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Abstract—The diffusion model for two-choice real-time decision
applied to four psychophysical tasks. The model reveals how sti

information guides decisions and shows how the information demain of application is to tasks on which response time is typi

processed through time to yield sometimes correct and som

incorrect decisions. Rapid two-choice decisions yield multiple e

ical measures: response times for correct and error responses
probabilities of correct and error responses, and a variety of inte
tions between accuracy and response time that depend on instru
and task difficulty. The diffusion model can explain all these aspe
the data for the four experiments we present. The model cori
accounts for error response times, something previous models
failed to do. Variability within the decision process explains I

ctiesponse to be based on that decision (with perhaps different inf
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isformation that drives decisions and how that information
ydrecessed over time to produce correct and error responses. Thé

imeder a second. The model may apply when response time is g
pinran 1 s, but at much longer times, decisions are probably bas
, theltiple decision attempts in which the first decision attempted
asemetimes not made or made with too little confidence for

tsioh or different response criteria used in each successive attem

ectlyA major weakness of all of the models for reaction time is the fail-

hare=to account for error reaction times. Luce (1986) reviewed data and
otheory for error reaction times and concluded that there are few sys-

errors are made, and variability across trials correctly predicts wietematic studies of error reaction times that can be used to produce

errors are faster than correct responses and when they are slowe

Making decisions is a ubiquitous part of everyday life. In psyc
ogy, besides being an object of study in its own right, decision mg
plays a central role in the tasks used to study basic cognitive fun
such as memory, perception, and language comprehension. Freq
the decisions required in these tasks are rapid two-choice deci
decisions that are based on information that can be described as
ing along a single dimension. Two key features of these decision
that they occur over time—decisions are never reached instantar
ly—and that they are error prone. In this article, we present a moc

explain this class of decision processes. The goal is to understand Whahot predict both or predict crossovers.

information drives the decision and how the decision process ev|
over time to reach correct and incorrect decisions. The problem i
ficult because potential models are constrained to explain mu
empirical measures that interact in complex ways. The mea
include mean response times for correct and error responses, the
of the distributions of the response times, and the probabilities of

rect and error responses. The relation between response time and g§¢g4+his application; it can potentially have equal success for the

racy is not fixed; it varies according to whether speed or accura
performance is emphasized and according to whether one or the
of the responses is more probable or weighted more heavily. In
tion, the relation between probability of an error and error resp
time is not fixed but varies across levels of overall accuracy. Becau
these complexities, no previous model has been completely succe
Often, models have dealt with only one measure—accuracy bu
response time, or response time but not accuracy. Models that

dealt with response time have usually tried to explain only mea

response times for correct responses, not the shapes of respon
distributions or response times for errors. Modeling speed—acc
relationships has usually not been attempted.

In this article, we show how the diffusion model (Ratcliff, 197
1981, 1985, 1988; Ratcliff, Van Zandt, & McKoon, 1998) can expl

all of these aspects of the data for two-choice perceptual decisions.

the first time, the model provides an integrated account of bot
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ercomprehensive empirical generalizations, nor is there a comprehen-
sive theoretical account of error reaction times. Empirically, the rela-
tionship between correct and error reaction times varies: Sometimes
1(}i'rrors are faster than correct responses (mainly when the task is easy
k_'&‘rgd speed is emphasized); sometimes errors are slower than correct
t'%‘eﬁ)onses (mainly when the task is hard and accuracy is emphasized;
J?‘éﬁb’*Luce, 1986; Swensson, 1972). Ratcliff et al. (1998, see also Smith
PIQSAckers, 1988) presented data showing individual subjects had a
@b&sover, with error responses faster than correct responses gt high
S&¥€uracy, and error responses slower than correct responses fat low
€QE&uracy. This pattern is very difficult for models to produce; mogels
ieﬂ)F@dict slow errors or fast errors (e.g., Link & Heath, 1975), but most

the
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PIvesn this article, we show that the diffusion model can explain
S.F’éfl’ationship between correct and error responses across a ral
t'@L@'perimental paradigms while at the same time fitting all the g
SUEShonse time and response probability aspects of the data. The|key to
ShARBGRodel's success is variability in the decision process: We show this
GRexperiments with perceptual stimuli, but the model is more general

two-
EYeRbice cognitive tasks to which it has been applied previously. These
qgf_@is include short- and long-term recognition memory tasks,
addime/different letter-string matching, lexical decision tasks, numeros-
D8Fjudgments, and visual-scanning tasks (Ratcliff, 1978, 1981; Rat-
SEIF#et al., 1998; Strayer & Kramer, 1994).
2ssful.
t not
have DIFFUSION MODEL
(Z t? be diffusion model is a member of the class of sequential-sam-
JrBE g models (accumulator models—Smith & Vickers, 1988; Vickers,

