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H o w  t o a n al y z e  (f a k e d) I m pli cit A s s o ci ati o n  T e st  d at a  b y

a p pl yi n g  diff u si o n  m o d el  a n al y s e s  wit h  t h e f a st- d m

s oft w a r e:  A  c o m p a ni o n  t o R ö h n e r  &  E w e r s  ( 2 0 1 6) 

J e s si c a R ö h n e r a,  B  a n d  T o r st e n  E w e r s a  

a D e p a rt m e nt  of  P s y c h ol o g y,  C h e m nit z  U ni v e r sit y  of  T e c h n ol o g y  

A b s t r a c t  T h e  I m pli cit A s s o ci ati o n  T e st  (I A T) i s a  p o p ul a r  a n d  f r e q u e ntl y u s e d  m e a s u r e  i n r e s e a r c h

o n  i m pli cit a s s o ci ati o n s.  H o w e v e r,  a n  i m p o rt a nt d r a w b a c k  of  t h e t r a diti o n al c o m p ut ati o n  of  I A T

r e s ult s  wit h  t h e s o- c all e d  D  m e a s u r e  i s t h at t h e D  m e a s u r e  m a y  v e ri 1 a bl y  i n cl u d e m o r e  t h a n j u st

i n di c ati o n s of  t h e i m pli cit a s s o ci ati o n s  t h at s h o ul d  b e  m e a s u r e d.  It c a n  al s o  b e  c o nt a mi n at e d  b y  f a k-

i n g a n d  ot h e r  s o u r c e s  of  v a ri a n c e.  T h e  D  m e a s u r e  d o e s  n ot  diff e r e nti at e  b et w e e n  diff e r e nt  s o u r c e s  

of  v a ri a n c e.  Wit h  t h e h el p  of  diff u si o n  m o d el  a n al y s e s,  I A T r e s ult s  c a n  b e  a n al y z e d  a n d  i nt e r p r et e d

i n a  m o r e  d et ail e d  m a n n e r  b e c a u s e  t h r e e s e p a r a bl e  I A T eff e ct s  (i. e., I A T v , I A T a , a n d  I A T t 0  ) c a n  b e

c o m p ut e d  f r o m t h e p a r a m et e r s  f r o m diff u si o n  m o d el  a n al y s e s.  T h e s e  eff e ct s  h a v e  b e e n  a s s u m e d  t o

s e p a r at e  f a ki n g- a n d c o n st r u ct- s p e ci 1 c  v a ri a n c e  f r o m e a c h  ot h e r.  T h u s,  a  p o s si bl e  a d v a nt a g e  of  u s -

i n g diff u si o n  m o d el  a n al y s e s  i n st e a d of  t h e t r a diti o n al I A T eff e ct  i s t h at l e s s c o nt a mi n at e d  a n d  m o r e

i nt e r p r et a bl e I A T eff e ct s  a r e  p r o d u c e d  (i. e., I A T v  , w hi c h  c a pt u r e s  t h e c o n st r u ct- r el at e d  v a ri a n c e;  

I A T a  a n d  I A T t 0  , w hi c h  c a pt u r e  t h e f a ki n g- s p e ci1 c  v a ri a n c e).  T hi s  p a p e r  w a s  w ritt e n  t o d e m o n -

st r at e  h o w  t o u s e  t h e s oft w a r e  f a st- d m t o c o m p ut e  t h e s e t h r e e n e wl y  d e v el o p e d  I A T eff e ct s  a n d  t o

d e s c ri b e  h o w  t o i nt e r p r et t h e m. 

K e y w o r d s  I A T, diff u si o n  m o d el  a n al y s e s,  f a st- d m, I A T v , I A T a , I A T t 0  . T o ol s  F a st- D M.  

B  j e s si c a. r o e h n e r @ p s y c h ol o gi e.t u- c h e m nit z. d e 

J R: 0 0 0 0- 0 0 0 3- 0 6 3 3- 3 3 8 6 ; T E : 0 0 0 0- 0 0 0 2- 8 4 5 9- 9 4 9 X  

1 0. 2 0 9 8 2/t q m p. 1 2. 3. p 2 2 0  

I n t r o d u c ti o n  

T h e  I m pli cit A s s o ci ati o n  T e st  (I A T; G r e e n w al d,  M c G h e e,  &

S c h w a rt z,  1 9 9 8 ) i s a  c o m p ut e ri z e d  d e ci si o n  t a s k t h at i s f r e-

q u e ntl y  u s e d  t o a s s e s s  i m pli cit a s s o ci ati o n s.  Al o n g  wit h  

it s p o p ul a rit y,  it s r eli a bilit y  a n d  v ali dit y  h a v e  b e e n  d o c -

u m e nt e d  i n s e v e r al  st u di e s  ( e. g., B o s s o n,  S w a n n,  &  P e n -

n e b a k e r,  2 0 0 0 ; H of m a n n,  G a w r o n s ki,  G s c h w e n d n e r,  L e,  &  

S c h mitt,  2 0 0 5 ). T h e  I A T c o n si st s  of  s e v e r al  bl o c k s  ( s e e Fi g -

u r e  1  f o r a n  e x a m pl e  of  a n  e xt r a v e r si o n  I A T) i n w hi c h  p a r -

ti ci p a nt s a r e  a s k e d  t o a s si g n  sti m uli  t h at a p p e a r  i n t h e mi d -

dl e  of  t h e c o m p ut e r  s c r e e n  t o diff e r e nt  c at e g o ri e s.  U si n g  a n

e xt r a v e r si o n  I A T ( B a c k, S c h m u kl e,  &  E gl off,  2 0 0 9 ) a s  a n  e x -

a m pl e,  p a rti ci p a nt s  a r e  c o nf r o nt e d  wit h  sti m uli  t h at r e p r e -

s e nt  e x e m pl a r s  of  t h e c at e g o ri e s  s elf- r el e v a nt  v e r s u s  n o n -

s elf- r el e v a nt  a n d  e xt r a v e r si o n- r el at e d  v e r s u s  i nt r o v e r si o n-

A c ti n g  E di t o r  D e -

ni s  C o u si n e a u  ( U ni-

v e r sit é  d ’Ott a w a)  

R e vi e w e r s  

T w o  a n o n y m o u s  r e -

vi e w e r s  

r el at e d.  T h e  c at e g o ri e s  a r e  p r e s e nt e d  i n t h e u p p e r  c o r n e r s

of  t h e di s pl a y  s c r e e n.  T h e  p a rti ci p a nt s ’ t a s k i s t o r e s p o n d

t o e x e m pl a r s  of  e a c h  c at e g o r y  b y  p r e s si n g  a  k e y  o n  t h e 

s a m e  si d e  a s  t h e l a b el ( e. g., d  f o r t h e l eft si d e  a n d  k  f o r 

t h e ri g ht  si d e).  T h e  i d e a b e hi n d  t h e I A T i s t h at t h e s o rt -

i n g t a s k s h o ul d  b e  e a si e r  a n d  t h e r ef o r e c o m pl et e d  m o r e  

q ui c kl y  w h e n  t h e t w o c o n c e pt s  t h at s h a r e  o n e  r e s p o n s e  k e y

a r e  st r o n gl y  a s s o ci at e d.

