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ABSTRACT

People with aphasia demonstrate language impairments evident
in both performance accuracy and processing speed, but the direct
relationship between accuracy and speed requires further consideration.
This article describes two recent attempts to make quantitative progress in
this domain using response time modeling: the diffusion model (Ratcliff,
1978) applied to two-choice tasks and a multinomial ex-Gaussian model
applied to picture naming. The diffusionmodelmay be used to characterize
core linguistic processing efficiency and speed–accuracy tradeoffs indepen-
dently, and research suggests that maladaptive speed–accuracy tradeoffs
lead to performance impairments in at least some people with aphasia. The
multinomial ex-Gaussian response time model of picture naming provides
a simple and straightforward way to estimate the optimal response time
cutoffs for individual people with aphasia (i.e., the cutoff where additional
time is unlikely to lead to a correct response). While response time
modeling applied to aphasia research is at an early stage of development,
both the diffusion model and multinomial ex-Gaussian response time
model of picture naming show promise and should be further developed in
future work. This article also provides preliminary recommendations for
clinicians regarding how to conceptualize, identify, and potentially address
maladaptive speed–accuracy tradeoffs for people with aphasia.
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Learning Outcomes: As a result of this activity, the reader will be able to (1) discuss the potential impact of

speed-accuracy tradeoffs during assessment, treatment, and functional communication for people with

aphasia; (2) summarize the basic parameters and functioning of the diffusion model and explain how it may be

used to characterize speed-accuracy tradeoffs in aphasia; (3) summarize the basic parameters and functioning

of the multinomial ex-Gaussian response time model of picture naming, and explain how it may be used to

characterize speed-accuracy tradeoffs in aphasia; (4) critique these response time modeling approaches and

explain their current limitations in clinical application.

This article lays out a clinical rationale for
the importance of considering speed–accuracy
processing relationships in aphasia rehabilita-
tion and describes two recent attempts to make
quantitative progress in this domain using
response time modeling. In the following sec-
tions, we will first address the importance of
considering speed–accuracy processing dynam-
ics in aphasia, including potential implications
for treatment. We will then review work apply-
ing two types of response time modeling to this
domain in aphasia, the diffusion model1 applied
to two-choice tasks, and a multinomial ex-
Gaussian model applied to picture naming,
including strengths, limitations, and future
directions. We will conclude with preliminary
recommendations regarding how to conceptu-
alize, identify, and potentially address maladap-
tive speed–accuracy tradeoffs in the clinic for
people with aphasia (PWA).

THE IMPORTANCE OF
CONSIDERING SPEED–ACCURACY
PROCESSING DYNAMICS IN
APHASIA
People with aphasia demonstrate behavioral
language impairments evident in different
ways. They can show deficits in accuracy (e.g.,
increased verbal production of errors) and/or
slowed processing (e.g., slowed initiation). Slo-
wed language processing is a hallmark of apha-
sia and is often an unaddressed residual deficit
in individuals with mild aphasia.2–5 With some
promising exceptions,6 slowed processing is
noted in PWA but rarely specifically targeted.
In addition, speed and accuracy interact directly
in ways that can further enhance or impair
performance due to the presence of speed–
accuracy tradeoffs.

Speed–accuracy tradeoffs refer to the per-
vasive observation that decreased processing
time tends to lower accuracy performance,

while increased processing time tends to
improve it, at least up to a point. This wide-
spread phenomenon is overserved throughout
human psychology research7 and has even been
reported in the information processing of non-
human organisms such as plants8 and slime
mold colonies.9 In humans, speed–accuracy
tradeoffs are partially under volitional control,
as individuals have some ability to determine
how carefully they choose to process informa-
tion before responding, and can flexibly trade
speed for accuracy in response to shifting task
instructions or rewards that prioritize speed
versus accuracy.10–13

From a clinical perspective, one important
point is that speed–accuracy tradeoffs may be
nonlinear (i.e., there may not be a one-to-one
correspondence between changes in speed and
changes in accuracy).11 This means that slowing
down may improve accuracy only up to a point
and that speeding up may begin to cause
disproportionate losses in accuracy. To illus-
trate these potential nonlinear speed–accuracy
relationships, imagine two different plausible
(but fictional) patient profiles, which are con-
sistent with our own clinical experience work-
ing with PWA. “Patient A” tends to respond
impulsively during both picture naming and
conversation, rapidly initiating her responses
with frequent paraphasias. In terms of cognitive
profile, she demonstrates domain-general inhi-
bition deficits, and her self-monitoring of errors
is inconsistent. Her impulsive responses appear
to increase her overall error rate because asking
her to slow down and “take a breath before
responding” noticeably improves her accuracy.
However, she is often resistant to this external
prompting because she reports feeling impa-
tient about her speech overall and wants to “get
on with it,” indicating potential person-level
factors14 affecting her performance. Her family
indicates that she was an “impatient person”
even before her stroke, highlighting the fact
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that premorbid factors may also play a role in
how patients respond to their aphasia.