1979; recruitment models—LaBerge, 1962; the runs model—Augdley
rg& Pike, 1965). More specifically, the diffusion model is a member of
aiﬂﬂe random-walk class (Feller, 1968; Laming, 1968; Link & Heath,
5 5; Stone, 1960). The diffusion model differs from other randpm-
Walk models in its assumption that the information that drives a geci-
sion process is accumulated continuously over time instead of in
discrete steps. Models similar to the diffusion model presented|here

oftiqve been applied to simple reaction time (Smith, 1995) and to deci-
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sion making (Busemeyer & Townsend, 1993). There is much
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commonality amongandom-valk and difusion modelsand similar
ities signifcantly outweigh diferences.

In the difusion modelthe accumalation of information tha drives
a decision bgins from a staing point and contines until the total
amount of accumiated information reades either a posite response|
bounday or a ngative response boundarThe esponse timeof a
decision is the timeequired to ead a decision boundgaiplus a con
stant encoding andesponsexecution time The i|te & which the
process pproades a boundsy that is, the mean amount of iofma
tion accunulated per unit of timgis called the dft rate, v.

The accurlation of informéation is not constantwer time but
instead waiies. The \aiability is assumed to be nmally distibuted
with standad deviation s, a paameter of the modehs a esult of this
variability, the accuralation process can end up the wiong boune
ary. Figure 1a shws the difusion pocess with the rggtive response
bounday set @ zero and the posite response boundaset @ a (solid
bounday lines in the igure), with the boundaes equal in distanc
from z, the stating point ¢ = a/2). The igure shavs the pths talen
over time ly three decision mrcessesead with the same dt rate
(using a disate gproximation; dift rate v = 0.2,a = 0.1,z=0.05,
ands = 0.1). Because of theaxability in accunulation of informa
tion, the decision outcomesifthese prcesses arquite diferent: One
process eahes the posiie bounday reldively quickly, a second
reades the ngative bounday in error, and the thid takes a elatively
long time to ead the positie bounday.

On average, a stinulus with a lage positie dift rate will approach
the positve bounday relatively quickly, and so the mbability is rel-
atively low tha varability will cause the pocess togad the ngative
bounday by mistale. But a stinulus with an intemediae dift rate
will, on average, take longer to ead the corect boundar, and the
probability of reahing the wong boundar in eror is lager. In this
way, differences in dft rates accountdr differences beteen“easy”
stimuli and “difficult” ones: For “easy” stimuli, drift rate has an
extreme \alue and esponses arfast and accate on aerage, where-
as Pbr “difficult” stimuli, drift rate is intemedige in \alue and
responses arslaver and less accate on aerage.

Not only does the accuatetion of information vary within the
course of a decisioriut the dift rate for the samenominally equia
lent, stimulus also aries acoss tials. In a memar task,for example
the same wrd dog might be emembeed better on oneiél than anoth
er, or a subject might bettettand to it as a stimus on one tal than
anotherThe assumptionbeut \ariability in drift was made because
seemed necesgato deal with warability in encoding in memox
Later, it turned out to be necesgap accountdr response signal fung
tions asymptoting as a function @sponse signal ga(Racliff, 1978).
Specifcally, drift rate is assumed to be moally distibuted acoss
trials with standat deviation n, a pamameter of the modeAs we
explain laer, the assumption ofarability in drift rate acoss trals of
the same stinlus causes the difsion model to pmdict slaver
response time®f incorect iesponses thamif corect esponses.