B y  c o nt r a st,  if t h e y a r e  o nl y  w e a kl y  a s s o ci at e d,  t h e s o rt -

i n g t a s k s h o ul d  b e  m o r e  di W c ult  a n d  t h e r e b y e x e c ut e d  

m o r e  sl o wl y.  A  p a rti ci p a nt ’s  p e rf o r m a n c e  o n  t hi s t a s k i s

r e c o r d e d  i n t e r m s of  r e a cti o n  ti m e s a n d  e r r o r s.  T h e  r e -

s ult  of  t h e I A T (i. e., t h e I A T eff e ct)  i s t r a diti o n all y c o m p ut e d

a s  a  m e a n  diff e r e n c e  i n r e a cti o n  ti m e s b et w e e n  t w o c riti -

c al  bl o c k  p h a s e s  (i. e., t h e i n c o m p ati bl e a n d  t h e c o m p ati bl e

p h a s e s)  di vi d e d  b y  t h ei r o v e r all  st a n d a r d  d e vi ati o n.  It i s 
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Figure 1 The IAT procedure with an extraversion IAT as an example. The two critical block phases of the IAT are colored 
grey. The presentation of the combined phases can be counterbalanced in IATs. That is, you can decide whether the par-
ticipants will be presented the compatible phase as the third and fourth blocks and the incompatible phase as the sixth
and seventh blocks or vice versa. Within this figure, we present only the most common order to avoid unnecessarily 
complicating the description of the IAT. 
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called the D measure. This D measure, however,
may sometimes be contaminated by construct-irrelevant
sources of variance (e.g., method-specific variance; faking-
related variance; Mierke & Klauer, 2003; Röhner, Schröder-
Abé, & Schütz, 2011, 2013). The latter might be of particular
concern among researchers as not only has the fakeability
of the IAT been well documented by many studies (Fiedler
& Bluemke, 2005; Röhner et al., 2011, 2013), but also, the
IAT is often used to measure associations with socially stig-
matized or sensitive topics (e.g., pedophilia, racism, stereo-
types, and sexism; Greenwald et al., 1998; Agerström & 
Rooth, 2011; Banse, Schmidt, & Clarbour, 2010; Banse,
Seise, & Zerbes, 2001; Carlsson & Björklund, 2010; Gray, 
Brown, MacCulloch, Smith, & Snowden, 2005; Greenwald 
& Banaji, 1995; Latu et al., 2011) which might increase the 
motivation to fake. 
Thus, a possible and welcome alternative to analyzing

and interpreting the results of the IAT effect came from dif-
fusion model analyses that can be applied to analyze the
results of fast binary decision tasks, including the IAT (e.g.,
Klauer, Voss, Schmitz, & Teige-Mocigemba, 2007; Ratcliff, 
1978, 2014; van Ravenzwaaij, van der Maas, & Wagenmak-
ers, 2011; A. Voss, Voss, & Lerche, 2015). Diffusion models
have become very popular and have been applied to a va-
riety of decision tasks such as recognition memory tasks
(Ratcliff, 1978; Spaniol, Madden, & Voss, 2006), lexical de-
cision tasks (Ratcliff, Gomez, & McKoon, 2004; Wagenmak-
ers, Ratcliff, Gomez, & McKoon, 2008), and perceptual dis-
crimination (A. Voss, Rothermund, & Voss, 2004; A. Voss, 
Rothermund, & Brandstädter, 2008). Diffusion models in 
general supply the stochastic approach that enables re-
searchers to understand decisional processes on the basis
of several parameters that can be estimated with diffusion
modeling. The assumption behind diffusion models is that
people continuously collect information in order to make
a decision. When transferred to the IAT, this means that
people collect information from the stimulus that is pre-
sented on the computer screen in order to decide which of
the four categories (e.g., self-relevant vs. non-self-relevant
and extraversion-related vs. introversion-related in the ex-
traversion IAT) the stimulus (e.g., talkative) belongs to.
After collecting sufficient information, they make their

decision. Transferred to the IAT, this means they press the
respective key (e.g., d or k in the extraversion IAT) to indi-
cate their decision. One can distinguish between the basic
diffusion model and the extended diffusion model. The ba-
sic diffusion model includes the parameters zr , v, a, and 
t0. The diffusion process underlying the diffusion model
is exemplarily represented in Figure 2. Parameter zr rep-

resents the starting point of the decision process. Starting
from parameter zr , a participant samples information. The 
parameters v and a refer to the actual decision process. 

Parameter v represents the average speed (i.e., the ease)
of information uptake, and parameter a represents the re-
sponse caution (i.e., whether a participant responds slowly
by trying to avoid errors or whether he or she tries to re-
spond quickly by taking the risk of committing errors). Pa-
rameter t0 does not belong to the actual decision process
but to the nondecision period (i.e., the time before and af-
ter a decision process). It includes, for example, the per-
ceptual encoding of the stimulus and the motor execution.
Within the extended diffusion model, there are the fol-

lowing additional parameters: the intertrial variability of
the (relative) starting point (i.e., parameter szr), the inter-
trial variability of the drift (i.e., parameter sv ), the inter-
trial variability of nondecisional components (i.e., param-
eter st0 ), and the difference in response execution speed
(i.e., parameter d). According to previous research, param-
eters v, a, and t0 can be considered to be most informative 
(Schmitz & Voss, 2012) and have been shown to be asso-
ciated with different processes from the decision process
(Schmitz & Voss, 2012; Klauer et al., 2007). By contrast, the
intertrial variability parameters of the extended diffusion
model suffer from a comparably low reliability (Schmitz &
Voss, 2012) and often require a very large number of tri-
als of about N = 1000 (A. Voss et al., 2015), which is not
achieved in typical IATs. Thus, for analyzing the IAT effect,
the parameters a, v, and t0 from the basic diffusion model 
are recommended. 
The benefit of analyzing the IAT effect with diffusion