In contrast, “Patient B” generally responds
cautiously and slowly. During confrontation
naming on the Philadelphia Naming Test,15

she often uses the full 30-second response
window without providing a final complete
response or telling the clinician to move on to
the next trial. A similar pattern is seen during
conversation; she frequently gets stuck when
experiencing anomia and makes repeated un-
successful attempts at retrieving the intended
word, with increasing frustration, until she
eventually loses track of what she was initially
trying to say. As a result, the efficiency of her
functional communication is negatively impact-
ed, which can impact her overall ability to
communicate effectively depending on her
communication context (e.g., pace of the con-
versation and level of partner support). During
discussion, she has explained that she “hates
making mistakes” and needs to get it “100%
right,” indicating that person-level factors may
be driving her response patterns as well.

These two fictional examples illustrate ways
inwhichmaladaptive speed–accuracy tradeoffs (at
both impulsive and overly cautious extremes) can
negatively impact language performance, exacer-
bating underlying linguistics deficits. In other
words, deficits in core linguistic processes (e.g.,
lexical retrieval) impair performance, but mal-
adaptive speed–accuracy tradeoffs can exacerbate
these deficits, which we have termed “adaptation
deficits” in previous work.16 Simply stated, adap-
tation deficits reflect the less-than-optimal use of
an individual’s language system in its current state,
which when applied to choosing speed–accuracy
tradeoffs may result in unnecessarily inaccurate
performance (impulsive responding) or unneces-
sarily inefficient performance (overly cautious
responding).

There are several situations where speed–
accuracy processing dynamics could play an im-
portant role during treatment. These include
situations where the clinician is in control of
treatment procedure timing (external timing con-
trol) and those in which PWA make their own
decisions about how to balance their speed–
accuracy performance (internal timing control).
In terms of external timing, clinicians make
various decisions during drill-based treatment

about aspects such as overall trial duration (e.g.,
when tomove on), trial rate (e.g., spacing between
trials), and when to provide specific cues when
using cue-based treatment protocols.17–19 These
decisions could affect treatment-related processes
such as memory decay,20–22 retrieval interfer-
ence,23 and overall treatment dosage.24 For ex-
ample, PWA can demonstrate slowed decay of
active lexical information, which may increase
retrieval interference in subsequent trials if spaced
too closely together.23

The ultimate goal of aphasia treatment is to
improve functional everyday communication,
which may be affected by how PWA choose to
balance speed and accuracy (i.e., internal timing
control). Both patients in the above examples
displayed maladaptive speed–accuracy tradeoffs
that negatively affected verbal communication
at the functional level. Their performance pat-
terns (i.e., making a potentially avoidable number
of impulsive errors vs. making numerous slow and
unsuccessful attempts at resolving instances of
anomia) highlight the impact of efficiency on
overall communication success. Therefore, if
PWA can learn to adaptively adjust their
speed–accuracy tradeoffs and learn when to
slow down, when to keep trying, and when to
switch to an alternative communication strategy,
it could improve everyday communication.

This section has reviewed a series of theo-
retically motivated claims, consistent with our
own clinical experience, that argue for the
importance of speed–accuracy processing dy-
namics in aphasia. However, these claims re-
main to be carefully tested, which requires the
application and further development of rigor-
ous quantitative approaches. In the following
section, we will review our preliminary work in
this area, where we have applied two relevant
response time models: the diffusion model1 and
a novel multinomial ex-Gaussian model of
picture naming in aphasia.25 These response
time models address this need by characterizing
speed and accuracy performance in a single
computational framework.

