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Abstract
Detecting a suspect’s recognition of a crime scene (e.g., a burgled room or a location visited for criminal activity) can be of great
value during criminal investigations. Although it is established that the Reaction-Time Concealed Information Test (RT-CIT) can
determine whether a suspect recognizes crime-related objects, no research has tested whether this capability extends to the
recognition of scenes. In Experiment 1, participants were given an autobiographic scene-based RT-CIT. In Experiment 2,
participants watched a mock crime video before completing an RT-CIT that included both scenes and objects. In Experiment
3, participants completed an autobiographic scene-based RT-CIT, with half instructed to perform a physical countermeasure.
Overall, the findings showed that an equivalent RT-CIT effect can be found with both scene and object stimuli and that RT-CITs
may not be susceptible to physical countermeasure strategies, thereby increasing its real-world applicability.
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A key objective in forensic science is to link a culprit(s) to the
crime scene (Fisher, 2004). DNA matching, tread marks, or
fingerprint analysis can be used to establish a connection be-
tween the culprit and the crime; however, such physical evi-
dence is not always available or adequately preserved
(Peterson, Sommers, Baskin, & Johnson, 2010). In these sit-
uations, evidence of a connection between the culprit and
crime often remain solely within the culprit’s memory, which
the suspect will try to conceal. Information that a suspect may
conceal recognition of includes (i) indoor or outdoor scenes of
the crime (e.g., a room burgled); (ii) scenes that the culprit
frequently visits to conduct criminal activity (e.g., the transfer
of illegal contraband); (iii) scenes where the culprit has hidden
something or someone of interest (e.g., a murder victim); (iv)
scenes where the culprit has conducted reconnaissance for the
purpose of planning criminal, military, or terrorist activity; (v)
protected facilities (e.g., government or military bases,
accessed without authorization); and (vi) autobiographic
scenes relating to locations that a person of interest denies
recognizing (e.g., schools, homes, workplaces). These are just

some examples of where detection of a culprit’s concealed
recognition of relevant scenes would be beneficial.

The Concealed Information Test (CIT) is a cognitive test
designed to determine whether a suspect is concealing knowl-
edge of hidden crime information that only the culprit would
recognize (Ben-Shakhar & Elaad, 2003). Typically, the CIT
determines a suspect’s hidden recognition of crime details via
analysis of their physiological response (typically skin con-
ductance) to crime items (probes) compared with their re-
sponses to noncrime control stimuli, (irrelevants).
Compared with control items, crime items elicit larger skin
conductance responses, indicating an increased level of
orienting, taken to indicate recognition, to those stimuli (for
a review, see Verschuere, Ben-Shakhar, &Meijer, 2011). This
physiology-based CIT is well established and frequently ap-
plied in real-world cases—namely, within the Japanese crim-
inal justice system (Osugi, 2011).

An alternative, recently developed memory detection para-
digm is the reaction-time CIT (RT-CIT), which measures reac-
tion times (RTs) instead of physiological responses. The RT-
CIT relies on the idea that concealing knowledge of a crime
requires inhibition of the truth leading to an overall slowing of
responses made to crime-related items (see Verschuere,
Suchotzki, & Debey, 2015b). Compared with the physiologi-
cal-CIT, the RT-CIT is less expensive, faster, easier to admin-
ister and analyze, and does not require specialist training or
equipment. The RT-CIT is an oddball task in which
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participants respond, using a keyboard, to a sequence of briefly
presented stimuli. Each trial consists of the presentation of one
of three types of stimulus: a crime (aka probe), a control (aka
irrelevant), or a target item (see Fig. 1). Crime items are details
that a guilty participant recognizes, and control items are unre-
lated to the crime but are matched to crime items on relevant
characteristics. For example, if the crime item was a set of bolt
cutters used to break a lock, control items would be equivalent
tools, such as a hacksaw or hammer. Participants are instructed
to respond “no” to indicate that they do not recognize either the
crime items or the control items. Target items were the third
stimulus type that participants were shown before the test and
were instructed to respond “yes” to, and which do not relate to
the crime information in question. Without these items, partic-
ipants could simply respond no on every trial without process-
ing the stimuli.

Typically, guilty suspects are slower to respond no
(untruthfully) that they do not recognize a crime item than
they are to respond no (truthfully) that they do not recognize
a control item. It is proposed that this slowing reflects re-
sponse inhibition experienced by participants whilst they re-
solve the conflict between recognizing an object yet reporting
that they do not (Debey, Ridderinkhof, De Houwer, De
Schryver, & Verschuere, 2015). Furthermore, this conflict
sometimes results in an increased number of errors—for ex-
ample, pressing “yes” to the crime items or “no” to the target
items (Suchotzki, Verschuere, Van Bockstaele, Ben-Shakhar,
& Crombez, 2017). The target items serve no diagnostic role
and are presented to ensure that participants process the stim-
uli and engage with the task. The diagnostic for the RT-CIT is
similar to the physiological-based CIT, with a large CIT effect
size, d = 1.3, and an AUC = .82, 95% CI [.77, .87] (Suchotzki
et al., 2017).