model analyses instead of the traditional D measure is 
that diffusion model analyses deliver detailed informa-
tion about the cognitive processes underlying performance 
on the IAT (Röhner & Ewers, 2016; A. Voss, Nagler, & 
Lerche, 2013). In other words, instead of having one IAT 
effect (i.e., the D measure) that does not separate differ-
ent sources of variance at all (e.g., construct-related vari-
ance vs. faking-related variance), diffusion model analyses
provide three different IAT effects (i.e., IATv , IATa, and 
IATt0 ; Klauer et al., 2007) that can be computed from the
above-mentioned parameters v, a, and t0 in the compati-
ble and incompatible IAT phases to attempt to separate the
different sources of variance from each other (Klauer et
al., 2007; Röhner & Ewers, 2016). Previous research has al-
ready successfully demonstrated that IATv is significantly
related to construct-specific variance, whereas IATa and 
IATt0 have been supposed to capture faking-related vari-
ance (Klauer et al., 2007). Thus, a possible advantage of
using diffusion model analyses instead of the traditional
IAT effect is that less contaminated and more interpretable
IAT effects are produced (i.e., IATv , which captures the 
construct-related variance; IATa and IATt0 , which cap-
ture the faking-specific variance). In this vein, our own 
research on this has revealed that diffusion model analy-
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Figure 2 The diffusion process underlying the diffusion model. The diffusion model distinguishes between the non-
decision parameter (parameter t0) and parameters from the actual decision process (parameters v and a). The X-axis 
represents time and is read from left to right. The Y-axis represents the response-related decision with two response
criteria, which are placed at 0 (for incorrect responses) and a (for correct responses). The counter begins fluctuating as a 
function of information that accumulates with time at the postulated point zr. The accumulation of information includes 
systematic as well as random influences. As soon as one of the two response criteria is crossed, the decision process is
terminated, and the respective response is initiated. In the sample path for one trial, the participant accumulates enough
information to provide the correct response. Parameter v is the mean amount of accumulated information for one par-
ticipant across a certain number of trials (e.g., one phase in an IAT). Distributions of correct and incorrect responses are
displayed outside their respective response criteria. Copyright 2016 by the Psychonomic Society. All rights reserved. Used 
with permission. 

ses are useful for analyzing and interpreting the IAT effect
and even shed more light on the faking process (Röhner & 
Ewers, 2016).
Several programs have been developed to execute dif-

fusion model analyses. Among those most prominent are
the Diffusion Model Analysis Toolbox (DMAT; Vandeker-
ckhove & Tuerlinckx, 2007, 2008), the EZ-diffusion model
(EZ; Wagenmakers, van der Maas, & Grasman, 2007; Wa-
genmakers, van der Maas, Dolan, & Grasman, 2008), and 
fast-dm (A. Voss et al., 2015; A. Voss & Voss, 2007, 2008).
All of these software solutions have individual advantages,
and the user must choose a proper solution according to
his or her research goal. For analyzing IAT data, fast-dm 
best addresses a user’s needs for several reasons. DMAT, 
in contrast to fast-dm, requires a sufficiently high number 
of correct and incorrect trials (i.e., N > 500; A. Voss et al., 
2015), whereas its efficiency is comparably low. The crit-
ical block phases of the IAT usually consist of about 100 

trials per phase (Greenwald et al., 1998; Bar-Anan & Nosek, 
2014; Nosek & Smyth, 2007), and therefore, DMAT requires
more trials than usually available in IATs. The program EZ
(Wagenmakers et al., 2007), in contrast to fast-dm, makes
use of a limited amount of information from the reaction 
time distributions as only the mean and variance of the 
correct responses and the accuracy rate are used in param-
eter estimation. Information about erroneous responses
is not considered in the parameter estimation. As faking
on the IAT sometimes includes the manipulation of errors
(Röhner et al., 2013), errors are a relevant source of infor-
mation. Therefore, although EZ will work for analyzing
IAT results in general, it might be problematic to use it for
faked IAT data (at least when fakers manipulate their er-
rors). Thus, fast-dm can be considered the best solution
when IATs have to be analyzed with diffusion model anal-
yses. The present article provides a detailed description of
how to analyze (faked) IAT data with fast-dm. 
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S t e p- b y- S t e p  T u t o ri al  

B e f o r e  y o u  c a n  S t a r t:  S o m e  P r e r e q ui si t e s  

Y o u  u s e d  e x p e ri m e nt al  s oft w a r e  t o c oll e ct  y o u r  I A T d at a

u n d e r  eit h e r  st a n d a r d  i n st r u cti o n s o r  f a ki n g i n st r u cti o n s

(f o r f u rt h e r i nf o r m ati o n s e e  R ö h n e r  et  al.,  2 0 1 3 ) vi a  c o m -

p ut e r,  y o u  s a v e d  t h e I A T o ut p ut  d at a  ( e. g., a s  *. d at- 1 l e s),

a n d  y o u  d o w nl o a d e d  a n d  i n st all e d f a st- d m o n  y o u r  c o m -

p ut e r.  If y o u  h a v e  n ot  al r e a d y  d o w nl o a d e d  a n d  i n st all e d

f a st- d m, st a rt  wit h  st e p  0.  Ot h e r wi s e,  y o u  c a n  s ki p  st e p  0

a n d  st a rt  wit h  st e p  1.  

S t e p  0:  D o w nl o a d  a n d  I n s t all  F a s t- d m  

0. 1  G o  t o t h e f a st- d m h o m e p a g e  ( htt p:// w w w. p s y c h ol o gi e.

u ni- h ei d el b e r g. d e/ a e/ m et h/f a st- d m/).  S c r oll  d o w n  t o “ f a st-

d m  D o w nl o a d s ” . D o w nl o a d  f a st- d m. Y o u  h a v e  t o 

c h o o s e  b et w e e n  f a st- d m- 3 0 a n d  f a st- d m- 3 0. 2. F a st- d m -

3 0. 2  a d diti o n all y  c o nt ai n s  a  g u e s si n g  p a r a m et e r  p  t h at,

h o w e v e r,  o n  a c c o u nt  of  s m all  t ri al s ( a s i n t h e I A T) 

p  h a s  t o b e  s et  t o 0  ( s e e htt p:// w w w. p s y c h ol o gi e. u ni -

h ei d el b e r g. d e/ a e/ m et h/f a st- d m/ #i nt r o).  T H E  C U R R E N T  

A N A L Y S E S  U S E D:  f a st- d m- 3 0. 

0. 2  D e p e n di n g  o n  t h e s y st e m  s oft w a r e,  y o u  h a v e  t o 

c h o o s e  o n e  of  t h e a v ail a bl e  zi p- 1 l e s. C h o o s e  t h e zi p- 1 l e 

“ Wi n d o w s  Bi n a ri e s ” o r  “ S o u r c e ” . D o w nl o a d  t h e zi p- 1 l e. 

T H E  C U R R E N T  A N A L Y S E S  U S E D:  “ Wi n d o w s  Bi n a ri e s ” . 

0. 3  U n zi p  t h e 1 l e. 

0. 4  I n st all f a st- d m. H O W  T O  D O  T HI S  O N  WI N D O W S  V S.  

LI N U X:  F o r  Wi n d o w s  u s e r s,  t h e f a st- d m. e x e i s r e a d y  t o u s e.

Li n u x  u s e r s  p r o c e e d  wit h  t h e f oll o wi n g t o i n st all f a st- d m:

Y o u  h a v e  t o st a rt  a  c o m m a n d  c o n s ol e  a n d  c d  i nt o t h e di -

r e ct o r y.  T y p e:  “ ./ c o n1 g u r e ” . T y p e:  “ m a k e ” . T y p e:  “ m a k e  

i n st all” . 

