dual nat-
ure. Sublexical formals and nonwords occur during
phonological retrieval, and lexical-level formals occur
during word retrieval. Lexical-level formals are made
possible by interactive feedback from the phonological
to the lexical level. During word retrieval, activation of
the target spreads to its phonemes. The activated pho-
nemes, in turn, send activation to phonologically similar
nontarget words, thus giving their lexical units a boost
and a chance at being selected. Because selection at the
lexical level is constrained by grammatical category, lex-
ical-level formals (but not sublexical formals) are
required to be of the same category as the target.

4. Mixed-error effect

Mixed errors are lexical substitutions that resemble
the target both semantically and phonologically (e.g.,
startfi ‘‘stop,’’ snail fi ‘‘snake’’). The mixed-error effect
is the finding that these errors are much more likely than
would be expected if they were either semantic or pho-
nological. Another way to say this is that the contribu-
tions of semantic and phonological similarity to the
error process are super-additive, demonstrating that
mixed errors are not simply semantic errors that happen
to be phonologically similar, or formal errors that hap-
pen to be semantically similar. The mixed-error effect is
robust in collections of normal speech errors (e.g., Dell
& Reich, 1981; Harley, 1984; Laine et al., 1998) and in
some (Martin, Gagnon, Schwartz, Dell, & Saffran,
1996), but not all (Dell et al., 1997; Laine et al., 1998)
collections of aphasic naming errors. Any account of
lexical access must explain the mixed-error effect and
its variability in aphasia. Our model locates mixed-er-
rors at the word retrieval step, but requires phoneme-
to-word interaction to generate the mixed-error effect.
A mixed neighbor of the target gains activation from
both shared semantic features and shared phonemes
(via interactive feedback). Hence, semantic and phono-
logical similarity jointly trigger the substitution. Disrup-
tions to the bottom-up flow of activation from
phonemes to words can reduce the mixed error effect,
and this helps explain its absence in some aphasic
individuals.

5. Influence of lexical variables

Naming accuracy is affected by word length, word
frequency, age of acquisition, and concreteness. Short,
common, early-learned, concrete words are, on average,
more accurately produced than long, uncommon, later-
learned, abstract ones (e.g., Caplan, Vanier, & Baker,
1986; Dell, 1990; Ellis & Morrison, 1998; Martin, Saf-
fran et al., 1996; Nickels, 1995; Nickels & Howard,
2004). Although our model does not directly represent
word frequency or age of acquisition, their influence
can be attributed to learning mechanisms (not simulat-
ed) that set connection weights in the network. Words
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that are produced more often or were experienced par-
ticularly early during training have stronger weights
(e.g., Plaut, McClelland, Seidenberg, & Patterson,
1996; Zevin & Seidenberg, 2002). The model also does
not simulate length effects but, again, it is quite consis-
tent with their existence. The more phonemes a word
has, the greater the chance that at least one of them will
fail to be accessed during the phonological retrieval step.
As for concreteness effects, the model can handle these
provided that concreteness impacts directly or indirectly
the semantic input to the lexical level (Hanley et al.,
2004; Martin, Saffran et al., 1996). For example, if con-
crete concepts are associated with more features than
abstract ones (e.g., Plaut & Shallice, 1993), their lexical
units will gain more activation and thus be more resis-
tant to error.

While the main effects of frequency, length, age of
acquisition, and concreteness are unsurprising, there is
one variable whose influence on lexical access in produc-
tion is counterintuitive and difficult to explain. This is
phonological neighborhood density, operationalized as
the number of words that differ from a target by one
phoneme. We know that words that inhabit phonologi-
cally dense neighborhoods are less accurately recognized
than those from sparse neighborhoods (Vitevitch &
Luce, 1998). This effect is intuitive, reflecting the natural
competition involved in word recognition. If the task is
word production, however, targets in dense neighbor-
hoods are retrieved more accurately and rapidly, the
opposite of what occurs during recognition (Gordon,
2002; Vitevitch, 2002). Our model�s interactive assump-
tion provides a possible explanation for the effects in
production (Dell & Gordon, 2003). During both word
and phonological retrieval, lexical units for phonological
neighbors become active because of phonological-to-
word feedback. Target phonemes present in the neigh-
bors then boost the activation of the target word,
preventing semantic errors during word retrieval, and
substitutions of nontarget phonemes during phonologi-
cal retrieval. It is true that the neighbors� nontarget
phonemes become active, as well, and these can compete
with targets for selection at phonological retrieval. The
benefit that arises from the neighbors� phonemes that
are shared with the target outweighs this competition,
though. Because neighbors, by definition, share all but
one phoneme with the target, a neighbor contributes
on average more support for target phonemes than
nontarget ones, and a large set of neighbors will distrib-
ute this support to all the target phonemes.

6. Time-course of lexical access

Although our focus is on error phenomena, there is a
large literature investigating lexical access through
manipulations that affect the speed of retrieval (see
Levelt et al., 1999, for review). For our purposes, the
most important conclusion from these studies concerns
the time-course of the process. Its initial phases can be
affected by semantic manipulations, while its later phas-
es are more affected by phonological manipulations
(Schriefers et al., 1990). There also seems to be a period
of time in the middle of the process in which both
semantic and phonological manipulations have effects
(Cutting & Ferreira, 1999; Levelt et al., 1991; Peterson
& Savoy, 1998). Our model is consistent with this time
course because the earlier word retrieval step is mostly
(but not entirely) under the influence of semantic fac-
tors, whereas the later phonological retrieval step is
mostly (but not entirely) affected by phonological
variables.
Aphasic error effects

7. Interactions between severity and error types

To us, one of the most telling findings from our pre-
vious studies of aphasic naming errors was the varied
relation between overall correctness, or severity, and
the probability of particular kinds of error (Dell et al.,
1997; Schwartz & Brecher, 2000). Some error types
increase with severity, as one would expect. This is the
case with nonword errors, especially those that are many
sounds removed from their targets, formal errors, and
unrelated word errors (e.g., pig fi ‘‘brain’’). Each of
these error types is uncommon in unimpaired and mildly
impaired subjects, but increases dramatically with
impairment such that each is maximally likely when cor-
rectness is at a minimum. Other error types have little
relation to correctness. Semantic and mixed errors are,
by far, the most common naming error types in normal
speakers; but, on average, these types show little tenden-
cy to increase with severity.

There are many reasons for the severity/error-type
interactions in the model. But the most important is
what we have called the continuity thesis. The original
statement of this thesis was by Freud, who asserted that
speech errors and paraphasic errors did not differ qual-
itatively, only quantitatively (Freud, 1891/1953; p. 13).
Our modeling efforts can be thought of as a modern
instantiation of this view. Specifically, implementing
continuity involved four steps (Dell et al., 1997). First,
a normal version of the model was set up so that it
matched normal error proportions. Then, an estimate
was made of the expected proportion of error types in
an individual who generated responses by selecting pho-
nemes at random. To determine this random pattern, we
assumed that random responses are nonetheless phono-
logically legal and approximate the length of patient
responses in our naming tasks (i.e., one or two syllables).
With these assumptions, random responses would most-
ly form nonwords. But there is some chance that they
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would be real-word errors, even formally or semantically
related words. Specifically, we identified the random pat-
tern as 80% nonwords, 10% unrelated words, 9% for-
mals, 1% semantic, and 0.4% mixed. This is what one
would expect if a speaker did our picture-naming test
but generated responses at random. The third step is
to set up the model so that when it is maximally inaccu-
rate, its error pattern is similar to the random pattern.
We did this by first setting up a very simple phonology.
All words were CVC, with a small set of possible onsets,
vowels, and codas. These could be independently com-
bined yielding the model�s set of phonologically legal syl-
lables. Next, two different lexical neighborhoods were
defined, each with a designated target word and formal,
semantic, and (in one neighborhood) mixed neighbors of
the target. Fig. 1 shows most of the words of one neigh-
borhood. Overall, the set of possible words was small in
comparison to the set of legal syllables, thus mimicking
the relative sparsity of words in English phonological
space. Finally, it was stipulated that one neighbor-
hood—the one with a mixed neighbor—would be sam-
pled 10% of the time and the other would be sampled
90% of the time. (See Dell et al., 1997, for the actual lex-
icons used, and Rapp and Goldrick, 2000 and Ruml
et al., 2005, for other examples of this approach to set-
ting up error opportunities.) This resulted in the model�s
simulation of the random pattern: 75% nonwords, 9%
unrelated words, 8% formals, 4% semantic, and 0.4%
mixed, which is reasonably similar to the estimated ran-
dom pattern above. (These proportions do not add to
100% because the model�s lexicon is very small and there
is 4% chance of generating the correct word with a ran-
dom response. In a real lexicon, this chance would be
miniscule.)

At this point, both a normal and a random version of
the model had been defined. The final step in the process
was to gradually transform the correct version of the
model into the random version by altering its parame-
ters. The intermediate versions would, then, represent
the model�s set of possible aphasic error patterns, or
its error-pattern space. Hence, this transformational pro-
cess is a way of ‘‘lesioning’’ the model. Dell et al. (1997)
did this by assuming that lesions corresponded to global,
that is, network-wide, reduction in connection weight
(weight parameter) and increase in activation–decay rate
(decay parameter). This form of the model will hence-
forth be called the weight–decay model. The model�s
Table 1
Response category proportions from two patients with equal levels o
et al., 1997)

Patient Res

Correct Semantic Formal

L.H. .69 .03 .07
I.G. .69 .09 .05
error-pattern space is a two-dimensional surface—one
dimension for each lesionable parameter—running from
the normal to the random pattern.

In Foygel and Dell (2000) the lesioning was done dif-
ferently. The weight parameter was split into separate
semantic (s) and phonological (p) weights, which could
be differentially lesioned, and the decay parameter was
no longer lesionable. This is the semantic–phonological

model. This model�s error-pattern space also is a two-di-
mensional surface—one for s and one for p—running
from the normal to the random pattern. However, this
model allows for more variation near the random pat-
tern, because s- and p-weight lesions produce different
effects in this region of error space. We will show that
this property of the model is important in accounting
for patients� error patterns (see also Ruml et al., 2005).

As we said before, the continuity thesis, as imple-
mented in these models, is the most important compo-
nent of our explanation for the severity/error-type
interactions. The error types that increase dramatically
with severity—nonwords, formals, and unrelated
words—are much more likely at the random pattern
than at the normal pattern, and the types that are more
weakly related to severity—semantic and mixed errors—
are actually slightly more common in the normal than in
the random pattern. Thus, these severity interactions fall
out naturally from the simple assumption that aphasic
error patterns lie between normality and randomness.

8. Mechanisms that can differentially affect lexical and

sublexical errors

Although a great deal of the variation in aphasic
naming-error patterns is due to severity/error-type inter-
actions that we attribute to the continuity thesis, there
are differences among patients that are independent of
severity. Consider the error patterns of two patients
from Dell et al. (1997), shown in Table 1.

Although these two patients are at the same level of
severity, 69% correct, their error distributions differ
markedly. L.H. makes mostly nonword errors, whereas
I.G.�s errors are predominately semantic. One can char-
acterize L.H., a conduction aphasic, as having a deficit
that leads largely to sublexical errors, and I.G., an ano-
mic patient, as having a tendency for lexical errors.
Interestingly, both make a fair number of formal errors,
which accords well with the dual nature of formals; per-
f correctness in naming, but different error patterns (from Dell

ponse category

Mixed Unrelated Nonword Others

.01 .02 .15 .03

.03 .01 .02 .10
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haps L.H.�s formals are sublexical and I.G.�s are lexical.
More generally, it is clear that patients exhibit variation
in the extent to which their errors are lexical (typically
semantic) and sublexical (typically nonwords), and this
variation cannot be attributed just to severity/error-type
interactions (e.g., Caplan et al., 1986; Caramazza & Hil-
lis, 1990; Caramazza et al., 2000; Cuetos, Aguado, &
Caramazza, 2000; Howard & Orchard-Lisle, 1984; Laine
et al., 1998; Nickels, 1995; Pate, Saffran, &Martin, 1987;
Rapp & Goldrick, 2000). Consequently, models of apha-
sic lexical access must address this variation.

Our models explain the lexical–sublexical error dis-
tinction through their common assumption about two-
step selection; they explain patient variation in lexical
and sublexical errors through their assumptions about
possible lesions. In the semantic–phonological model,
reduction of the semantic weights promotes lexical
errors and particularly semantic errors with mild lesions,
while reduction of phonological weights leads to phono-
logical errors, particularly nonwords. The weight–decay
model also accounts for this variation, but less transpar-
ently. Increasing the decay rate tends to increase seman-
tic, mixed, and formal errors, while decreasing the
weight parameter increases nonword errors more than
any other type (see Foygel and Dell, 2000 for formal
analysis of how lesion types affect error probabilities).

9. Complex errors

Collections of aphasic naming errors include exam-
ples of complex errors, such as unicornfi ‘‘house,’’
which can be analyzed as a transformation of unicorn

to horse, and horse to ‘‘house’’ (Martin & Saffran,
1992). One never sees such slips in normal naming, thus
raising the question of whether it is wise to characterize
aphasic error patterns as augmentations of normal error
tendencies. Despite their anomalous appearance, these
errors are easy to understand in a two-step lexical access
process. An error occurred on both steps, e.g., a seman-
tic substitution of horse for unicorn during word retriev-
al, and a phonological error (here a sublexical formal
error) during phonological retrieval. The chance of error
on each step is sufficiently large in aphasic speakers that
the double error becomes possible. We do not explicitly
model the proportions of double errors; they are too
unlikely to provide good modeling targets. We simply
note that their occurrence in aphasia does not require
the addition of assumptions to the model and that, more
generally, they provide direct support for a two-step
access process.
Overview of the study

This study, like our prior ones (Dell et al., 1997; Foy-
gel & Dell, 2000), tests the assumptions of our approach
against data from aphasic picture naming. The patient
sample is new, and represents the largest case-series ever
studied computationally. One major goal is to compare
the weight–decay and semantic–phonological versions of
the model for their success in fitting the naming-error
profiles of the individual patients. Both versions incor-
porate the continuity thesis, the most important factor
in fitting the error data, so both are expected to fit the
individual patterns reasonably well. The semantic–pho-
nological version produces a purer separation between
lexical and sublexical errors; so to the extent that these
error types dissociate in patients in the sample, the
semantic–phonological model is predicted to fit the nam-
ing-error patterns better than the weight–decay model.
This turns out to be the case.