To date, RT-CIT studies have typically used word stimuli
(Eom, Sohn, Park, Eum, & Sohn, 2016; Hu, Evans, Wu, Lee,
& Fu, 2013; Kleinberg & Verschuere, 2015, 2016;

Noordraven & Verschuere, 2013; Seymour & Fraynt, 2009;
Seymour & Kerlin, 2008; Seymour, Seifert, Shafto, &
Mosmann, 2000; Verschuere, Crombez, Degrootte, &
Rosseel, 2010; Verschuere, Kleinberg, & Theocharidou,
2015; Visu-Petra, Miclea, Buş, & Visu-Petra, 2014; Visu-
Petra, Miclea, & Visu-Petra, 2012; Visu-Petra, Varga,
Miclea, & Visu-Petra, 2013), with only a handful having used
images. Moreover, those that have presented images have on-
ly used pictures of discrete objects that can be easily recog-
nized and labeled (Suchotzki et al., 2015; Varga, Visu-Petra,
Miclea, & Visu-Petra, 2015; Visu-Petra, Jurje, Ciornei, &
Visu-Petra, 2016). For example, Visu-Petra et al. (2016) used
images of objects (backpacks, watercolors, pencils, and
erasers) to test the effectiveness of the RT-CIT in children.
In studying the effects of emotional valence, social factors
and individual differences in the RT-CIT, another study pre-
sented pictures of objects (e.g., memory sticks, laptop bag,
mobile phone, wireless mouse and an agenda) and found that
responses to crime and control items differed with a large
effect size, Cohen’s d = 1.05 (Varga et al., 2015). Similarly,
another experiment used images of objects (e.g., 50 euro note,
laptops, CDs, markers, water crates, suitcase) and again found
that crime and control items differed with a large effect size, d
= 1.24 (Suchotzki et al., 2015).

Clearly, images of objects can be used effectively in the
RT-CIT to detect recognition. However, being able to detect
the concealed recognition of scenes might also greatly assist
investigations by linking the suspect to a crime scene rather
than to an object. This would not only open up more crime-
scene-related details for use within a CIT but also allow in-
vestigators to generate a more complete picture of what the
suspect recognizes about a particular crime. The RT-CIT is
one potential tool for achieving this; however, to the author’s
knowledge, the effectiveness of the RT-CIT for scene recog-
nition has not been examined. This is not to say that scene
stimuli have not previously been used in physiological-based

Fig. 1 Example of one block of 24 images in an RT-CIT containing four crime items (red and “P”) each with four controls (blue and “I”) and one target
(green and “T”). (Color figure online)
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CITs in both research and the field, however; for example, a
recent lab-based study used scene stimuli in their CIT
(Norman, Wade, Williams, & Watson, 2020).

Whilst there is extensive research on object recognition
(Ganis & Kutas, 2003), the nature of scene memory and its
underlying mechanisms are under debate (Behrmann & Plaut,
2013; Oliva & Torralba, 2006). However, it is clear that
scenes differ from objects in terms of processing, encoding,
and recognition, all of which could change their effectiveness
within the RT-CIT (Behrmann & Plaut, 2013). For example,
memory for scenes is remarkably robust, with participants
able to encode and recall thousands of scenes that are previ-
ously novel to them (Kent, Lamberts, & Patton, 2018;
Standing, 1973; Standing, Conezio, & Haber, 1970).
Furthermore, whereas objects can be encoded in a single ex-
posure, whole scenes seem to be encoded into memory over
several glances, building the memory incrementally over sec-
onds. For example, one study found that approximately 60%
of scene details were remembered after a 1-second viewing
duration and over 80% of details recalled after 10 seconds
viewing (Melcher, 2006). Another key object–scene differ-
ence is that scenes usually contain a complex mixture of ob-
jects and features that could capture attention in differing
ways. Some attention-grabbing objects/features (e.g., people
of objects in the scene) might not be related to the crime, thus
rendering those scene stimuli undiagnostic. Finally, compared
with objects, scenes cannot always be easily semantically la-
beled, with those that can (e.g., a “beach”) being more familiar
than those that cannot. Relatedly, scene recognition is possible
even without being able to identify exactly what or where the
scene is—recognition without identification (Cleary & Reyes,
2009). RTs to scene stimuli are seldom compared with objects
(Ganis & Kutas, 2003), despite being an important factor
when considering the use of scenes in the CIT. Global scene
information is believed to be processed rapidly and parallel to
local object processing, and requires fewer attentional re-
sources than objects do (Munneke, Brentari, & Peelen,
2013), with scene color processed very rapidly (~50 ms;
Wichmann, Sharpe, & Gegenfurtner, 2002). This ability is
potentially attributable to the parahippocampal place area that
appears to respond only to scenes and not to objects (Oliva &
Torralba, 2006). This rapid initial understanding of a scene is
called scene gist, and it is achieved very quickly (20 ms; Oliva
& Torralba, 2006).

Testing whether a suspect recognizes a scene can be bene-
ficial, and the RT-CIT could be an appropriate test for doing
so. However, as described, there are differences in how scene
and object stimuli are processed, and the possible effects this
can have on response times and detection in the RT-CIT is
currently untested. In the current study, Experiment 1
established whether scenes produce a comparable RT-CIT
effect to those found for object stimuli in the literature.
Participants completed an RT-CIT in which they were

instructed to conceal knowledge of autobiographic university
campus scenes. Experiment 2 compared scenes and objects by
having participants watched a mock crime video before com-
pleting an RT-CIT that contained both object and scene stim-
uli. Experiment 3 tested the susceptibility of scene-based RT-
CITs to a physical countermeasure strategy aimed at slowing
response to control items.

Experiment 1: RT-CIT with scene stimuli

Previous work has demonstrated that images of objects and
scenes are processed, encoded, and recognized differently,
and any of these factors could influence the effectiveness of
scene stimuli in the RT-CIT. In Experiment 1, a scene-based
RT-CIT was tested to determine whether it produced a, RT-
CIT effect similar to that found for object-based RT-CITs.
Using autobiographic scenes of the participants’ university
campus, a scene-based RT-CIT was given to participants
who were instructed to conceal recognition of their university.

