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Measuring multiple automatic product appraisals simultaneously:
introduction and examination of the implicit attribute classification task

Daria Altenburg and Adriaan Spruyt

Department of Marketing, Innovation and Organisation, Ghent University, Ghent, Belgium

ABSTRACT

Past research has demonstrated that both carefully formed, contemplated attitudes,
but also spontaneously elicited, automatic evaluations play a crucial role in
motivating behaviour. However, the accurate measurement of automatic appraisals
can be challenging because existing measures can assess automatic appraisals on
single attribute dimensions only (e.g. “pleasant”/“unpleasant”). This limitation is
particularly critical in consumer decision making because (a) products are never
unidimensional, and (b) past research has demonstrated that the complex
weighting of various product dimensions (e.g. price, taste, healthiness) often plays
a crucial role in consumer decision making. Here, we present the Implicit Attribute
Classification Task (“IMPACT”), a new measure of automatic product appraisals that,
crucially, was designed specifically to reflect the multidimensionality of stimuli by
assessing automatic appraisals of multiple facets simultaneously. Across six
experiments, we systematically investigate the paradigm in a series of IMPACTS
that examine different facets of automaticity. Our findings make a substantial
contribution to research on implicit (consumer) cognition by introducing the
IMPACT as a sophisticated new tool that, for the first time, facilitates the
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assessment of automatic appraisals of multiple facets at once.

Marketing research has traditionally relied predomi-
nantly on self-report measures to investigate consu-
mer choices. Such measures tap into easily
accessible, often contemplated evaluations and
attitudes, and are efficient, convenient, and economi-
cal research tools that have made valuable contri-
butions to our understanding of consumer decision-
making. However, the utility of self-reports in the
study of consumer behaviour are subject to two key
constraints.

First, because everyday consumption contexts are
often characterised by distractors and limited time
resources, consumers may not always have the
capacity to contemplate their decisions and, instead,
must rely on more automated evaluations to guide
their decision-making. Such automatic evaluations

can be defined as processes that occur fast, may not
rely on substantial cognitive resources, may occur in
the absence of intention or awareness, and/or may
be difficult to control (Moors & De Houwer, 2006).
Indeed, Wood and Neal (2009) collated evidence
that consumer choices are particularly guided by
automatic influences when the choice is made
under time pressure, the consumer is distracted, or
when self-control resources are limited. Moreover,
many scholars have discussed the important role
that automatic cognition plays in consumer judge-
ment (see, e.g. see Bargh, 2021), and a number of
studies have demonstrated the critical role that auto-
matic processes can play in guiding consumption
decisions. For instance, automatic appraisals have
been shown to predict brand preference (Friese
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et al., 2006; Maison et al., 2004) environmental consu-
mer decisions (Beattie & Sale, 2011), and food choices
(Kemps & Tiggemann, 2015; Prestwich et al., 2011;
Spruyt et al., 2007), as well as alcohol and nicotine
consumption (Payne et al., 2008; Spruyt et al.,, 2015).

Second, the insights that self-reports provide are
limited in situations in which consumers are incapable
of introspection or reluctant to accurately report their
attitudes or opinions (Bargh, 2021; Brunel et al., 2004;
Kahneman, 2011). Importantly, the measures capable
of tapping into automatic processes (commonly
referred to as implicit measures) do not rely on self-
reports and are therefore less susceptible to the sort
of reporting biases that self-report measures can be
affected by (but see Corneille & Gawronski, 2024, for
an opposing view).

Over the years, various methods have been devel-
oped to access and record automatic appraisals (see
Slabbinck & Spruyt, 2022; Teichert et al., 2019; and
Znanewitz et al, 2018 for overviews of implicit
measures used in marketing research). In this paper,
we introduce the Implicit Attribute Classification
Task (IMPACT), a new measure developed to allow
the measurement of multiple automatic appraisals
simultaneously. To provide context for this new para-
digm, we first outline three established procedures for
measuring automatic cognition, namely the Implicit
Association Test (“IAT”, Greenwald et al.,, 1998), the
Implicit Relational Assessment Procedure (“IRAP”,
Barnes-Holmes et al, 2010), and the Propositional
Evaluation Paradigm (“PEP”, Miller & Rothermund,
2019). These paradigms were selected because (1)
the IAT is by far the widest-known and most exten-
sively applied procedure to measure automatic cogni-
tion, and (2) the IRAP and PEP share similarities with
the IMPACT.

IAT. The Implicit Association Test (Greenwald et al.,
1998; see also Greenwald et al., 2021) is a speeded cat-
egorisation task in which participants classify stimuli
into two target categories (e.g. “Pepsi” vs. “Coca
Cola") and two bipolar attribute categories (e.g. “plea-
sant” vs. “unpleasant”). Participants first learn to cat-
egorise target stimuli (e.g. images of Pepsi and Coca
Cola) and attribute stimuli (e.g. “refreshing”, “boring”)
separately into these categories. Then, targets and
attributes are mapped onto a shared response keys
(e.g. “Pepsi/pleasant” vs. “Coca Cola/unpleasant”), fol-
lowed by reversing the key assignment (e.g. “Pepsi/
unpleasant” vs. “Coca Cola/pleasant”). The IAT capita-
lises on the idea that task performance in the com-
bined categorisation tasks is influenced by how
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closely the concepts that share a key are associated
in memory (Greenwald et al., 1998). That is, if a partici-
pant responds faster (and or more accurately) when
“Pepsi/pleasant” and “Coca Cola/unpleasant” are
mapped onto the same key than they do when
“Pepsi/unpleasant” and “Coca Cola/pleasant” are
mapped onto the same key, it is assumed that they
appraise Pepsi as relatively more “pleasant” than
“unpleasant” in comparison to Coca Cola.

The IAT is the most extensively applied procedure
to measure implicit cognition and displays generally
higher internal consistency estimates compared to
other automatic measures (e.g. Teichert et al., 2019).
Despite its widespread use, the IAT has been exten-
sively criticised for a number of reasons, including
its susceptibility to high systematic error variance
(Meissner et al., 2019) or the relative nature of the
IAT scores obscuring their clear interpretation
(Teige-Mocigemba et al., 2010). Another crucial limit-
ation of the IAT is that the format of the attribute cat-
egories reduces potentially complex attitudes into a
binary format and allows the measurement of only
one attribute binary per iteration (e.g. “pleasant/
unpleasant”). This is particularly troublesome where
complex stimuli can be evaluated on a multitude of
potentially conflicting characteristics (e.g. chocolate
is tasty but unhealthy).

IRAP. The Implicit Relational Assessment Procedure
(Barnes-Holmes et al., 2006) is a method specifically
designed to assess automatic processing of prop-
ositional relations. In each trial, participants evaluate
the relationship between an attribute stimulus (e.g.
“tasty”) and a target stimulus belonging to different
target categories (e.g. images of Pepsi or Coca Cola
products) by reacting with one of two response
options (e.g. “True” or “False”). Crucially, across
different blocks of trials, participants are instructed
to act “as if” they endorse a certain believe (e.g.
that they prefer Coca Cola). Participants are expected
to respond faster when the instructed response rule
matches their personally endorsed implicit beliefs.

Several studies have demonstrated the validity and
versatility of the IRAP in assessing propositional
relations across various domains (e.g. Drake et al.,
2010; Hussey & Barnes-Holmes, 2012; Remue et al,,
2014). However, the IRAP suffers from high attrition
rates (Golijani-Moghaddam et al., 2013) and, like the
IAT, allows the measurement of only one evaluation
(pleasant/unpleasant) per iteration of the task. More-
over, the IRAP can be quite difficult for respondents
to complete, resulting in low user experience and
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high drop-out rates, and its psychometric qualities
have previously been called into question (Hussey &
Drake, 2020).

PEP. The Propositional Evaluation Paradigm (Miller
& Rothermund, 2019) is a sequential priming method
designed to measure automatic evaluations of sen-
tences. In each trial, a prime sentence is displayed
one word at a time, followed by the cue “true” or
“false”. Participants are required to press the corre-
sponding key for the cue, irrespective of the veracity
of the preceding statement. However, to promote
semantic processing of the prime sentences, a set of
“catch trials” requires the participants to make explicit
judgements about the presented statements. The
underlying logic of the PEP is that participants
respond faster on trials in which the perceived vera-
city of the prime statement matches the required
key press. That is, participant will react faster if a
“true” prompt follows a statement they perceive to
be true.

The PEP has several advantages. For example,
unlike the IAT or IRAP, the PEP allows for an assess-
ment of multiple propositions simultaneously rather
than focusing on just one belief (i.e. the IRAP) or attri-
bute dimension (i.e. the IAT) at a time. Additionally,
because the PEP relies on full sentences to convey
relationships between concepts, it is able to specify
the quality of the these relationships. For instance,
the statements “I am thin” and “l want to be thin”
both test the relation between self and thinness but
they carry significantly different meanings (Remue
et al., 2014). However, the reliance on full sentences
also introduces inherent limitations, particularly in
contexts where visual, abstract or numerical stimuli
are central. For instance, the PEP struggles to accom-
modate research that relies on subtle visual manipula-
tions. Such manipulations are particularly prevalent in
consumer researcher, for example when comparing
products based on packaging details. Similarly, the
sentence structure restricts the paradigm’s adapta-
bility to other scenarios where written articulation is
impractical, such as when assessing numerical data.
Measuring a range of prices and product pairings,
for instance, would proof difficult in conveying both
a wide range of prices and product attributes in a
meaningful way.

The Implicit Attribute Classification Task

To directly address the discussed limitations of exist-
ing measures, we developed the Implicit Attribute

Classification Task (“IMPACT"). The IMPACT is a reac-
tion-time based measure that draws on task-rule con-
gruency effects. This effect occurs when two tasks
share the same stimuli and response mode (e.g. a
key-press), and the response rule learned in one task
interferes with the performance on a second task.
Specifically, performance is facilitated if the response
rules of both tasks are compatible, or hindered if the
response rules of the tasks are incompatible (see
e.g. Liefooghe et al, 2012). In the IMPACT, respon-
dents switch between an evaluative task rule, and a
non-evaluative task rule.

Each trial of the IMPACT consists of a centrally
displayed box that contains a target stimulus (e.g.
an image of a product) positioned above an attri-
bute word (e.g. “HEALTHY"). These stimulus pairs
remain on the screen for a short time before they
disappear and a task cue is displayed below the
box. Because the IMPACT consists of intermixed eva-
luative and a non-evaluative task trials, this cue is
used to indicate to participants which task they
are required to perform. In the evaluative task
trials, participants are asked to indicate whether
the target and the attribute match or mismatch by
pressing either a left-hand or a right-hand key.
These evaluative task trials are indicated by the
cue “?77?” and are used to train participants to
process the relation of the target-attribute pair
and map their evaluation onto the corresponding
keys. In the non-evaluative task trials, participants
are asked to use the same keys and press the left-
hand or right-hand key depending on whether the
cue “YES” or the cue “NO” appears. This key-press
is independent of the participants’ evaluation of
the (mis-)match of the stimulus pairs (see Figure 1
for a schematic of the procedure).

Because each response key now shares two mean-
ings (e.g. indicate the cue “YES” or that the attribute
applies to the target for the right hand key; indicate
the cue “NO” or that the attribute does not apply to
the target for the left hand key), the response rule
learned in the evaluative task (and kept active due
to the intermixed trial structure) will interfere with
performance in the non-evaluative task. Specifically,
if the required non-evaluative key-press (press right
for “YES”) is compatible with the evaluative key-
press (press right because the attribute applies to
the target), response speed and accuracy will be facili-
tated. In contrast, if the required non-evaluative key-
press (press left for “NO”) is incompatible with the
evaluative response (press right because the attribute
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Non-evaluative Measurement Trial

500- 1500 ms “\

1500 ms
HEALTHY

Until key press \\

\
\

v

Figure 1. Example of an evaluative and non-evaluative trial presented in the IMPACT. Both trials start with a black screen with a random pres-
entation time between 500 and 1500 ms, followed by a target-attribute compound that disappears after a short time (e.g. 1500 ms). When the
target-attribute compound disappears, a task cue is presented until a key press is registered. The evaluative trials (left) are indicated by three
question marks and participants have to press a key to indicate whether the target-attribute compound is compatible (the E-key) or incompa-
tible (the I-key). The non-evaluative trials (right) are indicated by the word YES or the word NO. Participants have to press a key based on the
cue regardless of their evaluation of the compatibility of the target-attribute compound (e.g. the E-key for the word YES and the I-key for the

word NO).

applies to the target), response speed and accuracy
will be obstructed. Following this procedure, auto-
matic appraisals of a target can be derived from
response latencies and accuracy rates in the non-eva-
luative trials.

One application of the IMPACT was demonstrated
by Altenburg and Spruyt (2022), who measured auto-
matic health, taste, price, ethicality, and sustainability
appraisals of meat and plant based proteins. The
findings showed that the appraisals measured by
the IMPACT represented distinct constructs that
varied in their influence on a range of outcome vari-
ables. Another application of the IMPACT was demon-
strated by Altenburg and Spruyt (2024), who used an
adapted version of the IMPACT to assess automatic
price appraisals across seven distinct price points,
and used these appraisals to estimate an implicit
measure of Willingness to Pay. These applications
illustrate the utility and versatility of the IMPACT as
a measure of automatic appraisals. However, the
exact automatic processing conditions under which
the processes captured by the IMPACT occur have
yet to be empirically tested. To do so, we adopt the
conceptual and theoretical approach proposed by

De Houwer et al. (2009) in their normative analysis
and review of implicit measures. They argued that,
because an “automatic” process can display a
number of different characteristics of automaticity
(i.e. fast, efficient, unintentional, uncontrolled,
unconscious) to varying degrees, it is not sufficient
to simply label a measured process as “automatic”.
Instead, a more detailed understanding is needed
to specify in which ways the process is automatic.
Obtaining this type of understanding is crucial to
accurately interpret the measure and identify what
type of behaviours the measure will most likely be
related to. This is particularly relevant in a consumer
context. For instance, because every-day consumer
decisions often occur in contexts in which cognitive
resources may be constrained, it is more likely that
these decisions are guided by automatic processes
that operate efficiently, as opposed to processes
that require extensive cognitive capacity to
operate. This perspective ties in closely with the
functional mapping approach described by Slab-
binck and Spruyt (2022), which emphasises that
the selection of a measure should depend on the
degree to which it mimics the characteristics of
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the behaviour under study. In other words, if consu-
mer behaviours occur in contexts in which cognitive
resources may be constrained, then the measure
used to predict these behaviours should mimic
similar characteristics.