Given this, a second major goal is to determine
whether the semantic–phonological model generates
accurate predictions regarding the characteristics of for-
mal, semantic, and unrelated errors in the corpus overall
and the data from individual patients. These predictions
(e.g., grammatical category constraint in formal errors;
mixed error effect) issue directly from the model�s major
processing assumptions (two-step selection; interactivi-
ty). Thus, successful tests of the predictions will consti-
tute support for these processing assumptions.

Along the way, we will also be presenting evidence
relating to severity/error type interactions, the charac-
teristics of patients who are not well fit by the seman-
tic–phonological model, and that model�s ability to
capture significant clinical generalizations. The general
discussion will review the findings in relation to prior
studies and some alternative models.
Methods

Participants

Participants were recruited mostly in the years 1997
through 2002, from inpatient and outpatient rehabilita-
tion programs and home care settings. Some partici-
pants were identified through direct referrals from
speech–language pathologists, neuropsychologists, and
physicians. Others were identified through a search of
the Philadelphia Cognitive Rehabilitation Research
Registry, a consent-based database of research volun-
teers (Schwartz, Brecher, Whyte, & Klein, 2005).

Inclusion criteria were set broadly, with the aim of
maximizing the diversity of the sample. We sought to
enroll individuals with clinically significant post-acute
or chronic aphasia, where the precipitating incident
was a left hemisphere cerebrovascular accident (CVA).
In cases where the clinical or CT/MRI record revealed
evidence of prior left hemisphere stroke(s), we included
the patient unless there was multi-focal damage
throughout the left hemisphere.
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Exclusion criteria were as follows: age below 18 or
over 80; native or dominant language other than Eng-
lish; symptomatic lesions outside the left hemisphere;
confounding diagnosis of traumatic brain injury, demen-
tia, or mental illness; significant and uncorrected visual
or hearing impairment; speech rendered unscorable by
articulatory distortion or jargon; Aphasia Quotient
above the upper limit for aphasia (as measured on the
Western Aphasia Battery, WAB; Kertesz, 1982).

The final sample comprised 94 patients. The mean
(and range) for age was 59 (22–86). (Due to oversight,
three participants exceeded the upper age limit, at 81,
84, and 86 years.) Mean and range for years of educa-
tion was 13.2 (7–24); and for months post-onset, 38.2
(1–195). Forty percent of the sample was female; 39%
was African American. According to the WAB classifi-
cation scheme, 33% had Broca�s aphasia; 31% anomic
aphasia, 19% conduction aphasia; 15% Wernicke�s
aphasia; and 2% had transcortical sensory aphasia.

All participants were tested under a research proto-
col approved by the Institutional Review Boards of
Albert Einstein Healthcare Network (AEHN) and
Temple University. Participants gave written informed
consent and were paid for their participation. Human
subjects policy at AEHN and Temple University now
precludes the identification of participants by their
actual initials. All identifiers used here are codes.
Future reports that issue from our institution(s) that
involve any of these same participants will identify
them by the same codes. A few participants in this
study participated in earlier published studies, where
their true initials identified them. Within the restric-
tions of confidentiality policies, information regarding
prior participation will be supplied by the authors upon
request. None of the patients in this study appeared in
the original computational case-series (Dell et al., 1997;
Foygel & Dell, 2000).

Procedures

Philadelphia Naming Test

The Philadelphia Naming Test is a 175-item single
word picture-naming test developed for collecting a
large corpus of naming responses from a standardized
set of items (Dell et al., 1997; Roach, Schwartz, Martin,
Grewal, & Brecher, 1996). The pictured items were
selected from original and published collections on the
basis of their familiarity, name agreement, and good
image quality (minimal complexity and confusability).
Target names range in length from 1 to 4 syllables,
and in noun frequency from 1 to 2110 tokens per million
of printed English test (Francis & Kûcera, 1982). Length
and frequency are not balanced across the items. Low-
frequency targets (1–24 per million) and targets of one
syllable predominate. A control group of 60 non-
brain-injured, non-language-impaired, native English
speakers, ranging in age from 40 to 75 years, produced
the correct name on 97% of trials (Dell et al., 1997).

In this study, the Philadelphia Naming Test was
administered and scored in accordance with published
guidelines (Dell et al., 1997; Roach et al., 1996). Pic-
tures were digitized and presented to participants on
a Macintosh computer using MacLaboratory for Psy-
chology experiment running software (Chute, 1990).
The software controlled the stimulus presentation; trial
initiation was experimenter controlled. The procedure
incorporated feedback and a trial duration limit; each
trial ended with the experimenter announcing the target
name, and trials were terminated after 30 s. if the par-
ticipant had not responded. Sessions were scored on-
line by an experienced speech–language pathologist
and were also audiotaped. Both sources were used to
generate the final transcription of the session; disagree-
ments were generally resolved in favor of the on-line
scoring.

Scoring

As is standard for the Philadelphia Naming Test,
we scored only the first complete response produced
on each trial. For most subjects, a response was scored
correct only if it exactly matched the designated target.
An exception was made, however, for patients with
clinically obvious articulatory–motor impairments.
Such patients were excluded from our 1997 study
because their speech distortions are sometimes difficult
to distinguish from phonological errors (McNeil, Rob-
in, & Schmidt, 1997). Here, we chose to include them
and to score their responses leniently. We ignored
minor distortions that were consistent for that patient;
and we scored as correct responses that deviated by the
addition, deletion, or substitution of a single consonant
or consonant cluster. All other responses were classi-
fied into error categories, the first five of which corre-
spond to the basic error types that the model is
designed to explain (for additional details, see Roach
et al., 1996):

(1) Semantic is a synonym of the target, or a coordi-
nate, superordinate or subordinate member of its
category. Noun associates are also included in
the semantic error category (e.g., bride fi wed-

ding), whereas non noun associates are not; they
are considered non naming responses and coded
in the category description/circumlocution (e.g.,
bride fi getting married; or marrying). Semantic
errors were not further classified as to type of rela-
tion (e.g., category coordinate vs. associated) or
whether target and error were visually, as well as
semantically, related. These are certainly impor-
tant matters (cf. Humphreys, Riddoch, & Quin-
lan, 1988; Vitkovitch, Humphreys, & Lloyd-
Jones, 1993), but they are outside of the limited
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scope of the model, which reduces semantic simi-
larity relations to featural overlap.

(2) Formal is any word response (excluding proper
nouns) that meets the Philadelphia Naming Test�s
phonological similarity criterion. This criterion
requires that target and error start or end with
the same phoneme; or have a phoneme in com-
mon at another corresponding syllable or word
position, aligning words left to right; or have more
than one phoneme in common in any position
(excluding unstressed vowels). This criterion is
deliberately liberal, allowing for further analysis
of differences in the type or degree of phonological
overlap that occurs across patients, targets, or
errors (e.g., Gagnon et al., 1997; Schwartz et al.,
2004). In this study, the only additional analysis
that we performed with the formal errors exam-
ined target–error phonological similarity in all
nonsemantic word errors (formals and unrelat-
eds). This analysis, which is discussed later, did
not depend on the criterion for formals because
it collapsed across the formal and unrelated
categories.

(3) Mixed is a response that meets both semantic and
formal similarity criteria.

(4) Unrelated meets neither criterion and is not visual-
ly related to the target. Included in this category
are unrelated responses that repeat a name pro-
duced earlier in the list (i.e., perseverations).

(5) Nonword is a neologism that is not also a blend.
This includes nonwords that meet the phonologi-
cal criterion (i.e., target-related nonwords) and
others that do not. While distinctions among non-
words are certainly relevant to theories of lexical
access (e.g., Schwartz & Brecher, 2000; Schwartz
et al., 2004), they are ignored in this study, as in
our prior modeling studies, for reasons of simplic-
ity and consistency. It is worth noting, however,
that more than three-quarters of the nonwords
in this study (77.3%) are target related, according
to the phonological similarity criterion.

The remaining responses are classified with one of
three additional codes: Description/circumlocution; no

response; and miscellaneous error. The miscellaneous cat-
egory includes names of objects whose only relation to
the target is visual.

Normalized response proportions

The model-fitting routine takes as input the individu-
al subject�s response proportions for correct, semantic,
formal, mixed, unrelated, and nonword. Responses
assigned to the remaining three codes are grouped
together into what we here call ‘‘omissions.’’ In Dell
et al. (1997) and Foygel and Dell (2000), omissions were
ignored and the six response proportions were calculated
in relation to the total number of trials. This required
the exclusion of patients who made numerous omissions,
which probably biased the sample away from the more
severely impaired namers (e.g., Mitchum et al., 1990;
Schwartz & Brecher, 2000).

Our current approach to modeling includes all
patients, even those who make many omissions. As pro-
posed by Ruml et al. (2000), omissions are treated as
events that are outside of the model and independent
of it. Dell, Lawler, Harris, and Gordon (2004) compared
this independence account of omissions to alternative
threshold and lexical-editor accounts. The former
account generates an omission if the activation of the
selected word unit is below a threshold, and the latter
generates an omission with a certain probability if the
potential response is not lexical. The threshold and inde-
pendence accounts were both successful in explaining
the naming error patterns of patients who often fail to
produce naming attempts. In fact, these two accounts
led to almost identical predictions. The lexical-editor
account fared much worse. Here, we have chosen to
use the independence account rather than the threshold
account because it is computationally simple. Omission
responses are subtracted out, and the remaining catego-
ries are normalized, that is, they are expressed as pro-
portions of the modified total (all responses minus
omissions). The normalized proportions are then fit to
the model as we describe later.

Supplementary test battery

Patients also performed a battery of language tests,
aimed primarily at measuring auditory–phonological
input processing, lexical–phonological processing, and
lexical–semantic processing. The composition of this
supplementary test battery evolved over the course of
the study; patients tested early in the study did not
receive all tests. Relevant results from supplementary
testing will be discussed in connection with certain of
the models� fits and predictions.

Fitting the models to the data

Each patient�s normalized error proportions were
applied to both the weight–decay and the semantic–pho-
nological versions of the model. The fitting process con-
sisted of assigning free parameters to the models (weight
and decay for the weight–decay model, and s and p for
the semantic–phonological model) to make the model�s
error proportions as close as possible to those of the
patient. Specifically, the chosen parameters minimized
the Chi Squared goodness of fit value. The search for
these parameters was carried out using a pre-stored var-
iable-resolution map of the parameter space (see Dell
et al., 2004, for description of the fitting routine, and
http://langprod.cogsci.uiuc.edu/cgi-bin/webfit.cgi to
use the routine). The web-based version of the routine
allows the user to control the percentage of trials in

http://langprod.cogsci.uiuc.edu/cgi-bin/webfit.cgi
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which the model uses a network that has a mixed
(semantic–formal) neighbor to the target. Dell et al.
(1997) had used the network with a mixed neighbor
10% of the time. Dell et al. (2004), however, showed that
20% was a better value, and we use the 20% value here,
effectively doubling the opportunities for mixed errors.
(See Rapp and Goldrick, 2000, who also recommended
using more opportunities for mixed errors than Dell
et al., 1997 did.)
1 When we say that root mean squared deviation is uncor-
rected, we mean that it does not correct for the loss of degrees
of freedom for free parameters. Such a correction would
increase the reported values by a factor of 1.41. If root mean
squared deviation is uncorrected, the sum of squared deviations
is divided by the number of observations, here six per subject. If
it is corrected, three degrees of freedom are lost, two for free
parameters, and one for the fact that the six response
proportions are constrained to add to 1.0.
Results

There were 18 patients with clinically obvious articu-
latory–motor impairment, who qualified for the lenient
scoring (17 Broca�s, 1 conduction). Transcripts from
one-third of these were independently scored by a sec-
ond experienced speech–language pathologist. Averag-
ing across the six transcripts, inter-rater agreement was
97.5% for correct vs. error (range 94–100%) and 92.3%
for error code assigned (range 86–98%).

The 94 patients produced a total of 6757 errors,
including 2377 (35%) omissions. Most of the omissions
were non naming behaviors, that is, null responses and
descriptions (49 and 40% of omissions, respectively).
The rest fell in the miscellaneous category.

Severity interactions

Correct scores ranged from .03 to .98 both before
and after normalizing for omissions. The large severity
range is appropriate for testing the validity of the conti-
nuity thesis. The relevant data are shown in Fig. 2,
which plots individual error scores against correct scores
(all normalized) for each error type.

The phonological errors, nonwords and formals,
along with unrelated errors (panels A–C), show a steep
drop-off as correctness gets higher. At levels of correct-
ness above 95%, these errors are largely nonexistent.
The semantically related errors, semantic and mixed
(panels D–E), do not show the same drop-off with
increasing correctness. The weak relation that is present
is curvilinear, these errors being more likely in moder-
ately impaired individuals than they are in either mildly
or severely impaired subjects. At very high correctness,
semantic and mixed errors, unlike nonwords and for-
mals, remain above zero. Fig. 3 shows that these seman-
tically related errors on average constitute a large
proportion of the errors in mild patients (as they do in
the normal pattern), but a small proportion of errors
in the severe patients (as in the random pattern). Non-
word, formal, and unrelated errors, of course, show
the reverse pattern. These interactions with severity are
precisely in line with the continuity thesis. Very low cor-
rectness approximates the random pattern—many non-
words, formals, and unrelateds. At increasing levels of
correctness, patients come to approximate the normal
naming pattern of exclusively meaning-related errors,
semantic and mixed.

There are exceptions to these generalizations. In par-
ticular, in Fig. 2A, the lower left quadrant represents
patients who made many errors (low correctness) but
few in the nonword category. We will return to these
cases shortly.