S t e p  1:  P r e p a r e  t h e  C o n t r ol  Fil e  f o r  U s e  

T h e  c o nt r ol  1 l e i s a  ki n d  of  s c ri pt  t h at d et e r mi n e s  t h e d e -

t ail s of  t h e diff u si o n  m o d el  a n al y s e s.  I n ot h e r  w o r d s,  a  t e xt-

1 l e i s u s e d  t o a d a pt  f a st- d m t o t h e n e e d s  of  t h e I A T d at a  s et.

T h e  c u r r e nt  1 l e w ritt e n  f o r t h e c u r r e nt  a n al y s e s  i s r e p r e -

s e nt e d  i n Li sti n g  1 . 

1. 1  C o p y  a n d  p a st e  t h e c o nt e nt s  of  Li sti n g  1  i n a  t e xt-1 l e 

c all e d  e x p e ri m e nt. ctl.  

1. 2  S a v e  t h e c o nt r ol  1 l e titl e d “ e x p e ri m e nt. ctl ” i nt o t h e 

f a st- d m f ol d e r. T H E  C O N T E N T S  O F  T H E  C O N T R O L  FI L E:  I n 

t h e 1 r st  li n e, t h e e sti m ati o n  p r o c e d u r e  i s s el e ct e d.  Y o u  c a n

c h o o s e  f r o m M a xi m u m  Li k eli h o o d,  K ol m o g o r o v  S mi r n o v,

o r  C hi- S q u a r e.  I n t h e s e c o n d  li n e, t h e p r e ci si o n  of  t h e c al -

c ul ati o n  i s d et e r mi n e d.  I n t h e t hi r d t o s e v e nt h  li n e s, t h e 

p a r a m et e r s  t o b e  e sti m at e d  a n d  t h e p a r a m et e r s  t o b e  1 x e d  

a r e  i n di c at e d.1  I n t h e ei g ht h  li n e, p  c a n  b e  d et e r mi n e d  

( o nl y w h e n  u si n g  f a st- d m- 3 0. 2). I n t h e n e xt  li n e, t h e v a ri -

a bl e  n a m e  f o r t h e c ol u m n s  i n t h e I A T d at a  1 l e s a r e  d e 1 n e d  

f o r l at e r u s e.  I n t h e n e xt  li n e, t h e ki n d  of  1 l e s t h at r e p r e -

s e nt  t h e i n p ut I A T d at a  1 l e s a r e  i n di c at e d. I n t h e l a st li n e,

t h e n a m e  of  t h e c o m m o n  o ut p ut  1 l e i s d et e r mi n e d.  

T H E  C U R R E N T  A N A L Y S E S  U S E D:  a  v e r y  hi g h  p r e ci si o n

s etti n g  of  5  ( s e e Li sti n g  1 ). B e c a u s e  t h e v al u e  of  t h e p r e -

ci si o n  of  t h e c al c ul ati o n  i s a s s o ci at e d  wit h  t h e c al c ul ati o n  

ti m e, a n d  t h e d ef a ult  v al u e  of  3  i s s u W ci e nt  f o r m o st  a p pli -

c ati o n s,  y o u  m a y  u s e  a  v al u e  of  3  h e r e  i n st e a d of  5.  If y o u

w a nt  t o s et  t h e p r e ci si o n  of  t h e c al c ul ati o n  t o 3,  y o u  s h o ul d

c h a n g e  t h e v al u e  i n t h e s e c o n d  li n e a c c o r di n gl y  f r o m 5  t o

3  b ef o r e  r u n ni n g  f a st- d m. T H E  C U R R E N T  A N A L Y S E S  U S E D:

*.t xt- 1 l e s a s  i n p ut 1 l e s. 

S t e p  2:  F o r m a t  t h e  I A T  D a t a  Fil e s  f o r  A n al y s e s  wi t h

F a s t- d m,  o n e  Fil e  p e r  P a r ti ci p a n t  a n d  p e r  C o n di ti o n  

T h e r e  a r e  s e v e r al  w a y s  t o p r et r e at  t h e I A T d at a  f o r f a st- d m.

T h e  d e s c ri pti o n  b el o w  c o r r e s p o n d s  t o h o w  w e  di d  t hi s i n

t h e c u r r e nt  a n al y s e s.  

2. 1  T r a n sf e r  t h e I A T o ut p ut  1 l e s t o n e w  I A T i n p ut d at a  

1 l e s (i. e., *.t xt  - o r *. d at- 1 l e s), w hi c h  c o nt ai n  o nl y  t h e c o d -

i n g of  t h e v a ri a bl e s  R E S P O N S E  (i. e., e r r o n e o u s  o r  c o r r e ct

a n s w e r)  a n d  TI M E  (i n s e c o n d s)  f r o m t h e w h ol e  I A T o ut p ut.

Li sti n g  2  e x e m pl a ril y  s h o w s  t h e i n p ut d at a  of  a  p a rti ci p a nt

i n t h e c u r r e nt  st u d y.

P L E A S E  C O N SI D E R:  F a st- d m  n e e d s  t h e r e a cti o n  ti m e s 

i n s e c o n d s  a n d  n ot  i n milli s e c o n d s.  S o  if y o u r  e x p e ri m e n -

t al s oft w a r e  d eli v e r s  t h e r e a cti o n  ti m e s (i. e., TI M E S)  i n mil -

li s e c o n d s, al s o  t r a n sf o r m t h e m f r o m milli s e c o n d s  i nt o s e c -

o n d s  b ef o r e  s a vi n g  t hi s i nf o r m ati o n i n t h e n e w  1 l e s. Al s o  

t a k e c a r e  t o c r e at e  o n e  1 l e f o r e v e r y  p a rti ci p a nt  i n e a c h

c o m bi n e d  I A T p h a s e  a n d,  w h e n  u si n g  r e p e at e d- m e a s u r e s

d e si g n s,  wit hi n  e v e r y  m e a s u r e m e nt  o c c a si o n  a s  w ell.  

2. 2  C o r r e ct  1 l e s f o r o utli e r s  if d e si r e d.  T o  d o  s o,  g o

t h r o u g h t h e n e w  o ut p ut  1 l e s a n d  r e m o v e  o utli e r s  f r o m t h e 

i n di vi d u al r e s p o n s e-ti m e  di st ri b uti o n  if p a rti ci p a nt s  h a v e

r e a cti o n  ti m e s b el o w  0. 2  s e c  o r  a b o v e  5  s e c  ( A. V o s s  &  V o s s,

2 0 0 8 ; A.  V o s s  et  al.,  2 0 1 3 ). 

S t e p  3:  R u n  t h e  Di f f u si o n  M o d el  A n al y s e s  wi t h  F a s t- d m

o n  t h e  I A T  D a t a  Fil e s  

3. 1  E sti m at e  i n d e p e n d e nt diff u si o n  m o d el s  f o r e a c h  p a r -

ti ci p a nt a n d  e a c h  c o m bi n e d  I A T p h a s e  a n d,  i n t h e c a s e  of

r e p e at e d- m e a s u r e s  d e si g n s,  al s o  wit hi n  e a c h  of  t h e m e a -

s u r e m e nt  o c c a si o n s.  