Thus, in a series of six experiments we tested
whether and to what degree the measurement
outcome of the IMPACT can be produced within a
short amount of time (i.e. the extent to which it is
“fast”, Experiment 1a and Experiment 1b), in the
absence of an explicit goal to process the semantic
relation of the stimuli (i.e. the extent to which it is
“unintentional”, Experiment 2), when participants
were instructed to attempt to manipulate the
measure (i.e. the extent to which it is “uncontrolled”,
Experiment 3a and 3b), and when participants’ cogni-
tive resources available for the task are limited (i.e. the
extent to which it is “efficient”, Experiment 4). Because
the IMPACT procedure specifically requires conscious
processing and evaluation of the presented stimuli,
we do not test the “unconscious” feature of automati-
city. Across all experiments, we adopted a known-
appraisals approach. Specifically, we recorded apprai-
sals of near-universally evaluated stimuli (e.g. fries and
sprouts, with fries being commonly appraised as
unhealthy but tasty and sprouts being commonly
appraised as healthy but not tasty), to establish
whether the IMPACT would successfully register the
expected appraisal patterns across a range of manip-
ulations chosen to test for each of the specified fea-
tures of automaticity.

The methods, exclusions, data preparation, and ana-
lyses of Experiments 1b, 2, 3a and b, and 4 were pre-
registered prior to data collection. All pre-registrations
are publicly available and linked individually in the
method section of each experiment. All IMPACTs
were built using PsychoPy software (Peirce et al.,
2019) and administered via the PsychoPy launching
platform Pavlovia.org. All data were prepared and
aggregated in the RStudio environment version
2022.07.1.554 (RStudio Team, 2022) using R version
41.2 (2021-11-01) (R Core Team, 2021) and the
packages tidyverse 1.3.1 (Wickham et al.,, 2019), and
gtools 3.9.2. (Warnes et al., 2021). All analyses were
carried out using IBM SPSS Statistics for Windows,
Version 27, and Jamovi Version 2.2.5.0. (The Jamovi
Project, 2021) with the packages afex (Singmann
et al, 2022), emmeans (Lenth, 2020), car (Fox &
Weisberg, 2019), and MBESS (Kelley, 2023). The data
of all experiments are publicly available and linked indi-
vidually in the result section of each experiment.

Experiment 1a - “fast”

A process can be considered to be fast if it occurs
within a minimal period of time (Moors & De
Houwer, 2006). Whether the appraisals measured by
the IMPACT operate fast can be tested by manipulat-
ing the time that participants have to process the pre-
sented stimuli. In the IMPACT, the stimulus onset
asynchrony (SOA) refers to the time for which the
stimulus compounds are presented before they disap-
pear and the task cue prompts the participants to
respond. In the following, we tested whether the
appraisals measured by the IMPACT occur fast by
manipulating the SOA across three levels (2000,
1500, 1000 ms). We used French fries and Brussels
sprouts because French fries are known to be gener-
ally appraised to be tasty, but unhealthy, while Brus-
sels sprouts are generally appraised to be healthy,
but not as tasty. If this known appraisal pattern can
be recorded even at the short SOA (i.e. 1000 ms), it
would demonstrate that the processes measured by
the IMPACT operate fast.

Method Experiment 1a

Participants

Participants were 279 students from the Department
of Marketing, Innovation and Organization at Ghent
University. Participation took place online during
November and December 2020 and participants
were compensated with a course credit. The sampling
size was determined by the number of students
enrolled in the modules the course credit applied to.
All participants reported being native Dutch speakers.
No exclusion criteria were pre-registered for Exper-
iment 1a, however, we have applied the exclusion cri-
teria that were pre-registered for Experiment 1b. One
participant did not complete the experiment. Two
participants were excluded due to excessive error
rates (40.6% and 51.6%). Additionally, four partici-
pants were excluded as an excessive percentage of
their trials had to be removed due to error rates and
extreme response latencies taken together (ranging
between 39.06% and 43.80%). We defined error
rates and trial exclusions of 39% and above as exces-
sive. This was, in line with previously reported data
exclusion standards of the authors (Altenburg &
Spruyt, 2022, 2024), based on the binomial probability
of observing a given number of correct responses if a
respondent was performing at chance level. Another
four participants were excluded because their mean



response speed (ranging between 980 and 1810 ms)
deviated more than 2.5 SD from the samples’ mean
response speed (all mean RTs calculated after treating
extreme trials). Finally, six data points were excluded
because they were duplicate entries. A final sample
of N=262 (SOA 1000 ms: n=86, SOA 1500 ms:
n=286, SOA 2000 ms: n=90) was retained for analy-
sis (181 women, 81 men, Mug,=21.75 years,
Rangenge = 20-24 years).

Materials and procedure

After providing informed consent, participants were
asked to confirm their native language and that
they were working on a laptop or desktop PC. They
were then forwarded at random to one of the three
SOA conditions.

IMPACT. On each trial of the IMPACT, participants
were presented with a rectangular box situated cen-
trally on the screen containing randomised pairings
of a target stimulus above an attribute word. The attri-
bute words were presented in Dutch in white capital
writing on a black background. The target stimuli con-
sisted of four images of French fries, and four images
of Brussels sprouts (resolution 512 x 384 pixels). The
attribute words presented below the targets were
“HEALTHY”, “UNHEALTHY”, “TASTY” and “YUCKY”".
We used the task cues “???”, “YES”, and “NO”.

The measure consisted of eight practice trials fol-
lowed by 96 experimental trials presented as one
block with no notable difference between the practice
and experimental trials. In the practice trials, each
target was shown once, each attribute word was
shown twice (once with each target category), and
every task cue was presented at least once. These
trials were identical to the experimental trials with
the exception that the inter trial interval (ITI) was
always set to 1500 ms. During the experimental
trials, each possible target (8) x attribute (4) x task
cue (3) combination was presented once in random
order. The SOA was manipulated to be either 1000,
1500 ms, or 2000ms across the three conditions. The
ITI in the experimental trials was set to randomly
vary between 500 ms-1500 ms. Following the
IMPACT, participants were redirected to a brief ques-
tionnaire.! All items were generated and displayed
using Qualtrics Software, Version [November 2020].

Explicit evaluations®. Participants rated each target
stimulus across the four attributes used in the
IMPACT by indicating their agreement with
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statements such as “l think this food product is
healthy” on a 7-point Likert scale (1 = Extremely dis-
agree, 7 =Extremely agree). The two attributes of
each dimension were measured on separate scales
as opposed to a continuum (e.g. seven points from
unhealthy to healthy) in order to mirror the way
that the automatic appraisals were measured and
compiled (in the IMPACT the attributes are displayed
in individual trials, not as pairs).

Demographics. Finally, participants indicated their
weight and height, as well as their age and gender.

Results Experiment 1a

Data preparation

The data of this experiment are publicly available at
https://osf.io/e6gcd/. All data preparation decisions
were based on consistent standards applied by the
authors (Altenburg & Spruyt, 2024) and empirically
derived recommendations and standard procedures
as described by Greenwald et al. (2003) and Green-
wald et al. (2021).

Only the critical, non-evaluative trials were used for
analysis, the practice trials and evaluative trials were
discarded. Trials with extreme response latencies
(below 300 ms or above 5000 ms) were winsorised,
so that trials with a response latency below 300 ms
were replaced with 300 ms, and trials with a response
latency above 5000 ms were replaced with 5000 ms.
In line with recommendations by Greenwald et al.
(2003) and Greenwald et al. (2021), error trials were
excluded and instead replaced by the participant’s
mean response latency based on correct trials plus a
penalty of 600 ms. We then calculated health and
taste scores for each target category following the
standard D score formula by Greenwald et al. (2003).
Specifically, we subtracted the mean response
latency on incongruent trials (e.g. fries — healthy -
yes) from the mean response latency on congruent
trials (e.g. fries — unhealthy - yes), and divided this
by the pooled SD. Following this procedure, a positive
health score suggested that the target category was
appraised as more healthy compared to unhealthy.
A positive taste score suggested that the target cat-
egory was appraised as more tasty compared to
yucky.

Internal consistency
To estimate internal consistency of the IMPACT
measure, we calculated Spearman-Brown corrected
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Table 1. Spearman-Brown corrected mean split-half correlations in
Experiment 1a.

Condition
1000 ms SOA 1500 ms SOA 2000ms SOA
Overall Rsb 29 .50 44
Taste Rsb 35 44 40
Health Rsb .29 37 42

mean split-half correlations (see Pronk et al., 2022).
For each participant, the critical trial data was first
divided into compatible and incompatible trials and
split into random halves. Next, we computed D
scores for each half using the procedure described
above. We then correlated all D scores of halve one
with those of halve two. This process was repeated
one hundred times. Finally, using the Spearman-
Brown prediction formula, we calculated an internal
consistency estimate from the mean correlation.
Using this method, we obtained internal consistency
estimates for the measure as a whole, as well as sep-
arated by attribute dimension (see Table 1).

Descriptives

Figure 2 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Confirmatory analyses

We tested whether the IMPACT recorded the
expected health and taste appraisal patterns of fries
and sprouts across all three SOA conditions using a
2 (target: fries/sprouts) x 2 (attribute: taste/health) x
3 (SOA condition in ms: 1000/1500/2000) repeated
measures ANOVA with target category and attribute

800 4

mean Reaction Time (ms)

1500 ms 2000 ms

SOA Condition

1000 ms

dimension as within-subjects factors, and SOA con-
dition as a between-subjects factor. There was a stat-
istically significant three-way interaction among
attribute, target category, and SOA condition, F(2,
259)=6.30, p=.002, nf,:.OS, 95% ClI [0.01,0.10],
suggesting that appraisal patterns differed across
the three SOA conditions.

To directly examine the target category by attri-
bute interactions in each SOA condition, we used 2
(target category) x 2 (attribute dimension) repeated
measures ANOVAs for each SOA condition, with
target category and attribute dimension as within-
subject factors. There was a statistically significant
two-way interaction among attribute and target cat-
egory in the 2000-ms SOA condition, F(1, 89)=
1195, p=.001, n}=.57, [0.44, 0.67], the 1500-ms
SOA condition, F(1, 85)=124.04, p<.001, m}=.59,
[0.46, 0.68], and the 1000-ms SOA condition, F(1, 85)
=51.26, p<.001, n} =38, [0.22, 0.50]. Across all con-
ditions, participants generally appraised fries lower
on health compared to sprouts and sprouts lower
on taste compared to fries (see Table 2).

Additional analyses

Because participants may compensate for short SOAs
by prolonging their response time, the mean reaction
times should also be analysed to establish whether or
not this is an alternative explanation for our results. In
other words, if participants exhibit longer reaction
times in conditions with shorter SOAs, this could indi-
cate that the actual appraisal process may not be
inherently faster in these conditions, but rather that
participants are compensating for the limited time
by delaying their responses. A one-way ANOVA with
mean reaction time (based on critical trials) as

errorRate

0.14

004

1500 ms 2000 ms

SOA Condition

1000 ms

Figure 2. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 1a. Black squares rep-

resent the group means.
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Table 2. Descriptive statistics for health and taste appraisals of fries and sprouts (D scores) in Experiment 1a.

Condition
1000 ms SOA 1500 ms SOA 2000 ms SOA
Appraisal Mean SD 95% Cl Mean SD 95% Cl Mean SD 95% Cl
Fries health -17 .56 [-.29, —.05] -.36 .57 [—.48, —.24] —.40 .58 [-.52, —.28]
Fries taste .53 .55 [42, .65] .66 A7 [.56, .76] .57 46 [.48, .67]
Sprouts health .36 .50 [.26, .47] .55 .50 [.44, .66] .54 .50 [.40, .65]
Sprouts taste 15 .60 [.02, .27] .02 73 [-.13, 18] .07 .70 [-.07, .22]

dependent variable and condition as fixed factor indi-
cated that there were no statistically significant differ-
ences in mean reaction times between the conditions,
F(2,259) < 1, p=.69. In fact, mean reaction times were
virtually identical across the conditions (M;ggo=
612 ms, SD;poo=101ms; M;s500=603 ms, SD;s500=
113 ms; M5gg9 =598 ms, SD,p00 = 100 ms), suggesting
that participants did not compensate for shorter
SOAs with slower reaction times.

Lastly, we compared mean response latencies
between the evaluative induction task trials (i.e.
more deliberate evaluations) and the critical measure-
ment task trials (i.e. the appraisals measured by the
IMPACT). Because this analysis also included the
response latencies from the induction trials, two
additional participants were excluded as outliers
because their overall mean response speeds (1119
and 1234 ms) deviated more than 2.5 SD from the
condition’s mean response speed.

We tested whether the response speed in the eva-
luative and measurement trials differed significantly
from one another across the conditions using a 2
(Trial Type) x 3 (SOA condition) repeated measures
ANOVA with Trial Type as a within-subjects factor,
SOA condition as a between-subjects factor, and
mean response time as the dependent variable.
There was a statistically significant interaction
between Trial Type and SOA condition, F(2, 257) =
16.86, p <.001, nf,:.12, [0.05, 0.19]. Across all con-
ditions, participants displayed generally faster

Table 3. Descriptive statistics for mean reaction times (in ms) by
condition and trial type in Experiment 1a.

Condition

Evaluative Trials Measurement Trials

Condition Mean SD 95% Cl Mean SD 95% Cl

1000 ms 1003 298 [393,1067] 612 101 [590, 634]
SOA

1500 ms 831 261 [775, 888] 599 108 [576, 623]
SOA

2000 ms 832 250 [780, 886] 595 96 [575,616]
SOA

response speed in the critical measurement trials
compared to the evaluative task trials, F(1, 257)=
512.64, p < .001, n? = .67, [0.60, 0.71] (see Table 3).

To further examine these response speed differences
in each SOA condition, we used a paired samples t-test
for each SOA condition. The differences in response
times between the trial types were significant in the
1000-ms SOA condition, t(85) = 15.89, p <.001, Cohen’s
d=1.71, [1.38, 2.04]; in the 1500-ms SOA condition,
t(84) =10.84, p<.001, Cohen’s d=1.18, [ 0.90, 1.45];
and in the 2000-ms SOA condition, t(88)=12.10,
p <.001, Cohen’s d=1.28, [1.00, 1.56].