Model fits

An informal comparison of the weight–decay and
semantic–phonological models was done using the mean
of the uncorrected root mean squared deviation1 and
total variance accounted for. Root mean squared devia-
tion is an intuitive measure of the deviation of the model
for an individual patient: a value of .03, for example,
means that the predicted proportions differed from the
observed proportions by an average of .03. Total vari-
ance accounted for compares the squared deviations
between each observed response proportion and the
across-subject mean for that proportion with the
squared deviations between the observed proportions
and the proportions predicted by the model. For exam-
ple, a value of 94% means that the squared deviations
between each model point and each data point in the
study were only 6/100ths of the squared deviations
between each data point and the mean of the data for
that response category. The fits of both models to the
individual subject data are shown in Table 2. Figs. 4
and 5 show the deviations between obtained and expect-
ed proportions for all subjects, for both models.

For the weight–decay model, mean root mean
squared deviation is .034 and total variance accounted
for, 87.0%. While most deviations are small (clustering
around zero), Fig. 4 shows that the model has a tenden-
cy to underpredict unrelated errors and overpredict non-
words. For the semantic–phonological model, the mean
root mean squared deviation is .024 and the total vari-
ance accounted for, 94.4%. As Fig. 5 shows, deviations
are tightly clustered around zero and the systematic cat-
egory deviations identified for weight–decay are reduced
(for unrelated) or eliminated (for nonwords). Only in the
mixed category are the deviations asymmetric around
zero, revealing a small but consistent tendency for
underprediction by the model. A prior study with many



Fig. 2. Normalized response proportions for each error category are plotted against the normalized proportion correct. Each point
represents one participant�s data. (A) Nonwords, (B) formal errors, (C) unrelated word errors, (D) semantic errors, and (E) mixed
errors.
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fewer subjects also found that mixed errors were under-
predicted by the semantic–phonological model (Foygel
& Dell, 2000). We return to this topic in the discussion
of deviating patients, below.

The weight–decay and semantic–phonological mod-
els were statistically compared using an unpaired, two-
tailed t test, with root mean squared deviation as the
dependent variable. The difference in means is statistical-
ly reliable (t(df = 93) = 4.575; p < .0001).

The weight–decay model has a tendency to overpre-
dict nonwords because it is unable to fit patients who
make few nonword errors but substantial numbers of
word errors. The semantic–phonological model does
better because the differential lesioning of s and p



Fig. 3. The ordinate represents the errors that bear a semantic relation to the target (i.e., were classified as semantic or mixed)
expressed as a proportion of total errors. The abscissa represents the proportion correct. Each point represents data from a single
participant.
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weights allows word and nonword errors to vary inde-
pendently. This pattern in exemplified by patient NAC
(second entry in Table 2), whose .26 errors represent
all word categories (.07 semantic, .08 formal, .05 mixed,
.06 unrelated) with only .01 nonwords. The relatively
high proportion of word errors indicates, in the
weight–decay model, both weakened activation trans-
mission (lower global weight) and disrupted representa-
tional integrity (higher decay) (w = .0452; d = .6896).
However, this lesion overpredicts nonwords by a factor
of 10. When the model�s global parameters are consis-
tent with the production of many word errors, they nec-
essarily lead to many nonword errors. This is
particularly true for variation in the weight parameter
(see Dell et al., 1997, for further characterization of
the different functions of the weight and decay parame-
ters). The semantic–phonological model accommodates
the observed lexical–phonological dissociation by
assigning the patient a lesion that affects semantic con-
nection weight more than phonological connection
weight (s = .0165; p = .0382). This fitted model gives
better results in the nonword category (predicted .00;
observed .01) and in the overall root mean squared devi-
ations (.018, compared with .053 for the weight–decay
model).

Deviating patients

It is apparent from the occasional standout lines in
Fig. 5 that even the semantic–phonological model�s pre-
dictions are off in some cases. To identify patients who
might be considered ‘‘deviating’’ under the semantic–
phonological model, we calculated the sum of squared
deviations (ssd) from the rounded response proportions
shown in Table 2 and took as deviating all those with
ssd > .010, which corresponds to root mean squared
deviation > .041, give or take some rounding error. This
conservative criterion identified 16 patients, who hap-
pened to fall into three distinct subgroups, as described
next.

Subgroup 1: The WR pattern

A subgroup of four patients exemplifies the ‘‘WR
pattern,’’ named after a patient from the original case
series (Dell et al., 1997; see also Foygel & Dell, 2000).
The members of this subgroup are FAH, KK, KAM,
and BT. Like WR, these patients have in common that
they produce many more unrelated errors than the
semantic–phonological model predicts (see Fig. 6).
Unrelateds, in our coding system, are whole word
responses that bear no relation to the target. This can
include perseverations, i.e., responses that repeat a word
produced on an earlier trial. Dell et al. (1997, p. 819,
footnote 8) observed that WR�s high proportion of unre-
lateds stemmed from his strong tendency to perseverate.
The same applies to the present four cases, which turn
out to have the highest perseveration proportions of
any patient in the sample (.13 to .21, relative to total
number of trials; +2.7 to +4.7 standard deviations
above the sample mean). The WR pattern of deviation,
then, reflects the model�s failure to account for
perseverations.



Table 2
Fits of both models to the individual subject data. Each participant is represented by coded initial and aphasia subtype (A(nomic),
B(roca�s), C(onduction), W(ernicke�s), T(rans)C(ortical)S(ensory)). Key to symbols appears below the last table entry

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

QB A
N = 172
Naming 0.94 0.01 0 0.01 0 0.05
Weight–decay model 0.0089 0.5014 0.9 0.04 0.01 0.01 0 0.03 9.87 0.022
Semantic–phonological model 0.0581 0.0164 0.93 0.02 0 0.01 0 0.04 2.57 0.008

NAC TCS
N = 168
Naming 0.74 0.07 0.08 0.05 0.06 0.01
Weight–decay model 0.0452 0.6896 0.67 0.1 0.07 0.04 0.03 0.1 23.71 0.053
Semantic–phonological model 0.0165 0.0382 0.73 0.1 0.08 0.03 0.06 0 5.5 0.018

EC B
N = 120
Naming 0.9 0.07 0.01 0.01 0.01 0.01
Weight–decay model 0.0355 0.6257 0.89 0.05 0.02 0.02 0 0.02 2.82 0.009
Semantic–phonological model 0.0254 0.0352 0.9 0.05 0.02 0.02 0.01 0.01 1.51 0.007

KCC A
N = 174
Naming 0.95 0.01 0 0.02 0 0.02
Weight–decay model 0.0392 0.6296 0.92 0.04 0.01 0.02 0 0.01 7.06 0.017
Semantic–phonological model 0.0978 0.0199 0.93 0.04 0 0.01 0 0.01 4.92 0.015

MBC A
N = 171
Naming 0.93 0.03 0.01 0.01 0.01 0.01
Weight–decay model 0.0257 0.5852 0.92 0.04 0.01 0.01 0 0.02 1.27 0.006
Semantic–phonological model 0.029 0.0329 0.93 0.04 0.01 0.01 0 0.01 1.41 0.005

BAC B
N = 175
Naming 0.89 0.01 0.04 0 0 0.07
Weight–decay model 0.0076 0.5024 0.84 0.05 0.03 0.01 0.01 0.06 12.27 0.027
Semantic–phonological model 0.0355 0.0192 0.85 0.03 0.02 0.01 0 0.09 9.79 0.021

MAC A
N = 156
Naming 0.9 0.05 0 0.03 0.02 0.01
Weight–decay model 0.0342 0.6268 0.87 0.06 0.02 0.02 0.01 0.03 11.66 0.02
Semantic–phonological model 0.0235 0.0362 0.88 0.06 0.02 0.02 0.01 0.01 5.46 0.014

� BBC W
N = 163
Naming 0.29 0.02 0.2 0.01 0.04 0.45
Weight–decay model 0.003 0.5074 0.25 0.07 0.12 0.02 0.09 0.45 22.71 0.048
Semantic–phonological model 0.0186 0.0089 0.26 0.05 0.1 0.02 0.05 0.52 19.52 0.05

EBC A
N = 156
Naming 0.95 0.02 0 0.03 0 0
Weight–decay model 0.0922 0.6025 0.95 0.02 0 0.03 0 0 0.42 0.003
Semantic–phonological model 0.0828 0.077 0.96 0.02 0 0.02 0 0 1.25 0.006

� KAC C
N = 172
Naming 0.38 0.01 0.18 0.01 0 0.42
Weight–decay model 0.0034 0.5001 0.35 0.08 0.11 0.02 0.08 0.36 35.36 0.059
Semantic–phonological model 0.0318 0.0084 0.39 0.02 0.09 0.02 0.01 0.48 23.63 0.046

EAC A
N = 137
Naming 0.7 0.11 0.06 0.02 0.01 0.1
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

Weight–decay model 0.0429 0.677 0.71 0.09 0.06 0.03 0.02 0.08 2.87 0.013
Semantic–phonological model 0.0216 0.0214 0.71 0.08 0.06 0.02 0.03 0.11 4.39 0.017

CAC A
N = 163
Naming 0.72 0.02 0.06 0.01 0.01 0.18
Weight–decay model 0.0056 0.501 0.68 0.07 0.06 0.02 0.03 0.14 11.98 0.034
Semantic–phonological model 0.0319 0.0155 0.72 0.03 0.04 0.01 0 0.19 2.94 0.012

MD B
N = 170
Naming 0.93 0.04 0 0.03 0 0
Weight–decay model 0.074 0.6958 0.93 0.03 0 0.03 0 0 0.6 0.003
Semantic–phonological model 0.0882 0.066 0.95 0.03 0 0.02 0 0 2.19 0.011

ND B
N = 145
Naming 0.77 0.08 0.01 0.06 0.04 0.03
Weight–decay model 0.0542 0.7156 0.71 0.1 0.06 0.04 0.02 0.07 14.87 0.037
Semantic–phonological model 0.0197 0.0291 0.77 0.09 0.06 0.02 0.04 0.03 16.22 0.024

XD B
N = 123
Naming 0.15 0.09 0.17 0.04 0.26 0.29
Weight–decay model 0.086 0.8953 0.18 0.09 0.18 0.05 0.11 0.4 28.19 0.075
Semantic–phonological model 0.0019 0.0165 0.15 0.12 0.2 0.02 0.22 0.29 3.64 0.024

KD C
N = 174
Naming 0.78 0.01 0.04 0.01 0 0.17
Weight–decay model 0.0058 0.5006 0.71 0.07 0.05 0.02 0.03 0.13 20.54 0.044
Semantic–phonological model 0.0449 0.0126 0.75 0.02 0.03 0.01 0 0.18 2.87 0.012

WAD B
N = 175
Naming 0.98 0.02 0 0 0 0
Weight–decay model 0.0343 0.5813 0.97 0.02 0 0.01 0 0 1.65 0.004
Semantic–phonological model 0.0433 0.0403 0.97 0.02 0 0.01 0 0 1.66 0.004

DD B
N = 117
Naming 0.57 0.12 0.12 0.04 0.05 0.09
Weight–decay model 0.0502 0.7152 0.58 0.11 0.1 0.04 0.04 0.13 1.84 0.017
Semantic–phonological model 0.0152 0.0228 0.57 0.11 0.11 0.03 0.09 0.11 3.6 0.018

KE C
N = 171
Naming 0.9 0.01 0.02 0.04 0 0.04
Weight–decay model 0.0414 0.652 0.86 0.06 0.02 0.02 0.01 0.03 9.84 0.027
Semantic–phonological model 0.0305 0.0246 0.89 0.04 0.02 0.01 0 0.04 11.8 0.016

ME B
N = 172
Naming 0.98 0.01 0 0.02 0 0
Weight–decay model 0.0723 0.5586 0.97 0.02 0 0.01 0 0 1.22 0.005
Semantic–phonological model 0.0557 0.0858 0.97 0.01 0 0.02 0 0 0.34 0.003

* EE B
N = 150
Naming 0.73 0.15 0.01 0.07 0.01 0.03
Weight–decay model 0.0861 0.8149 0.73 0.11 0.04 0.07 0.01 0.05 8.11 0.022
Semantic–phonological model 0.0188 0.0285 0.74 0.09 0.07 0.02 0.05 0.04 33.75 0.041
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

TE B
N = 141
Naming 0.6 0.09 0.07 0.04 0.01 0.18
Weight–decay model 0.0302 0.6423 0.6 0.09 0.09 0.03 0.05 0.15 5.33 0.019
Semantic–phonological model 0.0206 0.0187 0.62 0.08 0.07 0.02 0.04 0.17 5.81 0.017

SE C
N = 168
Naming 0.62 0.04 0.12 0.01 0.02 0.2
Weight–decay model 0.0053 0.5075 0.59 0.08 0.08 0.02 0.05 0.19 10.79 0.029
Semantic–phonological model 0.0226 0.0167 0.61 0.06 0.07 0.02 0.02 0.22 9.92 0.025

* CE B
N = 131
Naming 0.37 0.19 0.11 0.07 0.11 0.15
Weight–decay model 0.0873 0.863 0.4 0.12 0.16 0.07 0.06 0.19 11.49 0.0422
Semantic–phonological model 0.0101 0.0222 0.41 0.13 0.16 0.03 0.15 0.13 15.34 0.042

OE A
N = 155
Naming 0.9 0.06 0 0.03 0 0.01
Weight–decay model 0.0562 0.6875 0.9 0.05 0.01 0.03 0 0.01 1.83 0.006
Semantic–phonological model 0.0978 0.0199 0.93 0.04 0 0.01 0 0.01 3.81 0.017

FG C
N = 168
Naming 0.77 0.04 0.02 0.04 0.01 0.13
Weight–decay model 0.0113 0.547 0.74 0.07 0.05 0.02 0.02 0.11 12.51 0.025
Semantic–phonological model 0.0272 0.0196 0.77 0.05 0.04 0.01 0.01 0.12 6.88 0.013