Method

Participants Previous RT-CIT experiments which have used
images of objects as stimuli have shown large CIT effect sizes
ranging from d = 1.05 to 1.24 (Suchotzki et al., 2015; Varga
et al., 2015; Visu-Petra et al., 2016). Given that the current
study was the first reported scene-based RT-CIT, a smaller,
but still relatively large, effect size was estimated.1 A power
analysis using G*Power (Faul, Erdfelder, Lang, & Buchner,
2007), with a CIT effect size (crime minus control) of d = 0.8,
and α = 0.05 for a single group, suggested that 23 subjects
would be sufficient for a power of 0.95. Thirty-six participants
(25 women), 18–32 years old (M = 20.4, SD = 2.8), were
recruited through a University of Warwick online participant
panel. Participants received a payment of £3 for taking part in
the 30-minute testing session.

Materials The image stimuli were photographs of scenes that
typically contained landscapes, buildings, and other struc-
tures. The autobiographic images (“crime” items) were im-
ages of various scenes of the participants’ university campus.
For each crime item, four matched control scene stimuli were
sourced using Google’s Reverse Image Search function, with
the crime items as reference images. This resulted in a

1 On reflection, our initial estimation of an RT-CIT within-subjects effect size
of d = 0.8 for scene stimuli may have been optimistic, given that our review of
the literature suggested that the RT-CIT effect size with scenes might have
been smaller than with objects. However, a sensitively analysis for this exper-
iment was computed using G*Power, which revealed a minimum detectable
CIT effect size of d = 0.618 (Note: This was much smaller than the actual CIT
effect size revealed for this experiment, d = 1.48, suggesting that our design
was suitable).

1390 Mem Cogn  (2020) 48:1388–1402



selection of structurally similar scenes based on low-level lo-
cal features, such as color, contrast/brightness, texture and
shape at specific parts of the images (Chechik, Shalit,
Sharma, &Bengio, 2009; Horváth, 2015). From this selection,
we chose four control images based on their content similarity
to the crime images. This allowed for the matching of appro-
priate control items for all crime scenes. In addition to the
crime and control stimuli, five images of another university
were used as target items. At the start of the study, participants
chose five scenes of their university campus, out of a selection
of 20, that they felt were most familiar to them, which became
the crime items. This was to ensure optimal encoding of these
items prior to testing more ecologically valid scenarios. All
images were open source, cropped to remove potential noise
(e.g., people), were resampled to 1,366 × 768 pixels, and
presented full screen on a 21-in. LCD monitor, 16:9 aspect
ratio at a resolution of 1,920 × 1,080 pixels (see Fig. 2).
Participants sat approximately 40 cm from the screen, with
the center of the screen at approximately eye level.

The CIT The RT-CIT consisted of 450 images, with 30 images
(one block) repeated 15 times. Each block of 30 images
contained five CITs, and each CIT consisted of six images: a
crime item, a target, and four control items. There was a short
break of 3,000 ms after each block, and a longer break of 30
seconds after every three blocks. The image duration was 800
ms, with a randomly selected interstimulus interval of either
500, 750 or 1,500 ms.2 Items within each block were present-
ed sequentially in a random order, with the constraint that two
crime items could not occur consecutively. The targets were
randomly presented within each block and did not change,
irrespective of what crime items were selected by participants.
Target items were not analyzed, as they were only used to
ensure participant engagement with the stimuli. The data from
participants with error rates (i.e., pressing “yes” to a crime
item) above 50% were removed from further analysis, as it
is unlikely that they were following the task instructions.
Responses faster than 200 ms or slower than 800 ms were
removed, as recommended in the literature (Verschuere,
Kleinberg, & Theocharidou, 2015a). Incorrect responses were
also removed from the RT analysis.

Procedure Participants completed the experiment in a comput-
er lab in two groups of 18. Participants were provided with an
overview of the procedure, given the opportunity to ask ques-
tions, and provided consent and demographic information.
They were informed of their right to withdraw at any point,
without penalty or reason. Participants were then asked to

imagine that they “are an undercover spy from Warwick
University and have infiltrated New York University to steal
its latest research. New York University Security suspects a
mole and are therefore requiring all staff to sit a ‘lie detection
test.’ Their ‘lie detection test’ assumes that spies will be
slower to recognize and make more mistakes when they re-
spond to images of New York University.3 They are also
hoping to catch spies that accidentally respond ‘yes’ to images
of Warwick University, who they believe are the prime sus-
pects.” Participants were then given five images of “New
York University” and told to memorize these to help them
beat the lie-detection test. Participants were then told that
“during the ‘lie detection test’ you will be shown a series of
items of scenes. Many of these items will be unfamiliar to you,
except the ones relating to Warwick University (which you
must keep secret) and the scenes of New York University that
you have just memorized. Each image will appear for around
1 second, with less than a second gap between them. Using the
keyboard, please respond to these images as fast as you can
while making as few errors as possible! The question to con-
sider for each image is, ‘Do you recognize this scene?’”

Participants were instructed to press the LEFT KEY for
“yes” responses—that is, New York University Images (tar-
gets)—and the RIGHT KEY for “no”—that is, University of
Warwick (crime items), and any other images (control items).
Participants were given the opportunity to ask any questions
before completing a practice test consisting of two blocks of
trials (60 images). During the practice stage only, if the re-
sponse was incorrect (e.g., a “yes” response to a crime item),
the word “Wrong” was displayed until the start of the next
trial. If a response time exceeded 800 ms, the words “Too
Slow” were displayed until the start of the next trial.
Participants were aware that this information would not be
provided following the practice stage. Participants then com-
pleted the main test followed by debriefing. All studies were
approved by the departmental ethics committee at the authors’
institution.

Results

Reaction times No participant’s data were removed due to
error rates above 50%. Including target items, trials that
exceeded the response deadline (1.3%) were faster than
200 ms (0.19%), and incorrect trials (3.61%) were removed
from the analysis (incorrect responses are used for the error
analysis). Mean correct RTs were calculated for crime and
control items for each participant, and overall means are
shown in Fig. 3. A paired t test on item type revealed that

2 Because of a technical error, the first half of the participants saw an extended
interstimuli interval of 1,000; 1,500; or 3,000ms (instead of 500; 750; or 1,500
ms). However, ISI length (intended vs. extended) did not interact with control
and crime item RTs, F(1, 34) = 3.363, p = .075, or % error rates F(1, 34) =
.114, p = .738, and therefore results were collapsed over ISI length.