Discussion Experiment 1a

Experiment 1a investigated whether the appraisals
measured by the IMPACT occur fast by testing
whether the expected health and taste appraisals of
fries and sprouts could be recorded across different
SOA conditions. Crucially, although the effect of the
two-way interaction between attribute and target cat-
egory became smaller as the SOA became shorter, the
IMPACT effect replicated at each SOA level. Moreover,
additional analyses of the reaction times indicated
that (a) participants were not simply compensating
for the shortened SOA by increasing processing time
before responding, and (b) that the appraisals
measured by the IMPACT occurred significantly
faster compared to the more intentional evaluations
made within the same task. Nonetheless, because
there is no firm threshold for distinguishing
between fast and slow processes in the automaticity
literature, Moors and De Houwer (2006) noted that
researchers must rely on common-sense justifications.
The IMPACT comprises several features that increase
task complexity and consequently slow down proces-
sing speed (e.g. relational processing of the stimulus
compounds and continuous task switching due to
the intermixed trial structure). Given this high task
complexity, it can be argued that Experiment 1a’s
findings suggest that the processes assessed by the
IMPACT can be accurately described as fast.
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In addition to these findings, we conducted a
follow-up experiment (Experiment 1b) to establish
whether we can replicate Experiment 1a’s findings
at the 1000-ms SOA and also investigate whether
the same effect can be observed at an even shorter
SOA of 500 ms. The methods, exclusions, data prep-
aration, and analyses for Experiment 1b were pre-
registered prior to data collection at https://osf.io/
e6gcd/.

Experiment 1b - “fast”
Method Experiment 1b

Participants

Participants were 154 students and members of the
consumer panel from the Department of Marketing,
Innovation and Organization at Ghent University. Par-
ticipation took place during October 2021 in the con-
sumer lab of the consumer behaviour research group.
The 126 student participants received course credit in
return for their participation, the 28 members of the
consumer panel were compensated at a rate of
eight euro/hour. The sample size was determined by
the number of students enrolled in the modules the
course credit applied to, as well as the number of
panel members volunteering to sign up to the study
during the pre-determined time frame of data collec-
tion. All participants reported being native Dutch
speakers. The data exclusion criteria and procedure
in Experiment 1b were preregistered and identical
to those of Experiment 1a. Nine participants were
excluded as their data were missing or incomplete.
Three participants were excluded due to excessive
error rates (ranging between 39.1% and 64.1%).
Another three participants were excluded as an exces-
sive percentage of their trials had to be removed due
to error rates and extreme response latencies taken
together (ranging between 39.1% and 46.9%).
Finally, two participants were excluded because
their mean response speed (1190 and 1180 ms)
deviated more than 2.5 SD from the samples’ mean
response speed (all mean RTs calculated after treating
extreme trials). We retained a sample of N=137 (SOA
500 ms: n=70, SOA 1000 ms: n=67) for analysis (92
women, 45 men, Mag.=23.08 years, Rangess.=
19-53 years).

Materials and procedure
The materials and procedures in this experiment were
identical to those in Experiment 1a, with the

exception that there were only two SOA conditions.
Specifically, SOA in the IMPACT was set to either
500 ms or 1000 ms.

Results Experiment 1b

Data preparation

The data of this Experiment are publicly available at
https://osf.io/e6gcd/. All data preparation was identi-
cal to that in Experiment 1a.?

Internal consistency

Calculation of the internal consistency estimates was
identical to that in Experiment 1a. We obtained
internal consistency estimates for the measure as a
whole, as well as separated by attribute dimension
(see Table 4). The low consistency estimates in the
500 ms SOA condition will be addressed in the
General Discussion.

Descriptives

Figure 3 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Preregistered analyses
We tested whether the IMPACT recorded the
expected health and taste appraisal patterns of fries
and sprouts across both SOA conditions using a 2
(target category: fries/sprouts) x 2 (attribute: taste/
health) x 2 (SOA condition in ms: 500/1000) repeated
measures ANOVA with target category and attribute
dimension as within-subjects factors, and SOA con-
dition as between-subjects factor. The three-way
interaction among attribute, target category, and
SOA condition was significant, F(1, 135)=5.07,
p=.026, 1, =.04, [0.01, 0.12], suggesting that the
appraisal patterns differed across the conditions.

To directly examine the target category by attri-
bute interactions in each SOA condition, we used 2
(target category) x 2 (attribute dimension) repeated

Table 4. Spearman-Brown corrected mean split-half correlations in
Experiment 1b.

Condition
500 ms SOA 1000 ms SOA
Overall Rsb -.01 37
Taste Rsb -.07 .28
Health Rsb -.03 12
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Figure 3. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 1b. Black squares rep-

resent the group means.

measures ANOVAs for each SOA condition, with target
category and attribute dimension as within-subject
factors. There was a statistically significant two-way
interaction among attribute and target in the 1000-
ms SOA condition, F(1, 66) = 24.49, p <.001, 12 = .27,
[0.10, 0.42]. Moreover, there was also a statistically sig-
nificant two-way interaction among attribute and
target for the 500-ms SOA condition, F(1, 69) =7.16,
p=.009, 77,2, =.09, [0.01, 0.24]. In both conditions, par-
ticipants generally appraised fries lower on health
compared to sprouts, and sprouts lower on taste com-
pared to fries (see Table 5).

Additional analyses

Because participants may compensate for shorter SOAs
by prolonging their response times, it is important to
analyse the mean reaction times to ensure that any
differences in reaction speed reflect true differences
in the appraisal process rather than compensatory
behaviour. A one-way ANOVA with mean reaction
time (on critical trials) as the dependent variable and
condition as fixed factor showed that participants in
the 1000-ms SOA condition reacted faster on average
(M=615ms, SD=127 ms) compared to respondents

Table 5. Descriptive statistics for health and taste appraisals of fries
and sprouts (D scores) in Experiment 1b.

Condition
500 ms SOA 1000 ms SOA
Appraisal Mean SD 95% Cl Mean SD 95% Cl
Fries health .02 54 [-.11,.4] —-11 54 [-.24,.02]
Fries taste 24 A7 [13, .35] 40 .57 [.26,.54]
Sprouts 21 54 [.08, .34] 36 .51 [23, 48]
health
Sprouts 12 .52 [-.002, .24] 13 .50 [.01,.25]

taste

in the 500-ms SOA condition (M=685ms, SD=
159 ms). This difference was statistically significant
F(1, 135) =8.20, p =.005, nf, =.06, [0.005, 0.15].

Lastly, we tested whether the response speed in
the evaluative and measurement trials differed signifi-
cantly from one another across the conditions using a
2 (Trial Type) x 2 (SOA condition) repeated measures
ANOVA with Trial Type as a within-subjects factor,
SOA condition as a between-subjects factor, and
mean response time as the dependent variable.
There was a statistically significant 2-way interaction
between Trial Type and SOA condition, F(1, 135) =
4,02, p=.047, 77,2,2-03: [0.001, 0.10]. Across all con-
ditions, participants displayed generally faster
response speed in the critical measurement trials
compared to the evaluative task trials, F(1, 135)=
482.48, p < .001, 2 =.78, [0.72, 0.82] (see Table 6).

To further examine these response speed differ-
ences in each SOA condition, we used a paired
samples t-test for each SOA condition. The difference
in response time between the trial types was signifi-
cant in the 500-ms SOA condition, t(69)=17.03,
p <.001, Cohen’s d=2.04, [1.62, 2.45], as well as the
1000-ms SOA condition, t(66)=14.05, p<.001,
Cohen’s d=1.72, [1.34, 2.09].

Table 6. Descriptive statistics for mean reaction times (in ms) by
condition and trial type in Experiment 1b.

Condition

Evaluative trials Measurement trials

Condition  Mean SD 95% Cl Mean SD 95% Cl

500 ms 1204 362 [1119,1291] 686 160 [648, 724]
SOA

1000 ms 1047 338 [965, 1130] 615 130 [584, 646]
SOA
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Discussion Experiment 1b

Like Experiment 1a, Experiment 1b investigated
whether the processes measured by the IMPACT
occur within a short time frame. We aimed to both
replicate our findings from Experiment 1a at an
SOA of 1000 ms and establish whether the inter-
action among attribute and target category occurs
even at an SOA of 500 ms. Indeed, this two-way
interaction was evident at both an SOA of 1000 ms
and an SOA of 500 ms. Although the difference in
mean reaction times between the 500-ms and
1000-ms SOA conditions was statistically significant,
this difference was small (60 ms) and certainly not
large enough to compensate for the 500 ms differ-
ence in SOA between conditions. Moreover, the
results of the additional analyses demonstrated
again that the appraisals measured by the IMPACT
occurred significantly faster compared to the more
intentional evaluations made within the same task.
While these results convincingly demonstrate the
fast nature of the processes assessed by the
IMPACT, there are two points worth considering.
First, the small effect size in the 500-ms SOA con-
dition (nf,=0.07), compared to the 1000-ms con-
dition (n§=.27), suggests that the processes
measured by the IMPACT may not operate much
faster than within 500 ms. Second, the internal con-
sistency estimates in the 500-ms SOA condition
were low (Rsb=—-.01 to —.07). This aligns with obser-
vations in some of the subsequent experiments,
where introducing disruptive conditions reduce
internal consistency compared to standard con-
ditions. This issue will be further elaborated on in
the General Discussion. In the next experiment, we
assessed the unintentionality feature of automaticity.

Experiment 2 - “unintentional”

A process can be considered unintentional if it oper-
ates in the absence of the intent or goal to engage
in it (Moors & De Houwer, 2006). Here, the “uninten-
tionality” feature of automaticity would be evidenced
if the expected health and taste appraisals of fries and
sprouts can be recorded even if the explicit goal to
evaluate the semantic match of the stimuli is
removed. Importantly, because participants are expli-
citly required to make such judgements during the
evaluative trials of a standard IMPACT, we removed
this intention in Experiment 2 by adjusting the evalua-
tive trial task. Using the same stimuli as in Experiment

1a and 1b, we did this by presenting the attribute
words in different colours and instructing participants
to judge the colour match of the target and attribute
word, as opposed to their semantic fit. Thus, the
IMPACT used in Experiment 2 promotes relational
processing of the compounds but does not promote
semantic relational processing. The methods, exclu-
sions, data preparation, and analyses for Experiment
2 were pre-registered prior to data collection at
https://osf.io/94g3a/.

Method experiment 2

Participants

We aimed to collect 180 valid responses. The sample
size was determined based on the expectation that
the irrelevant feature task in Experiment 2 (judging
the colour match, not the semantic match of
stimuli) would weaken the strength of the expected
appraisals. Accordingly, given that a significant effect
was identified in Experiment 1a’s standard SOA con-
dition of 1500 ms (which is the same as that used in
Experiment 2) in a sample of 86 participants, we
doubled this number of participants to ensure
we would be able to detect a possible effect
despite the noise introduced by the irrelevant
feature task.

In total, 229 participants were sampled through
Prolific during March 2022. Participation took part
online and participants were compensated with
£1.20. All participants reported being native English
speakers. Additionally, the following screening criteria
were applied: participants had to be between the age
of 18-60 years, have a 90% minimum approval rate on
Prolific, and have not participated in previous studies
using the IMPACT. The data exclusion criteria and pro-
cedure in Experiment 2 were preregistered and iden-
tical to those of Experiment 1a (with the exception
that, due to the higher number of trials in Experiment
2 compared to Experiment 1a, the threshold for error
rates and ftrial exclusions was calculated to be at
37.5%). Eight respondents were excluded because
they did not complete the experiment. Twenty-four
participants were excluded because they had exces-
sive error rates (ranging between 40.62% and
54.17%).* Additionally, seven participants were
excluded as an excessive percentage of their trials
had to be removed due to error rates and extreme
response latencies taken together (ranging between
39.58% and 56.25%). Four responses were excluded
because they were duplicate entries. As planned, we
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retained a final sample of N=186 for analysis (141
women, 43 men, 2 non-binary individuals, Mag. =
33.63 years, SDpg.=10.63 years, Medianage =31
years).

Materials and procedure

Participants were first given information about the
experiment and asked to provide informed consent
for their participation. They were then asked to
confirm their native language and that they were
working on a laptop or desktop PC, and to turn off
any distractions before they were next forwarded to
the IMPACT.

IMPACT. We again assessed automatic health
(“healthy” / “unhealthy”) and taste (“tasty” / “yucky”)
appraisals of the same images of French fries and
Brussels sprouts as in Experiment 1a and Experiment
1b. The attribute words were presented in English in
yellow (HEX colour code: #f0c800) or green (HEX
colour code: #00be00) font on a black background.
The target images and image specifications were
identical to those of Experiments 1 and 2, with the
exception that in Experiment 2 we used three
(rather than four) images of fries and three (rather
than four) images of sprouts. We reduced the
number of targets because the colour dimension
increased the total number of trials (each target-attri-
bute-cue pairing was presented once in yellow
writing and once in green writing). Instead of the stan-
dard IMPACT instructions, participants in Experiment
2 were asked to indicate whether the colour of the
word matched the overall colour scheme of the pre-
sented image if the cue “???” appeared. The instruc-
tions for the cues “NO” (always press the E-key) and
“YES” (always press the I-key) remained the same as
in a standard IMPACT.

The measure consisted of six practice trials fol-
lowed by 144 experimental trials presented as one
block with no notable difference between the practice
and experimental trials. In the practice trials, each
target appeared once, and each task cue appeared
twice. These trials were identical to the experimental
trials with the exception that the inter trial interval
(ITI) was always set to 1500 ms. During the experimen-
tal trials, each possible target (6) x attribute (4) x task
cue (3) x word colour (2) combination was presented
once in randomised order. The ITl in the experimental
trials was set to randomly vary between 500 ms -
1500 ms, SOA was set to 1500 ms.
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Explicit appraisals®. Following the IMPACT, partici-
pants were redirected to a brief questionnaire. All
items were generated and displayed using Qualtrics
Software (2005), Version March 2022. For each of the
stimulus groups, participants were asked to indicate
their explicit evaluations of the products. Following
the question “On a scale from 1-7, | think this
product is....", they answered how healthy,
unhealthy, tasty and yucky they perceived each
target group on a seven-point scale (1 =Extremely
disagree — 7 = Extremely agree).

Demographics. Participants were asked standard
demographic questions about their gender, age, and
nationality.