MG A
N = 158
Naming 0.77 0.12 0.03 0.04 0.03 0.01
Weight–decay model 0.0537 0.7097 0.74 0.1 0.05 0.04 0.01 0.06 12.45 0.027
Semantic–phonological model 0.0193 0.035 0.79 0.09 0.05 0.02 0.04 0.01 6.86 0.021

FAG B
N = 147
Naming 0.49 0.07 0.04 0.05 0.04 0.3
Weight–decay model 0.0278 0.6479 0.44 0.09 0.11 0.03 0.07 0.25 15.08 0.044
Semantic–phonological model 0.0199 0.0156 0.52 0.07 0.08 0.02 0.04 0.26 12.33 0.03

TG A
N = 169
Naming 0.73 0.06 0.05 0.02 0.01 0.13
Weight–decay model 0.0061 0.5012 0.73 0.07 0.05 0.01 0.03 0.12 1.85 0.009
Semantic–phonological model 0.0242 0.0192 0.71 0.06 0.05 0.02 0.02 0.15 0.54 0.01

# FAH C
N = 136
Naming 0.04 0.04 0.33 0.03 0.35 0.21
Weight–decay model 0.0898 0.9102 0.18 0.08 0.18 0.05 0.11 0.4 118.46 0.152
Semantic–phonological model 0.0012 0.0205 0.16 0.14 0.24 0.03 0.26 0.18 32.03 0.084

FBH W
N = 174
Naming 0.46 0.02 0.14 0.02 0.05 0.3
Weight–decay model 0.0071 0.5443 0.43 0.08 0.11 0.02 0.07 0.29 11.9 0.033
Semantic–phonological model 0.0184 0.0149 0.47 0.07 0.09 0.02 0.05 0.3 10.73 0.029

* HH B
N = 122
Naming 0.69 0.19 0 0.08 0.01 0.03
Weight–decay model 0.096 0.849 0.71 0.12 0.04 0.07 0.01 0.06 11.95 0.036
Semantic–phonological model 0.0155 0.0299 0.65 0.11 0.1 0.03 0.08 0.03 41.51 0.065
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

NH B
N = 166
Naming 0.89 0.02 0.04 0.01 0.01 0.04
Weight–decay model 0.0101 0.5177 0.87 0.05 0.02 0.01 0.01 0.04 3.92 0.013
Semantic–phonological model 0.0278 0.0256 0.87 0.05 0.02 0.01 0.01 0.04 4.41 0.015

BI W
N = 140
Naming 0.14 0.06 0.16 0.04 0.27 0.32
Weight–decay model 0.0783 0.8685 0.17 0.08 0.18 0.04 0.11 0.42 35.95 0.078
Semantic–phonological model 0.0015 0.0161 0.14 0.12 0.2 0.02 0.22 0.31 8.22 0.035

KI B
N = 106
Naming 0.24 0.14 0.15 0.05 0.22 0.21
Weight–decay model 0.094 0.915 0.22 0.1 0.19 0.06 0.1 0.33 21.32 0.073
Semantic–phonological model 0.005 0.0196 0.23 0.13 0.2 0.03 0.21 0.2 2.76 0.022

SI A
N = 112
Naming 0.68 0.08 0.04 0.07 0.13 0.01
Weight–decay model 0.0485 0.7095 0.57 0.11 0.1 0.04 0.04 0.13 39.82 0.081
Semantic–phonological model 0.0141 0.038 0.65 0.11 0.11 0.03 0.09 0.01 16.13 0.041

* NI B
N = 94
Naming 0.34 0.18 0.11 0.11 0.07 0.19
Weight–decay model 0.0983 0.9059 0.37 0.12 0.17 0.07 0.07 0.19 6.79 0.04
Semantic–phonological model 0.0094 0.0206 0.36 0.13 0.16 0.03 0.16 0.17 29.98 0.057

FJ W
N = 147
Naming 0.68 0.07 0.07 0.03 0.04 0.1
Weight–decay model 0.0337 0.6493 0.67 0.09 0.07 0.03 0.03 0.11 1.41 0.012
Semantic–phonological model 0.0192 0.0225 0.67 0.09 0.07 0.02 0.05 0.1 1.97 0.011

CK A
N = 170
Naming 0.75 0.05 0.04 0.06 0.01 0.1
Weight–decay model 0.0924 0.8414 0.69 0.12 0.05 0.07 0.01 0.06 12.09 0.04
Semantic–phonological model 0.0225 0.0232 0.76 0.07 0.05 0.02 0.02 0.08 24.09 0.025

# KK W
N = 122
Naming 0.13 0.02 0.19 0.01 0.41 0.24
Weight–decay model 0.0783 0.8685 0.17 0.08 0.18 0.04 0.11 0.42 114.25 0.145
Semantic–phonological model 0.0013 0.0199 0.16 0.14 0.23 0.03 0.25 0.2 27.19 0.083

BAL A
N = 91
Naming 0.81 0.09 0.04 0.02 0.02 0.01
Weight–decay model 0.0411 0.6617 0.79 0.08 0.04 0.03 0.01 0.05 3.99 0.02
Semantic–phonological model 0.0207 0.0347 0.82 0.08 0.04 0.02 0.03 0.01 0.29 0.006

FL W
N = 143
Naming 0.43 0.15 0.14 0.08 0.12 0.08
Weight–decay model 0.0873 0.8638 0.4 0.12 0.16 0.07 0.06 0.19 17.95 0.054
Semantic–phonological model 0.0106 0.0251 0.45 0.13 0.15 0.03 0.15 0.08 16.79 0.029

SL A
N = 169
Naming 0.9 0.05 0 0.02 0.01 0.02
Weight–decay model 0.0355 0.6258 0.89 0.05 0.02 0.02 0 0.02 3.58 0.008
Semantic–phonological model 0.0284 0.0276 0.89 0.05 0.02 0.01 0 0.03 4.56 0.008
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

EL B
N = 172
Naming 0.84 0.02 0.03 0.01 0 0.1
Weight–decay model 0.0069 0.5001 0.81 0.06 0.03 0.01 0.01 0.08 9.41 0.024
Semantic–phonological model 0.04 0.0165 0.83 0.02 0.02 0.01 0 0.11 1.13 0.005

BL C
N = 155
Naming 0.65 0.06 0.04 0.05 0.08 0.12
Weight–decay model 0.0348 0.6564 0.63 0.09 0.08 0.03 0.04 0.13 12.88 0.028
Semantic–phonological model 0.0175 0.022 0.62 0.1 0.09 0.02 0.06 0.11 12.67 0.03

* EAL W
N = 101
Naming 0.3 0.2 0.13 0.09 0.26 0.03
Weight–decay model 0.0914 0.8941 0.29 0.11 0.19 0.06 0.09 0.26 63.15 0.125
Semantic–phonological model 0.0048 0.0322 0.29 0.16 0.24 0.03 0.25 0.03 15.31 0.052

GAL A
N = 174
Naming 0.92 0.03 0 0.02 0 0.03
Weight–decay model 0.0283 0.597 0.91 0.04 0.01 0.01 0 0.02 6.29 0.01
Semantic–phonological model 0.0993 0.0127 0.92 0.04 0 0.01 0 0.03 1.6 0.006

UL W
N = 140
Naming 0.61 0.09 0.06 0.04 0.06 0.14
Weight–decay model 0.0325 0.6509 0.6 0.09 0.09 0.03 0.05 0.14 2.22 0.012
Semantic–phonological model 0.0173 0.0205 0.58 0.09 0.09 0.02 0.06 0.14 4.1 0.017

# KAM W
N = 151
Naming 0.04 0.07 0.17 0.05 0.32 0.36
Weight–decay model 0.0741 0.8566 0.15 0.08 0.17 0.04 0.11 0.45 72.21 0.103
Semantic–phonological model 0.0011 0.0141 0.12 0.11 0.18 0.02 0.2 0.37 24.97 0.061

SM A
N = 165
Naming 0.9 0.04 0.01 0.03 0 0.01
Weight–decay model 0.0514 0.6747 0.89 0.05 0.01 0.03 0 0.01 0.87 0.006
Semantic–phonological model 0.0263 0.0348 0.91 0.05 0.02 0.01 0.01 0.01 4.53 0.008

FAM B
N = 163
Naming 0.89 0.04 0.02 0.02 0 0.03
Weight–decay model 0.0359 0.6305 0.88 0.06 0.02 0.02 0 0.02 2.53 0.01
Semantic–phonological model 0.0285 0.026 0.88 0.05 0.02 0.01 0 0.04 2.95 0.007

SAM A
N = 166
Naming 0.86 0.07 0.02 0.03 0.01 0.02
Weight–decay model 0.051 0.6843 0.85 0.07 0.02 0.03 0 0.02 0.42 0.003
Semantic–phonological model 0.0245 0.0305 0.87 0.06 0.03 0.02 0.01 0.02 2.38 0.008

FM C
N = 153
Naming 0.49 0.02 0.14 0.02 0.03 0.3
Weight–decay model 0.0041 0.5007 0.46 0.08 0.1 0.02 0.07 0.28 12.66 0.037
Semantic–phonological model 0.0212 0.0142 0.5 0.06 0.08 0.02 0.03 0.3 10.21 0.029

DN A
N = 114
Naming 0.82 0.06 0.04 0.06 0.02 0.01
Weight–decay model 0.061 0.7283 0.78 0.09 0.04 0.04 0.01 0.04 6.51 0.023
Semantic–phonological model 0.0207 0.0347 0.82 0.08 0.04 0.02 0.03 0.01 10.2 0.019
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

HN C
N = 164
Naming 0.35 0.08 0.18 0.09 0.13 0.18
Weight–decay model 0.0905 0.8848 0.33 0.12 0.18 0.06 0.08 0.23 9.95 0.034
Semantic–phonological model 0.0094 0.0206 0.36 0.13 0.16 0.03 0.16 0.17 24.95 0.035

HAN A
N = 143
Naming 0.69 0.03 0.11 0.05 0.08 0.03
Weight–decay model 0.0458 0.696 0.62 0.1 0.09 0.04 0.04 0.12 22.95 0.056
Semantic–phonological model 0.0155 0.0298 0.65 0.11 0.1 0.03 0.08 0.03 11.44 0.038

* CBN A
N = 88
Naming 0.4 0.18 0.06 0.15 0.13 0.09
Weight–decay model 0.0976 0.9 0.4 0.13 0.16 0.07 0.06 0.18 25.23 0.073
Semantic–phonological model 0.0088 0.0273 0.41 0.14 0.18 0.03 0.18 0.06 50.32 0.075

� DAN C
N = 142
Naming 0.31 0.01 0.19 0.02 0.09 0.37
Weight–decay model 0.0311 0.6763 0.29 0.09 0.14 0.03 0.09 0.37 12.26 0.039
Semantic–phonological model 0.0113 0.0134 0.28 0.09 0.13 0.02 0.11 0.38 13.75 0.041

NN A
N = 174
Naming 0.94 0.03 0 0.02 0.01 0
Weight–decay model 0.0369 0.6257 0.91 0.05 0.01 0.02 0 0.01 7.19 0.016
Semantic–phonological model 0.0261 0.0554 0.93 0.03 0.01 0.02 0 0 3.37 0.007

HO C
N = 168
Naming 0.79 0.04 0.06 0.01 0.01 0.11
Weight–decay model 0.0063 0.5001 0.76 0.06 0.05 0.01 0.02 0.1 5.61 0.019
Semantic–phonological model 0.027 0.0195 0.76 0.05 0.04 0.01 0.01 0.12 3.93 0.016

MO B
N = 167
Naming 0.87 0.01 0.01 0.02 0.01 0.08
Weight–decay model 0.0078 0.5045 0.84 0.05 0.03 0.01 0.01 0.06 10.96 0.025
Semantic–phonological model 0.0293 0.0216 0.83 0.04 0.02 0.01 0 0.08 8.88 0.022

BQ B
N = 138
Naming 0.73 0.09 0.03 0.08 0.03 0.04
Weight–decay model 0.0653 0.753 0.7 0.11 0.06 0.05 0.01 0.07 7.97 0.025
Semantic–phonological model 0.0188 0.0285 0.74 0.09 0.07 0.02 0.05 0.04 24.61 0.029

NQ B
N = 147
Naming 0.74 0.07 0.04 0.01 0.03 0.12
Weight–decay model 0.0069 0.5102 0.73 0.07 0.05 0.01 0.02 0.11 0.93 0.006
Semantic–phonological model 0.0216 0.0214 0.71 0.08 0.06 0.02 0.03 0.11 2.25 0.016

XQ C
N = 172
Naming 0.88 0.01 0.02 0.01 0 0.08
Weight–decay model 0.0076 0.5006 0.85 0.05 0.03 0.01 0.01 0.05 11.25 0.025
Semantic–phonological model 0.0458 0.0164 0.87 0.02 0.01 0.01 0 0.08 2.06 0.007

MQ C
N = 166
Naming 0.58 0.02 0.11 0.01 0 0.28
Weight–decay model 0.0051 0.5103 0.53 0.08 0.09 0.02 0.05 0.23 20.92 0.046
Semantic–phonological model 0.0336 0.0113 0.56 0.02 0.06 0.02 0.01 0.33 7.69 0.027
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

FQ B
N = 146
Naming 0.71 0.13 0.02 0.06 0.02 0.06
Weight–decay model 0.076 0.788 0.7 0.11 0.05 0.06 0.01 0.06 4.51 0.0157
Semantic–phonological model 0.0203 0.0254 0.74 0.09 0.06 0.02 0.04 0.06 19.74 0.033

* SS TCS
N = 89
Naming 0.24 0.18 0.11 0.13 0.25 0.09
Weight–decay model 0.0996 0.928 0.26 0.11 0.19 0.06 0.09 0.29 49.96 0.116
Semantic–phonological model 0.004 0.0266 0.25 0.16 0.24 0.03 0.25 0.07 35.96 0.067

HS B
N = 157
Naming 0.64 0.05 0.11 0.03 0.01 0.15
Weight–decay model 0.0288 0.636 0.62 0.09 0.08 0.03 0.04 0.14 7.62 0.025
Semantic–phonological model 0.0206 0.0187 0.62 0.08 0.07 0.02 0.04 0.17 8.12 0.024