3 Although this is not how the RT-CIT test works, as the target items (here, the
New York University images) are discarded from the analysis, this instruction
was provided to participants to ensure that they were attentive to the task
without revealing how the test worked.
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RTs were significantly slower for crime items compared with
the control items, t(35) = 8.87, p < .001, d = 1.48 (MD = 29.4).

Error rates Error rates were low overall (Mean = 1.34%, SD =
2.35 and Mean = 0.97%, SD = 2.47 for crime and control
items, respectively) and did not differ significantly, t(35) =
1.26, p = .215, d = .279 (MD = .926).

Signal-detection analysis To assess the efficiency of detection,
signal-detection analysis was used to determine the degree of

separation between the participants in our experiment who
were considered “guilty” and an equivalent innocent group.
First, responses to each trial from each guilty participant were
converted to within-subjects standardized scores (z scores;
Ben-Shakhar, 1985). Given that no innocent participants were
tested, data for innocent participants were simulated by the
standard method used in the CIT literature (e.g., Carmel,
Dayan, Naveh, Raveh, & Ben-Shakhar, 2003; Meijer,
Smulders, Johnston, & Merckelbach, 2007; Visu-Petra et al.,
2013). This approach assumes that innocent participants, not
knowledgeable about the crime items, respond in the same
manner to all items. Therefore, the procedure for simulating
innocent participant data involves drawing random RTs from
a standard normal distribution. This was conducted for each
trial, with one trial in five then randomly chosen to represent
the simulated crime item. Once calculated for each participant,
an ROC was generated to approximate signal detection using
the within-subjects scored RT-CIT effect (crimeminus control
item) for the “guilty” group and for the normalized simulated
“innocent” group. ROCs are based on a comparison of two
detection-score distributions, where detection score of the
guilty group was defined as the mean normalized difference
between crime and control items, and the detection score of
innocents was similarly defined, but using the simulated crime
and control responses.

As shown in Fig. 4, the curve is close to the upper left-hand
corner of the ROC, which indicates a high overall accuracyFig. 3 Experiment 1. Mean correct RTs as a function of item type

Fig. 2 Examples of control, crime, and target scenes used in Experiment 1
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(Zweig & Campbell, 1993). The area under this curve (AUC)
allows an objective measure of the accuracy trade-off between
the test sensitivity and specificity. In our scene-based RT-CIT,
the AUC = .919 (see Fig. 4) and meshed with the large guilty–
innocent effect size, d = 1.93. Note that this effect size is the
between-subjects effect size for guilty verses innocent partic-
ipants, as opposed to the within-subjects mean RT difference
between crime and control items for guilty participants.

Discussion

The finding from this experiment suggests that scene stimuli
can be as effective as object picture stimuli when used within
an RT-CIT. To our knowledge, this is the first attempt to
experimentally test scene stimuli in the RT-CIT; however,
there are some limitations. First, the scenes used represented
autobiographic details, which would rarely be used in a field
setting. Second, participants were given the choice of five out
of a set of 20 scenes to act as the crime item. Clearly, this
limits the generalizability of these initial findings, as, in a field
CITs, participants would not have this choice. This compro-
mise on ecological validity was chosen to ensure that maximal
encoding of these scenes had taken place to allow for initial
testing of the scene-based RT-CIT under optimal conditions.

Despite a large within-subjects effect size based on RT
differences, there was no CIT effect for error rates. Some
studies have found differences in error rates for crime and
control items; however, this is not always the case (Hu et al.,
2013; Noordraven & Verschuere, 2013; Visu-Petra et al.,
2016). In Experiment 1, the lack of error rate CIT effect could
be caused by the relatively low overall error rates obtained in
our study (approximately 3.6%). Alternatively, the lack of an

error-rate effect might be due to our use of scene stimuli;
further study could clarify this. Finally, although our findings
suggest that scene stimuli allow for a diagnostic RT-CIT, they
do not directly tell us whether there is a difference between
scene and object-based RT-CITs. Accordingly, in Experiment
2, this is investigated by presenting participants with a mock
crime video (rather than relying on autobiographical memory)
containing both scene and object stimuli, allowing a direct
comparison between the two.

Experiment 2: Scenes versus objects
in RT-CITs

Experiment 1 validated the use of scenes as stimuli in the RT-
CIT. However, the scene images were autobiographic in na-
ture, and scene stimuli were not directly compared with object
stimuli. To address these issues, in Experiment 2, participants
watched a mock crime video before completing an RT-CIT
that contained both object and scene images. The use of a
mock crime video technique not only allowed a mixture of
object and scene crime items to be tested but also allowed
scene stimuli to be tested in a more realistic context, thereby
increasing generalizability.

Method

Participants Initially, the number of participants from
Experiment 1 was simply increased for Experiment 2 to ac-
count for the reduced reliability as a result of halving the
number of trials to account for the additional within-subjects
condition (i.e., object stimuli). Furthermore, due to use of an
undergraduate participant pool for course credit, control over
the exact number of participants was limited. Forty-four par-
ticipants (38 women, ages 18–21 years,M = 18.8 years, SD =
0.8) were recruited from an undergraduate psychology course
and took part in the 30-minute testing session in return for
course credit.4

Materials

Instead of the autobiographic scenes of the university campus
used in Experiment 1, a 3-minute first-person perspective
mock crime video was shown to participants (see Fig. 5). In

Fig. 4 Experiment 1. Signal-detection curve (ROC) showing the detec-
tion sensitivity and specificity between guilty and simulated innocent
participants