Results Experiment 2

Data preparation

The data of this experiment are publicly available at
https://osf.io/94g3a/. Data preparation was identical
to Experiment 1a and 1b>. Following the same pro-
cedure, we calculated individual health and taste
scores for colour congruent trials, as well as for
colour incongruent trials. In order to test for the
colour-compatibility effect (see manipulation check
below), we also calculated a D score for the colour
congruence effect by subtracting the mean response
latency on colour incongruent trials from the mean
response latency on colour congruent trials and divid-
ing by the pooled SD.

Internal consistency

Calculation of the internal consistency estimates was
identical to that in Experiment 1a and 1b. The
results indicated an overall Rsb = —.04, taste Rsb =.10,
and health Rsb=-.07. These low consistency esti-
mates will be addressed in the General Discussion.

Manipulation check

Given participants were instructed to judge colour
matches, there should be an observable effect of
colour compatibility if this manipulation was
effective. As such, response speed and accuracy
should be facilitated if the cue (e.g. YES) is congruent
with the colour match between the attribute and
target (e.g. presented in a matching colour) and
hinder response speed and accuracy when the cue
(e.g. YES) is incongruent with the colour match (e.g.
both stimuli presented in a mismatched colours). To
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Figure 4. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 2. Black squares represent

the group means.

verify this expectation, we tested the colour-compat-
ibility D scores using a one-sample t-test. The results
indicate that the mean colour compatibility D score
(M=.22, SD=.37) was significantly different from
zero, t(185)=8.21, p<.001, Cohen’s d=.60, confi-
rming that there was indeed an effect of colour com-
patibility (Rsb = .45).

Descriptives

Figure 4 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Preregistered analysis

To test whether the IMPACT recorded the expected
health and taste appraisals of fries and sprouts, we
used a 2 (target category: fries/sprouts) x 2 (attribute
dimension: taste/health) x 2 (colour compatibility:
compatible/incompatible) repeated measures
ANOVA with the IMPACT scores as dependent vari-
able. Target category, attribute dimension, and
colour compatibility were all within-subjects factors.
The three-way interaction among target category,

Table 7. Descriptive statistics for health and taste appraisals of fries
and sprouts (D scores) in Experiment 2.

Appraisal Mean SD 95% CI
Fries health —-.05 42 [-.12,.01]
Fries taste .09 43 [.03, .15]
Sprouts health 1 40 [.06, .17]
Sprouts taste .04 43 [-.02, .10]

attribute, and colour compatibility was not significant,
F(1, 185) < 1, p =.38. There was, however, a significant
two-way interaction between target category and
attribute, F(1, 185)=13.10, p<.001, n%=.07, [0.01,
0.14]. Irrespective of the colour compatibility, partici-
pants generally appraised fries lower on health com-
pared to sprouts, and sprouts lower on taste
compared to fries (see Table 7).

Discussion Experiment 2

Experiment 2 examined whether the appraisals
measured by the IMPACT occur in the absence of
the intent to engage in them by instructing partici-
pants to respond to the colour compatibility of the
stimuli compounds instead of their semantic fit. The
significant colour-compatibility effect demonstrates
that we successfully altered participants’ proximal
task goal as participants were processing colour com-
patibility of the target and attribute word, as
instructed. Although assessing the semantic fit of
the target and attribute pairs was no longer the par-
ticipants’ proximal task goal, we found that these
appraisals occurred nonetheless and could be
recorded by the IMPACT. However, even though
these results suggest that the appraisals registered
by the IMPACT can operate in the absence of direct
intention, the small effect size (np*>=.07) compared
to a standard setup (e.g. Experiment 1a, 1500-ms
SOA condition, np*=.59) suggests that intentional
processing plays a significant role in the standard
IMPACT. Nonetheless, the type of unintentional



semantic relational processing demonstrated in
Experiment 2 is particularly important in the context
of consumer research, since it suggests that consu-
mers may engage in goal-irrelevant product judge-
ments. While Experiment 2 investigated the
unintentional feature of automaticity, Experiment 3a
examined the uncontrolled feature.

Experiment 3a - “uncontrolled”

The (un-)controllability of an automatic cognitive
process refers to the degree to which an individual
can regulate, inhibit, or alter the process once it has
been initiated (Moors & De Houwer, 2006). In line
with this definition, Experiment 3a examines the
extent to which the IMPACT effects remain consistent
when participants are instructed to modify their
responses. Since a truly uncontrolled process should
override even explicit knowledge of the response
mechanism, we provided participants with the
necessary knowledge to strategically manipulate the
measure. If participants are unable to adjust their
responses despite this knowledge, it can be inferred
that the IMPACT effects are beyond their control.
We tested this by instructing participants to “fake”
responses on the IMPACT. As this faking task adds
complexity to the task, we assessed only health
appraisals of fresh produce and candy in Experiment
3a. If participants were unable to manipulate their
responses on the IMPACT, the appraisal patterns
should not differ significantly between the faking
and control condition. The methods, exclusions, data
preparation, and analyses for Experiment 3a were
pre-registered prior to data collection at https://osf.
io/cds42/.

Method Experiment 3a

Participants

A G*Power calculation indicated that a total sample of
327 responses would be required to detect an effect
size of f=.2 for the interaction between condition
and target category with 95% power. We chose this
small effect size for the power analysis since evidence
that responses were uncontrollable would be indi-
cated by the absence of significant differences
between conditions and it was therefore important
that we had high power to detect small effects. To
maintain even group sizes, we collected 330 valid
responses (n =165 per condition).
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In total, 541 participants participated through the
online recruitment platform Prolific during March
and May 2022. All participants reported being native
English speakers and were compensated £1.10 or
£1.20 for their participation.® Participants had to be
between the age of 18-60 years, have a 100%
minimum approval rate on Prolific, and have not par-
ticipated in previous studies using the IMPACT. The
data exclusion criteria and procedure in Experiment
3a were preregistered and identical to those of Exper-
iment Ta. Twenty-nine participants were excluded as
their IMPACT and questionnaire data could not be
matched. Thirty-nine participants were excluded due
to excessive error rates based on the non-evaluative
measurement trials (ranging between 40.63% and
62.50%). Additionally, sixteen participants were
excluded because an excessive percentage of their
trials had to be removed due to error rates and
extreme response latencies taken together (ranging
between 39.06% and 57.81%). Eight participants
were excluded because their mean response latencies
(ranging between 1427 and 2119 ms) deviated more
than 2.5 SD from the samples’ mean response speed
(all mean RTs calculated after treating extreme
trials). Ten responses were excluded as they were
duplicate submissions. Fifteen participants from the
standard condition, and ninety-four participants
from the faking condition were excluded as they did
not pass the comprehension check (see below)
testing their understanding of the task instructions.
The high attrition rate in the faking condition will be
addressed in the discussion. As planned, a final
sample of N=330 (faking n=165, control n=165)
was retained for analysis (198 women, 128 men, 2
non-binary individuals, 2 respondents preferred not
to disclose, M,ge=36.9 years, SDgg.=10.9 years,
Range,ge = 19-60 years).

Materials and procedure

Participants were first given information about the
experiment and asked to provide informed consent.
They were then asked to confirm that English was
their first language and were working on a laptop or
desktop PC, and to turn off any distractions before
they were next forwarded randomly to either the
standard or faking IMPACT condition.

IMPACT. The target stimuli consisted of four images
of pick-and-mix candy, and four images of fresh
produce. All target images were 1000 X 1000 pixels
large. These targets were chosen based on the near-
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universal understanding that candy is unhealthy
whereas fresh produce is healthy. The attribute
words presented below the targets were either
“HEALTHY” or “UNHEALTHY”. The attribute stimuli
were presented in English in white capital writing
on a black background.

Both the control and experimental group were
first presented with the standard IMPACT instruc-
tions. The faking condition received the additional
directive that they should try to “beat” the
IMPACT by reacting as if candy was healthy and
the fresh produce was unhealthy. To do so, they
were provided a detailed explanation that this can
be achieved by slowing down during compatible
trials and speeding up during incompatible trials.
Specifically, after the standard instructions partici-
pants in the faking condition were shown images
of two example trials alongside the following
instructions:

This task infers appraisals from reaction speed. This
means that if the picture (e.g. candy) and the word
(e.g. healthy) match with the cue “NO”, responses tend
to be faster. On the other hand, if the picture (e.g.
candy) and the word (e.g. healthy) mismatch with the
cue “YES”, responses tend to be slower.

We want to know whether you can control your reactions
in such a way that this CANNOT be shown from your
data. You can try to control your reaction by:

1. Slowing down during typically matching trials (e.g.
candy - healthy - NO)

2. Speeding up during typically mismatching trials (e.g.
candy - healthy - YES)

On average, respondents in the standard task take no
longer than 1 second to respond. It is crucial that you
control your reactions in an unobtrusive way (i.e. without
reacting abnormally slow), so that your overall reaction
speed does not differ from the standard responses.

Respondents first completed a practice phase
including eight trials. In this practice phase, every
target appeared once. Each target category was
paired twice with “HEALTHY” and twice with
“UNHEALTHY”. Every cue was shown at least once
with each target category. Following this practice
phase, participants encountered a second instruc-
tions screen that briefly reminded them of the
responding rules.

Next, respondents completed two consecutive
blocks of forty-eight experimental trials each. In
each block, each possible target (8) x attribute (2) x
task cue (3) combination was presented once in a ran-
domised order. Between the two blocks, participants

encountered a brief pause screen with the indication
that they had reached the “mid-point” of the exper-
iment. As in the previous experiments, the ITI was
set at 1500 ms during the practice block and ran-
domly varied between 500 and 1500 ms in the sub-
sequent experimental blocks. The SOA was set to
1500 ms. Following the IMPACT, participants were
redirected to a brief questionnaire.

Comprehension check. To test whether respondents
in either group understood and followed the IMPACT
instructions, they were asked to indicate across four
trials how they should have answered during the
IMPACT. Participants in the faking condition were
additionally asked to indicate on a scale from 1 to 7
(1 =Not at all, 7=Very much) how much effort they
put into their faking attempts (M =5.01, SD =2.01).

Explicit appraisals®. Participants were then asked to
indicate their explicit healthiness evaluations of the
targets in one question for each candy and produce,
following the question “On a scale from 1-7 (1 = Extre-
mely disagree, 7 =Extremely agree), | think this
product is....". To participants in the faking con-
dition, it was explicitly emphasised that they should
indicate their true evaluations in this task.

Demographics. Lastly, participants were asked some
standard demographic questions inquiring their
gender, age, and nationality.

Results Experiment 3a

Data preparation

The data of this experiment are publicly available at
https://osf.io/cds42/. All data preparation was identi-
cal to Experiments 1, 2, and 3. Following the same pro-
cedure, we calculated a health D score for each the
produce and the candy stimuli.

Internal consistency

Calculation of the internal consistency estimates was
identical to that in Experiment 1a, 1b, and 2. For the
faking condition, the internal consistency estimate
was Rsb =.32. For the control condition, the internal
consistency estimate was Rsb =.50.

Descriptives
Figure 5 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
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Figure 5. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 3a. Black squares rep-

resent the group means.

The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Preregistered analyses

We first tested whether respondents in the faking
condition were successful in “reversing” the appraisal
pattern recorded by the IMPACT. As expected, partici-
pants in the control condition appraised candy as
unhealthy (M =-.27, SD=.44, 95% ClI [-.34, —.20])
and produce as healthy (M=.40, SD=.43, 95% Cl
[.34, .47]). In contrast, participants in the experimental
group appraised produce as unhealthy (M =-.17, SD
=.42, 95% Cl [-.23, —.11]) and candy as healthy
(M=.22, SD=.38, 95% CI [-.16, .28]). We compared
these differences using a 2 (condition: faking/
control) x 2 (target category: candy/produce) mixed
ANOVA with IMPACT scores as dependent variable.
Target category was entered as a within-subjects
factor, and condition was entered as a between-sub-
jects factor. The two-way interaction among target
category and condition was significant, F(1, 328) =
210.1, p<.001, m3=.39, [0.31, 0.46]. These results
suggest that participants in the faking condition
were indeed successful at reversing the appraisal pat-
terns recorded by the IMPACT.

Next, we compared participants’ performance in the
compatible and the incompatible trials. Compatibility
was based on the standard appraisal of candy and
produce (i.e. candy-unhealthy and produce-healthy
are compatible, candy-healthy and produce-unhealthy
are incompatible). Reaction times were analysed using
a 2 (condition: faking/control) x 2 (trial type: compati-
ble/incompatible) repeated measures ANOVA. The
two-way interaction between trial type and condition

was significant, F(1, 328)=104.29, p<.001, 7} =.24,
[0.17, 0.31]. During compatible trials, participants in
the faking condition reacted significantly slower (M =
820 ms, SD =216 ms, 95% Cl = [787, 853 ms]) compared
to the control condition (M =708 ms, SD = 194 ms, 95%
Cl=[679, 738 ms]), t(328) = —4.94, p < .001, Cohen’s d =
—.54, [-0.76, —0.32]. In contrast, during incompatible
trials, there was no significant difference in reaction
times between the faking condition (M =767 ms, SD =
216 ms, 95% Cl [734, 800 ms]) and the control condition
(M=770 ms, SD =182 ms, 95% Cl [743, 798 ms]), t(328)
<1, p=.88.In sum, participants in the faking condition
were able to slow down during compatible trials,
however, were not successful at speeding up during
incompatible trials.

Finally, we repeated these analyses to compare
participants’ error performance in compatible and
incompatible trials. Again, compatibility was based
on the standard appraisal of candy and produce (i.e.
candy-unhealthy and produce-healthy are compati-
ble, candy-healthy and produce-unhealthy are incom-
patible). The error rates were analysed using a 2
(condition: faking/control) x 2 (trial type: compati-
ble/incompatible) repeated measures ANOVA. The
two-way interaction between trial type and condition
was significant, F(1, 328)=90.55, p<.001, 7 =.22,
[0.14, 0.29]. During compatible trials, participants in
the faking condition made significantly more errors
(M=9.81%, SD=6.70%, 95% Cl=[8.44%, 11.2%])
compared to the control condition (M =5.25%, SD =
6.70%, 95% Cl=[4.22%, 6.27%]), t(328)=-—5.23,
p <.001, Cohen’s d = —.58, [-0.80, —0.36]. In contrast,
during incompatible trials, participants in the faking
condition made significantly fewer errors (M =6.61%,
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SD =7.62%, 95% Cl [5.45%, 7.77%)]) compared to the
control condition (M=10.90%, SD=10.5%, 95% ClI
[9.33%, 12.5%]), t(328)=4.28, p<.001, Cohen’s
d=.47, [0.25, 0.70]. In other words, the pattern of
error rates in the control group, whereby participants
made more errors on incompatible trials than compa-
tible trials, was reversed in the faking group.