DESCRIPTION OF THE DIFFUSION
MODEL
The diffusion model, also known as the Ratcliff
Diffusion Model or Drift Diffusion Model, is a
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classic and well-validated sequential sampling
model that can account for the full relationship
between speed and accuracy during decision-
making.1,26 While there have been various
extensions and related sequential sampling
approaches,27–31 the standard diffusion model
uses accuracy and response time distributions to
estimate individual components of the deci-
sion-making process in simple two-choice
tasks. One such task that has been studied
extensively using this model is lexical deci-
sion,26 where an individual is instructed to
make a yes/no decision about whether a string
of letters (e.g., “tuble”) spells a real word in
English. There are several accessible tutorial
resources available addressing this model,26 and
it may be fit to data using free software32 and
statistical packages.33

The diffusion model provides a means to
understand underlying components of language
processing and decision-making.13,34,35 It does
so by characterizing parameters that account for
distinctive aspects of the decision-making pro-
cess. In the standard version of the diffusion
model (Fig. 1, reprinted from Evans et al16),
information is assumed to slowly accumulate in
a noisy process over time, beginning at a starting
point (parameter “1” in Fig. 1) and ending in an
overt response when the amount of information
reaches a predetermined decision threshold.26

The average rate at which information is
accumulated over time is referred to as drift rate.
Higher drift rates (i.e., ones with a steeper
slope, parameter “2” in Fig. 1) are associated
with more efficient information accumulation,
reflecting faster and more accurate responses.
Differences in drift rate have been shown to
map to both individual differences in processing
such as reading ability34 and to factors affecting
stimuli difficulty such as word frequency.34

The upper and lower response boundaries
(parameter “3” in Fig. 1) represent the threshold
where each of the two responses will be initiat-
ed. The distance between these boundaries is
referred to as boundary separation, representing
how much information an individual requires
before initiating a response. Importantly, this
parameter characterizes speed–accuracy trade-
offs.13 A narrow boundary separation means
that very little information is required before a
response may be initiated, which is consistent

with incautious responses that are fast but often
inaccurate. In contrast, wider boundary separa-
tion means that more information is required
before a response may be initiated, which is
consistent with longer but more accurate res-
ponses. Variability in boundary separation has
been shown to map specifically to individual
differences such as age-related differences in
response caution26 and to manipulations desig-
ned to alter speed–accuracy tradeoffs such as
speed-focused or accuracy-focused instructions
and feedback.11,13

There are several additional parameters in
the model that describe distinct aspects of the
decision process. The starting point (parameter
1 in Fig. 1) reflects whether there is a preexis-
ting bias for one response versus another, which
would be reflected by a starting point set closer
to one of the two decision boundaries. This
parameter has been mapped to experimental
manipulations such as the trial proportion (e.g.,
a high proportion of real words in a lexical
decision trial will shift response bias toward the
“yes” threshold). Nondecision time reflects early
operations that are independent of the decision
process, such as early perceptual encoding or
motor response output processes once a deci-
sion has been made.26 In addition, several
parameters characterize the variability of these
core parameters, and an updated version of the
model has also included additional param-
eters.32 However, for the current focus on
speed–accuracy tradeoffs and adaptation defi-
cits in aphasia, the critical parameters to con-
sider are drift rate and boundary separation.
Since drift rate may be understood as an index
of processing efficiency independent of re-
sponse caution, the model provides a basis for
delineating core linguistic processing impair-
ments from overly impulsive or overly cautious
adaptation deficits in aphasia.

APPLICATIONS OF THE DIFFUSION
MODEL TO SPEED–ACCURACY
TRADEOFFS IN APHASIA
The diffusion model has been applied to un-
derstand clinical disorders36–39 such as aphasia
and cognitive–linguistic function following
stroke and brain tumor.10,16,40–42 It has also
been used to understand speed–accuracy
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tradeoff optimality. For example, Starns and
Ratcliff11,43 looked at how older versus younger
neurotypical adults set boundary separation in
two-choice tasks with variable speed–accuracy
emphasis. As stated earlier, different degrees of
boundary separation reflect different levels of
cautious versus incautious speed–accuracy
tradeoffs, some of which will be more optimal
than others given specific task performance
goals. Starns and Ratcliff used a definition of
optimality called the “reward rate optimal
boundary,” the boundary separation for an
individual that maximized their overall reward
rate (i.e., the total number of correct responses
per unit of time). Comparing actual versus
optimal performance based on this definition,
they found that older neurotypical adults set less
optimal boundary separation than younger neu-
rotypical adults. They argued that this could at
least partially account for commonly observed
patterns of age-related slowing.44 This ap-
proach of comparing an individual’s perfor-
mance against a defined optimal boundary
separation was applied by the first author in
studying speed–accuracy tradeoffs in aphasia in
previous work.16