Speed-accay trade-ofs ale modeled y the boundar positions.
When accuagy is emphasied, the bounddes ae set &r from the
stating point; esponse times @islav and accugy is high,as shan
by the solid boundagrlines in kgure 1a.When speed is emphasi
the boundaes ae moved doser to the stéing point,as illusteted by
the dotted boundgiines in Fgure 1a. Response timesahoter, and
processes thavould have hit the carect boundar are nav more like-
ly to hit the wong boundar by mistale (the left-mosfT in Fg. 1a),
leading to levered accuacy.

it
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The distibutions of esponse times in twchoice tasks a& post
tively skewed The gomety of the difusion pocess pedicts this
shge FHgure 1b illustetes dift rates and esponse time disbutions
for two decisions thiahave the same asiability in accunulation of
information (the same) but awe different in dificulty (different dift
rates). for eat of the tvo diift rates epresented Y the two distibu-
tions, the figure plots the eerage pah to read the positre bounday
for the Bstest and the sie@st esponses (theandom lines in i§. 1a
are replaced ly straight lines).The diference betwen the dft rates
for the Bistestesponsesshavn by the left-mosiX, is equal to the dif
ference betwen the dft rates Pr the slavest esponseshavn by the
right-most X. These equal diérences in dft rate transldae into
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Fig. 1. lllustration of the difusion modelThe sample gas in (a) ae

deiived from a andom valk designed to mimic the flifsion pocess
(the contious ‘ersion of the andom valk). The bottom boundsris

set to ero, the stating point of the valk toz, and the upper boundar
to a. If the boundaes were moved in to the dotted linethe pocess

es would teminae & the pointsT. The staight digjonal lines in
(b) represent gerage pahs for two conditions in vich the fstest
responses diér in mean dft by X, and the slwvest esponses diér in

mean dift by X. The two cuwves & the upper decision boungashav

illustrative distibutions of eaction times dr these tw conditions.
The distibutions shev tha the same dieérence in mean @t leads to
smaller diferences beteen the shoest esponse timesY] than
between the longst esponse time<], illustrating the skewing of the
response time dishution thd is usualy obtained empically when
conditions ary in difficulty.
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unequal diferences inesponse timeY(andZ in Fg. 1b) tha give pos
itive slew.

The difusion modelas desdbed so &r, has been shen by previ-
ous eseach to accuately predict most—ht not quite all—accuary
and esponse time meass Dr decision pocesses in mantwo-
choice tasks. & example for recanition memoy, the model hag
been shan to piovide an &plandion, almost a completexplanaion,
of how the familiarity of a stinulus dives decision mcesses tlough
time to ppduce carect and incaect decisions (Reliff, 1978).

What was missing in mvious gplications of the difusion model,
as just desdned was an accate account of theetationship betveen
response time®f corect decisions and inc@rct decisionsNhen,for
the frst time we had sufcient computer peer to fully explore the
patameter spaces of the modek discoered tha varnability in two
parametes piovides all tha is necessarto account dr the eldive
speed of caect \ersus eror responses. One of these graetes is the
acmoss-tial varability in drift rate for nominaly equialent stinuli
(parametem) tha has alvays been parof the difusion modeland the
other is \ariability in the stating point (paameters). Stating-point
vairiability has not beenxlicitly implemented beire in the difusion
model (cf Racliff, 1981), but has been used giously in other
random-valk models (Laming1968; Rouder1996) to accountof
shot error response times.

How variability across tals in dift rate and staing point inteact
with the difusion pocess to xplain the eldionship betveen eror
and corect lesponse times is illusted in Fgure 2.Variability across
trials means thafor ary stimuli with mean dift rate v, mean esponse
time and accuaty are a function of thewerages acoss trals of all the
valying stating-point \alues and all thearying diift-rate values.We
illustrate the effects of this geraging in Fgure 2 ty averaging not over
the whole distibutions of possile stating points and dit rates, but
instead wer onl two values of edt. Hgure 2a shws wha hgppens
when two values of dift rate ae averaged ead, for the puposes of
this example assumed to h& zro between-tial varability. The
mean esponse timeof corect (positve) responsesofr the pocess
with drift rate v, is 400 msand the mearesponse timeof the pocess
with diift rate v, is 600 ms; the mean @ebilities of corect espons
es ae .95 and .80respectiely. With the stating point equidistant
from the tvo boundaies ¢ = a/2), correct and awor responses a
equal meanasponse times (see Lamjri®68; Stong1960).Averag-
ing response timesdm thev, andv, processesdr correct esponses
and Dr eror responsesyeighting ly probability of termination & the
appropriate boundaes, produces a meanrer response time (560 ms
slower than the mean a@rct esponse time (491 ms)igkre 2b shavs
what hgppens wen tvo values of the stéing point ¢ anda—z) are
averaged (for the same di rate, v). The weighted meanasponse time
for erors is faster than the @ighted meanasponse timeof corect
responsesWhen \aiiability in drift rate and waiability in stating
point ae combined eror responses can be wler than carect
responsestantemedide levels of accuagy but faster than coect
responsestaxtreme leels of accuagy. This pdtem is shavn by some
of the subjects in thexpeliments desdbed lder.