Discussion Experiment 3a

Experiment 3a examined the extent to which the
IMPACT scores remain consistent when participants
are instructed how to manipulate the test. The ana-
lyses showed that the health appraisals of candy
and produce were reversed in the faking group com-
pared to the control group. The analyses of response
times showed that participants in the faking group
were able to slow response times on traditionally
compatible trials, compared to the control group,
but were not able to reduce response times on tra-
ditionally incompatible trials. These findings do not
necessarily suggest that participants were able to
control all aspects of the IMPACT process, such as
the underlying appraisals. Rather, they demonstrate
that provided with detailed instructions, participants
were able to reverse their overall response patterns.
While this stringent design allowed for rigorous
testing, there are several caveats that likely also
limited the results’ generalisability to the intended
purpose and applications of the IMPACT.

First, Experiment 3a used a simplified version of the
IMPACT, in which only a single appraisal dimension
was assessed in order to counteract the additional
task complexity introduced by the faking instructions.
Since the intended application of the IMPACT is to
assess multiple appraisals simultaneously, findings
drawn from this “over-simplification” of the task
may not allow accurate conclusions about the con-
trollability of the IMPACT in its intended form. For
example, in a multiple-appraisals designs, the
added complexity of processing targets on several
attribute dimensions, as well as recalling the
response rules for each dimension might make
faking responses considerably harder. Second, we
applied a stringent criterion that included only par-
ticipants who were able to accurately reproduce
the inverse response rules required for faking in a
comprehension-check task administered at the end
of the experiment. A large number of participants
in the faking group (n=94) did not meet this cri-
terion, suggesting that we actually excluded

participants for whom faking was difficult to
achieve. We address these caveats in Experiment
3b.

Experiment 3b - “uncontrolled”

To address the limitations discussed in Experiment 3a,
two key changes were implemented in Experiment
3b. First, to more closely reflect a standard IMPACT
setup, Experiment 3b was designed to capture two
appraisals (instead of just one). Specifically, partici-
pants were instructed to reverse their health and
taste appraisals of French Fries and Brussels Sprouts.
However, no explicit guidance on how to do so was
provided. Second, to mitigate the overly stringent
inclusion criteria applied in Experiment 3a, we did
not include an explicit comprehension test of the
task rules. Instead, data from Experiment 3a were
used to inform a cut-off criterion for participants’
overall accuracy across induction and measurement
trials. This cut-off criterion will be further explained
in the Method section. The methods, exclusions,
data preparation, and analyses for Experiment 3b
were pre-registered prior to data collection at
https://osf.io/cds42/.

Method Experiment 3b

Participants

Based on a G*Power calculation (detect an effect of
f=.2 with a power of .95), we collected a total of
330 valid responses (n =165 per condition). Because
the absence of a significant difference between the
faking and the control group would indicate that per-
formance on the IMPACT was not (or at least difficult
to) control, we used a small effect size for this calcu-
lation to ensure enough power to detect even small
effects.

A total of 511 participants were recruited via the
online recruitment platform Prolific during October
2024. The median completion time was 8.11 min
and participants were compensated £1 for their par-
ticipation. All participants reported being native
English speakers and between the age of 18-60
years. Additionally, we filtered for participants who
had a 100% minimum approval rate on Prolific, and
who had not participated in previous studies using
the IMPACT.

The data exclusion criteria and procedure in Exper-
iment 3b were preregistered and identical to those of
Experiment 1a. Thirty-two participants were excluded
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due to excessive error rates based on the non-evalua-
tive measurement trials (ranging between 40.63% and
79.69%). Additionally, twenty-seven participants were
excluded because an excessive percentage of their
trials had to be removed due to error rates and
extreme response latencies taken together (ranging
between 40.63% and 68.75%). In Experiment 3b, we
did not include an explicit comprehension test of
the task rules. Instead, we based exclusions on data
from Experiment 3a that demonstrated that 90% of
participants who passed the explicit comprehension
test achieved an overall accuracy of 75% or higher
across both induction and measurement trials in the
IMPACT. Based on this 75% cut-off criterion, twenty-
three participants from the control condition, and
eighty-two participants from the faking condition
were excluded. Finally, in the control condition, six
participants were excluded because their mean
response latencies (ranging between 1325 ms and
1719ms) deviated more than 2.5 SD from the
groups’ mean response speed (M=732.53 ms, SD=
230.05 ms, all mean RTs calculated after treating
extreme trials). In the faking condition, eleven partici-
pants were excluded because their mean response
latencies (ranging between 1563 and 2448 ms)
deviated more than 2.5 SD from the groups’ mean
response speed (M=788.66 ms, SD=299.78 ms). As
planned, a final sample of N=330 (faking n=165,
control n=165) was retained for analysis (152
women, 176 men, 2 respondents indicated they pre-
ferred not to disclose, M,q.=37.23 years, SDgge=
10.68 years, Range,qe = 18-60 years).

Materials and procedure

Participants were first given information about the
experiment and asked to provide informed consent.
They were then asked to confirm that English was
their first language and were working on a laptop or
desktop PC, and to turn off any distractions before
they were next forwarded randomly to either the
standard or faking IMPACT condition.

IMPACT. The materials and procedures in this exper-
iment were identical to those used for the 1500 SOA
condition of Experiment 1, with the exception that
participants were allocated randomly to either a
“faking” group or a control group. The control group
received the standard IMPACT instructions whereas
the instructions in the “faking group” included the
additional instructions:
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ATTENTION! We want to see whether respondents can
manipulate this interactive test by answering as if FRIES
were HEALTHY and YUCKY and SPROUTS were
UNHEALTHY and YUMMY.

Faking effort. Participants in the faking condition
were additionally asked to indicate on a scale from 1
to 7 (1 =Not at all, 7=Very much) how much effort
they put into their faking attempts (M =4.29, SD=
2.34).

Demographics. Participants indicated their age and
gender.

Results Experiment 3b

Data preparation

The data of this Experiment are publicly available
at https://osf.io/cds42/. All data preparation was
identical to that in Experiment 1a and 1b, 2, and
3a. Following the same procedure, we calculated
health and taste D scores for each the fries and
the sprouts.

Internal consistency

Calculation of the internal consistency estimates was
identical to that in Experiment 1a and 1b, 2, and 3a.
We obtained internal consistency estimates for the
measure as a whole, as well as separated by attribute
dimension (see Table 8).

Descriptives

Figure 6 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Preregistered analyses

We first tested whether respondents in the faking
condition were successful in changing the expected
appraisal pattern using a 2 (target category) x 2 (attri-
bute) x 2 (condition) repeated measures ANOVA with
the D scores as dependent variable. Target category

Table 8. Spearman-Brown corrected mean split-half correlations in
Experiment 3b.

Condition
Control Faking
Overall Rsb .28 14
Taste Rsb .18 12
Health Rsb .26 14
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Figure 6. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 3b. Black squares rep-

resent the group means.

and attribute dimension were entered as within-sub-
jects factors, condition was entered as between-sub-
jects factor. The three-way interaction among
attribute, target category, and condition was again
significant, F(1, 328) =42.77, p <.001, 77;2;:-12: [0.06,
0.18], suggesting that the appraisal patterns differed
across the conditions.

To directly examine the target category by attri-
bute interactions in each condition, we used 2
(target category) x 2 (attribute dimension) repeated
measures ANOVAs for each condition, with the D
scores as dependent variable. Target category and
attribute dimension were entered as within-sub-
jects factors. The two-way interaction among attri-
bute and target was significant in the control
condition, F(1, 164)=47.19, p<.001, n7=.22,
[0.12, 0.33]. The obtained scores suggested that
participants in the control condition appraised
French Fries as unhealthy and tasty, whereas the
Brussels Sprouts were appraised as healthy but
less tasty. In contrast, the obtained scores
suggested that participants in the faking condition
appraised French Fries as healthier and not tasty,
whereas the Brussels Sprouts were appraised as
neutral in health but slightly higher in taste (see

Table 9. Descriptive statistics for health and taste appraisals of fries
and sprouts (D scores) by condition in Experiment 3b.

Condition
Control Faking
Appraisal Mean SD 95% Cl Mean SD  95% Cl
Fries Health -10 .43 [-.16, —.03] .06 .43 [-.002, .13]
Fries Taste 25 40 [19,.32] —-03 .41 [-.09,.04]
Sprouts Health 20 44 [13,.27] .01 41 [-.05,.08]
Sprouts Taste 05 49 [-.03,.12] .08 .42 [.02, .15]

Table 9). Although the D scores in the faking con-
dition were all closely centred around the zero
point, the two-way interaction among attribute
and target was significant, F(1, 164) =5.17, p =.024,
n}=.03, [0.01, 0.1].

Additional analyses

Next, we compared participants’ reaction time perform-
ance in the compatible and the incompatible trials.
Compatibility was based on the standard appraisal of
French fries and Brussel sprouts (i.e. fries-unhealthy/
tasty and sprouts healthy/not tasty are compatible
and fries-healthy/not tasty and sprouts unhealthy/
tasty are incompatible). Reaction times were analysed
using a 2 (condition: faking/control) x 2 (trial type: com-
patible/incompatible) repeated measures ANOVA. The
two-way interaction between trial type and condition
was significant, F(1, 328)=17.91, p<.001, nf,z.OS,
[0.02, 0.10]. During compatible trials, participants in
the faking condition reacted significantly slower (M =
725 ms, SD =194 ms, 95% Cl = [695, 755 ms]) compared
to the control condition (M =682 ms, SD = 170 ms, 95%
Cl=[656,708 ms]), t(328) = —2.12, p =.035, Cohen’s d =
—.23, [-0.45, —0.02]. In contrast, during incompatible
trials, there was no significant difference in reaction
times between the faking condition (M =718 ms, SD
=186 ms, 95% Cl [689, 747 ms]) and the control con-
diton (M=709ms, SD=176ms, 95% Cl| [682,
736 ms]), t(328) <1, p=.65. In summary, participants
in the faking condition reacted slower compared to
the control group during traditionally compatible
trials (i.e. those trials that were incompatible based on
the instructions the faking group received), however,
did not speed up compared to the control group



during traditionally incompatible trials (i.e. those trials
that were compatible based on the instructions the
faking group received).

Finally, we repeated these analyses to compare
participants’ error performance in compatible and
incompatible trials. Again, compatibility was based
on the standard appraisal of French fries and Brussel
sprouts. The error rates were analysed using a 2 (con-
dition: faking/control) x 2 (trial type: compatible/
incompatible) repeated measures ANOVA. The two-
way interaction between trial type and condition
was significant, F(1, 328)=16.51, p<.001, 7 =.05,
[0.01, 0.10]. During compatible trials, participants in
the faking condition made significantly more errors
(M=6.10%, SD=6.12%, 95% Cl=[5.16%, 7.04%])
compared to the control condition (M =3.52%, SD =
4.66%, 95% Cl=[2.81%, 4.24%]), t(328)=-4.30,
p <.001, Cohen’s d = —.47, [-0.69, —0.25]. In contrast,
during incompatible trials, there was no significant
difference in error rates between the faking condition
(M =4.94%, SD =5.20%, 95% Cl [4.14%, 5.74%]) com-
pared to the control condition (M=5.11%, SD=
6.34%, 95% Cl [4.14%, 6.09%]), t(328)< 1, p=.79. In
summary, participants in the faking condition made
more errors compared to the control group during
traditionally compatible trials (i.e. those trials that
were incompatible based on the instructions the
faking group received), however, showed equal
error rates compared to the control group during tra-
ditionally incompatible trials (i.e. those trials that were
compatible based on the instructions the faking
group received).

Discussion Experiment 3b

To evaluate how effectively participants could
control the IMPACT effects in a more standard
setup compared to Experiment 3a, in Experiment
3b, we instructed participants to fake their health
and taste appraisals of French fries and Brussels
sprouts but did not provide explicit guidance on
how to do so. The results showed that participants
in the faking group were successful at altering their
appraisals compared to the control group.
However, their faked responses were much less
pronounced, with D scores more centred around
the zero-point compared to those observed in
Experiment 3a. The analysis of the response times
and error rates further indicated that, in tradition-
ally compatible trials, participants in the faking
group had longer response times and higher error
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rates than those in the control group. However,
no significant differences were found in response
times or error rates between the faking and
control groups in traditionally incompatible trials.
These results suggest that, while participants
could modify their IMPACT effects to some extent,
the effects were less robust in the more complex
and standard setup of Experiment 3b compared
to Experiment 3a.

The findings confirm that participants can
manipulate their IMPACT results, even without
detailed instructions. However, some caveats
remain that need to be considered to accurately
interpret these findings. Experiment 3b aimed to
address two key limitations of Experiment 3a.
First, Experiment 3a used an (over-)simplified
version of the IMPACT that did not fully reflect
the intended application of the IMPACT. Second,
Experiment 3a applied a stringent criterion that
included only participants who accurately repro-
duced the inverse response rules required for
faking during a comprehension-check, excluding a
large number of participants who struggled with
faking. While Experiment 3b addressed the over-
simplification issue, it did not fully resolve the
second limitation. To mitigate the overly stringent
inclusion criteria applied in Experiment 3a, we
now focused on participants’ overall accuracy
across induction and measurement trials. Based
on the overall accuracy rates of participants who
passed the comprehension test in Experiment 3a,
we set a minimum accuracy threshold of 75%.
This threshold was intended to be conservative
yet less restrictive, allowing us to include partici-
pants with high accuracy who may have found
the comprehension question challenging. This
adjustment slightly reduced the exclusion rate for
this criterion in the faking group, from 36% in
Experiment 3a to 33% in Experiment 3b. However,
the exclusion rate remained high, suggesting that
participants who found it challenging to fake their
responses were still inherently excluded. Notably,
within the faking group, the appraisal patterns of
participants that were excluded based on this cri-
terion (n=82) did not differ from the appraisals in
the control group (target category*attribute*condi-
tion interaction: F(1, 245) <1, p=.82). Additionally,
the faking effort was significantly lower (p <.001)
in the excluded group (n=81, M=2.95, SD=2.30)
compared to the included faking group (n=165, M
=429, SD=2.34). These findings suggest that
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successful faking may, at least partially, be depen-
dent on the effort participants are willing to
invest and that, while it may be possible to fake
the IMPACT scores themselves, these attempts
might not be completely undetectable.