Evans et al16 looked at diffusion model
performance on a lexical decision task for 20
PWA and 22 age- and education-matched
controls. While the basic logic of comparing
individuals’ actual model performance to a
predefined optimal boundary separation was
the same, Evans et al16 reconsidered the defini-
tion of speed–accuracy tradeoff optimality for
aphasia. Notably, speed–accuracy tradeoff op-
timality must be defined contextually based on
specific performance goals.45 For example, if an
individual wanted to perform as accurately as
possible, they would need to set a wide bound-
ary separation. If they wanted to respond as
quickly as possible, regardless of accuracy, they
would need to set a narrow boundary separa-
tion. If they wanted to maximize their reward
rate (producing as many correct responses as
possible per minute), they would need to set a
more balanced boundary separation. However,
boundary separation thatmaximizes reward rate
often decreases accuracy well below asymptote
(i.e., their best possible performance). Given
the general value placed on accuracy in both
clinical and functional contexts, reward rate

may not reflect an optimal speed–accuracy
tradeoff for PWA. As a result, Evans et al16

defined a new optimal boundary separation
called the “point of adaptive returns (PAR),”
the point that approaches asymptotic perfor-
mance accuracy in as little time as possible. This
reflects a point of “diminishing returns,” where
spending additional time will result in dimini-
shing additional gains in accuracy (see Fig. 2,
golden vertical line, reprinted from Evans
et al16). Therefore, PAR can be thought of as
the “sweet spot” that prioritizes accuracy but
still takes response time into account.

Boundary separation maps specifically to
speed–accuracy tradeoffs13 and is dissociable
from other parameters in the diffusion model.
This allowed Evans et al16 to distinguish
whether impaired performance (measure both
in terms of accuracy and response time) was
attributable to core processing impairments
(e.g., speed of lexical access) or to adaptation
deficits caused by maladaptive speed–accuracy
tradeoffs. Evans et al16 used a case series
approach, comparing PWA performance to
norms determined by matched controls. Spe-
cifically, they compared PWA’s actual accuracy
and response time performance at their chosen
boundary separation to their predicted accuracy
and response time at PAR. To calculate PAR,
the diffusion model was fit to each individual,
and then accuracy and response time were
determined via simulation at wider and narro-
wer boundary separation. A moving window
algorithm determined the point at which a 1-
unit change in boundary separation produced a
less than 2% change in total proportion correct,
reflecting the point of diminishing returns as
accuracy approached asymptote.

Evans et al16 found that the diffusion
model fit the data well and that PAR demon-
strated good split-half reliability. In terms of
case series results, 16 of the 20 PWA presented
with impaired response speed and/or accuracy,
but for half of these impaired individuals (8/16)
impaired speed or accuracy was directly attrib-
utable to adaptation deficits. One PWA set an
overly impulsive boundary separation that led to
impaired accuracy, while seven PWA set overly
cautious boundary separation that led to im-
paired response times. To illustrate these
relationships, Fig. 3 depicts speed–accuracy
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tradeoffs from three representative participants
from Evans et al.16 Participant 16 (Fig. 3A)
displayed an overly conservative response pat-
tern. Compared with their actual performance
(black vertical bar), performance with a bound-
ary separation at PAR (yellow vertical bar) was
estimated to halve response time while only
lowering accuracy by 2%. If participant 16
completed drill-based aphasia treatment with
the same inefficiency level, this could seriously
affect treatment dosage. In contrast, participant
12 was an individual with much lower perfor-
mance overall who set an impulsive boundary
separation. They performed with low accuracy
(starting to approach chance at 64%) but could
have increased it to 72% with a þ43% increase
in response time. If participant 12 showed a
similar impulsive pattern during treatment,
their impulsive errors could potentially start
to outweigh the corresponding increased num-
ber of trials, depending on how susceptible they

were to error learning.46–49 Finally, participant
6 is an example of a participant who performed
at their speed–accuracy “sweet spot” (PAR)
without the need for further changes.

Overall, although this work is preliminary
(see the “Limitations and future directions”),
findings from Evans et al16 are the first to
demonstrate the potential negative consequen-
ces of maladaptive speed–accuracy tradeoffs in
aphasia using response time modeling.