1 N ot e  t h at f a st- d m c a n  al s o  b e  u s e d  t o 1 t e a c h  c o n diti o n  t h at a  p a rti ci p a nt  c o ul d  h a v e.  F o r  t h e c u r r e nt  a n al y s e s,  w e  l et all  t h e p a r a m et e r s  v a r y  f r e el y 

f r o m o n e  c o n diti o n  t o a n ot h e r.  
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Li s ti n g  1  E x a m pl e  of  t h e e x p e ri m e nt. ctl- 1 l e. T hi s  i s t h e e x p e ri m e nt. ctl- 1 l e w e  w r ot e  f o r o u r  a n al y s e s  i n f a st- d m 3 0.  If 

y o u  u s e  f a st- d m 3 0. 2,  y o u  s h o ul d  a d diti o n all y  t y p e “ s et  p  0 ” a s  d e s c ri b e d  i n t h e st e p- b y- st e p  t ut o ri al. 

m e t h o d  k s  
p r e c i s i o n  5  
s e t  z r  0 . 5  
s e t  d  0  
s e t  s z r  0  
s e t  s v  0  
s e t  s t 0  0  
f o r m a t  R E S P O N S E  T I M E  
l o a d  * . t x t  
l o g  p a r a m e t e r . l o g  

3. 1. 1  C o p y  t h e p r et r e at e d  I A T d at a  i n p ut 1 l e s a n d  p a st e  

t h e m i nt o t h e f a st- d m f ol d e r. 

H O W  T O  D O  T HI S  O N  WI N D O W S  V S.  LI N U X:  Wi n d o w s  

u s e r s  - r u n t h e f a st- d m e x e.  Li n u x  u s e r s  - c o m pl et e t h e f ol-

l o wi n g st e p s:  O p e n  a  c o m m a n d  wi n d o w  a n d  c d  t o f a st- d m.

T y p e:  “ f a st- d m” . 

3. 1. 2  T r a n sf e r  t h e o ut c o m e  i nt o a  st ati sti c al  s oft w a r e  p r o-

g r a m  b y  u si n g  t h e s a v e d  *.l o g- 1 l e. W e  p r e s e nt  s o m e  e x e m -

pl a ril y  o ut p ut  d at a  1 l e s i n O ut p ut  1 . 

S t e p  4:  C h e c k  t h e  M o d el  Fi t s  

C h e c k  t h e pl a u si bilit y  of  t h e d at a  wit h  t h e h el p  of  t h e K ol -

m o g o r o v  b a c k w a r d  e q u ati o n.  I n t h e c u r r e nt  a n al y s e s,  p a r -

ti ci p a nt’s  d at a  t h at s h o w e d  a  p o o r  m o d el  1 t (i. e., p  < . 0 5 )

w e r e  di s c a r d e d.  T h e  p o w e r  of  t h e K ol m o g o r o v  b a c k w a r d

e q u ati o n s  d e p e n d s  o n  t h e n u m b e r  of  t ri al s. A  s m all  n u m -

b e r  of  t ri al s a s  i s t y pi c al i n I A T s mi g ht  b e  r el at e d  t o l o w

p o w e r  o r  a  c rit e ri o n  t h at i s t o o li b e r al. T h u s,  g r a p hi c al  i n-

s p e cti o n s  of  t h e o v e rl ai d  o b s e r v e d  a n d  p r e di ct e d  c u m ul a -

ti v e di st ri b uti o n s  f u n cti o n (i. e., c df s)  s h o ul d  b e  e x e c ut e d  a s

a n  a d diti o n al  st e p  t o c h e c k  t h e m o d el  1 t. 

4. 1  C r e at e  t h e o b s e r v e d  ( e m pi ri c al) c u m ul ati v e  di st ri b u -

ti o n f u n cti o n s (i. e., o b s e r v e d  c df s)  s e p a r at el y  f o r e a c h

I A T p h a s e,  f o r e a c h  e x p e ri m e nt al  g r o u p,  a n d  i n t h e c a s e

of  r e p e at e d- m e a s u r e s,  f o r e a c h  m e a s u r e m e nt  o c c a si o n  a s

w ell.  

4. 1. 1  I m p o rt t h e p r e p a r e d  I A T i n p ut 1 l e s ( s e e s e cti o n  2  

i n t h e p r ot o c ol)  i nt o a  st ati sti c al  s oft w a r e  p r o g r a m  ( e. g.,

s p r e a d s h e et).  

4. 1. 1. 1  M ulti pl y  all  TI M E s  wit h  a  R E S P O N S E  0  (i. e., e r r o -

n e o u s  a n s w e r)  b y  - 1 i n t h e s p r e a d s h e et.  

4. 1. 1. 2  U si n g  a  m o u s e  t r a n sf e r t h e TI M E s  t h at w e r e  m ul -

ti pli e d b y  - 1 (f o r e r r o n e o u s  a n s w e r s)  a n d  t h e u n m o di 1 e d  

TI M E s  (f o r c o r r e ct  a n s w e r s)  i nt o a  n e w  c ol u m n.  

4. 1. 1. 3  S o rt  all  TI M E s  i n t hi s n e w  c ol u m n  i n a n  a s c e n di n g  

m a n n e r.  

4. 1. 1. 4  U si n g  t h e ri g ht  cli c k  b utt o n  of  t h e m o u s e,  a d d  a

n e w  c ol u m n  a n d  p ut  t h e c u m ul at e d  d e n siti e s  i n it. T o  d o

s o,  a s si g n  t h e r ati o  of  1  di vi d e d  b y  t h e n u m b e r  of  v al u e s  i n

t h e n e w  c ol u m n  t o t h e l o w e st v al u e.  A s si g n  t h e r ati o  of  2

di vi d e d  b y  t h e n u m b e r  of  v al u e s  i n t h e n e w  c ol u m n  t o t h e

s e c o n d  l o w e st v al u e.  C o nti n u e  t o d o  s o  u ntil  all  v al u e s  a r e  

a s si g n e d  (i. e., t h e hi g h e st  v al u e  h a s  a  r ati o  of  1).  

4. 1. 1. 5  Pl ot  t h e o b s e r v e d  ( e m pi ri c al) c df s  wit h  a  st ati sti c al

s oft w a r e.  

4. 2  C r e at e  t h e p r e di ct e d  ( p a r a m et e r- b a s e d) c u m ul ati v e

di st ri b uti o n  f u n cti o n s (i. e., p r e di ct e d  c df s)  s e p a r at el y  f o r

e a c h  I A T p h a s e,  f o r e a c h  e x p e ri m e nt al  g r o u p,  a n d  i n t h e 

c a s e  of  r e p e at e d- m e a s u r e s,  f o r e a c h  m e a s u r e m e nt  o c c a -

si o n  a s  w ell.  