Experiment 4 - “efficient”

The efficiency feature refers to the cognitive capacity
that is required by a process. As such, a process can be
described as efficient if it can operate even in the
absence of attentional and processing resources
(Moors & De Houwer, 2006). One common way to
determine the efficiency of a process are dual task
studies, whereby a secondary distractor task is
implemented to deploy processing resources and
divert attention from the primary task that assesses
the process (e.g. Friese et al., 2008; Van Bockstaele
et al,, 2021). If the effect of the process in question
is unaltered by the secondary task, it can be
assumed that it operates effectively. In many cases,
the distractor task consists of an arithmetic or recol-
lection task, such as memorising digit strings of
varying lengths and reciting later (e.g. Friese et al,,
2008; Van Bockstaele et al., 2021). Similar to these
examples, in Experiment 4 we used a “tallying task”
to test whether performance in the IMPACT declines
with increasing cognitive load. Using the same
stimuli of fries and sprouts as in Experiment 1a, 1b,
and 2, we tested whether the expected health and
taste appraisals could be recorded even when partici-
pants cognitive resources were limited. The methods,
exclusions, data preparation, and analyses for Exper-
iment 4 were pre-registered prior to data collection
at https://osf.io/nwag4u/.

Method Experiment 4

Participants

Based on a G*Power calculation (detect an effect of
f=.2 with a power of .95), we aimed to collect 130
valid responses for each of the three conditions.
Because the absence of an effect of increasing cogni-
tive load would indicate that the appraisals operate
efficiently, we used a small effect size for this calcu-
lation in order to ensure that we would have
enough power to detect even small effects. Sampling
took place during August 2022 through the online
recruitment platform Prolific. We applied several
pre-screen criteria, namely an age range of 18-60
years, English as native language, a 100% minimum

approval rate on Prolific, and no participation in pre-
vious studies using the IMPACT.

In total, 477 participants completed the exper-
iment. The data exclusion criteria and procedure in
Experiment 4 were preregistered and identical to
those of Experiment 1a. Seventeen responses were
excluded because their IMPACT data could not be
matched to their questionnaire data, and thirteen
responses were excluded because their questionnaire
data was incomplete. Eleven responses were excluded
due to high error rates (ranging between 40.63% and
56.25%). Another eleven responses were excluded as
an excessive percentage of their trials had to be
removed due to error rates and extreme response
latencies taken together (ranging between 39.06%
and 50%). Six responses were excluded due to dupli-
cate submissions. Eight participants were removed
because they miscounted by more than two in over
half of their tallies. Additionally, six participants were
excluded because their overall counting error was
greater than 2.5 SD from the average counting error
within their group. Ten responses were excluded as
their average response latencies (1190ms -
1800 ms) deviated more than 2.5 SD from their
group mean (all mean RTs calculated after treating
extreme trials).

A sample of N=395 (no load condition n=135,
low load condition n =130, high load condition n=
130) was retained for analysis (189 women, 195
men, 8 non-binary individuals, 3 respondents pre-
ferred not to disclose their gender, M,q.=35.86
years, SDgge = 10.47, Median,g. = 34 years). All partici-
pants reported being native English speakers. Partici-
pants were compensated £1.20 for their participation,
and were offered an additional payment of £0.10 for
each correctly reported tally.

Materials and procedure

Participants were given information about the exper-
iment and consented to their participation. Next, they
were asked to confirm their native language, that they
were working on a desktop PC, and were able to work
in a concentrated manner. The participants were then
randomly forwarded to one out of three cognitive
load conditions (no load, low load, high load).

Cognitive load manipulation. To manipulate cogni-
tive load during the IMPACT, participants in the low
cognitive load were required to tally the number of
evaluative trials (i.e. trials with the “???"-cue). Specifi-
cally, they were asked to report this tally once after
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the practice block and three subsequent times during
and after the measurement blocks. Participants were
instructed to restart their tally from zero after each
reporting prompt. In the high cognitive load group,
participants completed the same tallying task but
were required to keep two separate tallies: one for
the number of evaluative trials with sprouts, and
one for the number of evaluative trials with fries. To
mimic the reporting structure of the low cognitive
load and high cognitive load conditions, the control
condition (no cognitive load) was asked to count up
by one each time they encountered the reporting
prompt, starting the count at “5”".

IMPACT. The stimuli and display specifications were
identical to those in Experiment 1a and Experiment
1b, with the exception that all attribute words were
presented in English (as opposed to Dutch). Partici-
pants first encountered a series of instruction
screens including the standard instructions for the
IMPACT as well as condition-specific tallying task
instructions.

The measure consisted of eight practice trials fol-
lowed by the first tally reporting prompt and a remin-
der of the instructions. Next, participants completed
96 experimental trials during which each possible
target (8) x attribute (4) x task cue (3) was presented
once in random order. These experimental trials
were split at random into three blocks of 32 trials
each. After each block, respondents were asked to
report their tally count(s). The ITl was set to 1500 ms
during the practice trials and to a randomly varying
interval between 500 and 1500 ms during the exper-
imental trials. The SOA was set to 1500 ms across all
conditions and trials. Following the IMPACT, partici-
pants were redirected to a brief questionnaire.

Explicit appraisals. For each of the stimuli groups,
participants were asked to indicate their explicit
evaluations of the products. Following the question
“On a scale from 1-7, | think this product is....",
they answered how healthy, unhealthy, tasty and
yucky they perceived each target group on a seven--
point scale (1=Extremely disagree - 7 =Extremely
agree).

Mental strain. On a scale from 1 to 7 (1 =Not at all
straining, 7 = Extremely straining), respondents were
asked how mentally straining they felt by the cogni-
tive load manipulation.
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Demographics. Participants were asked standard
demographic questions about their gender, age, and
nationality.

Results Experiment 4

Data preparation

The data of this experiment are publicly available at
https://osf.io/nwqg4u/. All data preparation was identi-
cal to Experiments 1, 2, 3, and 4. Following the same
procedure, we calculated health and taste D scores
for each the fries and the sprouts.

Internal consistency

Calculation of the internal consistency estimates was
identical to that in the previous Experiments. We
obtained internal consistency estimates for the
measure as a whole, as well as separated by attribute
dimension (see Table 10). The low consistency esti-
mate in the high cognitive load condition will be
addressed in the general discussion.

Cognitive load manipulation

We first assessed whether the cognitive load manipu-
lation successfully increased mental strain across the
three cognitive load conditions. Participants in the
“no load” condition (M=3.06, SD=1.65) reported
feeling the least cognitively strained, followed by
the “low load” condition (M=4.77, SD=1.48) and
the “high load” condition (M=5.40, SD=1.32). A
one-way ANOVA indicated that there was a significant
effect of condition, F(2, 392) = 87.77, p < .001, 77,2, =31,
[0.24, 0.37]. Trend analysis confirmed that there was a
statistically significant, increasing, linear trend F(2,
392)=163.16, p < .001, 1} = .29.

Descriptives

Figure 7 illustrates the distribution of mean reaction
times and error rates of each participant by condition.
The mean reaction times are based on correct critical
trials. The error rates are based on critical trials.

Table 10. Spearman-Brown corrected mean split-half correlations in
Experiment 4.

Condition
No load Low load High load
Overall Rsb 39 .28 23
Taste Rsb 31 .20 .07
Health Rsb 25 21 15
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Figure 7. Distribution of individual mean reaction times in ms (left) and error rates (right) by condition in Experiment 4. Black squares represent

the group means.

Preregistered analyses

To test whether the IMPACT recorded the expected
health and taste appraisals of fries and sprouts
across all three cognitive load conditions, we used
a 2 (target category: fries/sprouts) x 2 (attribute
dimension: taste/health) x 3 (condition: no load/low
load/high load) repeated measures ANOVA with
target category and attribute dimension as within-
subjects factors, and cognitive load condition as
between-subjects factor. There was a significant
three-way interaction among target category, attri-
bute, and condition F(2, 392)=5.55, p=.004,
nf, =.03, [0.003, 0.06]. This interaction suggests that
the attribute by target category interaction differed
across the conditions. Consequently, to examine
the attribute by target category interactions in each
cognitive load condition, we used 2 (target cat-
egory) x 2 (attribute dimension) repeated measures
ANOVAs for each cognitive load condition, with
target category and attribute dimension as within-
subject factors. There was a statistically significant
two-way interaction among attribute and target cat-
egory in the “no load” condition, F(1, 129) =59.47, p
<.001, 1y =.31, [0.19, 0.43], in the “low load” con-
dition, F(1, 129)=16.00, p<.001, n2=.11, [0.03,

0.22], and in the “high load” condition, F(1, 129) =
22.72, p <.001, 77;2; =.15, [0.05, 0.26]. Across all cogni-
tive load conditions, participants generally
appraised fries as lower on health compared to
sprouts and sprouts as lower on taste compared
to fries (see Table 11). Notably, the partial eta
squared values indicate that the interaction was
largest in the “no load” condition (nf7 =.31), where
the effect was approximately twice as strong as in
the “high load” condition (77,2, =.15) and substantially
stronger than in the “low load” condition (nf, =.11).

Additional analyses

To directly compare the magnitude of the two-way
interaction effect between target category and attri-
bute dimension in the low and high load conditions,
we repeated the initial ANOVA, this time excluding
data from the no load condition. The three-way
interaction among target category, attribute dimen-
sion, and cognitive load condition was not signifi-
cant, F(1, 258) <1, p=.82. These results confirm
that the magnitude of the interaction effect
between target category and attribute dimension
did not differ significantly between the high and
low load conditions.

Table 11. Descriptive statistics for health and taste appraisals of fries and sprouts (D scores) in Experiment 3a.

Condition

No cognitive load

Low cognitive load High cognitive load

Appraisal Mean SD 95% Cl Mean SD 95% Cl Mean SD 95% Cl
Fries health —0.21 0.57 [-.30, —.11] —0.08 0.49 [-.16, .01] —0.06 0.52 [-.15,.03]
Fries taste 0.24 0.57 [.15, .34] 0.16 0.54 [.06, .25] 0.24 0.53 [.15, .33]
Sprouts health 0.33 0.48 [.25, 41] 0.21 0.60 [.11, .31] 0.24 0.53 [.15,.33]
Sprouts taste -0.07 0.65 [-.18, .04] 0.03 0.52 [-.06, .12] 0.09 0.53 [. 001, 18]




Discussion Experiment 4

Experiment 4 examined to what degree the processes
measured by the IMPACT can operate when cognitive
resources are limited, as revealed by the target cat-
egory and attribute interaction of the automatic
appraisals. This two-way interaction was significant
across all three load conditions. Moreover, although
participants reported feeling significantly more men-
tally strained in the high load condition compared
to the low load condition, we found no effect of this
on the magnitude of the target category by attribute
interaction, suggesting that increasing the cognitive
load from low to high did not significantly affect the
processes we measured. Although our results indicate
that increasing cognitive load somewhat (from none
to low) weakened the IMPACT effect, Experiment 4's
results confirm that the processes registered by the
IMPACT can still operate even when cognitive
resources are restricted. That the IMPACT effect
occurred when participants’ processing capacity was
limited is notable in the context of consumer research
as it shows that relational processing is efficient and is
likely to operate in every-day life, where available pro-
cessing resources will often be constrained.

General discussion

Although explicit (i.e. self-report) measures of product
appraisals provide a useful tool in consumer research,
they are of limited use when consumers are either
unable or unwilling to accurately report explicit
appraisals (Bargh, 2002). Implicit measures, such as
the IAT, have been used to address this issue in con-
sumer research but are limited, among other things,
to assessing automatic appraisals of single product
attributes only. This limitation is important, because
products typically vary on multiple attributes simul-
taneously, and these attributes may have conflicting
influences on consumer decision making. Here, we
presented a new implicit measure, the IMPACT,
which was designed specifically to assess consumer
appraisals on multiple product dimensions simul-
taneously and is, therefore, ideally suited for use in
consumer research. We used conceptual frameworks
developed by Moors and De Houwer (2006) and De
Houwer et al. (2009) to examine to the IMPACT in
terms of different facets of automaticity.

Experiments 1a and 1b tested whether the apprai-
sals measured by the IMPACT occur fast. Collectively,
the results of these experiments showed clear
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evidence that the expected health and taste appraisal
of fries and sprouts could be recorded at SOAs as
short as 1000 ms (Experiment 1a) and even 500 ms
(Experiment 1b). Although the results of Experiment
1b suggested that the processes measured by the
IMPACT may not operate much faster than 500 ms,
this is still a noteworthy speed given that the
IMPACT comprises several features that likely have a
constraining effect on processing speed, such as con-
tinuous task-switching and the relational processing
of the stimulus compounds. Importantly, analysis of
the mean response times showed that the IMPACT
effect at short SOAs could not be attributed to partici-
pants slowing their responses to compensate for
reduced processing times. Additionally, appraisals
measured by the IMPACT occurred significantly
faster than more intentional evaluations within the
same task. Taken together, these findings suggest
that responses on the IMPACT meet the criterion of
speed, a key feature of automaticity.

Experiment 2 investigated whether the appraisals
measured by the IMPACT can occur unintentionally.
The results confirmed that the expected health and
taste appraisals could be recorded by the IMPACT
even when judging the semantic fit of the stimuli
was not a task goal. These findings are reminiscent
of to those reported by Miller and Rothermund
(2019). Using a modified PEP, they asked participants
to evaluate the orthographical correctness instead of
the veracity of the prime sentences. The results
suggested that PEP effects persisted even in the
absence of the explicit goal to evaluate the veracity
of the statements. Extending these findings, although
the evaluative task in Experiment 2 (judging colour
match) entirely eliminated the need for any semantic
processing of the stimuli, we still observed an interfer-
ence effect of the semantic relational meaning during
the critical non-evaluative test trials.