In most quantitive modelsthere is no wariability in the values of
paametes; theg are fixed to simplify @plicaions of the models
Although \aiiability in parameter alues aarss trals would be &pect
ed, it has been left out of models becauseadswhought not tolange
a models predictions (and in most casaswill not chang pedic
tions). Havever, it is by incomporating paameter arability explicitly

into fits of the difusion model to the da from the &peliments ve
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Slow Errors - Drift Variability

RT=400ms_____» Jfeiohted

Pr=.95 / =491ms
RT=600ms,
Pr=.80

V4
Vo

T=600ms
Pr=.20—a weighted

RT=400ms_____——» Mean RT
Pr=.05 =560ms

Fast Errors - Starting Point Variability

Pr=.98 Pr=.80 Weighted Mean RT
RT=350ms RT=450ms =395ms

"
7

Pr=.20 Pr=.02
RT=350ms RT=450ms—»

a-z4q
0

Weighted Mean RT
=359ms

Fig. 2. lllustration of hav paameter aiability in the diffusion model
leads to &st and shv eror responses. In (ajwo processes he dift

ratesv, andv,, and the staing point,z, is halfway between the tw

boundaies. The digjonal lines ending in aows represent werage
pahs,and the cures a the decision bound&s shav distiibutions of
response times (®) for the two processes. Ceoect and eor respons
es hae equal Rs (400 ms and 600 mespectiely). The arerage of
these Hs (exemplifying variability in drift across tials) weighted ly

probability of response (Pr) leads to sleror responsesetaive to
correct esponses. In (bihe efect of \arability in stating point is
illustrated Ead of the tw average pahs bgins from an &treme of
the distibution of stating points centerd d z/2. Pocesses sting &

z, hit the corect bounday with high accuacy and sharRT, and erors
are slov. Processes sting & a — z hit the corect boundar with

lower accuacy and lon@r RT, and erors ae fast.The weighted aer-

age gves st erors.

descibe net tha the model povides a completexplandion of dect
sion piocesses (see alsan Zandt & Reliff, 1995).

EXPERIMENTS 1, 2,AND 3

In eat expeliment, the subjects are asled to disdminate per
ceptual stimili as belongng to one of tw response dagories. In
Expeiment 1, subjects wre aslked to decide Wwether the werall
brightness of pigl arays displgzed on a computer monitoras“high”
or “low” (Fig. 3a).The bightness of a dispjawas contolled by the
propottion of the pixls tha were white. For eat trial, the popottion
of white pixels was tiosen fom one of tw distibutions, a high
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distribution or a lev distibution, ead with fixed mean and standg
deviation (Fg. 3b). Feedbak was dven after ede trial to tell the sub
ject whether his or her decision had i@ty indicaed the disibution

0.06
=
3 0.04
©
o
<]
& 0.02
0.0 1; . : . .
0.0 0.2 0.4 0.6 0.8 1.0
Proportion of White Pixels
0.15 1
£ 0.10 1
Q
©
S
& 0.05 1
0.0 1, . : 2 : i
0.0 0.2 0.4 0.6 0.8 1.0
Proportion of White Pixels

Fig. 3. Sample stimli for Expeiment 1 (a),distributions used in
stimulus selectiondr Expeiments 1 and 2 (band stinulus selection
probabilities for Expemment 3 (c). H and Lefer to high ersus lav

brightness (geen vs. ed dots in Expément 2),S refers to thesame
distribution (used wen the tw stirmuli were to be selecteddm the
same distbution),and D efers to thadifferentdistributions (one stim
ulus was selected ém thedifferent distribution to one side of the
samedistribution, and the other stious was selected ém thediffer-

from which the stinulus had beenhosen. Other than thisddbak, a

subject had no imimation eout the disibutions. Because the distr
butions aerlapped substantigl] a subject could not be highbccu

rate. A display with 50% white pixels,for example might hare come
from the high distbution on one ial and the la distibution on
another Expeiment 2 vas similar gcept tha the discimination was
between ed and geen stinuli. In Expeiment 3,subjects wre asled

to decide vether tvo stimuli had the same or dérent bightness.
The difusion model vas also pplied to the d& from an &peiment
in which subjects wre asled to decide Wwether auditor tones vere

“high” or “low” (Espinoza-¥ras & Watson,1994).