4. 2. 1  F a st- d m  p r o vi d e s  pl ot- c df  t o c r e at e  v al u e s  of  p r e -

di ct e d  c df s  f r o m a  c e rt ai n  p a r a m et e r  s et.  T o  d o  

s o,  gi v e  a  c o m m a n d  t o f a st- d m. H e r e  i s a n  e x a m -

pl e  of  t h e 1 n al  c o m m a n d  u s e d  wit h  t h e c u r r e nt  a n al -

y s e s:  " p l o t - c d f . e x e  - a  1 . 7 8  - z  0 . 5  - v  2 . 1 4  
- t  0 . 3 9  - d  0  - Z  0  - V  0  - T  0  - o  c d f . l s t " . 

4. 2. 2  N ot e  d o w n  t h e v al u e s  f o r p a r a m et e r  v , p a r a m et e r  a,  

a n d  p a r a m et e r  t0  s e p a r at el y  f o r e a c h  I A T p h a s e,  f o r e a c h

e x p e ri m e nt al  g r o u p,  a n d  i n t h e c a s e  of  r e p e at e d- m e a s u r e s,

f o r e a c h  m e a s u r e m e nt  o c c a si o n  a s  w ell.  T H E  C U R R E N T  

A N A L Y S E S  U S E D:  t h e m e a n s  of  p a rti ci p a nt s ’ v al u e s  i n t h e 

p a r a m et e r s  t o c r e at e  t h e c df s  wit h  pl ot  c df.  

4. 2. 3  St a rt  a  c o m m a n d  c o n s ol e.  

4. 2. 4  T y p e:  " p l o t - c d f . e x e  - a  - z  - v  - t  - d  - Z  
- V  - T  - o  c d f . l s t " . A d d  t h e v al u e s  f o r t h e p a r a m e -

t e r s i nt o t h e c o m m a n d  li n e. A d d  t h e v al u e  f o r p a r a m et e r  

a  b e hi n d  a . A d d  t h e v al u e  0. 5  f o r p a r a m et e r  z r  b e hi n d  z . 

A d d  t h e v al u e  f o r p a r a m et e r  v  b e hi n d  v . A d d  t h e v al u e  f o r 
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Li s ti n g  2  E x a m pl e  of  a n  i n p ut- d at a 1 l e of  t h e p a rti ci p a nt  “ e x a m pl e  1 ” f r o m t h e c u r r e nt  st u d y.  T hi s  i n p ut 1 l e s h o w s  

t h e 1 r st  2 0  li n e s of  t h e i n p ut d at a  of  t h e c o n g r u e nt  I A T p h a s e.  T h e  1 r st  c ol u m n  r e p r e s e nt s  t h e v a ri a bl e  R E S P O N S E  (i. e.,

e r r o n e o u s  o r  c o r r e ct  a n s w e r).  T h e  s e c o n d  c ol u m n  r e p r e s e nt s  t h e v a ri a bl e  TI M E  (i n s e c o n d s).  

1  1 . 1 6  
1  0 . 7 5 8  
1  0 . 5 2 9  
1  0 . 6 4 1  
1  0 . 9 7 4  
1  0 . 9 7 1  
1  0 . 6 9 5  
1  1 . 5 7 7  
1  1 . 1 7 7  
0  1 . 4 2  
1  0 . 8 5 9  
1  1 . 4 9 7  
1  0 . 6 1 6  
1  0 . 7 5 7  
1  0 . 5 8 2  
1  1 . 0 6 5  
1  0 . 6 3 4  
1  0 . 7 1 9  
1  0 . 8 9 3  
1  1 . 1 2 1  

p a r a m et e r  t0  b e hi n d  t . A d d  t h e v al u e  0  f o r p a r a m et e r  d  
b e hi n d  d . A d d  t h e v al u e  0  f o r p a r a m et e r  s z r  b e hi n d  Z . A d d  

t h e v al u e  0  f o r p a r a m et e r  s v  b e hi n d  V . A d d  t h e v al u e  0  f o r 

p a r a m et e r  s t 0  b e hi n d  T . D e 1 n e  t h e 1 l e n a m e  i n w hi c h  t h e 

g e n e r at e d  d at a  will  b e  s a v e d  b e hi n d  o . 

4. 2. 5  P r e s s  E nt e r.  

P L E A S E  C O N SI D E R:  T h e  p r e di ct e d  c df s  a r e  gi v e n  a s  

pl ai n  t e xt i n t h e o ut c o m e  1 l e s. Pl ot  it b y  u si n g  st ati sti c al  

s oft w a r e.  

4. 3  S u m m a ri z e  t h e p r e di ct e d  ( p a r a m et e r- b a s e d) a n d  o b -

s e r v e d  ( e m pi ri c al) c df s  i n o n e  g r a p h  wit h  a  st ati sti c al  s oft -

w a r e  p r o g r a m  i n o r d e r  t o o bt ai n  t h e o v e rl ai d  p r e di ct e d

a n d  o b s e r v e d  c df s  ( s e e Fi g u r e  3  f o r a n  e x a m pl e).

P L E A S E  C O N SI D E R:  D o  s o  f o r e a c h  I A T p h a s e,  f o r e a c h

e x p e ri m e nt al  g r o u p,  a n d  f o r e a c h  m e a s u r e m e nt  o c c a si o n

w h e n  t h e r e a r e  r e p e at e d  m e a s u r e s.  

S t e p  5:  I f  t h e  M o d el  Fi t s  a r e  o k,  C o m p u t e  t h e  C o m p a ti -

bili t y  E f f e c t s  

C o m p ut e  t h e c o m p ati bilit y  eff e ct s  I A T v , I A T a , a n d  I A T t 0

b y  s u bt r a cti n g  t h e e sti m at e d  p a r a m et e r s  of  t h e c o m p ati bl e

p h a s e  f r o m t h e e sti m at e d  p a r a m et e r s  of  t h e i n c o m p ati bl e

p h a s e  a s  f oll o w s ( Kl a u e r et  al.,  2 0 0 7 ): 

5. 1  C o m p ut e  I A T v  b y  s u bt r a cti n g  p a r a m et e r  v  of  t h e 

c o m p ati bl e  p h a s e  f r o m p a r a m et e r  v  of  t h e i n c o m p ati bl e 

p h a s e.  

5. 2  C o m p ut e  I A T a  b y  s u bt r a cti n g  p a r a m et e r  a  of  t h e 

c o m p ati bl e  p h a s e  f r o m p a r a m et e r  a  of  t h e i n c o m p ati bl e 

p h a s e.  

5. 3  C o m p ut e  I A T t 0  
b y  s u bt r a cti n g  p a r a m et e r  t0  of  t h e 

c o m p ati bl e  p h a s e  f r o m p a r a m et e r  t0  of  t h e i n c o m p ati bl e 

p h a s e.

P L E A S E  C O N SI D E R:  D o  s o  s e p a r at el y  f o r e a c h  m e a s u r e -

m e nt  o c c a si o n  i n t h e c a s e  of  r e p e at e d- m e a s u r e s  d e si g n s.  