This finding is remarkable in its own right as it
demonstrates that complex comparative operations,
which are typically attributed to non-automatic pro-
cesses, can take place under quite stringent automati-
city conditions (also see Spruyt & De Houwer, 2017). It
is also particularly important in the context of estab-
lishing the utility of the IMPACT for consumer research
since it demonstrates that consumers may engage in
task-irrelevant comparisons when assessing products.
However, while the appraisal of the semantic target-
attribute relationship qualified as unintentional in
Experiment 2, they were likely still goal-dependent,
as participants were instructed to engage in a non-
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semantic comparison of the stimulus compound. This
non-semantic comparison was likely a necessary con-
dition for the effect to occur (for a more elaborate dis-
cussion of the relationship between unintentional and
goal-dependent see Moors & De Houwer, 2006).
Moreover, because a standard IMPACT setup explicitly
requires participants to intentionally process and
evaluate the relationship between the targets and
the attributes, the findings of Experiment 2 do not
justify generalising the claim of unintentionality to
other, more standard instantiations of the task.
Instead, the goal of this manuscript is to introduce
and systematically explore the IMPACT paradigm
through a series of IMPACTs that each explore a
different facet of automaticity.

Experiment 3a and 3b examined the extent to
which the IMPACT effects were (un-) controllable.
Across two experiments, we found that participants
were able to reverse the overall pattern of appraisals
recorded by the IMPACT, regardless of whether they
received detailed instructions on how to achieve
such reversal. However, analyses of the response
latencies showed that while participants in the
faking group were able to slow response times on tra-
ditionally compatible trials, they were unable to
respond significantly faster than the control group
in traditionally incompatible trials. These findings
suggest that, although participants were able to
reverse their overall response patterns, not all pro-
cesses measured during the IMPACT could be con-
trolled. Interestingly, further exploration of the data
using a binary logistic regression showed that some
aspects of the data, such as inverse efficiency scores
(@ well-established method for combining speed
and accuracy into a single score by dividing the par-
ticipants’ (correct) mean RT by accuracy, Townsend
& Ashby, 1983) for the induction trials, allowed for a
correct classification of participants into their respect-
ive groups 64.5% of the time. Taken together with the
high attrition of “fakers” in Experiments 3a and 3b and
the faking group’s performance deterioration on tra-
ditionally compatible trials (longer response latencies
and higher error rates), these findings clearly suggest
that faking on the IMPACT does come at a cost. Build-
ing on these insights, it may be possible to develop
strategies to identify or even prevent faking. For
instance, future research could investigate the
efficiency of response deadlines in decreasing partici-
pants’ ability to control the task.

Experiment 4 investigated whether the appraisals
measured by the IMPACT operate efficiently. The

results showed that, although the expected effect
was bigger when participants had no additional cog-
nitive load, the expected health and taste appraisals
of fries and sprouts could be recorded even when par-
ticipants faced a high cognitive load. Importantly,
increasing the difficulty of the additional task did
not appear to reduce the size of the IMPACT effect
further. Taken together, these results confirm that
responses on the IMPACT meet the criteria for the
efficiency feature of automaticity.

Collectively, these results demonstrate that the
IMPACT is an implicit measure of appraisals in the
sense that the appraisals it measures are much
faster than deliberate appraisals, relatively efficient,
and may occur to some extent even unintentionally.
By contrast, our results showed little evidence that
the processes measured by the IMPACT are uncontrol-
lable, at least under the parameters tested here.
Increasing task difficulty (e.g. by having participants
assess products on multiple dimensions) and includ-
ing participants who found the task challenging
may reveal circumstances under which evidence
that the processes measured by the IMPACT are less
controllable. Additionally, future research could inves-
tigate the efficiency of response deadlines in decreas-
ing participants’ ability to control the task.

Importantly, the IMPACT has two key advantages
over alternative implicit measures that mean it is
likely to be particularly useful in consumer research.
The key advantage of the IMPACT lies in its flexibility.
As such, it allows researchers to assess product apprai-
sals on multiple dimensions simultaneously, as well as
multiple targets (e.g. several different brands) using
either visual or textual stimuli. Second, the IMPACT
is considerably more time-efficient compared to
other implicit measures. While it is, for instance, poss-
ible to conduct a series of IATs to assess multiple
appraisals, this approach would be considerably
longer and more impractical than the IMPACT. For
example, measuring the same appraisals used in the
reported experiments (health and taste appraisals of
fries and sprouts) would require 400 trials (since a
standard seven-block IAT typically involves about
200 trials; Greenwald et al., 2003), compared to just
96 trials with the IMPACT. Additionally, we demon-
strate that the IMPACT is particularly well suited to
studying consumer decision making because it is
capable of assessing unintentional product appraisals
or those made under conditions of limited processing
capacity, as is often be the case when consumers
make real-world consumption decisions.



It is relevant to address that in certain experiments,
the internal consistency was notably low. This was
particularly apparent in the versions of the IMPACT
that isolated and maximised individual features of
automaticity. Expectedly, introducing disruptive con-
ditions through these task adaptations lead to
reduced estimates of internal consistency. Impor-
tantly, however, when using the default procedures,
the IMPACT showed a notably higher internal consist-
ency of Rsb=.5 in both Experiment 1a and Exper-
iment 4. While these estimates might still seem low
by traditional benchmarks of acceptable internal con-
sistency, it is worth noting that these standards,
rooted in explicit measurements, might not be
wholly suited for assessing implicit measures, as
implicit measures naturally exhibit greater response
variability compared to explicit measures (e.g. due
to increased task complexity). Additionally, the fact
that the IMPACT consistently recorded the expected
patterns of appraisals attests to its validity in
measuring automatic product appraisals. Nonethe-
less, we acknowledge that improving the internal
consistency of the IMPACT can only be beneficial to
the method. This could be achieved, for instance, by
increasing the number of critical trials (i.e. the
number of observations for each product and attri-
bute combination). In set-ups where this could
result in a too lengthy procedure, a solution may be
to reduce the number of evaluative trials. While this
approach is worth considering, it should be noted
that formal testing is required to assess its effective-
ness here, as previous research using a paradigm
based on similar mechanisms to those in the
IMPACT (a mouse-tracking propositional evaluation
paradigm) demonstrated that reducing evaluative
trials from 30% to 10% can diminish the recorded
effects, which could, in turn, reduce internal consist-
ency rather than increase it as intended (Cummins &
De Houwer, 2021).

A crucial next step in validating the IMPACT is to
assess how well scores on the IMPACT relate to real-
world consumer decisions compared with alternative
automatic measures. Research addressing this issue
should clarify the types of consumer decisions for
which different automatic measures of product
appraisals are best suited. Another key consideration
in advancing the validation of the IMPACT lies in the
functional mapping approach proposed by Slabbinck
and Spruyt (2022), which emphasises that the charac-
teristics of a measure should closely reflect the charac-
teristics of the behaviour under study to improve
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prediction of this behaviour. In this manuscript, we
systematically explored different facets of automati-
city through various manipulations of the IMPACT.
This raises the question whether the different
IMPACTs explored here may demonstrate higher pre-
dictive validity for behaviours that occur under similar
circumstances. For instance, in a scenario in which
consumers do not have access to a lot of cognitive
resources, their behaviour may be predicted more
accurately by an IMPACT that isolates the same
feature of automaticity, compared to a standard
setup of the task.

Clearly, a lot of work remains to fully validate the
IMPACT. Answering these open questions thoroughly
will require extensive research programmes, which we
felt were beyond the scope of this work. However, to
facilitate this type of research, we presented an exten-
sive and systematic analysis of the IMPACT. With this
analysis we aim to provide a clear understanding of
the IMPACT's characteristics, its limitations, and its
potential for future research.

Notes

1. The original design of Experiment 1a and 1b included
additional variables as we intended to analyse potential
relationships between the appraisals measured by the
IMPACT and reported body mass index, frequency of
fries consumption, and frequency of sprout consump-
tion, which were assessed in this questionnaire. We do
not report these findings here for several reasons. First,
all measures were collected after the completion of the
IMPACT and should therefore have no influence on the
IMPACT results. Second, we have since realised a
number of caveats that were inherent to the outcome
measures. For instance, neither French fries nor Brussels
sprouts are foods that are commonly consumed as regu-
larly as daily or even repeatedly during a week. Conse-
quently, we decided not to report these additional
methods and analyses here and instead made them pub-
licly available in the linked osf project.

2. As noted in the pre-registrations for Experiment 2, 3, 4,
and 5, we collected this data for potential exploratory
correlational analyses. This analysis can be found for
each experiment at the osf page linked to from each
experiment.

3. Across all experiments, we treated the data by replacing
extreme response latencies (<300 ms, >5000 ms) with
winsorised cut-off values (300, 5000 ms, respectively).
This treatment is inconsistent with the data treatment
we pre-registered for Experiments 2, 3, and 4. Specifically,
we specified for these experiments that trials with
extreme response latencies should be replaced by the
participant’s mean (correct) response latency plus a
penalty of 600 ms. We are no longer convinced that
this is the most adequate data treatment, as even
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extremely short response latencies (i.e. <300 ms) are
replaced with response latencies over 1000 ms.
Because the results of all analyses were virtually identical
with either the winsorised or pre-registered data treat-
ment, we decided to report the data treatment and ana-
lyses we recommend as the better practice.

4. One reviewer remarked on the stark increase in error rate
exclusions compared to Experiment 1a and 1b. While we
lack a formal explanation for this increase, one speculat-
ive possibility could relate to differences in participant
motivation. Experiments 1a and 1b were conducted
with a student participant pool, whereas the subsequent
Experiments recruited participants via Prolific. This differ-
ence in sampling may have influenced engagement with
the task.

5. In April 2022 Prolific increased the minimum participant
reward which led to some respondents receiving a
slightly higher reward than those participating before
the change took effect.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This work was supported by Bijzonder Onderzoeksfonds UGent
[grant number: BOF.24Y.2019.0006.01 and BOF.STG.2019.0063.01].

Data transparency

Supplementary materials including the data of all reported
Experiments are publicly available in the open science frame-
work projects linked within each corresponding Experiment
section.

Ethical approval and consent

This study complied with the Research Code of Ethics of the
Faculty of Economics and Business Administration, Ghent Uni-
versity. Participants were informed that their participation was
voluntary, that they could end their participation at any time,
and that their data would be processed, stored, and reported
anonymously. Participants gave written informed consent
prior to participation.

Financial statement

This research was supported by Grant BOF.24Y.2019.0006.01
and BOF.STG.2019.0063.01 of Ghent University, both awarded
to Adriaan Spruyt. The funders had no role in study design,
data collection and analysis, decision to publish, or preparation
of the manuscript.

Open practices statement

The data for all experiments are publicly available. Experiment
1b, 2, 3 a & b, and 4 were preregistered.

References

Altenburg, D., & Spruyt, A. (2022). Predicting meat consumption
from concurrent, automatic appraisals: Introducing nuance
to product appraisals. Appetite, 170, 105847. https://doi.org/
10.1016/j.appet.2021.105847

Altenburg, D., & Spruyt, A. (2024). Automatic price appraisals:
Why they matter and how to measure them. Frontiers in
Psychology, 15. https://doi.org/10.3389/fpsyg.2024.1359007

Bargh, J. A. (2002). Losing consciousness: Automatic influences
on consumer judgment, behavior, and motivation. Journal
of Consumer Research, 29(2), 280-285. https://doi.org/10.
1086/341577

Bargh, J. A. (2021). The hidden life of the consumer mind.
Consumer Psychology Review, 5(1), 3-18. https://doi.org/10.
1002/arcp.1075

Barnes-Holmes, D., Barnes-Holmes, Y., Power, P., Hayden, E.,
Rebecca, M., & Stewart, I. (2006). Do you really know what
you believe? Developing the implicit relational assessment
procedure (IRAP) as a direct measure of implicit beliefs. The
Irish Psychologist, 32(7), 169-177.

Barnes-Holmes, D., Barnes-Holmes, Y., Stewart, |, & Boles, S.
(2010). A sketch of the implicit relational assessment pro-
cedure (IRAP) and the relational elaboration and coherence
(REC) model. The Psychological Record, 60(3), 527-542.
https://doi.org/10.1007/BF03395726

Beattie, G, & Sale, L. (2011). Shopping to save the planet?
Implicit rather than explicit attitudes predict low carbon
footprint consumer choice. International Journal of
Environmental, Cultural, Economic and Social Sustainability,
7(4), 211-232.

Brunel, F. F., Tietje, B. C., & Greenwald, A. G. (2004). Is the implicit
association test a valid and valuable measure of implicit con-
sumer social cognition? Journal of Consumer Psychology,
14(4), 385-404. doi:https://doi.org/10.1207515327663jcp140
4.8

Corneille, O. & Gawronski, B. (2024). Self-reports are better
measurement instruments than implicit measures. Nature
Reviews Psychology, 3(12), 835-846. https://doi.org/10.1038/
s44159-024-00376-z

Cummins, J.,, & De Houwer, J. (2021). The shape of belief:
Developing a mousetracking-based relational implicit
measure. Social Psychological and Personality Science, 12(8),
1517-1526. https://doi.org/10.1177/1948550620978019

De Houwer, J., Teige-Mocigemba, S., Spruyt, A, & Moors, A.
(2009). Implicit measures: A normative analysis and review.
Psychological Bulletin, 135(3), 347-368. https://doi.org/10.
1037/a0014211

Drake, C. E., Kellum, K. K., Wilson, K. G., Luoma, J. B., Weinstein, J.
H., & Adams, C. H. (2010). Examining the implicit relational
assessment procedure: Four preliminary studies. The
Psychological Record, 60(1), 81-100. https://doi.org/10.1007/
bf03395695

Fox, J., & Weisberg, S. (2019). car: Companion to applied
regression [R package]. https://cran.r-project.org/package=
car

Friese, M., Hofmann, W., & Wanke, M. (2008). When impulses take
over: Moderated predictive validity of explicit and implicit
attitude measures in predicting food choice and consump-
tion behaviour. British Journal of Social Psychology, 47(Pt 3),
397-419. https://doi.org/10.1348/014466607x241540


https://doi.org/10.1016/j.appet.2021.105847
https://doi.org/10.1016/j.appet.2021.105847
https://doi.org/10.3389/fpsyg.2024.1359007
https://doi.org/10.1086/341577
https://doi.org/10.1086/341577
https://doi.org/10.1002/arcp.1075
https://doi.org/10.1002/arcp.1075
https://doi.org/10.1007/BF03395726
https://doi.org/10.1207/s15327663jcp1404_8
https://doi.org/10.1207/s15327663jcp1404_8
https://doi.org/10.1038/s44159-024-00376-z
https://doi.org/10.1038/s44159-024-00376-z
https://doi.org/10.1177/1948550620978019
https://doi.org/10.1037/a0014211
https://doi.org/10.1037/a0014211
https://doi.org/10.1007/bf03395695
https://doi.org/10.1007/bf03395695
https://cran.r-project.org/package=car
https://cran.r-project.org/package=car
https://doi.org/10.1348/014466607x241540