Method

Subjects

The subjectspaid $6 per xpelimental sessionyere reciuited by
advertisements fom the populaon of undegradudes a Northwesten
University. Three subjects ptcipated in Expeiment 1 br ten 35-min
sessionsand 3 other subjects pimipated in both Expéments 2 and
3, four sessions of 35 mirof eah expeiiment. In eah expeiiment,
subjects pdicipated in one 35-min p@ictice session berfe the &per
imental sessions.

Stirruli

The stinulus displg for Expemment 1 vas a squar tha was 64
pixels on edg side and subtended 3.8° of visual angle on a B@-\
monitor. Figure 3a shars examples of tw stirmuli; the left ekample is
low in brightness; theight is high. In ede squae, 3,072 andomy/
chosen piels were neutal gray, like the bakground and the emain
ing 1,024 piels were either kack or white; the popottion of white to
black pixels povided the bightness maniputeon. There were 33
equally spaced mpotions fom zro (all 1,024 piels were Hack) to
1 (all 1,024 piels were white). The two distibutions fom which the
bright and dak stimuli were chosen vere centeed a .375 (lav bright-
ness) and .625 (highightness)and thg eat had a standdrdevia-
tion of .1875.

For Expeiment 2,all 4,096 pixls in the squarwere either ed or
green,and the popottion of red to geen piels \aiied from .375 to
.625 in 33 equajl spaced mpotions.The meansdr the distibutions
from which the ed and geen stinuli were chosen vere .469 and .531
respectrely, and the standdrdeviation of eat distibution was .047.

In Expeiment 3,subjects wre asled to decide wether tvo stinuli
came fom the same or dirent distibutions of bightnessThe displg
was two squaes (one hove the other) lik those used in Experent 1.
The stimuli varied acoss the Wwole bightness dimensionof example
two stimuli from the same dishution could be both high in ightness
or both lav in brightnessand tvwo stirruli from different bightness dis
tributions could both be dm the bighter end of the scale or thenler
end To constuct the stinli for ead trial, first a popottion of white
pixels was selected ém 16 possile values,equally spaced on a uni
form distibution of values betwen .25 and .75.0F a tial for which
the stimuli were to come fom the same dishution of bightnessthis
selected alue was the mean of the digution, and its standardevia-
tion was .07. Br a tial for which the stinuli were to come fom dif-
ferent distibutions, the means of the tvdistibutions were ofset +
» .046 fom the selectedalue; their standdrdeviations were .07. kgure
3c shavs thesameand different distiibutions br two examples:with

entdistiibution to the other side of treamedistribution).

350
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Procedue

A subjects task vas to decideon ead trial, from which distibu-
tion, high or lov brightness in Expément 1,red or geen in Expdr
ment 2,0r same or dferent bightness in Expément 3,the obsered
stimulus (stinuli) had been sample&ubjects made their decisiop b
pressing one of ter response déys. On eal trial, a 500-ms drepeti-
od, during which the displg consisted solglof neutal gray, was DI-
lowed by presenttion of the stinulus; pesentéon was teminated by
the subjecs response In Expeiment 1, speed-ersus-accuacy
instructions vere manipuléed For some Ibocks of thals, subjects
were instucted to espond as quidy as possile, and a“too slow”
messge followed eery response lomgr than 550 ms. df other

blocks of tials, subjects wre instucted to be as acate as possie,
and a“bad eror” messge followed incorect esponses to stiati
from the &treme ends of the dighutions. Expement 1 had ten 35
min sessionsand Expements 2 and 3 hadiir sessions. In Exper
ment 1,subjects witched fom emphasis on speed to emphasis
accuncgy every 204 tials. Eat session consisted of eigHbtks of
102 tials per tock, for a total of 8,160 tals per subject. In Expier
ments 2 and 3here was no speed-acany manipuldéion. Eah ses
sion consisted of eightidcks of 102 tials, for a total of 3,264 ials
per subject in edcexpeliment. For all trials in eab expetiment,sub
jects were instucted to maintain a high vel of accuagy while
responding quidy, and an‘“error” messge indicded incorect

Subject NH

Mean Reaction Time (ms)

Subject KR

Cc

600
Auditory presentation
550 -
500 -

450

400 -

B
> Subject JF
£ 1000 -
[})
E
=
= 800-
S
©
P
S 600
[ -
[1°]
Q
= 400- % 5
00 02 04 06 08 1.0