A MULTINOMIAL EX-GAUSSIAN
MODEL OF SPEED–ACCURACY
TRADEOFFS IN PICTURE NAMING
While the diffusion model is an extensively
researched and well-validated response time
modeling approach that characterizes speed–
accuracy tradeoffs,7,10,11,13,37,43,50 it has some
limitations for clinical translation. Specifically,
it was designed to model performance on two-

Figure 2 Schematic for understanding speed–accuracy tradeoff optimality in the diffusion model. (Modified
and reprinted from Evans et al.16) Overly cautious boundary separation slows down response times (red line)
without further increasing accuracy (blue line). Overly impulsive boundary separation improves response
times, but with considerable loss of accuracy. The point of adaptive returns (yellow dashed vertical bar)
balances these extremes.
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alternative forced-choice tasks (such as lexical
decision), which tend to lack ecological validity.
One task with a broader range of clinical

applications is picture naming, which is com-
monly used in the assessment and treatment of
anomia. We have attempted to fit the diffusion

Figure 3 (A–C) Estimated speed–accuracy tradeoffs and point of adaptive returns (PAR) for three
representation people with aphasia. (From Evans et al.16) Estimated accuracy (blue line) and response time
(RT, red line) across levels of boundary separation. Actual participant boundary separation is represented by a
black vertical bar, while PAR is represented by a dashed yellow bar. RT is measured in seconds and accuracy
is measured in correct proportion.
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model to picture naming data by classifying
verbal responses in a binary correct/incorrect
fashion, but have had limited success: in un-
published work, we examined performance on
single-word reading in neurotypical corpora
data and picture naming in PWA, and found
that while the model fit the neurotypical read-
ing data reasonably well, it completely failed to
fit the response time distributions for the
naming data in PWA. This is likely because
picture naming is a complex multistage process
with nonbinary output (at a minimum, output
consists of correct responses, overt error res-
ponses, and nonresponse errors), and perfor-
mance can break down in aphasia in various
ways. Therefore, modeling speed–accuracy
tradeoffs in picture naming requires a different
approach.

There have been several productive
computational models of naming performance
in aphasia, such as the semantic-phonological
two-step interactive model that accounts for
different types of error performance,51 item
response theory-based models that account
for how naming ability interacts with item
complexity,52 as well as multinomial processing
tree approaches that combine aspects from each
of the above.53 Although these models have
helped understand important underlying dri-
vers of naming performance in aphasia, they
have traditionally relied on accuracy data and
neglected response times. A recent extension of
the semantic-phonological two-step interactive
model has considered the role of processing
times in picture naming.22 However, it focused
on the speed of lexical activation and memory
decay when comparing immediate versus
delayed picture naming and is not intended to
address the concerns about speed–accuracy
tradeoffs that we have motivated in this article.

In previous work with our colleagues,25 we
have developed a novel multinomial ex-Gauss-
ian model of picture naming designed to char-
acterize speed–accuracy tradeoffs in aphasia.
This is similar to recent work, which has
extended multinomial processing tree models
to include response time data,54,55 but omits the
latent processing tree component designed to
characterize underlying discrete sequential pro-
cessing states.53 Instead, our model employs a
multinomial distribution to estimate the pro-

portion of overt responses in discrete response
categories in conjunction with their response
time distributions (see descriptions later). This
provides a simple, robust model that predicts
how shifting response time deadlines will affect
an individual’s performance accuracy.

Our model uses a multinomial distribution
to estimate the proportion of picture naming
outcomes in one of three categories: (1) the first
complete response will be correct assuming
sufficient processing time is provided, (2) the
first complete response will be an error even
given unlimited processing time, and (3) no
response will be produced even given unlimited
processing time (i.e., a nonresponse error). The
concept of “sufficient processing time” is key
because as increasingly short deadlines are
imposed, what might have been a correct re-
sponse becomes a nonresponse or early error
due to insufficient processing time. The ex-
Gaussian distribution is a mixture of the Gauss-
ian and exponential distributions characterized
by three parameters representing the mean and
standard deviation for the Gaussian distribu-
tion and the mean for the exponential distribu-
tion. The ex-Gaussian distribution has been
shown to accurately characterize response time
distributions across a wide range of tasks and
populations.56 Therefore, our model fits sepa-
rate ex-Gaussian distributions to our correct
and error response categories. This multinomial
ex-Gaussian picture naming model provides an
estimate of how shifting response deadlines will
affect naming accuracy, which is determined by
the total proportion of trials that end in a
correct response, multiplied by the proportion
of the correct response time distribution that
falls below this cutoff.