BS W
N = 109
Naming 0.64 0.16 0.03 0.07 0.06 0.05
Weight–decay model 0.0661 0.7637 0.64 0.11 0.08 0.05 0.02 0.09 12.77 0.037
Semantic–phonological model 0.015 0.0293 0.64 0.12 0.1 0.03 0.08 0.04 18.14 0.042

FT C
N = 167
Naming 0.14 0.02 0.15 0.03 0.06 0.6
Weight–decay model 0.0928 0.9427 0.11 0.06 0.15 0.03 0.11 0.55 10.58 0.036
Semantic–phonological model 0.0149 0.0066 0.16 0.05 0.1 0.02 0.06 0.62 9.53 0.026

ST C
N = 169
Naming 0.87 0.03 0.01 0.02 0 0.08
Weight–decay model 0.0076 0.5006 0.85 0.05 0.03 0.01 0.01 0.05 8.09 0.017
Semantic–phonological model 0.0769 0.0087 0.86 0.03 0 0.01 0 0.09 1 0.007

KT B
N = 167
Naming 0.96 0.02 0 0.02 0 0.01
Weight–decay model 0.0487 0.6418 0.95 0.03 0 0.02 0 0 1.84 0.006
Semantic–phonological model 0.0922 0.0389 0.94 0.04 0 0.01 0 0.01 1.89 0.01

ET W
N = 165
Naming 0.55 0.07 0.13 0.04 0.05 0.16
Weight–decay model 0.046 0.7047 0.53 0.1 0.11 0.04 0.05 0.16 2.38 0.017
Semantic–phonological model 0.0164 0.0193 0.54 0.1 0.1 0.02 0.07 0.17 6.82 0.022
# BT B
N = 127
Naming 0.2 0.07 0.15 0.02 0.29 0.26
Weight–decay model 0.086 0.8953 0.18 0.09 0.18 0.05 0.11 0.4 45.15 0.094
Semantic–phonological model 0.0048 0.0176 0.21 0.12 0.19 0.03 0.2 0.26 8.84 0.045

CT B
N = 160
Naming 0.86 0.03 0.03 0.04 0.01 0.03
Weight–decay model 0.0422 0.6571 0.85 0.07 0.03 0.02 0.01 0.03 5.22 0.017
Semantic–phonological model 0.0247 0.0288 0.86 0.06 0.03 0.02 0.01 0.03 7.12 0.015

TT B
N = 142
Naming 0.56 0.06 0.16 0.01 0.02 0.18
Weight–decay model 0.035 0.6659 0.53 0.1 0.11 0.03 0.06 0.18 11.34 0.035
Semantic–phonological model 0.017 0.0189 0.54 0.09 0.1 0.02 0.06 0.18 12.71 0.036
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

TAT A
N = 171
Naming 0.94 0.05 0 0.01 0.01 0
Weight–decay model 0.0306 0.6026 0.92 0.04 0.01 0.01 0 0.01 6.36 0.011
Semantic–phonological model 0.027 0.0406 0.93 0.04 0.01 0.01 0 0 3.77 0.008

KAT A
N = 171
Naming 0.92 0.04 0.01 0.02 0 0.02
Weight–decay model 0.0339 0.6137 0.92 0.04 0.01 0.01 0 0.01 1.22 0.004
Semantic–phonological model 0.0313 0.0279 0.92 0.04 0.01 0.01 0 0.02 1.29 0.004

BAT A
N = 97
Naming 0.27 0.09 0.26 0 0.21 0.18
Weight–decay model 0.0949 0.9157 0.24 0.1 0.2 0.06 0.1 0.31 24.79 0.079
Semantic–phonological model 0.005 0.0196 0.23 0.13 0.2 0.03 0.21 0.2 6.48 0.036

MT A
N = 166
Naming 0.91 0.03 0 0.02 0 0.04
Weight–decay model 0.0147 0.5419 0.9 0.04 0.02 0.01 0 0.03 6.06 0.011
Semantic–phonological model 0.0942 0.0096 0.91 0.04 0 0.01 0 0.04 0.57 0.004

NU A
N = 170
Naming 0.92 0.02 0 0.01 0.01 0.05
Weight–decay model 0.0085 0.5003 0.89 0.04 0.02 0.01 0.01 0.04 4.89 0.015
Semantic–phonological model 0.0305 0.0246 0.89 0.04 0.02 0.01 0 0.04 5.6 0.016

FU W
N = 112
Naming 0.04 0.02 0.13 0 0.16 0.65
Weight–decay model 0.0583 0.832 0.07 0.05 0.11 0.02 0.1 0.66 10.27 0.033
Semantic–phonological model 0.0013 0.007 0.07 0.06 0.11 0.01 0.12 0.63 8.06 0.03

EW A
N = 172
Naming 0.88 0.01 0.02 0.03 0 0.05
Weight–decay model 0.0271 0.6036 0.85 0.06 0.03 0.02 0.01 0.04 10.27 0.023
Semantic–phonological model 0.031 0.0235 0.88 0.04 0.02 0.01 0 0.05 8.23 0.013

BW B
N = 174
Naming 0.93 0.02 0.01 0.03 0.01 0.01
Weight–decay model 0.0464 0.6567 0.91 0.05 0.01 0.02 0 0.01 5.22 0.014
Semantic–phonological model 0.029 0.0329 0.93 0.04 0.01 0.01 0 0.01 6.31 0.01

HW B
N = 174
Naming 0.99 0.01 0 0 0 0.01
Weight–decay model 0.0136 0.5005 0.98 0.02 0 0 0 0 2.42 0.007
Semantic–phonological model 0.0499 0.0293 0.97 0.02 0 0.01 0 0 2.97 0.01

* KX W
N = 132
Naming 0.7 0.13 0.01 0.1 0.02 0.04
Weight–decay model 0.0846 0.8164 0.7 0.12 0.05 0.07 0.01 0.06 10.5 0.025
Semantic–phonological model 0.017 0.0281 0.69 0.1 0.08 0.02 0.06 0.04 43.86 0.048

SAX A
N = 159
Naming 0.84 0.08 0.01 0.04 0.01 0.02
Weight–decay model 0.0545 0.6998 0.83 0.08 0.03 0.03 0 0.03 3.65 0.009
Semantic–phonological model 0.0233 0.0311 0.85 0.07 0.03 0.02 0.01 0.02 5.57 0.012
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Table 2 (continued)

Source Type w/s d/p Correct Semantic Formal Mixed Unrelated Nonword v2 RMSD

MX B
N = 157
Naming 0.83 0.03 0 0.04 0 0.1
Weight–decay model 0.0256 0.6078 0.79 0.07 0.04 0.02 0.02 0.07 17.75 0.033
Semantic–phonological model 0.1 0.0056 0.84 0.04 0 0.02 0 0.1 4.16 0.01

DX C
N = 171
Naming 0.6 0.05 0.13 0.01 0 0.21
Weight–decay model 0.0049 0.5023 0.57 0.08 0.08 0.02 0.05 0.2 16.25 0.033
Semantic–phonological model 0.0219 0.0164 0.59 0.07 0.07 0.02 0.03 0.23 14.74 0.028

QX B
N = 165
Naming 0.79 0.07 0.05 0.02 0.01 0.07
Weight–decay model 0.0282 0.6169 0.79 0.07 0.04 0.02 0.01 0.07 1.1 0.005
Semantic–phonological model 0.0237 0.0237 0.79 0.07 0.04 0.02 0.02 0.07 1.26 0.005

NX C
N = 131
Naming 0.72 0.1 0.03 0.03 0.05 0.07
Weight–decay model 0.0331 0.6444 0.7 0.09 0.06 0.03 0.03 0.1 6.42 0.023
Semantic–phonological model 0.0203 0.0254 0.74 0.09 0.06 0.02 0.04 0.06 3.92 0.018

KAX C
N = 157
Naming 0.77 0.03 0.06 0.01 0 0.14
Weight–decay model 0.0063 0.5033 0.74 0.07 0.05 0.01 0.02 0.11 10.14 0.027
Semantic–phonological model 0.0335 0.016 0.75 0.03 0.04 0.01 0 0.17 3.48 0.016

* KBX W
N = 48
Naming 0.13 0.25 0.19 0.06 0.29 0.08
Weight–decay model 0.0989 0.9328 0.22 0.1 0.2 0.06 0.1 0.33 38.7 0.146
Semantic–phonological model 0.0012 0.0247 0.18 0.15 0.26 0.03 0.28 0.1 6.29 0.055

DAX A
N = 158
Naming 0.75 0.09 0.03 0.03 0.03 0.08
Weight–decay model 0.033 0.6339 0.75 0.08 0.05 0.02 0.02 0.08 3.83 0.013
Semantic–phonological model 0.0215 0.0245 0.76 0.08 0.05 0.02 0.03 0.07 4.06 0.015

Symbols appearing to the left of the coded initials represent patterns of deviation from the semantic–phonological model (see text): #, WR
pattern; *, JF pattern; �, others. The first row of numbers for each particant shows the observed response proportions; subsequent rows
show the parameter values assigned by the best fitting WD (weight–decay) and SP (semantic–phonological) models and the response
proportions predicted by each. Default (control) value is .6 for parameter d, and .1 for parameters w, s, and p. RMSD, root mean squared
deviation.
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Subgroup 2: The JF pattern

The larger deviating subgroup (N = 9; Fig. 7) shows
the ‘‘JF pattern,’’ named after the patient in our earlier
case series who exemplified this pattern and who pro-
duced the worst fit to the semantic–phonological model
(Foygel & Dell, 2000). The members of this subgroup
are EE, CE, HH, NI, EAL, CBN, SS, KX, and KBX.
The JF-pattern of deviation reflects the difficulty that
the semantic–phonological model (as well as the
weight–decay model) has in fitting an extreme dissocia-
tion featuring low correctness and an error pattern that
is purely semantic (i.e., all or nearly all errors falling in
the semantic and mixed categories). There are two
aspects to the problem. The first concerns the combina-
tion of low correctness and few nonwords. In presenting
the severity plot for nonwords (Fig. 2A), we mentioned
this in connection with the continuity thesis, which asso-
ciates low correctness with the random pattern, implying
many nonwords. It turns out that the data points in the
problematic lower left quadrant of Fig. 2A mostly repre-
sent JF-pattern patients. As we discussed earlier in con-
nection with patient NAC, the semantic–phonological
model�s ability to restrict the connection weight lesion
to just the semantic connections gives it an advantage



Fig. 4. The deviations between observed and expected propor-
tions for the weight–decay model. Each line represents data
from a single patient.

Fig. 5. The deviations between observed and expected propor-
tions for the semantic–phonological model. Each line represents
data from a single patient.

Fig. 6. The deviations between observed and expected propor-
tions for the patients who exhibited the WR-pattern, relative to
the predictions of the semantic–phonological model.

Fig. 7. The deviations between observed and expected propor-
tions for the patients who exhibited the JF-pattern, relative to
the predictions of the semantic–phonological model.
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over the weight–decay model in accommodating an
error pattern with many word errors but few non-
words. Inspection of Table 2 shows that for all the
JF-pattern patients except NI, the best-fitting weight–
decay lesion overpredicts nonword errors, and the
semantic–phonological model improves the fit to this
category by assigning a lesion that is almost purely
semantic. But here we come to the second aspect of
the problem: A semantic lesion severe enough to fit
the low correctness tends to predict too many formals
and unrelateds to make for a good fit. This explains
the pattern of deviation shown in Fig. 7: the best fitting
semantic–phonological model underpredicts semantic
and mixed errors while overpredicting formals and, to
a lesser extent, unrelateds.

Earlier we commented on the semantic–phonological
model�s tendency to underpredict mixed errors. This
turns out to be largely due to rates of mixed errors in
the JF-pattern patients, for whom the observed–expect-
ed deviations for mixed range from .03 to .12, with
observed values up to 5 times the predicted values.
The mixed-error deviations are particularly large (com-
pared to semantic) because the low opportunities for
mixed errors make the semantic–phonological model
unable to predict a rate greater than .03. By sampling
from the network with a mixed neighbor 20% of the
time, we effectively doubled the number of mixed-error
opportunities in this, compared to prior studies (Dell
et al., 1997; Foygel & Dell, 2000). However, the oppor-
tunities are still low (about 0.8%), and they offer little
flexibility to match the relatively high mixed-error pro-
portions in these patients. There is more flexibility for
predicting semantic errors, and hence the deviations
expressed in proportional terms for this category are
not as dramatic as those for the mixed errors (underpre-
dicted by a factor of 2–3 for the semantic category com-
pared to as much as a factor of five for the mixed).

The difficulty that the pure semantics patients pose
for both the weight–decay and semantic–phonological
models has been discussed before (Dell et al., 1997; Foy-
gel & Dell, 2000) and has garnered these patients consid-
erable attention in discussions of the pros and cons of
these models. Dell et al. (1997, p. 832) noted that the
pure semantics pattern tends to co-occur with high rates
of omissions; and that is clearly the case in the present
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sample (Fig. 8). The significance of this lies in the possi-
bility that some or all of these omissions may in reality
be suppressed nonwords or other semantically unrelated
errors (i.e., that more types of error are generated than
are emitted). This would imply that our treatment of
omissions is wrong, or at least incomplete, in failing to
recognize incipient error suppression as a mechanism
for omissions (for evidence to this effect, see Schwartz
and Brecher, 2000 and Mitchum et al., 1990; and for evi-
dence of an association between omissions and semantic
impairment in a different case-series investigation, Lam-
bon Ralph et al., 2002).

The masking of other errors by omissions may
account for the pure semantics pattern in some patients,
but it cannot be the whole story, because patients have
been described who exhibit the pure semantics pattern
in conjunction with few omissions. In one well-studied
patient, language testing revealed the presence of a cen-
tral semantic deficit, suggesting that naming errors arose
from faulty semantic input to lexical access, and not
from lexical access itself (Hillis & Caramazza, 1995; Hil-
lis, Rapp, Romani, & Caramazza, 1990; Rapp & Gold-
rick, 2000). For the current set of pure semantics
patients, we have limited background testing that speaks
to this issue (Table 3); and it appears that four of the
nine are candidates for a central semantic deficit, as
indexed by low standard scores on these receptive tests
for lexical- and conceptual–semantic processing. These
four are identified in the table by bold.