S t e p  6:  A n al y z e  t h e  R e s ul t s  

U s e  t h e s e c o m p ati bilit y  eff e ct s  t o a n al y z e  t h e I A T r e s ult s

b e y o n d  t h e t r a diti o n al I A T D  m e a s u r e  ( G r e e n w al d, N o s e k,  

&  B a n aji,  2 0 0 3 a , 2 0 0 3 b ). 

R e s ul t s  

F oll o wi n g  t h e p r ot o c ol  a b o v e  will  l e a d t o t h e p a r a m et e r s  v , 

a , a n d  t0  i n t h e diff u si o n  m o d el,  p e r  I A T p h a s e  (i. e., c o m -

p ati bl e  v s.  i n c o m p ati bl e), a n d  f o r e a c h  p a rti ci p a nt  at  e a c h

m e a s u r e m e nt  o c c a si o n.  I n a d diti o n,  y o u  will  b e  gi v e n  d at a

f r o m t h e m o d el  1 t f r o m t h e K ol m o g o r o v  b a c k w a r d  e q u a -

ti o n a n d  t h e g r a p hi c al  di s pl a y s  of  t h e m o d el  1 t. T o  i n-

t e r p r et t h e g r a p hi c al  di s pl a y s,  c o m p a r e  t h e g r a p h s  f r o m

t h e p r e di ct e d  a n d  t h e o b s e r v e d  c df s.  Fi g u r e  3  e x e m pl a r -

il y s h o w s  t h e o v e rl ai d  p r e di ct e d  a n d  o b s e r v e d  c df s  f o r all

e x p e ri m e nt al  g r o u p s  a n d  m e a s u r e m e nt  o c c a si o n s  i n t h e 
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O u t p u t  1  E x a m pl e  of  t h e o ut p ut  d at a  of  a  p a rti ci p a nt  “ e x a m pl e  1 ” f r o m t h e c u r r e nt  st u d y.  T hi s  o ut p ut  1 l e s h o w s  t h e 

r e s ult s  of  t h e c o n g r u e nt  I A T p h a s e.  

a  =  1 . 6 1 6 9 4 3  
v  =  1 . 9 4 1 2 2 5  
t 0  =  0 . 4 0 5 5 9 1  
p r e c i s i o n  =  5 . 0 0 0 0 0 0  
m e t h o d  =  K S  
p e n a l t y  =  0 . 0 0 0 0 0 0  
f i t  i n d e x  =  0 . 9 8 1 9 7 3  
t i m e  =  2 1 . 4 3 0 0 0 0  

c o m p ati bl e  I A T p h a s e  of  o u r  r e c e nt  st u d y  ( Rö h n e r  &  E w e r s,  

2 0 1 6 ). N ot e  t h at i n t hi s e x a m pl e  t h e g r a p h s  f r o m t h e p r e -

di ct e d  a n d  t h e o b s e r v e d  c df s  a r e  v e r y  cl o s e  t o e a c h  ot h e r.

T h e  m o r e  t h e y o v e rl a y  t h e b ett e r  t h e m o d el  1 t i s. L a st  b ut  

n ot  l e a st, y o u  will  b e  gi v e n  t h e c o m p ut e d  I A T eff e ct s  I A T v , 

I A T a , a n d  I A T t 0  
, w hi c h  w e r e  b a s e d  o n  t h e p a r a m et e r s  

f r o m t h e diff u si o n  m o d eli n g.

T o  c o n v e y  a n  i m p r e s si o n of  t h e a d v a nt a g e  f r o m a n a -

l y zi n g I A T r e s ult s  wit h  diff u si o n  m o d el  a n al y s e s  i n a d di -

ti o n t o t h e D  m e a s u r e,  w e  r e p r e s e nt  s o m e  r e s ult s  f r o m o u r

c u r r e nt  st u d y  t h at w a s  e x a mi n e d  t o i n v e sti g at e t h e eff e c -

ti v e n e s s of  diff u si o n  m o d el  a n al y s e s  wit h  f a st- d m i n o r d e r

t o a n al y z e  a n d  i nt e r p r et n o n-f a k e d  a n d  f a k e d I A T r e s ult s

(f o r f u rt h e r i nf o r m ati o n s e e  R ö h n e r  a n d  E w e r s,  2 0 1 6 ; s e e  

al s o  R ö h n e r  et  al.,  2 0 1 3 ). I n T a bl e  1  t h e i m p a ct of  f a ki n g

o n  t h e t r a diti o n al I A T eff e ct  (i. e., D  m e a s u r e)  a n d  o n  I A T

eff e ct s  f r o m diff u si o n  m o d el  a n al y s e s  (i. e., I A T v , I A T a ,

a n d  I A T t 0  
) i s r e p r e s e nt e d  i n t h e f o r m of  b et w e e n  a n d

wit hi n  p o st  h o c  c o m p a ri s o n s  f r o m a  t ot al of  f o u r r e p e at e d -

m e a s u r e s  A N O V A s.  L o o ki n g  at  t h e c ol u m n s  u n d e r  t h e 

h e a di n g  “ D  m e a s u r e ” , t h e r e s ult s  d e m o n st r at e  t h at t h e D  
m e a s u r e  w a s  si g ni 1 c a ntl y  i m p a ct e d b y  t h e f a ki n g i nt e n-

ti o n s of  p a rti ci p a nt s  i n all  of  t h e f o u r f a ki n g c o n diti o n s  ( s e e

T a bl e  1).  T h u s,  t h e D  m e a s u r e ’s  c o n st r u ct- r el at e d  v a ri a n c e  

w a s  c o nt a mi n at e d  b y  t h e f a ki n g- r el at e d v a ri a n c e  u n d e r  all

f a ki n g c o n diti o n s,  a n d  it w a s  n ot  at  all  p o s si bl e  t o s e p a -

r at e  o n e  f r o m t h e ot h e r.  L o o ki n g  at  t h e c ol u m n s  u n d e r  t h e

h e a di n g  “ I A V v , I A T a  a n d  I A T t 0  
” , t h e r e s ult s  s h o w  t h at 

i n o n e  o ut  of  f o u r f a ki n g c o n diti o n s  (i. e., u n d e r  i nf o r m e d

f a ki n g of  l o w s c o r e s),  I A T v  i n d e e d w a s  n ot  si g ni 1 c a ntl y

i m p a ct e d b y  f a ki n g, a n d  I A T a  c a pt u r e d  t h e f a ki n g- s p e ci1 c  

v a ri a n c e.  F r o m  a  p r a cti c al  st a n d p oi nt,  t hi s i s i n d e e d t h e

m o st  li k el y, a n d  f r o m a  t e st-t a k e r ’s  st a n d p oi nt,  t h e e a si e st  

f a ki n g c o n diti o n  ( Rö h n e r  &  E w e r s,  2 0 1 6 ). I n t h e ot h e r  t h r e e 

f a ki n g c o n diti o n s  (i. e., u n d e r  n a ı̈ v e f a ki n g o r  t h e f a ki n g of  

hi g h  s c o r e s),  I A T v  w a s,  h o w e v e r,  i m p a ct e d b y  f a ki n g, a n d  