Fig. 4 depicts the speed–accuracy response
function this model provides in four represen-
tative participants with aphasia from Evans
et al.25 The solid black line represents predicted
proportion correct (y-axis) as response deadli-
nes increase (x-axis). As can be seen, an imme-
diate cutoff at zero seconds does not allow for
any correct responses to be made, whereas a
sufficiently long cutoff allows individuals to
perform at their best-possible asymptotic accu-
racy, which depends on their underlying nam-
ing ability. The shape of an individual’s speed–
accuracy response function is determined by the
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Figure 4 Predicted speed–accuracy response function and optimal response time cutoff by participant for four representative people with aphasia. (From Evans et al.25)
Black curved line represents predicted proportion correct (y-axis) at increasing response deadlines (x-axis), while dotted line represents reward rate across increasing
response deadlines. Black vertical bars indicate the optimal response time cutoff plotted for each participant.
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characteristics of their correct response time
distribution: an individual whose accurate res-
ponses tend to occur early will gain little
additional accuracy with extended processing
time, whereas an individual whose accurate
responses tend to occur late will continue to
improve their accuracy with additional time.

This speed–accuracy response function
allows the calculation of an individual’s optimal
response time cutoff (Fig. 4, black vertical bar),
defined as the point at which a 3-second
increase in response time is predicted to pro-
duce less than 2% additional gains in accuracy.
This reflects a point of “diminishing returns”
that is conceptually similar to the PAR calcu-
lated using the diffusion model. However,
differences between the two models require
some differences in interpretation: PAR is
defined in terms of response caution (boundary
separation), whereas the optimal response time
cutoff is defined in terms of overt response
accuracy without reference to any equivalent
latent processes. In addition, the current mul-
tinomial ex-Gaussian response time model of
picture naming includes only a single category
for error responses, and cannot distinguish
between early and late errors. Therefore, the
optimal response time cutoff can currently be
used to assess whether an individual is perfor-
ming overly cautiously (i.e., producing a high
proportion of error responses initiated past their
optimal response time cutoff) but cannot yet
identify impulsive naming response patterns.

In evaluating this model, Evans et al25

applied it to picture naming data from 10
PWA, hand-coded for the proportion of (1)
accurate responses, (2) overt errors, and (3)
nonresponse time-out errors, as well as response
initiation times to the point of first complete
response (for both accurate responses and overt
errors). The language abilities of these PWA
were also assessed using the Comprehensive
Aphasia Test (CT).57 The model was evaluated
via a x2 fitting procedure,50 and demonstrated
good reliability via recovery simulations and
excellent fit to empirical data, including re-
sponse time quantiles and the total proportions
of correct trials, error trials, and nonresponses.
Overall, optimal response time cutoffs ranged
from 5 to 10.5 seconds across participants.
While there were strong correlations between

model-predicted maximum accuracy and CT
naming performance and CT aphasia severity
(both r’s¼ 0.87), there were only moderate
correlations between the optimal response
time cutoff and CT naming (r¼ 0.46), CT
aphasia severity (r¼ 0.52), and weak correla-
tions between optimal response time cutoff and
model-predicted maximum accuracy perfor-
mance (r¼ 0.21). Although one might have
predicted that PWA with more severe aphasia
and/or anomia would generally needmore time,
we only found moderate nonsignificant cor-
relations between these factors and optimal
response time cutoffs in our small sample.
This could suggest that optimal response time
cutoffs dissociate from aphasia severity and
naming ability (at least as defined by the CT).
However, these results would need to be con-
firmed in a larger sample.

This pattern can be observed by the con-
trasting performance displayed by the four
example participants in Fig. 4, as they represent
high- and low-accuracy individuals with both
longer and shorter optimal response time
cutoffs. Participants 2 and 3 both demonstrated
low accuracy performance (around 20%). How-
ever, participant 2 began to approach asymp-
totic accuracy performance (i.e., their optimal
response time cutoff) at 5.5 seconds, while
participant 3 did not begin to approach their
accuracy asymptote until 10.5 seconds. Similar-
ly, participants 1 and 10 both showed higher
accuracy performance (�50 and 80%, respec-
tively), but participant 1’s optimal response time
cutoff was at 6.3 seconds and that of participant
10 was at 9.7 seconds. Importantly, these
speed–accuracy processing dynamics are lost if
naming assessments are based only on accuracy.
If given sufficient time to respond (in this case,
participants had up to 30 seconds to name a
picture), participants 2 and 3 performed at
essentially the same level of accuracy. However,
if a response deadline of 5 seconds is imposed,
participant 2 is predicted to perform almost
twice as accurately as participant 3.