Patients HH, KX, and EE do not score in a range
that we would consider indicative of a central semantic
deficit; and their production of omissions is not unusual-
ly high (52, 41, and 21 omissions, respectively, corre-
sponding to z scores of +1.13, +0.69, and +0.01).
These three are reminiscent of two other patients who
exhibit the pure semantics pattern in naming in conjunc-
tion with preserved central semantics and a low propor-
tion of omissions (PW, reported in Rapp & Caramazza,
Fig. 8. The ordinate represents omissions proportional to total
responses, standardized against the current sample (n = 94).
For the JF-pattern patients (represented by darker symbols) the
raw proportion is given alongside the respective symbol.
1997, 1998; Rapp & Goldrick, 2000), and DP, reported
in Cuetos et al., 2000. The challenge these patients pose
for the model will be taken up in the general discussion.

Subgroup 3: Underprediction of formals

The three patients represented in Fig. 9 (BBC, KAC,
and DAN) are only mildly deviating (6.10 deviation for
each category of error; root mean squared devia-
tion 6 .05), but there is some consistency in the patients�
response proportions, as well as in the model�s devia-
tions. Each has low correctness in conjunction with a
predominantly phonological error pattern (nonwords
and formals). However, the proportion of formals they
produce is high, relative to the other error types, so that
the assigned lesion undershoots the mark. Because the
deviations here are small and there are only three such
patients, their apparent systematicity may be illusory.
We will return to these cases in the general discussion.

Continuity thesis as instantiated in the semantic–

phonological model

We stated above that the semantic–phonological
model does a better job of fitting patients with low cor-
rectness and few nonwords, whom it characterizes as
having semantic connections weak enough to seriously
compromise word-level selection and phonological con-
nections strong enough to ensure that the selected words
are phonologically encoded. From this it follows that
the semantic–phonological model also accommodates a
severe deficit in which response proportions are different
from the random pattern, which features nonwords as
the predominant category.

To further illustrate this characteristic of the seman-
tic–phonological model, we conducted an analysis,
based on Ruml et al. (2005), in which we measured,
for each patient, the difference between the response pro-
portions predicted by the best-fitting semantic–phono-
logical model and the response proportions at the
random point. The difference was expressed using root
mean squared deviation, with larger values correspond-
ing to larger differences. The results are plotted in
Fig. 10A, with correctness on the x-axis and deviation
from the random point (root mean squared deviation
among proportions) on the y-axis. Next, we performed
the same analysis, substituting the observed proportions
for each patient for the proportions predicted by the
model. The resulting plot, shown in Fig. 10B, is almost
identical to what the model produced: for levels of cor-
rectness between .50 and 1.0, the difference from random
gets smaller as correctness gets lower, instantiating con-
tinuity; however, below .50, the points spread out some-
what. Ruml et al. observed the same spread of points at
low correctness in their case series of Italian aphasics
and concluded that the continuity thesis is incorrect.
Our view, in contrast, is that the data require a weaker



Table 3
Scores for the JF-pattern patients on background tests of semantic and lexical–semantic processing

ID Subtype Picture–name
verification—semantic foilsa

Noun–verb synonymy
judgmentsb

Pyramids and palm trees
testc–all pictures version

z score z score Raw score z score

CE Broca �0.57 �0.69 73 �2.27

EE Broca 0.49 0.11 NT
KX Wernicke �0.25 0.11 NT
EAL Wernicke NT �1.04 NT
KBX Wernicke �2.7 NT NT

NI Broca �2.81 �1.21 NT

HH Broca 0.12 �0.12 88 �0.22
SS TCS �1.42 �2.18 73 �2.27

CBN Anomic NT �1.04 NT

a Each of the 175 pictures from the Philadelphia Naming Test appears three times, pseudo-randomly, with the target, a close
semantic foil, and a remote semantic foil. The task is to indicate whether the spoken stimulus names the picture.
b A subtest of the Philadelphia Comprehension Battery; Saffran et al., 1988 (n = 30 test items), this task requires a decision about

which two of three nouns or verbs (written and spoken) are most similar in meaning.
c A published test of semantic-conceptual knowledge, involving picture match-to-sample based on an associative relationship

(Howard & Patterson, 1992).
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version of the continuity thesis, and the semantic–pho-
nological-model instantiates that version: To the extent
that phonological lesions are present, the data and the
model show the gradual transformation from normal
to the random point, defined as before in terms of ran-
dom selection of phonologically legal strings. The lower
edge of the scatter of points represents this transforma-
tion. In the absence of phonological lesions, however,
the transformation from normal to random is to a differ-
ent random point, one associated with the correct pro-
duction of a randomly selected word. The points with
low proportion correct but greater deviation from the
(phonologically defined) random point are for patients
whose phonological lesions are not particularly strong.
The more phonologically intact these patients are, the
greater the upward sweep from the bottom edge of the
scatter.
Fig. 9. The deviations between observed and expected propor-
tions for the remaining patients who were considered deviating,
relative to the predictions of the semantic–phonological model.
Aphasia subtypes in model space

It is well known that all clinical subtypes of aphasia
are accompanied by naming difficulties, and that partic-
ular error types are not unique to any one subtype (e.g.,
Howard, Patterson, Franklin, Orchard-Lisle, & Morton,
1984; Kohn & Goodglass, 1985; Mitchum et al., 1990).
To determine whether the semantic–phonological mod-
el�s analysis distinguishes the different groups on the
basis of naming responses proportions, we examined
how patients from different groups cluster in semantic–
phonological parameter space (Foygel & Dell, 2000).
The analysis was restricted to patients with less than
.90 correct responses, because the model needs a fair
number of errors to reliably determine whether a lesion
is primarily semantic or primarily phonological. Results
are shown in Fig. 11.

The patients with conduction aphasia fall in the part
of space with lower phonological weights than semantic
weights. Clinically, this subtype is defined by poor repe-
tition, frequent phonemic paraphasias in speech, and rel-
atively good comprehension; the low phonological
weights may explain the first two symptoms and the rel-
atively high semantic weights may explain the latter.
(This assumes that the same semantic–lexical connec-
tions are utilized in comprehension as in production;
e.g., Roelofs, 2003; Dell, Martin, and Schwartz, submit-
ted.) The patients with Wernicke�s aphasia tend to have
lower semantic than phonological weights. Clinically,
this subtype is defined by poor lexical comprehension;
the low semantic weights would explain this. The mod-
el�s characterization of the anomic patients is like that
of the Wernicke�s patients, but with higher semantic
and phonological weights. This is consistent with the



Fig. 10. The top graph (A) shows the difference between the
semantic–phonological model�s predicted response proportions
and the response proportions at the random point (expressed as
the root mean squared deviation) in relation to the subject�s
naming accuracy. The bottom graph (B) shows the difference
between the subject�s actual response proportions and those at
the random point.

Fig. 11. This figure shows how the classical aphasia subtypes
cluster in semantic–phonological parameter space. The top
panel graphs parameters for individual patients; the bottom
panel graphs average parameters for patients of the respective
subtype.
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clinical evidence that Wernicke patients often recover to
an anomic profile (Crary & Kertesz, 1998). Indeed, in
Fig. 11B, the alignment of Wernicke, Anomic, and non-
aphasic speakers along a diagonal indicates that the
three categories lie along a continuum of severity. The
semantic–phonological model�s analysis of the Broca
speakers is not particularly distinctive. The mean seman-
tic and phonological weight for patients in this category
lies almost exactly between the Anomic and Conduction
groups (Fig. 11B). Interestingly, Broca�s aphasia is not
defined by symptoms that bear on the integrity of
semantics or phonology; its hallmark symptoms are
effortful, poorly articulated speech and agrammatism.

In conclusion, the model�s analysis of picture naming
clusters Wernicke, Anomic, and Conduction speakers in
different nearby regions of semantic–phonological
parameter space. Furthermore, its characterization of
the average subtype lesion as being more strongly pho-
nological or more strongly semantic provides a plausible
account of other language behaviors associated with
these conditions.

Predictions related to the dual nature of formals

The hypothesized dual nature of formals derives
from the fact that each of the model�s two retrieval steps
is subject to selection errors that yield formals. Sublexi-
cal formals occur during phoneme selection; lexical for-
mals occur during lexical selection, when cascaded
activation to the target�s phonemes sends reciprocal acti-
vation back to the words (target and nontarget) that
contain these phonemes, making it possible for a phono-
logical neighbor of the target sometimes to compete suc-
cessfully for lexical selection.



Fig. 12. Semantic–phonological parameter map showing the
percentage of the model�s formals that occurred because the
formal word was selected.
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The empirical reality of sublexical formals is not in
dispute, and all production models are capable of gener-
ating these at the level of phoneme selection or encod-
ing. The empirical reality of lexical formals is more
controversial, and many production models are not
capable of generating such errors. For example, Slipnet,
a discrete two-step model implemented for the simula-
tion of aphasic naming, generates formals only at the
sublexical level, a small fraction of which are words by
chance (Laine et al., 1998). The frequency of formal
errors in the simulated data from 10 aphasic patients
was low enough in that study that it did not pose a chal-
lenge to the model�s architecture and the single-origin
account of formals (see also Lambon Ralph et al.,
2002; Lecours, Deloche, & Lhermitte, 1973; Nickels &
Howard, 1995b; Ruml et al., 2005).

Without doubt, some aphasic patients generate for-
mal errors at high enough rates to warrant postulating
a second mechanism (e.g., Blanken, 1990; Martin et al.,
1994). However, our group�s advocacy of the dual nat-
ure of formals rests on an additional argument, based
on the grammatical category constraint. Only lexical
formals are predicted to preserve the nounness of
(naming) targets more often than chance. In Gagnon
et al. (1997), we showed that aphasics� formal errors
exhibited the noun effect, and in Dell et al. (1997) we
demonstrated that the weight–decay model could accu-
rately predict which patients would exhibit the noun
effect and which would not. Those who showed the
noun effect had lesions characterized by globally strong
connection weights but relatively high rates of decay.
Foygel and Dell (2000) found that the semantic–pho-
nological model produced essentially the same split
among those patients; those with globally strong con-
nection weights (and high rates of decay) tended to
have strong phonological weights (and weak semantic
weights), which is what the semantic–phonological
model seemed to require as a basis for generating lexi-
cal formals.

Here, we performed a more extensive exploration of
the semantic–phonological model�s basis for generating
lexical formals. We evaluated the model for 25 combina-
tions of the s and p parameters, enough to make a map.
For each parameter combination, we determined the
percentage of the observed formals that occurred
because the formal lexical unit was selected. It is only
these true lexical formals that should be nouns. The
results are plotted in Fig. 12.

The graph shows contour regions, defined by the
extent to which the model produces lexical formals.
0–25% lexical means a region in which 0–25% of the
formals are lexical, and so on. When the semantic and
phonological parameters are equal (imagine a diagonal
line from lower left to upper right) the expected percent-
age of lexical formals is in the 25–50% range, and when
the phonological parameter is smaller than the semantic
one, we quickly get into the region where few formals
are lexical (0–25%). The fact that the contour lines are
parallel with a slope close to one means that the lexical-
ity percentage is predicted just by the difference between
the p and s parameters. As p�s increases, so does the
percentage.

The central finding here is that for both low and high

phonological weights, the percentage of lexical formals is
substantial only when the phonological weight is greater
than the semantic weight. This might seems to contra-
dict the claim that lexical neighbors require phonologi-
cal feedback to become competitive. But if the
feedback is weak (low phonological weight) this is com-
pensated for when the semantic weight is even weaker,
as this allows the weakly activated formal neighbors to
have a chance against the correct and semantically relat-
ed lexical units.

This finding motivates the prediction that the magni-
tude of the noun effect should be greater in patients
whose modeled connection weight is stronger for p than
s, and this should be true for those with relatively weak p

weights as well as those whose p weights are relatively
strong. Seventy-six patients produced at least one formal
error and so were included in the analysis. Fitted p

weights in this group ranged from a low of .007 to a high
of .040, with many more patients at the low end. Apply-
ing a cut-off of .025 to subdivide the group allowed for a
reasonable number to be included in the ‘‘high p’’ group
(p P .025 = ‘‘high,’’ N = 27; p < .025 = ‘‘low,’’ N = 49).

As in prior work, we used 64% as the estimate of how
often random phoneme substitution creates nouns by
chance (Gagnon et al., 1997). Using this figure, we calcu-
lated the number of noun formals expected by chance
for each patient and subtracted this from the number
of nouns actually produced, to obtain an estimate of
noun formals in excess of chance (noun effect). We then



Fig. 13. For low- and high-p patients, the mean percentage of
noun formals in excess of chance, binned for p�s (the difference
between fitted phonological and semantic weights).

Fig. 14. Contour map depicting the variation in strength of the
mixed error effect in semantic–phonological parameter space,
measured as the ratio of the number of selections of RAT to the
number of selections of DOG during word retrieval. Lighter
shading represents a higher ratio (hence greater mixed error
effect). Points represent the six patients with fitted s and p

parameters of .04 or higher; numbers alongside coded initials
show the patient�s ratio of actual-to-chance target–error overlap
for phoneme positions 1–3.
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averaged the estimated noun effect in patients binned by
the p�s difference and plotted the results separately for
high and low p patients. The results, shown in Fig. 13,
accord nicely with the prediction: a bigger noun effect
with larger p�s, for both low-p and high-p patients.

We then tested the significance of the noun effect in
each p�s bin, averaging over high- and low-p patients.
As shown in Table 4, the effect was significant only for
the two highest bins, that is, for the bins with
p�s > .011. It is also noteworthy that for patients in
the two lowest bins, where the noun effect was negligible,
the mean percentage of noun formals was 65.5%, which
is remarkably close to the 64% estimate of chance.