4 Given that there was no previous literature to indicate the size of a possible
scene–object RT-CIT difference, the authors referred to a previous study
which, during a post hoc analysis, found no significant difference between
object and scene stimuli in the physiological CIT (Norman et al., 2020).
Analysis of that data revealed no significant interaction between item (crime
vs. control) and stimuli (object vs. scene) and a medium within-subjects effect
size of, η2p = .046. A post hoc power analysis using G*Power (Faul et al.,
2007), the effect size above, and α = 0.05 for a repeated-measures
ANOVA, suggested that 46 subjects would be sufficient for a power
of 0.95.
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the following text-based description of the video, italics indi-
cate crime items. Participants (observing from the perspective
of the thief) identified a locked bike outside the Humanities
building entrance. The participants covered up a nearby
CCTV camera using shaving foam and then used bolt cutters
to break the bike lock. The culprit then met an accomplice in a
multistory carpark to hand over the bike for cash. Four
matched control items were selected for each crime item (see
Fig. 6). For Target items (highlighted), a false alibi was con-
structed: “It wasn’t me who committed that crime, as I was
with my friend at his home gardening all day. We only left his
house to buy some garden clippers and weed killer from a
nearby DIY store.” Therefore, in total there were two object
crime items and two scene crime items, each with four con-
trols and one target. The remaining experimental set up was
the same as Experiment 1.

The CIT The RT-CIT of Experiment 1 was used, except that
there were 360 images were presented in 15 blocks of 24
images. Each block consisted of four CITs, (two object CITs
and two scene CITs), with each CIT containing a crime item,
target, and four control images (see Fig. 6). Image order was
randomized, with two exceptions: (i) crime images were al-
ways preceded by control images and, (ii) each block always
started with a control item.

Procedure Participants were provided with an overview of the
study procedure, given the opportunity to ask questions, and
then provided consent and demographic information.

Participants were informed of their right to withdraw at any
point without penalty or reason. Participants were then told
“you’ll now watch a 3-minute, first-person perspective mock
crime video, of a thief (you!) stealing a bicycle from outside
the humanities building on campus. It’s really important that
you pay attention throughout and really try to imagine your-
self as the person whose perspective you’re seeing in the vid-
eo. There will also be a memory test at the end.” Participants
then put on headphones and watched the mock crime video.
Following the video, participants were asked to “now imagine
you have been contacted by the local police station and have
been informed that you are a potential suspect in a recent
crime. They explain that during their investigation they would
like to administer a lie-detection test to all potential suspects to
help narrow down their investigation. The lie-detection test
will use the crime images below, which you should now rec-
ognize from the video.” Participants were then shown the four
crime images that would be used in the test to ensure sufficient
encoding (note that this would not be appropriate in an applied
setting; however, it was done to ensure optimal encoding).

Participants were then told, “You have asked your good
friend to be a false alibi for the time of the events, and you
have told the police this alibi story.” Participants were then
given their false alibi and four images related to it to remem-
ber. Participants were then told, “During the lie-detection test
you will be shown a series of items consisting of objects and
scenes. Many of these items will be unfamiliar to you, except
the ones relating to the crime you just ‘committed’ (in the
video) and the alibi items you have just memorized. Each

Fig. 5 Key events in the first-person-perspective mock crime video that guilty suspects view (crime items in italics)
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image will appear for around 1 second, with less than a second
gap between them. Using the keyboard, please respond to
these images as fast as you can while making as few errors
as possible! The question to bear in mind for every image is:
‘Do you recognize this item?’” Participants were instructed to
press the LEFT KEY for “yes” responses—that is, false alibi
images (targets)—and the RIGHT KEY for “no”—that is,
mock crime images (crime items) and any other random im-
ages (control items). The remaining instructions were the
same as in Experiment 1 until after the RT-CIT, when partic-
ipants completed a short memory check. Finally, participants
were debriefed.

Results

No participant data were removed from the analysis due to
error rates above 50%. Including target items, trials that
exceeded the response deadline (1.6%) were faster than
200 ms (0.36%), and incorrect responses (5.0%) were re-
moved from the analysis (incorrect responses were used for
the error analysis).

Manipulation checksWhen asked to identify the correct crime
items, 40 out of the 44 (91%) participants correctly recalled all
crime-relevant items, with the other four participants forget-
ting one item each.

Reaction times A 2 (image type: object vs. scene) × 2 (item
type: control vs. crime) within-subjects analysis of variance
(ANOVA) on the mean correct RTs revealed a significant
main effect of image type, F(1, 43) = 14.8, p < .001, MSE =
10,031, η2p = .256, (RT-CIT effect was d = .784, collapsed

over image type), and of item type, F(1, 43) = 26.5, p <
.001,MSE = 16,885, η2p = .381. As shown in Fig. 7, RTs were

slower overall with scene stimuli than with object stimuli and
were slower on crime trials than on control stimulus trials. The
Image Type × Item Type interaction was not significant, F(1,
43) = .102, p = .751, MSE = 41.1, η2p = .002.

Bayesian analysis A sensitivity analysis for this experiment
was computed using G*Power, which revealed a minimum
detectable interaction effect between stimuli type (objects,
scenes) and item type (control, crime) of η2 = 0.048. This
was larger than the actual interaction effect size found in this
experiment, η2 = 0.001, suggesting this experiment was un-
derpowered. Therefore, a Bayesian analysis was conducted.
Where frequentist analysis reveals a nonsignificant difference,
the Bayes factor BF01 is sometimes reported to quantify the
degree to which the data support the null hypothesis
(Wagenmakers et al., 2018). Therefore, to further assess the
interaction between image type and item type reported above,
the RT-CIT effect (the difference between the crime and con-
trol item) was compared for both scene and object stimuli
using a Bayes t test with JASP software (JASP Team, 2019).
With a default Cauchy prior width of 0.7, this revealed a BF01

Fig. 6 All scene and object images used in Experiment 2

Fig. 7 Experiment 2: Mean correct RTs as a function of item and image
type
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of 5.8, implying substantial evidence for the null hypothesis
(Jeffreys, 1961). This suggests that scenes and objects pro-
duce an equivalent CIT effect.