Finally, while not reported in Evans et al,25

optimal response time cutoffs can be used to
evaluate speed–accuracy tradeoff optimality in
individuals. Reexamination of the data of Evans
et al found that 8 out of 10 participants had
average response times for incorrect responses
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that exceeded their own optimal response time
cutoffs, suggesting overly cautious maladaptive
speed–accuracy tradeoffs during naming.16

Overall, these results demonstrate that the
multinomial ex-Gaussian response time model
is a simple and straightforward way to estimate
speed–accuracy tradeoffs in picture naming for
PWA. Individual estimates of the optimal
response time cutoff could ultimately improve
the efficiency of anomia assessment, treatment,
and could have implications for functional
communication if similar dynamics are in play
during connected speech. Since there was only a
moderate correlation between aphasia severity
and optimal response time cutoff (albeit in a
small pilot sample), this suggests that estimat-
ing speed–accuracy tradeoffs may be important
for understanding individual performance pat-
terns. This is because both milder and more
severe PWA can present with overly cautious
adaptation deficits in picture naming if they
spend more time than is helpful for them.

LIMITATIONS AND FUTURE
DIRECTIONS FOR RESPONSE TIME
MODELING IN APHASIA
Both of the discussed response time modeling
approaches to understanding speed–accuracy
processing dynamics are based on well-validat-
ed previous approaches,54,55 but their applica-
tion to aphasia is novel and still preliminary.We
believe both demonstrate promise for further
development but also have current limitations
that need to be addressed.

The diffusion model currently demonstra-
tes a good fit for data from PWA, and the
estimation of PAR using this approach shows
good split-half reliability.16 However, as stated
earlier, its applications to date have had limited
ecological validity. Two future directions could
help address this concern.

One primary goal of aphasia assessment is
to characterize the specific underlying linguistic
impairments for a given individual. However,
many current assessments focus on accuracy and
ignore speed, which is a major issue when
assessing mild aphasia.3–5 In addition, even
when speed is considered in existing assess-
ments, speed–accuracy tradeoffs likely conflate
results and complicate interpretation.55 The

findings from Evans et al16 suggest that this
is a real concern for aphasia assessment since
half of the PWA who were impaired in lexical
decision were impaired due to apparent mal-
adaptive speed–accuracy tradeoffs as opposed to
core deficits in processing efficiency.

Given the above, one way to improve the
clinical utility of the diffusion model would be
to incorporate it in computer-based language
assessments. This would provide a characteri-
zation of underlying processing efficiency (drift
rate) while partialing out other performance
contributors, such as response bias and speed–
accuracy tradeoffs. Focusing on drift rate as a
latent measure of processing efficiency would
have the additional benefit of providing a single
continuous ability measurement applicable
across levels of aphasia severity, even though
moderate-to-severe deficits generally affect ac-
curacy, but milder deficits may only affect
response times. Since drift rate is informed by
accuracy and response time, it is sensitive to
differences that would not appear in accuracy
performance alone.26 Accuracy-based item re-
sponse theory models address the issue of
measuring ability across levels of aphasia sever-
ity by attempting to match item difficulty to
ability level, giving different PWAdifferent test
items.52 In contrast, a diffusion model-based
approach could potentially rely on a single set of
test items across individuals, since response
time could continue to differentiate ability level
even when all items are responded to accurately.
Several common psycholinguistic tasks (e.g.,
lexical decision, semantic relatedness judgment,
rhyme judgment) can be administered using
two-choice versions and, therefore, could easily
be augmented with the diffusion model.

As we have discussed, an individual’s
speed–accurate tradeoffs may have important
clinical implications. A key consideration here
is whether or not the diffusion model could be
used as a proxy measure of speed–accuracy
tradeoffs in other more ecologically valid situa-
tions. This is important because it can be
difficult to precisely capture response time
data. For example, data reported in Evans
et al25 required hand-coding the accuracy and
response times of more than 4,000 trials. In
contrast, the diffusion model works on two-
choice computer tasks that automatically
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capture response times. If diffusion model–
based measures show a strong correspondence
to speed–accuracy tradeoffs across tasks, con-
sistent with previous work,58 this would provide
an easy-to-calculate alternative. Support for
using the diffusion model as a proxy measure
requires future work establishing the across-
task consistency of speed–accuracy tradeoffs in
aphasia.