Predictions related to the mixed error effect

The mixed error effect, like the dual nature of for-
mals, speaks to the model�s interactivity assumption.
In the model, word retrieval errors, including semanti-
cally mediated retrieval errors, are influenced by phono-
logical factors, reflecting feedback. To establish
predictions from the semantic–phonological model
regarding where the mixed error effect should be great-
est, we explored its parameter space in a network that
contains both RAT (the mixed-error distractor) and
DOG (the semantic error distractor) and no other
Table 4
The mean number of noun formals (NF) and NF above chance, bin
semantic weights

p�s Mn. NF Mn. NF above cha

.021–.030 0.932 0.292

.011–.020 0.778 0.138

.001–.010 0.736 0.096
�0.009–.000 0.645 0.003
�.010 or less 0.674 0.033
semantically related items. (This is the neighborhood
we used for testing the mixed error effect in Dell et al.,
1997.) The mixed error effect is quantified as the ratio
of the number of selections of RAT to the number of
selections of DOG during word retrieval. To the extent
that RAT is chosen over DOG, that is, the ratio is great-
er than 1.0, the mixed error effect is present.

A contour-map display of the result is shown in
Fig. 14. (The labeled points refer to patients and will
be explained shortly.) For all parameter values exam-
ined, RAT is chosen more than DOG; but the ratio does
not get much greater than 1.0 until the value of p gets
quite large. Even then, the ratio remains close to 1.0
unless the value of s is between .03 and .07. The major
result, then, is that both parameters need to be close
to their normal values (e.g., s and p > .05) in order for
the model to show a large mixed error effect. Why do
both parameters need to be large? When p is large, there
ned by p�s, the difference between the fitted phonological and

nce DF t value p value

4 9.766 0.0006
18 3.427 0.003
20 1.708 0.1031
19 0.07 0.945
10 0.72 0.4878
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is feedback to make the mixed competitor RAT more
active than the semantic competitor DOG. When s is
large, lexical errors of all types are rare, so only the most
active competitors (e.g., RAT) have a fair chance of
selection. So, when s and p are both near normal, the
ratio of RAT/DOG (indexing the mixed error effect) is
high, whereas when s is subnormal, lexical access
becomes more error prone and the natural advantage
of RAT over DOG diminishes.

The model�s predictions for the patients, therefore, are
that there will be a mixed-error effect overall, and that
individual patients will show a big effect only if their fitted
parameters are close to thenormal region.However, those
patients do notmakemany errors and their low error pro-
duction makes it difficult to evaluate model predictions.

As in Dell et al., 1997, we examined the mixed-error
effect in the group overall by selecting all errors catego-
rized as semantic or mixed (excluding morphological rel-
atives) and counting how often their first, second, and
third phonemes matched their targets. We then com-
pared the obtained overlap proportions to chance, as
estimated in Martin, Gagnon et al.�s, 1996 study of
aphasic performance on the Philadelphia Naming Test:
.057 for the first phoneme, .060 for the second, and
.056 for the third. For patients in the current study the
average overlap proportions were, respectively, .16,
.14, and .10. Each position differs reliably from chance
(all p values < .001). Thus, the first of the model�s predic-
tions is confirmed—across all patients in the sample,
there is a significant mixed error effect.

To evaluate the second of the model�s predictions,
we identified all cases in which the fitted p�s qualified
as near normal (.04 or higher). There were six such
cases. Their data are plotted on the contour map of
Fig. 14. The number alongside a patient�s initials is
the ratio of actual- to chance-overlap, for all three
positions; ME, for example, has 5.7 times more phono-
logic overlap in his semantic errors than expected by
chance. Three patients (ME, EBC, and MD) have fits
that place them close to the ‘‘hot spot’’ on the map
(the region of the model that yields the biggest mixed
error effect), and these three patients have overlap
scores that are at least twice chance. This large a mixed
error effect was present in less than half the subjects in
the full sample (44 of 94).

Thus, the model predicts that patients with fitted
parameters close to the normal values will show strong
mixed error effects; and Fig. 14 shows this to be true
for the very small number of cases who qualify as having
near-normal parameters. For the remaining patients in
the sample, the model does not explain individual differ-
ences in the mixed error effect. Bivariate correlations
between the size of the effect (expected minus chance
overlap for positions 1–3) and fitted values of s, p, s–p,
or s + p fell well short of significance in all cases (Pear-
son r < .20).
Predictions related to similarity effects in nonsemantic

word errors

According to the model, both mixed errors and lexi-
cal formals are products of lexical–phonological feed-
back. The logic that predicts above-chance overlap in
errors classified as semantic or mixed also predicts
above-chance overlap in nonsemantic errors generated
at the lexical level, i.e., unrelated word errors and lexical
formals. Of course, the dual nature of formals confronts
us with the problem of selecting for the analysis just
those formals that are most likely to have a lexical basis.

The model tells us that lexical formals are most likely
to come from patients whose production of nonwords is
low and whose formal errors are mostly nouns. These
are patients with a high value of p�s. We therefore
began the analysis by choosing a group of 20 patients
with the highest values of p�s and a proportion of noun
formals in excess of chance. This group was further win-
nowed to 10 by selecting those with the fewest relative
number of nonwords. The 10 patients selected were
KBX, EAL, SI, SS, NAC, MG, FL, HAN, BS, and
BAL. From these, we assembled a corpus of nonseman-
tic word errors, comprised of the errors that had been
classified as formals (N = 96) or unrelateds (N = 53).
Only noun responses were included. Five of the formals
differed from the target word by one phoneme; as these
might have been word errors by chance, we removed
them from the corpus. In a further effort to avoid inflat-
ing target–error overlap by including errors that were in
actuality phonological, we estimated from the patients�
rate of nonword errors approximately how many word
errors would be created by chance at the phonological
level: The 10 subjects made a total of 41 nonword errors.
On the assumption that phonological error processes
create words 20% of the time (Dell et al., 1997), one
would expect that beyond these 41, there would be an
additional 10.2 phonological errors that happened to
create words and thus ended up in the formals or unre-
lated categories. Of these 10.2 errors, we expect 64%, or
6.5 to be nouns. Had these been included in the nonse-
mantic error corpus, six or seven of the identified formal
noun errors would have arisen at the phonological, not
word level. Since these noun pseudo-formals are likely
be quite similar to the target, they were probably already
removed by our taking out the five that were one-pho-
neme off. To be conservative, though, we removed an
additional seven formal errors at random from the ana-
lyzed set.

Removal of the five 1-off and seven additional for-
mals left a total of 137 nonsemantic word errors (all
nouns) for entry into the similarity analysis. We per-
formed this analysis using the same procedures and esti-
mates of chance overlap as in the mixed error analysis.
Averaged across the 10 selected patients, the overlap
proportions for first, second, and third phonemes were,
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respectively, .22, .15, and .12. Each position differs reli-
ably from chance (all p values < .001).

This analysis indicates that the errors identified as
lexical-level formals are unlikely to be unrelated errors
that are phonologically similar by chance. It should be
noted that the ten subjects selected for this analysis all
had lesions involving the s weight more than the p

weight. (This is consistent with their pattern of produc-
ing more formals and unrelateds relative to nonwords.)
These are the patients that the model predicts will dem-
onstrate stronger phonological effects on their lexical
errors, compared to subjects with other lesion types.
General discussion

This computational case-series is larger than any that
has been studied to date. It represents an unbiased sam-
ple of aphasics with CVA etiology, who are post-acute,
community dwelling, and willing and able to participate
in language research. The demonstration by Dell et al.
(2004) that omission errors can be accommodated in
the model by treating them as largely independent from
overt errors (Ruml et al., 2000) made it possible to
include patients who produce numerous omissions; as
a consequence, this sample includes patients with lower
correctness than those we modeled in past studies (Dell
et al., 1997; Foygel & Dell, 2000). We also developed a
Table 5
This table shows how the weight–decay and semantic–phonological m

Model Patient group

Weight/Decay Current sample

Dell et al., 1997/Foygel and Dell, 2000a

Ruml et al., 2000a

Dell et al., 2004
Ruml et al., 2005 (Italian)—all patients
Ruml et al., 2005 (Italian)—Omissions 6

Semantic/Phonological Current sample

Dell et al., 1997/ Foygel and Dell, 2000a

Ruml et al., 2000b

Dell et al., 2004c

Ruml et al., 2005 (Italian)—all patients
Ruml et al., 2005 (Italian)—Omissions 6

As much as possible, everything has been made commensurate with t
refit using the automated fitting routine, and substituting the ‘‘indepe
neighbor network, and/or the .6 default value for decay (semantic–pho
(2005) models have a neighborhood structure that is appropriate
rate = .5; their data were not refit. As in the published report, we pre
produced no more than 15% omissions. RMSD, root mean squared
a Individual response proportions (Dell et al., 1997; Table 7) were refi

fitting routine based on Foygel and Dell (2000).
b Individual response proportions (Ruml et al., 2000; Table 4) were

mixed neighbor; and the automated fitting routine based on Foygel a
c Individual response proportions (Dell et al., 2004; Table 2) were r

omissions.
method for reliably scoring the errors of patients with
motor speech impairments, which allowed us to include
for the first time patients with Broca�s aphasia.

Using this large and diverse case series, we found that
the semantic–phonological version of the interactive
two-step model outperformed the weight–decay version
of the model in terms of variance accounted for, mean
root mean squared deviation, reduction of systematic
deviations in the nonword and unrelated word response
categories, and fits to individual patients exhibiting dis-
sociations of word vs. nonword errors.

Table 5 summarizes the findings from this and previ-
ous studies that used the weight–decay or semantic–pho-
nological model to fit case-series data. The semantic–
phonological model does uniformly better than the
weight–decay model in every study, when total variance
accounted for and average root mean squared deviation
are considered. The values obtained in the present study
match up well with most others. The larger differences
across studies will be discussed shortly.

Foygel and Dell�s (2000) study found no real advan-
tage for either model in fitting naming response propor-
tions from a 21-person case series (although the
semantic–phonological model did better in fitting repeti-

tion response proportions; see also Dell et al., submit-
ted). Foygel and Dell observed that a reason for
preferring the semantic–phonological model is that its
characterization of lesions as semantic and/or phonolog-
odels performed in this and previous case-series investigations

N Mn. RMSD Total VAF % sample with
RMSD > .041

94 .034 .870 24%
21 .024 .901 10%
13 .026 .658 15%
14 .045 .816 29%
50 .042 .796 n.a.

15% 28 .028 .875 n.a.

94 .024 .945 17%
21 .021 .929 14%
13 .022 .802 15%
14 .030 .930 29%
50 .035 .857 n.a.

15% 28 .021 .919 n.a.

he current analysis, meaning that data from some studies were
ndence’’ treatment of omissions, 20% sampling from the mixed-
nological model). See table notes below for details. Ruml et al.�s
to Italian, and their semantic–phonological model has decay
sent their model fits for the full sample, and for the subset who
deviation. VAF, variance accounted for.
t using the 20% mixed-neighborhood option and the automated

refit using decay rate = .6; 20% sampling from the network with
nd Dell (2000).
efit using the normalization (‘‘independence’’) routine to handle
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ical meshes closely with current theories that identify
these two subsystems as primary and distinct (Dell,
1986; Garrett, 1975; Lambon Ralph et al., 2002; Levelt
et al., 1999; Martin et al., 1994; Plaut et al., 1996;
Shelton & Caramazza, 1999). By comparison, the
weight–decay model�s characterization of lesions as
globally compromised connection weight and/or decay
rate is harder to integrate with theories of language
and neurology. The current findings, and the consistent
advantage for the semantic–phonological model docu-
mented in Table 5, provides a strong empirical basis
for preferring the semantic–phonological model.

The analysis of current patients whose fits under the
semantic–phonological model could be considered devi-
ating revealed additional examples of two previously
reported patterns (the WR and JF patterns). In addition,
a possible new pattern of deviation was observed in three
cases, involving small but consistent underprediction of
formals. We noted that these three patients had a severe
naming deficit characterized by mostly formal and non-
word errors. They also had impaired input processing,
including poor phoneme discrimination; and two (BBC
and KAC) had word repetition scores well below the
group mean (Dell et al., submitted). This deficit profile
calls to mind a case recently reported by Wilshire and
Fisher (2004), whose abnormality the authors character-
ized as a pathologically fast rate of decay within phono-
logical representations (see also Martin et al., 1994;
Martin & Saffran, 1992). A question for future research
is whether it is worth the loss of parsimony to include pho-
nological decay as a third lesionable parameter in the
models.

The WR and JF patterns pose difficulties for both
the weight–decay and semantic–phonological models.
So do patients who produce many omissions. Looking
at Table 5, one can see that the study of patients with
many omissions (Dell et al., 2004) yielded root mean
squared deviations that are somewhat larger. This is,
at least in part, because the root mean squared devia-
tions are calculated on the normalized response pro-
portions. A deviation of .03 for a category in a
patient with 50% omissions becomes a deviation of
.06 once the proportions are normalized. One can also
see this distortion in the difference in the root mean
squared deviation for the Italian data. For the 28
patients with fewer than 15% omissions, the mean for
the semantic–phonological model is a very respectable
.021. When all 50 patients are included, the mean is
considerably greater, .035. Not all of this increase is
necessarily due to this distortion, though. As we said
previously, the ability of the model to fit the normal-
ized proportions may be poorer when there are many
omissions. This may be because the independence
assumption is overly general (see below). Also, it may
be because in some patients the high number of omis-
sions is part of the pure semantics pattern, which can
be problematic for other reasons. The full sample in
Ruml et al. (2005) likely over-represents pure semantics
patients by virtue of the inclusion of two patients with
semantic dementia and five with herpes virus encepha-
litis (14% of cases) and because, as the authors state,
their patient population is generally biased toward
those with semantic damage (p. 140).