Errors A 2 (image type: object vs. scene) × 2 (item type:
control item vs. crime item) within-subjects ANOVA onmean
error rates revealed a significant main effect of item type, F(1,
43) = 6.28, p = .016,MSE = 65.2, η2p = .127, but not for image

type, F(1, 43) = .412, p = .524, MSE = 11.3, η2p = .009. As

shown in Fig. 8, error rates were higher for crime trials than for
control stimulus trials, but there was no difference between
scene and object stimuli. The Image Type × Item Type inter-
action was not significant, F(1, 43) = .166, p = .686, MSE =
8.39, η2p = .004. A Bayes t test calculated using the crime-

control item differences for objects and scenes revealed a
BF01 of 5.7, implying substantial evidence for the null
hypothesis.

Signal-detection analysis Using the same procedure as in
Experiment 1, a signal-detection analysis was conducted for
all participants using their RT responses for both scene, AUC
= .696, and guilty–innocent effect size, d = .728, and object
stimuli, AUC = .709, and d = .791 (see Fig. 9). Note that
collapsed over image type the AUC = .746 and guilty–
innocent effect size, d = 1.01.

Discussion

In Experiment 2, both scene and object stimuli were used from
a mock crime video, thereby allowing a direct contrast be-
tween stimulus type and removing the reliance on autobio-
graphic memory, as was used in Experiment 1. The main
finding was that, once again, scene stimuli successfully elicit-
ed a large within-subjects CIT effect. Moreover, a Bayesian
analysis indicated that scenes and objects were equivalent in
terms of producing crime-control item RT differences. Signal-
detection analysis based on the RT data revealed a lower AUC

in Experiment 2 compared with Experiment 1, likely due to
both the smaller number of crime items used in Experiment 2
(four instead of five; Meijer, klein Selle, Elber, & Ben-
Shakhar, 2014) and the use of the mock crime stimuli rather
than autobiographic stimuli. A secondary finding was that
participants responded more slowly to scenes than to objects.
This suggests that scenes may bemore cognitively demanding
to process, perhaps because they are made up of multiple
objects and have a generally higher complexity than pictures
of isolated, single objects. In any case, the finding of an equiv-
alent crime-control difference for pictures of objects and
scenes suggests that this overall difference between scenes
and objects does not impair the effectiveness of the test.

In contrast to Experiment 1, the RT-CIT effect was found
for both RTs and error rates. This may be due to the higher
number of errors in Experiment 2 compared with Experiment
1 (3.6% and 5.0%, respectively, p = .042). Thus, the overall
difficulty of the taskmay determine whether or not an RT-CIT
effect is expressed in error rates as well as in RT measures.
Either way, these findings indicate that although errors can be
useful in detecting “guilty” participants, they may be a less
reliable measure than RT-based data. In Experiment 3, we test
the robustness of the RT-CIT to countermeasures.

This experiment sought to determine whether there were
any differences in the RT-CIT effect between object and scene
stimuli under optimal conditions. Therefore, to reduce the
chance of participants not adequately encoding the mock
crime items, and at the cost of ecological validity, participants
were briefly reminded of the key crime information after the
mock crime video. Note however, that this would not be pos-
sible in a real CIT, as it would compromise the results for
innocent, unknowledgeable participants. This limitation may
have resulted in inflated detection rates as participants were
more likely to have had good memory for the crime details.

Fig. 9 Experiment 2: Signal-detection curve (ROC) showing the detec-
tion sensitivity and specificity between guilty and simulated innocent
participants

Fig. 8 Experiment 2: Mean% errors as a function of item and image type
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Participants recalled 91% of crime items from the first-
person perspective mock crime videos used in this experi-
ment. Although mock crime videos are a simple and effective
medium for having participants encode crime details, they are
less ecologically valid compared with committing a real-
world mock crime and unlikely to mimic real-world scene
encoding. It is possible that any recognition differences be-
tween objects and scenes only become apparent when they are
encoding in the real world. Nevertheless, this was indirectly
examined in a previous study where participants encoded both
objects and scenes in the real world before undergoing a
physiological-based CIT—this study also revealed no signif-
icant difference in the CIT effect (Norman et al., 2020).
However, in both the current study and the one by Norman
et al. (2020), no delay between encoding and testing were
introduced. This clearly raises questions regarding the ecolog-
ical validity of this work, and therefore future work which
manipulates delay between encoding and testing would be
advisable.

Finally, although this experiment did not reveal any signif-
icant difference in the RT-CIT effect between object and scene
stimuli, it is worth considering potential confounding vari-
ables. Scenes and objects can differ in saliency and saliency
is known to modulate the CIT. Previous work (e.g., Kleinberg
& Verschuere, 2015; see also Jokinen, Santtila, Ravaja, &
Puttonen, 2006; klein Selle, Verschuere, Kindt, Meijer, &
Ben-Shakhar, 2016) has shown that items with higher person-
al salience (e.g., country of origin or birthday) produce a larger
RT-CIT effect than less personally salient stimuli do (e.g.,
favorite color or animal). Therefore, it is conceivable that
scene stimuli may in fact result in a differing RT-CIT effect
to objects, but that this effect is not seen in this study due to
differences in item-specific saliency, which was not controlled
for in this work. Further work controlling for this possible
modulating factor would be beneficial.