Response Probability

350
0.0

I ! 1 I
02 04 06 08 1.0

Response Probability

Fig. 4. Lateng/-probability functions fr 3 subjectsdr the speed (lwer cuves) and accay (upper cuves) conditions of Expenent
1 (a,b, and c) and\&erage over subjectsdr the auditoy expeiiment (d) (Espinoza-afas & Watson,1994,Expeiment 3).The thidk
contiruous line is the theetical pediction,and the cicles ae the déa points. Eror bas represent 2 standdrdeviations in mean
response time ¢f d, standad deviations were not aailable). Corect lesponses arto the ight of the .5 pointdr response mbabili-
ty, erors ae to the left of the .5 poindnd eah corect response to thdéght with probability p has a caesponding eor response to

the left with pobability 1 —p.
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NH Speed 200 - NH Accuracy
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£ 200 | 40 1
3 Prob=.98 Prob=.61 100 Prob=.97 Prob=.56
© 100 - 404 20 4
ol OR : 0l , .04, — o0
JF Speed JF Accuracy
80
400 80 - 30
2 Prob=.92 Prob=.56 Prob=1.00 20
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3 200 40
(&) 10
0 0 o' &= : 0
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8 200 -
| 20
200 - 100 10
0, 3 .0 -, : - , OJ - o
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Fig. 5. Response time digiutions br 3 subjects im Expeiment 1. or ea® subjecttwo sample distbutions fom eab of the
speed and accaiy conditions ag shevn, one distibution for responses withetatively high pobébility (“Prob”) and onedr respons
es with intemedide pobability. In eat panelthe cure represents the theetical pedictions.

responses. Responsesmfollowed by a 300-ms lank intewval, and
the eror messge was displged for 300 ms after thelénk intewval.

Model Fits and Results

The paametes of the model iHade the distance beten the
boundaies @), the mean distance of the silag point ¢) from the bot
tom bounday, and a pameter T, for encoding and esponse-
execution pocesses thare not par of the decision mcessThere ae
also dift rates,v, one br eat stinulus condition (i.e in Expeiment
1, one \alue ofv for eat of the 33 posslb levels of bightness)There
are also tvo between-tial vaiiability parametes: The stating point and
the dift rate ae both assumed tawy acioss trals with nomal disti-
butions with standar deviations s, andn, respectiely. Variability in
drift rate within a tal is a scaling pameter (i.e if it were alteed
other paametes could be scaled toguiuce gactly the sameits), and
it was fxed d 0.1. Rts of the model wre accomplished using the equ
tions in Racliff (1978), minimizing the diferences beteen obsefed

values ofpy andt of fits of the &-Gaussian disifoution (Rdcliff &
Murdodk, 1976) to the empical response time dishutions (see Ra
cliff, Van Zandt& McKoon,in press,for further details; note thave
now fit the model using cuniative reaction time distbutions,and the
results ae almost the same as those using ii&aussian).

The daa and its of the model to the tae displged in ldeng/-
probability functions (Audley & Pike, 1965;Vickers, Caudey, & Will -
son, 1971) to she the eldionship between esponse time an
accungy. For eat stimulus (or goup of similar stimli), mean
response time is plottedi@nst esponse mbability (see e.g., Fig. 4).
Without variability in drift rates or staing point and with boundees
equidistant fom the staing point,the difusion model pedicts a sym
metiic lateng/-probability function (see also Rdiff et al.,in press).
For a corect lesponse with a pbability of .8, for example response
time would be the same asrfan eror response with a pbability of
.2. (For discimination taskswe use the ten eror as a shahand br

athe lesponse thds less lilely to be corect.) The adlition of variabil-
ity makes the function asymmaétr representing thealaive speeds o