It is worth noting in Table 5 that the root mean
squared deviation and total variance accounted for
sometimes present a different picture of the model�s per-
formance in a given study. The patients in Dell et al.
(2004) are quite different from one another, apart from
their tendency to produce many omissions. Here, where
there is a good deal of variance to be explained, the
semantic–phonological model explains much of it
(93%), even though the fits are less than impressive. This
contrasts with Ruml et al. (2000), where the 13 patients
in the sample are all quite similar, the total variance
explained by the weight–decay model is low (65.8%),
but the mean root mean squared deviation (.026) is bet-
ter than average for this model.

The criteria we used to enroll patients in this study
were unlikely to have biased the sample towards or away
from the response patterns that are problematic for the
model, and they succeeded in producing a sample that
was large and highly diverse. On the reasonable assump-
tion that the incidence of deviating patients in this study
is representative of their frequency in the population
with persisting aphasia from LCVA, the current results
for the weight–decay and semantic–phonological models
provide an unbiased estimate of their ability to fit the
naming patterns of this population.

There is another group of aphasics whose lexical
access problems should be explainable by our models.
In primary progressive aphasia of the nonfluent type,
there is slow deterioration of lexical and syntactic pro-
cesses with relative sparing of semantic memory. In at
least some of these patients, the lexical access problem
centers on phonological retrieval/encoding (e.g., Croot
et al., 1998). We would expect the naming patterns in
such patients to be well fit by a relatively pure p lesion
or, in the weight–decay model, a relatively pure weight
lesion (see Croot et al., 1998, footnote 1, for preliminary
support). In contrast, we would not expect our models
to fit the naming patterns associated with primary pro-
gressive aphasic of the fluent type (also known as seman-
tic dementia). Patients of this type have naming
problems as a consequence of damage to semantic repre-
sentations (Lambon Ralph et al., 2001); as noted earlier,
such damage falls outside the scope of the model.

Why the model works (to the extent that it does)

The model comparisons summarized in Table 5
reveal the superiority of the semantic–phonological
model. However, in perusing Table 5, one is struck with
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how similar the results are for these two different
accounts of the lexical access disorder in aphasia. Evi-
dently, much of the success of the models can be
ascribed to the processing assumptions they share. To
appreciate which assumptions are important and why,
it is important to separate two aspects of the results:
(1) the initial fits of the model to the six naming-response
proportions and (2) the tests of predictions regarding
formals, mixed, and nonsemantic errors. The next sec-
tions deal with each of these, in turn.

Initial fits to the six response proportions

For the initial fits, the model assumption that is most
important is the continuity thesis. Any model that cor-
rectly fits the normal pattern, correctly characterizes
the random pattern, and places patients on a continuum
between these two patterns, will fit reasonably well. The
weight–decay model characterizes the normal pattern as
mostly semantic and the random pattern as mostly non-
words. The semantic–phonological model retains the
characterization of the normal pattern but has a differ-
ent random pattern for each of the two lesionable
parameters. When there are phonological lesions pres-
ent, the semantic–phonological characterization of ran-
dom is the same as weight–decay; when the lesions
affect only the s-weights, its characterization of random
is different. In the current sample, most of the patients
have some phonological involvement and so are placed
on a similar continuum by the two models. Since
impaired lexical–phonological access is commonplace
in aphasia, this will be true in any relatively unbiased
sample of patients (e.g., Lambon Ralph et al., 2002).

The second most important model assumption in
producing good initial fits is the two-step assumption.
With this assumption, the model distinguishes lexical
and sublexical errors, allowing for the basic error types.
When the two-step assumption is paired with an
approach to lesioning that separates word and nonword
errors, the model is capable of explaining much of the
patient variability that is independent of overall severity.
The weight–decay model accomplishes this separation to
a degree, but the separation in the semantic–phonologi-
cal model is purer, so the semantic–phonological model
does a better job of matching patients whose errors are
primarily nonwords or primarily words.

Lambon Ralph and colleagues have proposed an
account of aphasic naming that has strong commonali-
ties with the semantic–phonological model but lacks
the two-step assumption (Lambon Ralph et al., 2002;
also Lambon Ralph, 1998; Lambon Ralph, Sage, &
Roberts, 2000; Lambon Ralph et al., 2001). Inspired
by PDP-style connectionist models of word naming
(e.g., Plaut & Shallice, 1993) and verb past-tense mor-
phology (Joanisse & Seidenberg, 1999), their verbally
specified model characterizes naming as resulting from
the direct interplay between semantic and phonological
representations, with no involvement of wholistic (local-
ist) lexical representations. It ascribes aphasic naming
entirely to damage to the semantic and/or phonological
representations. In a case-series study (N = 21), these
investigators used patients� performance on reading, rep-
etition, and comprehension tasks to estimate their
semantic and phonological abilities, and then entered
these quantitative estimates into a regression model with
picture naming accuracy as the dependent variable. The
model explained an impressively large portion of the
variance in naming accuracy. A second analysis revealed
that the estimates of semantic and phonological abilities
correlated significantly, and in the expected direction,
with the frequency of semantic and nonword errors in
naming. However, formal errors, which this character-
ization treats as phonological, produced a pattern of
correlations that differed from nonwords and that defied
explanation. This is predictable on the dual-origins
account; one subset of formal errors reflects phonologi-
cal weakness, while another subset reflects weakness in
the lexical–semantic system. It remains to be seen
whether a model built along the lines that Lambon
Ralph et al. envision can explain this (see Rapp and
Goldrick, 2000 for other challenges to a PDP model of
naming). In any case, the differences between computa-
tional approaches should not obscure the impressive
commonalities that are emerging between Lambon
Ralph and colleagues� approach and our own.

To summarize, the most important assumption in ini-
tially fitting the six naming-response proportions is the
continuity thesis; the next most important is the two-
step assumption and an account of lesions that separates
processes that act largely at the first step from those act-
ing at the second step. The least important assumption
in the initial fitting of naming patterns is the assumption
of interactivity. Ruml et al. (2005) created versions of
the semantic–phonological model with and without bot-
tom-up feedback for use in fitting their Italian aphasics
and found that the no-feedback model produced rough-
ly comparable fits to the semantic–phonological model
with feedback. The no-feedback version creates lexical-
level formals when weakened s-weight lesions increase
the contribution of noise and allow unrelated words to
be selected; by chance, a portion of those will meet the
similarity criterion for formals. This is indisputably
one mechanism for generating lexical-level formals; the
question, though, is whether formal neighbors to the tar-
get receive an added benefit as a result of bottom up
feedback. We find Ruml et al.�s comparison of fits with
and without feedback inconclusive on this matter. Prob-
ably on account of features of Italian and the patient
sample, there are very few formal errors in their corpus
and hence little variance across patients in this category.
For this reason, neither semantic–phonological model—
with or without feedback—fits the formals category bet-
ter than simply guessing the mean. So it remains possible



M.F. Schwartz et al. / Journal of Memory and Language 54 (2006) 228–264 259
that in a different sample, the addition of interactive
feedback would improve the fit of the semantic–phono-
logical model to the six response proportions. Neverthe-
less, we agree with Ruml et al.�s basic point that
interactivity does not seem to play an important role
in fitting those proportions—certainly not as important
a role as the continuity and two-step assumptions.

Formal- and mixed-error predictions

In contrast to its minimal role in explaining the initial
model fits, the interactivity assumption is critical for the
tests of predictions that we have performed. Ruml
et al.�s (2005) feedforward only version of the seman-
tic–phonological model can not explain the success of
the model predictions concerning the mixed error effect
and the above-chance similarity in the selected nonse-
mantic word errors. It is also not obvious that it can
explain the reliable association we found between p�s

and the noun effect in formals. In the model with inter-
active feedback, lexical-level formal errors are associated
with phonological weights that are larger than semantic
weights because phonological weights convey activation
from the phonological level to the lexical level, thereby
promoting lexical level formals. More generally, the suc-
cess of the model�s predictions for formal errors sup-
ports the two-step assumption (which makes possible
both lexical and sublexical formal errors) and the inter-
activity assumption, which associates lexical formals
with higher phonological weights. It is worth noting that
this evidence is free of any taint of circularity, since what
was predicted (nounness in formals) is independent of
the data that formed the basis for the predictions (nam-
ing error proportions). The same applies to the predic-
tion of repetition from naming proportions in Dell
et al. (1997) and Dell et al. (submitted).

The predictions regarding the mixed-error effect are
also a product of interactivity, and the fact that the
patients� errors as a whole did exhibit this effect is sup-
portive. Here, though, the predictions for individual
patients were not clearly confirmed, largely because
weak effects were predicted for most patients and the
patients for whom strong effects were expected had few
errors.

Why the model does not work (to the extent that it does

not)

The overall success of the model�s fits to the error
proportions and tests of predictions can be traced to
its core assumptions—interactivity, two-step selection,
and the continuity thesis—and speaks to the validity
of these assumptions. However, it is important to
acknowledge the small but systematic deviations
between the model and the data. Most of these are due
to simplifying assumptions whose generality was suspect
at the outset: (1) perseverative naming responses can be
treated like any other responses; (2) the semantic level is
always intact in aphasia; (3) all omissions in naming can
be captured by Ruml et al.�s (2000) independence
assumption (which is functionally equivalent to the
assumption of subthreshold activation, see Dell et al.,
2004); and (4) damage is uniform throughout the
vocabulary.

Simplifying assumption #1 is undermined by the WR
pattern of deviation, in which the over-production of
unrelated responses was traced to a high incidence of
perseveration. The remaining assumptions are called
into question by the JF deviation pattern. Regarding
assumption #2, semantic-level damage was evident in
several of those patients and likely explains why their
errors were mostly of a semantic nature. Rapp and
Goldrick (2000) have proposed a version of the model
that rejects the assumption of an intact semantic level;
it includes a third lesionable parameter capable of com-
promising input to the semantic features from a largely
redundant conceptual representation. Ruml et al.
(2005) adapted the three-parameter model for Italian
and found that it accounted for 96.6% of the variance
in their sample of Italian aphasics (compared with 79.6
and 85.7% for the weight–decay and semantic–phono-
logical models, respectively). (Recall that this sample
over-represents patients with semantic damage.)

The omissions assumption is likely to be another fac-
tor that contributes to the JF pattern of deviation. There
is evidence that some aphasics omit responses as a con-
sequence of self-editing (Mitchum et al., 1990; Schwartz
& Brecher, 2000) and that omissions can sometimes
result from failure to resolve competition for lexical
selection (McCarthy & Kartsounis, 2000; Schnur, Sch-
wartz, Brecher, Rossi, & Hodgson, in press; Schwartz
& Hodgson, 2002; Wilshire & McCarthy, 2002). JF-pat-
tern patients who make numerous omissions may be
masking errors of other types, or they may be particular
vulnerable to competitive interference.

We showed that a few patients with the JF deviation
pattern did not have large numbers of omissions and
had no apparent semantic-level damage; and there are
others of this type in the published literature (e.g., Cue-
tos et al., 2000; Dell et al., 1997; Rapp & Goldrick, 2000;
Ruml & Caramazza, 2000). Simplifying assumption #4
might provide an explanation. In patients who have rel-
atively more damage to one semantic or grammatical
category, the accuracy of the model�s error opportunities
will be affected. If the opportunities for one or more
error categories are wrong, the model�s proportions will
be off. Mixed-error proportions could be especially
affected, because while evidence shows that on average,
semantically similar words do not resemble each other
formally more than do other words, this varies consider-
ably from one category to another (Martin, Gagnon
et al., 1996). Thus, if a patient happened to suffer dispro-
portionate damage in semantic categories that have sev-
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eral semantic + formal neighbors (hence high mixed
error opportunities) the mixed-error proportion might
quickly exceed what the model can fit well.

So far, our proposed explanations for the JF devia-
tion pattern center on noncore assumptions. However,
it may be that a core assumption is flawed, in particular,
the assumption of strong bottom-up feedback from the
phonological to the lexical level (e.g., Rapp & Goldrick,
2000). Weak bottom up feedback could reduce the com-
petitive advantage for formal and unrelated neighbors,
relative to semantic and mixed, thereby producing a pur-
er ‘‘semantic’’ pattern.
Conclusions

In this, the largest and most representative case-series
ever modeled, we found that the semantic–phonological
version of the interactive two-step model outperformed
the weight–decay version. The semantic–phonological
model accounted for the large share of the total varia-
tion in aphasic naming profiles (total variance accounted
for = 94.5%), closely matched the individual response
proportions (mean root mean squared deviation = .034),
captured generalizations about clinical subtypes of
aphasia, succeeded in fitting most patients exhibiting dis-
sociations of word vs. nonword errors, and correctly
predicted facts about formal and mixed errors.

On a more general level, the combination of the case-
series method with computational modeling has provid-
ed an effective account of the variety of naming error
patterns in aphasia. Although this method focuses on
the individual by fitting the model to each case separate-
ly, it can also lead to theoretically motivated group stud-
ies. By reducing multidimensional error patterns into a
small number of parameters, individuals can be charac-
terized and then grouped for tests of model predictions,
as we did for the predictions regarding lexical and sub-
lexical formal errors. In a companion to this paper (Dell
et al., submitted), we expand the prediction tests to
another task, word repetition. In addition to naming
words from pictures, aphasic participants hear and then
repeat words. Model parameters based on naming data
are then used to predict repetition performance, allow-
ing for both a test of the viability of the model�s param-
eters and a theory of the relation between naming and
repetition.

Computational models and information-processing
(box-and-arrow) models have often been viewed as com-
peting frameworks (e.g., Harley, 2004, and subsequent
commentaries). We, however, see the two-step interac-
tive model as complementing, rather than competing
with, neuropsychological information-processing mod-
els of lexical processing. Its representational levels
(semantic, lexical, and phonological units) and their con-
nections (lexical–semantic and lexical–phonological)
correspond to a neuropsychological model with three
boxes and four arrows, two in each direction. The
semantic–phonological account of damage in the model
further hypothesizes that deficits inhabit the arrows.
What the computational model adds to the boxes,
arrows, and deficit locations are explicit processing
mechanisms. When these mechanisms are specified, we
gain an understanding of the kinds of error that the
mechanisms generate and how the errors are linked to
damage sources. This, in turn, helps us understand and
predict aphasic naming and, more generally, lexical pro-
cesses in production.
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