Experiment 3: The effect of countermeasures
on the RT-CIT

Experiments 1 and 2 showed that, like object stimuli, scene
stimuli can be used to generate a CIT effect. However, in both
experiments, participants were not instructed to use any form
of countermeasure strategy (a strategy to try to fool the test
and elicit a false negative result). One would expect guilty
suspects in the real world to attempt to use some form of
countermeasure strategy to avoid detection and, arguably, this
could be simple to perform in an RT deception test (Gronau,
Ben-Shakhar, & Cohen, 2005). Steps tomitigate against coun-
termeasure strategies are therefore frequently used in standard
RT-CIT procedures. For example, a response deadline of

800 ms is used to prevent participants from intentionally
delaying responses to control items and therefore negating
the CIT effect. Furthermore, target items that require a differ-
ent response (“yes”) to crime and control items are used to
ensure that participants are engaging with each stimulus as
presented. If they were not, then this would yield a high error
rate, suggesting that the participant is either not paying atten-
tion or attempting some form of countermeasure.

A handful of studies have consider the effects of counter-
measures on deception tasks similar to the RT-CIT. Ganis,
Rosenfeld, Meixner, Kievit, and Schendan (2011) gave 26
participants an fMRI-based RT-CIT, using word stimuli, and
instructed them to covertly move the left index, middle finger,
and toe to three out of the four control items during the CIT.
The idea was that this might increase the RTs for control items
and thus reduce the difference between the crime and control
stimuli neutralizing the RT-CIT effect. The countermeasures
were effective in increasing RTs to control items compared
with crime items, resulting in a negative RT-CIT effect (MD =
−313 ms, SE = 74). Compared with the control group (MD =
60 ms, SE = 54), this suggested a large countermeasure effect
size, d = 1.73 for the RT differences, with a similar result
found for the fMRI measure, η2p = 0.94.

In another study, Huntjens, Verschere, and McNally
(2012) presented a word-based autobiographic RT-CIT to a
control group, countermeasure-instructed (“do not respond
any faster or slower to the crime items”) group, and a disso-
ciative identity disorder patient group (n = 27, 23, and 11,
respectively). They found no difference between the control
and countermeasure group, who still showed a crime-control
item difference (d = .48). However, in Huntjens et al.’ (2012)
study, participants were simply instructed not to respond any
faster or slower to crime items, which, without further instruc-
tion, is unlikely to have been a sufficient countermeasure
strategy.

An ERP-based CIT, using word stimuli (Mertens & Allen,
2008) tested 79 participants across five conditions: control,
innocent, and three countermeasure instructed groups.
Countermeasure instructed groups were given directions to
“think about being slapped by a bully” (Group 1), “apply
pressure to the toe” (Group 2), and “think about being slapped
by a bully after the first distracter, tightening of the sphincter
muscle after the second distracter, applying pressure to toes
after the third distracter, and not responding at all to the fourth
distracter” (Group 3). Although this study found countermea-
sure differences for EPR amplitude and latency, the behavioral
RT data only showed a countermeasure effect for Group 3.
Note, however, that all other groups still showed a significant
RT-CIT effect.

In another ERP-based CIT study with an RT measure and
also using word stimuli (Rosenfeld, Soskins, Bosh, & Ryan,
2004), 33 participants were asked to perform various covert

1397Mem Cogn  (2020) 48:1388–1402



tasks when control items were presented. The covert tasks
were (i) pressing the left forefinger, (ii) pressing the left mid-
dle finger, (iii) wiggling the big toe in the left shoe, (iv) wig-
gling the big toe in the right shoe, and (v) imagining the
experimenter slapping the participant. Compared with a con-
trol group where 91% of participants were correctly classified
based on their RTs, only 45% of the countermeasure
instructed group were detected, which demonstrated a signif-
icant countermeasure effect. Rosenfeld et al. (2004) found a
significant difference between RT differences (crime minus
control) for their guilty (no countermeasure) and countermea-
sure group, t(10) = 2.19, p < .05, with a large countermeasure
effect size, d = .932.

Finally, using an Autobiographical Implicit Association
Test (aIAT), one study found that 39%–78% of its 18 guilty
participants were able to remain undetected by being informed
on how the aIAT works and instructing participants to slow
down in the confession-true task (Verschuere, Prati, &
Houwer, 2009). Over the three experiments, participants giv-
en countermeasure instructions could significantly lower their
test score to appear innocent (average countermeasure, d =
.98). The studies described suggest that countermeasures can
be effective in reducing detection; however few studies have
tested the impact of countermeasures in RT-CIT tasks that do
not also use ERPs or fMRI (see Suchotzki et al., 2017, for a
small meta-analysis of these). Furthermore, none of the above
studies, or any others, to our knowledge, have tested the sus-
ceptibility of scene stimuli to countermeasures.

Accordingly, in Experiment 3, a physical countermeasure
strategy was tested in a scene-based RT-CIT. The most obvi-
ous approach to reduce the RT-CIT effect—that is, the differ-
ence in RT’s between crime and control items—is to slow
responses to the irrelevant items. As described previously,
there are difference approaches to this which can be broadly
categorized as either mental or physical countermeasure strat-
egies. In this experiment, we chose a simple and easy-to-
perform physical countermeasure that requires little
practice—press upon or wiggle a toe to every control item.
Indeed, this had been used in previous research (e.g., Mertens
&Allen, 2008; Rosenfeld et al., 2004) which showed that RTs
slow with increased motor response complexity (Anson,
1982; Henry & Rogers, 1960; Klapp, 2010). By preforming
an additional task (i.e., pressing a toe) for control items only,
RTs should increase, thereby reducing the RT-CIT effect.

Method

Participants Guided by the literature described above, the av-
erage RT countermeasure effect (the difference in RT-CIT
effect between control and countermeasure groups), when
found, was large, d = 1.03. Assuming a large countermeasure
effect, a power analysis using G*Power, with an effect size of
d = 0.8, and α = 0.05 for a single group, suggested that 42

subjects per group would be sufficient for a power of 0.95.
Ninety-eight participants (58 women and four undisclosed,
ages between 18 and 42 years, M = 22.7 years, SD = 5.1),
48 in the control group, were recruited through a university
online participant panel at the authors’ institution and took
part in the 30-minute testing session in return for £3 payment.
Participants were assigned to each condition based on the
experiment session they signed up for (there were four ses-
sions with approximately 20 places available.) Participants,
without knowledge of the different experimental conditions,
chose which one to attend.