I A T a  di d  n ot  c a pt u r e  all  of  t h e f a ki n g- s p e ci1 c  v a ri a n c e.  Al -

t h o u g h s o m e w h at  di s a p p oi nti n g  at  1 r st  gl a n c e,  t h e s e r e -

s ult s  p r o vi d e  u s  wit h  w o rt h w hil e  i nf o r m ati o n a b o ut  t h e 

f a ki n g p r o c e s s.  N ot e  t h at t h e s e c o n diti o n s  a r e  m o r e  dif -

1 c ult  t o f a k e, a n d  c o n s e q u e ntl y,  w e  c a n  s e e  t h e u s e  of  

h el pi n g  st r at e gi e s  t h at a r e  i m pl e m e nt e d b y  p a rti ci p a nt s  t o

m a k e  t h e f a ki n g-t a s k e a si e r  a n d  t h at t h u s i m p a ct I A T v  

( R¨  w a s  n ot  aff e ct e d  b y  f a ki n g o h n e r  &  E w e r s,  2 0 1 6 ). I A T t 0

at  all.  T hi s  c a n  b e  i nt e r p r et e d a s  a n  i n di c ati o n t h at f a ki n g

r e p r e s e nt s  a  p r o c e s s  t h at t a k e s pl a c e  wit hi n  t h e d e ci si o n

p r o c e s s  a n d  n ot  o ut si d e  of  it.

T a k e n  t o g et h e r, alt h o u g h  it i s n ot  y et  p o s si bl e  t o cl e a rl y

s e p a r at e  f a ki n g- a n d c o n st r u ct- r el at e d  v a ri a n c e  f r o m e a c h

ot h e r  b y  u si n g  t h e t h r e e I A T eff e ct s  t h at c a n  b e  c o m p ut e d

f r o m t h e diff u si o n  m o d el  a n al y s e s  i n all  f a ki n g c o n diti o n s,

diff u si o n  m o d el  a n al y s e s  all o w  u s  t o b ett e r  u n d e r st a n d  t h e

f a ki n g p r o c e s s  i n t h e I A T, a n d  u n d e r  s p e ci 1 c  f a ki n g c o n -

diti o n s,  t h e y all o w  u s  t o s e p a r at e  f a ki n g- f r o m c o n st r u ct -

r el at e d  v a ri a n c e.  

Di s c u s si o n  

Diff u si o n  m o d el  a n al y s e s  a r e  u s ef ul  f o r a n al y zi n g  a n d  i n-

t e r p r eti n g I A T r e s ult s.  H o w e v e r,  t h e r e a r e  s o m e  a d v a n -

t a g e s a n d  di s a d v a nt a g e s  t h at u s e r s  h a v e  t o k e e p  i n mi n d.

T h e r e  a r e  t w o r el e v a nt  di s a d v a nt a g e s.  Fi r st,  f r o m t h e 

u s e r s ’ p e r s p e cti v e,  a n al y zi n g  I A T r e s ult s  wit h  diff u si o n

m o d el s  i s a  c o m p a r a bl y  ti m e- c o n s u mi n g a n d  c o m pl e x  p r o -

c e d u r e.  T h e  d at a  p r e p a r ati o n  a n d  a n al y s e s  h a v e  t o b e  e x -

e c ut e d  i n a  t h o r o u g h m a n n e r.  E s p e ci all y  w h e n  c o m p a ri n g

diff u si o n  m o d el  a n al y s e s  wit h  t h e c o m p ut ati o n  of  t h e t r a-

diti o n al  I A T D  m e a s u r e,  it i s o b vi o u s  t h at t h e l att e r r e p r e -

s e nt s  a  m u c h  si m pl e r  a n d  l e s s ti m e- c o n s u mi n g p r o c e d u r e.

S e c o n d,  t h e t e c h ni q u e of  u si n g  diff u si o n  m o d el  a n al y s e s  t o

i nt e r p r et I A T r e s ult s  i s s o m e w h at  li mit e d i n s o  f a r a s  t h e

n e w  I A T eff e ct s  t h at c a n  b e  d e c o m p o s e d  c a n n ot  y et  s e p a -

r at e  f a ki n g- a n d c o n st r u ct- r el at e d  v a ri a n c e  i n t h e I A T u n -

d e r  all  f a ki n g c o n diti o n s.

H o w e v e r,  r e pl a ci n g  t h e t r a diti o n al D  m e a s u r e  wit h  

I A T v , I A T a , a n d  I A T t 0  t o a n al y z e  t h e I A T n e v e rt h el e s s

off e r s  t h r e e cl e a r  a n d  r el e v a nt  a d v a nt a g e s.  Fi r st,  alt h o u g h

diff u si o n  m o d el  a n al y s e s  a r e  m o r e  c o m pl e x  t o i m pl e m e nt,

n ot e  t h at t h e y al s o  d eli v e r  m u c h  m o r e  i nf o r m ati o n. I n 

p a rti c ul a r,  o n  t h e o n e  h a n d,  t h e y all o w  u s e r s  t o h a v e  a  

cl o s e r  l o o k at  t h e c o g niti v e  p r o c e s s e s  b e hi n d  t h e e x e c uti o n  
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Figure 3 Example of a graphical model display. The overlaid predicted (parameter-based) and observed (empirical)
cumulative distribution functions (cdfs) for all experimental groups and measurement occasions in the compatible IAT
phase. Continuous lines represent predicted cdfs. Dashed lines represent observed cdfs. The plotted functions are joint
distributions of correct and incorrect responses. Negative values on the X-axis are latencies of error responses (multi-
plied by -1) and are plotted on the left side. Positive values on the X-axis are latencies of correct responses and are plotted
on the right side. Copyright 2016 by the Psychonomic Society. All rights reserved. Used with permission. 

of an IAT with and without faking intentions. On the other
hand, under specific faking circumstances, they even al-
low users to separate the faking-related variance from the
construct-related variance to a certain extent. Note that 
the D measure that is traditionally used to interpret IAT re-
sults is not even intended to separate faking- and construct-
related variance at all. Second, the IAT effects that can be
decomposed with diffusion model analyses might provide 
some first indications of faking. Third, they can also help
researchers learn about the faking process itself, which
will aid the understanding of faking, and we hope will one
day help in correcting for it. These advantages are not pro-
vided when the traditional IAT D measure is used. When 
confronted with the fakeability of the IAT and its use in 
socially sensitive areas, which make faking possible and
likely, diffusion model analyses clearly represent a step in 

the right direction.
Summing up, diffusion model analyses represent a use-

ful tool that can be applied to analyze IAT effects. Besides
the investigation of faking in IAT effects that can be de-
composed from the parameters of diffusion model anal-
yses, many more applications of diffusion models in IATs
are thinkable. For example, comparing (faked) IAT effects
that can be decomposed from diffusion model analyses be-
tween younger and older participants would be interest-
ing as reaction times and errors depend on age (Endrass,
Schreiber, & Kathmann, 2012). 
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Used with permission. 
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