While the currentmultinomial ex-Gaussian
picture naming model can characterize overly
cautious response patterns (i.e., responses past
the optimal response time cutoff), it cannot yet
characterize overly impulsive response patterns.
Future extensions of the model could address
this by adding an error category for early impul-
sive errors. In addition, the current model was
intentionally simplified from previous multino-
mial processing tree models,54,55 as it was spe-
cifically designed to characterize speed–accuracy
tradeoffs in naming. Ultimately, models are
neededwhich integrate speed–accuracy tradeoffs
with other known determinants of processing,
such as semantic versus phonological error
types,51 ability level and item difficulty,52,53

and speed of lexical activation versus decay.22

Since the model of Walker et al53 already relies
on a multinomial processing tree approach to
characterize many of these factors, there is
potential to integrate response times and
speed–accuracy tradeoffs in future multinomial
processing tree models. Finally, this model pre-
dicts how long PWA need to produce an accu-
rate response, which could inform practice-
related considerations during aphasia treatment,
such as trial duration and cue timing.

CLINICAL APPLICATIONS:
RECOMMENDATIONS FOR
CONSIDERING SPEED–ACCURACY
TRADEOFFS IN THE CLINIC
While the diffusion model and multinomial ex-
Gaussianmodel currently serve as research tools
and are not yet ready for full clinical implemen-
tation, we encourage clinicians to consider the
role of speed–accuracy tradeoffs in their
patients, even if assessed informally. In our
own clinical experience, maladaptive speed–
accuracy tradeoffs appear to be a notable issue
for some but not all PWA.

We are currently developing a metacogni-
tive training approach called BEARS (“Balanc-
ing Effort, Accuracy, and Response Speed”)
designed to address speed–accuracy tradeoffs
during drill-based anomia treatment.59 Prelim-
inary results are promising and suggest that it is
possible to teach PWA to improve self-moni-
toring in this area. Based on this work, we offer
the following guiding questions for clinicians
interested in addressing speed–accuracy trade-
offs in their current clinical practice. While
developed in the context of single-word anomia
treatment, most of these suggestions could
apply more broadly in any situation where
PWA need to balance speed–accuracy tradeoffs
in their performance (e.g., writing, reading
comprehension, connected speech):

� If you encourage your client to slow down,
does their accuracy improve or stay the
same? If slowing down notably improves
accuracy, your client may be overly
impulsive.

� When encouraged, can your client improve
their processing speed without any consid-
erable loss of accuracy? If so, they may be
overly cautious, which could negatively af-
fect their efficiency during treatment and
functional communication.

� How much apparent effort does your client
display during their verbal productions (e.g.,
body language, facial expressions, and overt
frustration)? Does modulating their level of
effort (i.e., trying a bit harder or “easing up”)
improve performance? This is based on our
intuition that successful verbal production in
PWA is by necessity a semiautomatic pro-
cess only partially under direct control, and
that too much effort may lead to worse
performance in some contexts (e.g., “yips
for aphasia”).60

� Is your client overly impatient, wanting to
“get on with it,” or not accepting how
much time they require? Or, are they overly
cautious due to factors such as anxiety,61

perfectionism, and wanting to avoid the
painful experience of making errors? If
personality and emotional factors are driv-
ing adaptation deficits, they may be directly
addressable through education and
counseling.
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SUMMARY AND CONCLUSIONS
Overall, response time modeling research is at
an early stage in understanding and addres-
sing speed–accuracy processing dynamics in
aphasia. However, the diffusion model has
already been shown to delineate the role of
speed–accuracy tradeoffs from underlying
processing efficiency and suggests that mal-
adaptive speed–accuracy tradeoffs are driving
impaired patterns of performance in at least
some contexts for PWA. Currently, the mul-
tinomial ex-Gaussian response time model of
picture naming provides a simple and
straightforward way to estimate the optimal
response time cutoffs for individual PWA,
which can be used to identify overly cautious
naming responses, and could be used to
improve future anomia treatments and assess-
ment. As a result, both response time models
show promise and should be applied and
developed further in future work.
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