and pedicted values of accuary and between obsered and pedicted
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Figures 4a4b, and 4c and igure 5 shav the fts of the difusion
model to the da from Expeiment 1,which studied hghtness dis
crimination. The top cuves in Fgure 4 shav daa from the accuacy
condition,and the bottom cues shav daa from the speed condition
The cuwes br “high” and“low” responses are almost identicalso
they were averaged t@ether—corect lesponses with coect espons
es and eor responses with esr responsesNith speed emphasd
response timesawe éout constant—aout 400 ms—aass the accu
ragy range. With accuagy emphasied response timesavied from
500 to 900 ms. Eor response timeseve slaver than catect iesponse|
times in the midle of the accuacy range, and eror response times
were a little faster than coect iesponse timest ahe extremes of the|
accungy range. For example for subject K.R.comrect lesponse times
were @dout 450 msdr stimuli for which the pobability of a corect
response as \ery high (eg., above .95,the far right points on the
lateng/-probability function), whereas err response timesof those
same stimli (response mbéability less than .05the far left points)
were fasterabout 350 to 400 ms. In coast,for stimuli for which the
probability of a corect esponse as betveen .5 and .9comect
response timesangd fom 750 ms to 850 mgjhereas eror response
times Pr those same stinli (response mhbability between .5 and .1
were slaver, between 900 and 1,000 msigbre 5 shavs sample
empiiical response time dishutions andifs of the model to them.

The fts of the difusion model mi&h the empiical lateng/-
probability functions and theasponse time dishutions br Expei-
ment 1 with ony drift rate (v) varying acioss the stimlus conditions.
For eat subject,T_ andn were fixed acoss all stinulus conditions.
The boundar pammetera was alsoiked acoss conditionshut it had
two values,one br the speed condition and another the accuacy
condition.The mean &lue of the stding pointz was set t@&/2, and
variability in the stating point was fxed a 0.1z The \alues of the

. times (erors faster than coect esponsestaxtreme accuacg values

patametes of the model & shevn in Table 1. The its of the model

are paticularly notavorthy in tha they cgpture both the lage differ-
ences in speedewsus accuagy conditions (seeral hunded millisee
onds in eaction time) and the tiams of corect \ersus eror response

and erors slaver than carect lesponsestdess &treme eror values).

Figure 6a shws hav the difusion model eveals the stimlus
information tha is diiving the decision mrcess. Br all 3 subjectsthe
value of dift rate v for ead stirulus is a linear ansbrmation of the
probability that the stinulus was dewn from the high ersus the la
distribution. Thus, all 3 subjects based their decisions oobgbility
matching. As a consequencall the diferent \alues ofv, one br eah
stimulus, tha were used toif the model to d@ can beaplaced ly
only the two paametes needed to linebr transbrm stinulus poba
bility to drift (see the lgend of kg. 6). (Note th&in this paadigm,
decision-bound models auld pioduce pedictions ery similar to
those of stimlus pobability; e.g., Maddox & Ashhy, 1993; Nosofsk
& Palmei, 1997; so v cannotule out the decision-bound model |n
favor of models thiapredict stimulus pobability as the function dr
ving diift rate.)

In sum,the model has oylfive free paametes: two paametes
to transbrm the pobability of a stimulus being dawn from the high
distibution to dift rate, acioss-tial varability in drift rate, a bounday
pammeter and an encoding an@sponse time pameter With these
five paametes, the model account®f dda with literally hundeds of
degrees of feedom—intuding the eldive piobabilities and esponse|
times of corect and eor responses agss the wole ang of accua
cy and the mriance and shze of the esponse time dishutions.With
the adlition of a sixth paameteya second alue ofa, the model also
explains the d&a for conditions in vich speed ®&rsus accugy is
emphasied

The esults of Expement 2, which studied ed/geen dis
crimination, are geneally similar to those of Expanent 1: The

Table 1. Diffusion model pametes for the bur expeiments
Parameter
Subject Condition  a z T, n S,
Expeiment 1:brightness disémination

N.H. Speed 0.079 0.0395&/2) 0.260 0.063 0.1z
Accuracy 0.160 0.0800 &2) 0.260 0.063 0.1z

JE Speed 0.080 0.0400 &/2) 0.274 0.093 0.1z
Accuracy 0.148 0.0740 &2) 0.274 0.093 0.1z

K.R. Speed 0.073 0.0365 &2) 0.228 0.082 0.1z
Accuraey 0.186 0.0930 &2) 0.228 0.082 0.1z