Friese, M., Wanke, M., & Plessner, H. (2006). Implicit consumer
preferences and their influence on product choice.
Psychology & Marketing, 23(9), 727-740. https://doi.org/10.
1002/mar.20126

Golijani-Moghaddam, N., Hart, A., & Dawson, D. L. (2013). The
implicit relational assessment procedure: Emerging reliability
and validity data. Journal of Contextual Behavioral Science,
2(3-4), 105-119. https://doi.org/10.1016/j.jcbs.2013.05.002

Greenwald, A. G., Brendl, M., Cai, H., Cvencek, D., Dovidio, J. F.,
Friese, M., Hahn, A., Hehman, E., Hofmann, W., Hughes, S.,
Hussey, 1., Jordan, C, Kirby, T. A, Lai, C. K, Lang, J. W,
Lindgren, K. P., Maison, D., Ostafin, B. D., Rae, J. R, ... Wiers,
R. W. (2021). Best research practices for using the implicit
association test. Behavior Research Methods, 54(3), 1161-
1180. https://doi.org/10.3758/513428-021-01624-3

Greenwald, A. G, McGhee, D. E., & Schwartz, J. L. K. (1998).
Measuring individual differences in implicit cognition: The
implicit association test. Journal of Personality and Social
Psychology, 74(6), 1464-1480. https://doi.org/10.1037/0022-
3514.74.6.1464

Greenwald, A. G., Nosek, B. A, & Banaji, M. R. (2003).
Understanding and using the implicit association test: I. An
improved scoring algorithm. Journal of Personality and
Social Psychology, 85(2), 197-216. https://doi.org/10.1037/
0022-3514.85.2.197

Hussey, |, & Barnes-Holmes, D. (2012). The implicit relational
assessment procedure as a measure of implicit depression
and the role of psychological flexibility. Cognitive and
Behavioral Practice, 19(4), 573-582. https://doi.org/10.1016/j.
cbpra.2012.03.002

Hussey, ., & Drake, C. E. (2020, June 25). The implicit relational
assessment procedure demonstrates poor internal consist-
ency and test-retest reliability: A meta-analysis. Pre-Print.
https://doi.org/10.31234/0sf.io/ge3k7

The jamovi project. (2021). jamovi (Version 1.6) [Computer
Software]. https://www.jamovi.org

Kahneman, D. (2011). Thinking fast, thinking slow. Farrar, Straus
and Giroux.

Kelley, K. (2023). MBESS: The MBESS R package (version 4.9.3) [R
package]. https://CRAN.R-project.org/package=MBESS.

Kemps, E., & Tiggemann, M. (2015). Approach bias for food cues
in obese individuals. Psychology & Health, 30(3), 370-380.
https://doi.org/10.1080/08870446.2014.974605

Lenth, R. (2020). emmeans: Estimated marginal means, aka least-
squares means [R package]. https:/cran.r-project.org/
package=emmeans.

Liefooghe, B., Wenke, D., & De Houwer, J. (2012). Instruction-
based task-rule congruency effects. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 38(5), 1325-
1335. https://doi.org/10.1037/a0028148

Maison, D., Greenwald, A. G., & Bruin, R. H. (2004). Predictive val-
idity of the implicit association test in studies of brands, con-
sumer attitudes, and behavior. Journal of Consumer
Psychology, 14(4), 405-415.  https://doi.org/10.1207/
s15327663jcp1404_9

Meissner, F. Grigutsch, L. A. Koranyi, N. Miuller, F, &
Rothermund, K. (2019). Predicting behavior with implicit
measures: Disillusioning findings, reasonable explanations,
and sophisticated solutions. Frontiers in Psychology, 10,
2483. https://doi.org/10.3389/fpsyg.2019.02483

COGNITION AND EMOTION e 387

Moors, A., & De Houwer, J. (2006). Automaticity: A theoretical
and conceptual analysis. Psychological Bulletin, 132(2), 297-
326. https://doi.org/10.1037/0033-2909.132.2.297

Mdiller, F., & Rothermund, K. (2019). The propositional evaluation
paradigm: Indirect assessment of personal beliefs and atti-
tudes. Frontiers in Psychology, 10, 2385. https://doi.org/10.
3389/fpsyg.2019.02385

Payne, B. K., Govorun, O., & Arbuckle, N. L. (2008). Automatic atti-
tudes and alcohol: Does implicit liking predict drinking?
Cognition & Emotion, 22(2), 238-271. https://doi.org/10.
1080/02699930701357394

Peirce, J., Gray, J. R, Simpson, S., MacAskill, M., Hochenberger, R.,
Sogo, H. Kastman, E, & Lindelgv, J. K. (2019). Psychopy2:
Experiments in behavior made easy. Behavior Research
Methods, 51(1), 195-203. https://doi.org/10.3758/513428-018-
01193~y

Prestwich, A., Hurling, R., & Baker, S. (2011). Implicit shopping:
Attitudinal determinants of the purchasing of healthy and
unhealthy foods. Psychology & Health, 26(7), 875-885.
https://doi.org/10.1080/08870446.2010.509797

Pronk, T., Molenaar, D., Wiers, R. W., & Murre, J. (2022). Methods
to split cognitive task data for estimating split-half reliability:
A comprehensive review and systematic assessment.
Psychonomic Bulletin & Review, 29(1), 44-54. https://doi.org/
10.3758/513423-021-01948-3

R Core Team. (2021). R: A language and environment for statistical
computing. R Foundation for Statistical Computing. https://
www.R-project.org/

Remue, J., Hughes, S., De Houwer, J., & De Raedt, R. (2014). To be
or want to be: Disentangling the role of actual versus ideal
self in implicit self-esteem. PLoS One, 9(9), e108837. https://
doi.org/10.1371/journal.pone.0108837

RStudio Team. (2022). Rstudio: Integrated development environ-
ment for R. RStudio, PBC. http://www.rstudio.com/

Singmann, H., Bolker, B., Westfall, J., Aust, F., & Ben-Shachar, M.
(2022). afex: Analysis of factorial experiments (Version 1.1-1)
[R package]. https://CRAN.R-project.org/package=afex

Slabbinck, H., & Spruyt, A. (2022). On the selection and use of
implicit measures in marketing research: A utilitarian tax-
onomy. In H. Baumgartner & B. Weijters (Eds.), Review of
marketing research 19 (pp. 171-210). Emerald Group
Publishing.

Spruyt, A., & De Houwer, J. (2017). On the automaticity of rela-
tional stimulus processing: The(extrinsic) relational Simon
task. Public Library of Science ONE, 12, e0186606. https://doi.
org/10.1371/journal.pone.0186606

Spruyt, A., Hermans, D., De Houwer, J., Vandekerckhove, J., &
Eelen, P. (2007). On the predictive validity of indirect attitude
measures: Prediction of consumer choice behavior on the
basis of affective priming in the picture-picture naming
task. Journal of Experimental Social Psychology, 43(4), 599-
610. https://doi.org/10.1016/j.jesp.2006.06.009

Spruyt, A., Lemaigre, V., Salhi, B., Van Gucht, D., Tibboel, H., Van
Bockstaele, B., De Houwer, J., Van Meerbeeck, J., & Nackaerts, K.
(2015). Implicit attitudes towards smoking predict long-term
relapse in abstinent smokers. Psychopharmacology, 232(14),
2551-2561. https://doi.org/10.1007/s00213-015-3893-2

Teichert, T., Graf, A., Rezaei, S., Worfel, P., & Duh, H. (2019). Measures
of implicit cognition for marketing research. Marketing: ZFP-
Journal of Research and Management, 41(H. 3), 48-76.


https://doi.org/10.1002/mar.20126
https://doi.org/10.1002/mar.20126
https://doi.org/10.1016/j.jcbs.2013.05.002
https://doi.org/10.3758/s13428-021-01624-3
https://doi.org/10.1037/0022-3514.74.6.1464
https://doi.org/10.1037/0022-3514.74.6.1464
https://doi.org/10.1037/0022-3514.85.2.197
https://doi.org/10.1037/0022-3514.85.2.197
https://doi.org/10.1016/j.cbpra.2012.03.002
https://doi.org/10.1016/j.cbpra.2012.03.002
https://doi.org/10.31234/osf.io/ge3k7
https://www.jamovi.org
https://CRAN.R-project.org/package=MBESS
https://doi.org/10.1080/08870446.2014.974605
https://cran.r-project.org/package=emmeans
https://cran.r-project.org/package=emmeans
https://doi.org/10.1037/a0028148
https://doi.org/10.1207/s15327663jcp1404_9
https://doi.org/10.1207/s15327663jcp1404_9
https://doi.org/10.3389/fpsyg.2019.02483
https://doi.org/10.1037/0033-2909.132.2.297
https://doi.org/10.3389/fpsyg.2019.02385
https://doi.org/10.3389/fpsyg.2019.02385
https://doi.org/10.1080/02699930701357394
https://doi.org/10.1080/02699930701357394
https://doi.org/10.3758/s13428-018-01193-y
https://doi.org/10.3758/s13428-018-01193-y
https://doi.org/10.1080/08870446.2010.509797
https://doi.org/10.3758/s13423-021-01948-3
https://doi.org/10.3758/s13423-021-01948-3
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1371/journal.pone.0108837
https://doi.org/10.1371/journal.pone.0108837
http://www.rstudio.com/
https://CRAN.R-project.org/package=afex
https://doi.org/10.1371/journal.pone.0186606
https://doi.org/10.1371/journal.pone.0186606
https://doi.org/10.1016/j.jesp.2006.06.009
https://doi.org/10.1007/s00213-015-3893-2

388 D. ALTENBURG AND A. SPRUYT

Teige-Mocigemba, S., Klauer, K. C,, & Sherman, J. W. (2010).
Practical guide to implicit association tests and related
tasks. In B. Gawronski & B. K. Payne (Eds.), Handbook of
implicit social cognition: Measurement, theory, and appli-
cations (pp. 117-139). Guilford Press.

Townsend, J. T, & Ashby, F. G. (1983). Stochastic modelling of
elementary psychological processes. Cambridge University Press.

Van Bockstaele, B., Tibboel, H., Larsen, H., Wiers, R. W., Bogels, S.
M., & Salemink, E. (2021). Dual processes in fear and anxiety:
No effects of cognitive load on the predictive value of implicit
measures. Cognition and Emotion, 35(5), 859-873. https://doi.
0rg/10.1080/02699931.2021.1898935

Warnes, G., Bolker, B., & Lumley, T. (2021). gtools: Various R pro-
gramming tools (Version 3.9.2). [R packagel. https://CRAN.R-
project.org/package=gtools

Wickham, H., Averick, M., Bryan, J., Chang, W., McGowan, L.,
Francois, R., Grolemund, G., Hayes, A., Henry, L., Hester, J.,
Kuhn, M., Pedersen, T., Miller, E., Bache, S., Muller, K,
Ooms, J., Robinson, D., Seidel, D., Spinu, V., ... Yutani, H.
(2019). Welcome to the tidyverse. Journal of Open
Source Software, 4(43), 1686. https://doi.org/10.21105/
joss.01686

Wood, W., & Neal, D. T. (2009). The habitual consumer. Journal of
Consumer Psychology, 19(4), 579-592. https://doi.org/10.
1016/j.jcps.2009.08.003

Znanewitz, J., Braun, L., Hensel, D., Altobelli, C. F., & Hattke, F.
(2018). A critical comparison of selected implicit measure-
ment methods. Journal of Neuroscience, Psychology, and
Economics, 11(4), 249. https://doi.org/10.1037/npe00000
86


https://doi.org/10.1080/02699931.2021.1898935
https://doi.org/10.1080/02699931.2021.1898935
https://CRAN.R-project.org/package=gtools
https://CRAN.R-project.org/package=gtools
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
https://doi.org/10.1016/j.jcps.2009.08.003
https://doi.org/10.1016/j.jcps.2009.08.003
https://doi.org/10.1037/npe0000086
https://doi.org/10.1037/npe0000086

	Abstract
	The Implicit Attribute Classification Task

	Experiment 1a – “fast”
	Method Experiment 1a
	Participants
	Materials and procedure
	IMPACT
	Explicit evaluations2
	Demographics


	Results Experiment 1a
	Data preparation
	Internal consistency
	Descriptives
	Confirmatory analyses
	Additional analyses

	Discussion Experiment 1a

	Experiment 1b – “fast”
	Method Experiment 1b
	Participants
	Materials and procedure

	Results Experiment 1b
	Data preparation
	Internal consistency
	Descriptives
	Preregistered analyses
	Additional analyses

	Discussion Experiment 1b
	Experiment 2 – “unintentional”
	Method experiment 2
	Participants
	Materials and procedure
	IMPACT
	Explicit appraisals2
	Demographics


	Results Experiment 2
	Data preparation
	Internal consistency
	Manipulation check
	Descriptives
	Preregistered analysis

	Discussion Experiment 2

	Experiment 3a – “uncontrolled”
	Method Experiment 3a
	Participants
	Materials and procedure
	IMPACT
	Comprehension check
	Explicit appraisals2
	Demographics


	Results Experiment 3a
	Data preparation
	Internal consistency
	Descriptives
	Preregistered analyses

	Discussion Experiment 3a

	Experiment 3b – “uncontrolled”
	Method Experiment 3b
	Participants
	Materials and procedure
	IMPACT
	Faking effort
	Demographics


	Results Experiment 3b
	Data preparation
	Internal consistency
	Descriptives
	Preregistered analyses


	Additional analyses
	Discussion Experiment 3b

	Experiment 4 – “efficient”
	Method Experiment 4
	Participants
	Materials and procedure
	Cognitive load manipulation
	IMPACT
	Explicit appraisals
	Mental strain
	Demographics


	Results Experiment 4
	Data preparation
	Internal consistency
	Cognitive load manipulation
	Descriptives
	Preregistered analyses
	Additional analyses


	Discussion Experiment 4
	General discussion
	Notes
	Disclosure statement
	Data transparency
	Ethical approval and consent
	Financial statement
	Open practices statement
	References