Expeiment 2:red/geen disamination

JS. — 0.120 0.068 0.378 0.120 0.1z

JB. — 0.120 0.052 0.369 0.071 0.1z

M.J. — 0.132 0.061 0.311 0.120 0.1z
Expeiment 3:same/diferent discimination

JS. — 0.116 0.046 0.406 0.068 0.1z

JB. — 0.133 0.056 0.374 0.088 0.1z

M.J. — 0.103 0.050 0.350 0.136 0.1z

Auditory expeiiment
Average over
subjects — 0.102 0.051 0.363 0.193 0.012
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Fig. 6. Subjectsdrift rates plotted gainst stinulus \alues br eat expetiment (dotted lines) and thegtrebility with which ead stim
ulus \alue vas selected ém the high distbution (Expemment 1),the ed distibution (Expeiment 2),the samedistribution (Expei-
ment 3),and the high-tone digution (auditoy expeiiment). Pobabilities (thidk lines) ae transbrmed to the same scale afftdrate.
For Expeiment 1 (a)there ae six dift-rate functions (3 subjects anddveonditions),and the @mnsbrmation from probability (p) to
drift is 0.90 — 0.45. Br Expeiment 3 (b) there ae thee dift-rate functions (onedr eat of 3 subjects)and the tansbrmation from
probability to drift is the same a®f Expeiment 1. or Expeiment 2 (c)there ae thiee dift-rate functions (onedr eat of 3 subjects),
and two transbrmations from piobability to drift are used1.1p — 0.55 and 0.56— 0.28 (this l&ter transbrmétion is for a subject Wwo
had a slighted/geen disamination problem). For the auditoy expetiment (d),there is one dft-rate function (one conditionvaraged
over subjects)and the @mnsbrmation from piobability to drift is 1.6p — 0.8.

lateng/-probability functions (Rg. 7) shav the same kinds of asynj ference in the ed/geen ldeng/-probability functions for red and
metiies in corect \ersus eror response timesnd the dift rate for | green esponses istfin the model i asymmetic response bound
ead subject miched the pobability that a stimulus was dewn from | aries (i.e, z # &/2); this adls one pameter to the model éble 1).
the ed distibution (Fg. 6). The ed and geen laeng/-probability | Response time distiutions ae not shan, but the modelif them as
functions vere not miror images of eah other (as wre the high and well as the distbutions Pr brightness disémination. The model it
low functions br brightness)so the are plotted sparately. The dif | the dda with onl six free paametes (se€eTable 1).
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In Expeiment 3, subjects wre asled to decide Wwether tvo
stimuli were the same or dirent in bightness.This task does no
allow a simple stiralus dimension to @sem perbrmance; instead
similanty between the tw stimuli had to be computed (egmaient to
an «clusive-OR computidon). Despite the diérence in the taskhe
model ft the ladeng/-probability functions (Fg. 7) and esponse time
distributions,and the dft rate dosely coresponded to the pbability
that a stinulus was dewn from thesamedistribution (Fg. 6),the same
corespondence as in the otheperiments.

To add genenlity, we fit the model to d@a from an auditor dis-
crimination expeiiment (Espinoza-atas &Watson,1994,Expeiment
3). In tha expetiment,the frequeny of tones vas \aried on a lg scale
from low to high,and stinuli were diawn from one of tw distibu-
tions (high or lav tone) on a Ig scale in a manner angtwus to tha
of Expeiment1. Fgure 4d shws the it of the model to the tang/-
probability function (for the neutl, high-disciminability; instructed,;
and stéistical-decision conditionsveraged o/er subjects). igure 6
shaws the corespondence of it rate to the pobability that the stim
ulus was dewn from the high distbution, the sameelaionship as in
Expeiments 1 though 3.

Parameter walues or the fts for Expemment 3 and the auditpr
expeliment ae shovn in Table 1.

CONCLUSION

The esults of the xpeliments shw a remakable set of fts of a
few-parmmeter model to da with a \ery large rumber of dgrees of
freedom.The model gplains hav both corect and incaect deci
sions ae made wer timg how their elaive speedshlang as a func
tion of expelimental conditionsand why response time disbutions
have their haracterstic shgpes. No other cuent model can accour]
for this complete geem of dda. The key feaure of the model tha
allows it to deal with the comptéies of eror response times is th
assumption thigpamametes of the model (dit rate and staing point)
are \anable from tial to tial. Other andom-valk models might
achieve the same success with similar assumptidrosivariability
in pamametes.

The difusion model evealed thaall the subjects based their de
sions on stimalus pobability (or some ‘ery similar function),and tha
this was tue in both speed and acagr conditions anddr all four of
the psyboplysical judgments thawere investigated This is a are
example of a model alling discavery of the stinulus information
that drives decision rcesses (see Estd995,for further discussion
of stimulus pobability and canitive models).The difusion model
provides an account of both the stilas information and the prcess
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