Procedure The materials, RT-CIT, and procedure for the con-
trol group were identical to those of Experiment 1. For the
countermeasure group, participants were told how the RT-
CIT worked and instructed to “perform a toe-tap or a toe
wriggle when responding to unfamiliar images” to try and fool
the test. To ensure that participants were indeed carrying out
the instructed countermeasure, the experimenter visually ob-
served participants during the experiment.

Results

The data from two participants were removed from all analy-
ses due to error rates greater than 50% (58% and 89% from the
control and countermeasure conditions, respectively), and one
participant from the countermeasure group due to a technical
error with the program. Of the remaining participants, trials
(including target items) that exceeded the response deadline
(2.3%) were faster than 200 ms (0.73%), and incorrect
(7.38%) were removed from the analysis (incorrect responses
were used for the error analysis).

Reaction times Mean correct RTs were analyzed using a 2
(item type: crime item vs. control item) × 2 (condition: control
vs. countermeasure) mixed-ANOVA, with item type as the
within-subjects factor and condition as the between-subjects
factor. This revealed a significant main effect of item type,
F(1, 93) = 112.2, p < .001, MSE = 34623, η2p = .547 (RT-

CIT effect was d = 1.1 collapsed over condition), with RTs on
crime item trials longer than those on control item trials (see
Fig. 10) However, neither the main effect of condition, F(1,
93) = .15, p = .696,MSE = 2178, η2p = .004, nor the Condition

× Item Type interaction, F(1, 93) = .02, p = .882,MSE = 3.14,
η2p = .001, approached significance.

A sensitivity analysis for this experiment was computed
using G*Power, which revealed a minimum detectable inter-
action effect between countermeasure group (control, counter-
measure) and item type (control, crime) of η2 = 0.033. This
was larger than the actual interaction effect found in this ex-
periment, η2 = 0.001, suggesting this experiment was under-
powered. Therefore, a Bayes t test was computed to evaluate
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the difference between the countermeasure and control condi-
tion using the crime item/control item RT difference. This
revealed a BF01 value of 4.6, implying substantial evidence
for the null hypothesis suggesting that the countermeasure
was ineffective.

Error analysis A 2 (condition: control vs. countermeasure) × 2
(item type: control item vs. crime item) repeated-measures
ANOVA on the mean error rates revealed no main effect of
item type, F(1, 93) = .061, p = .805,MSE = 1.52, η2p = .001, or

condition, F(1, 93) = 1.35, p = .101, MSE = 430, η2p = .029.

Mean error rates for all trials were low (M = 5.76), with no
difference between the control and countermeasure groups.
The Condition × Item Type interaction was not significant,
F(1, 93) = 1.35, p = .248, MSE = 33.4, η2p = .014. A

Bayesian t test calculated using the crime item/control item
differences for both conditions revealed a BF01 of 2.6, imply-
ing anecdotal evidence for the null hypothesis.

Signal-detection analysis Using the same procedure as in
Experiments 1 and 2, a signal-detection analysis was conduct-
ed for both the countermeasure, AUC = .808, and guilty–
innocent effect size, d = 1.14, and control group, AUC =
.878, and d = 1.52, using a simulated innocent group (see
Fig. 11). Note that collapsed over condition, the AUC =
.843 and guilty–innocent effect size, d = 1.33.

Discussion

As in Experiments 1 and 2, scene stimuli produced a robust
RT-CIT effect. However, ofmost interest, Experiment 3 tested
the susceptibility of the scene-based RT-CIT to a physical
countermeasure strategy; specifically, participants were asked
to “perform a toe-tap or a toe wriggle when responding to
unfamiliar images.” The logic behind this type of countermea-
sure is that performing an additional task on control stimulus
trials might increase the RTs on those trials, thus reducing the

RT difference between crime and control stimuli, hence re-
ducing the RT-CIT effect. There is currently little work spe-
cifically investigating the effects of countermeasures on the
RT-CIT (Suchotzki et al., 2017). The findings in this experi-
ment suggest that there was no difference between the control
and countermeasure group in terms of the crime–control RT
difference—this lack of difference was supported by a
Bayesian analysis.

Our findings contrast with those from ERP (Mertens &
Allen, 2008; Rosenfeld et al., 2004), fMRI (Ganis et al.,
2011), and aIAT (Verschuere et al., 2009) studies in which
countermeasures were influential. This difference may be ex-
plained by the fact that the methodologies for an ERP, aIAT,
fMRI-based CIT are quite different in terms of the stimulus
duration time, interstimulus interval, and the use of additional
physiological measurements which requires the participant
having to remain stationary throughout the experiment.

General discussion

Determining whether a suspect recognizes crime-related infor-
mation can be valuable and may be achieved using the RT-
CIT. A substantial body of research has already established
that the RT-CIT can be an effective means of revealing a
suspect’s knowledge when word stimuli are used. A smaller
number of studies have also established that the RT-CIT
works with images of discrete objects (Suchotzki et al.,
2015; Varga et al., 2015; Visu-Petra et al., 2016). However,
as well as objects, crime-related information can also take the
form of scenes related to criminal activity. Linking a suspect
with a crime scene will extend the range of situations in which
the RT-CIT can be successfully applied. Importantly, knowl-
edge of such scenes could not be easily tested by the

Fig. 11 Experiment 3: Signal-detection curve (ROC) showing the detec-
tion sensitivity and specificity between guilty and simulated innocent
participants

Fig. 10 Experiment 3: Mean correct RTs as a function of item type and
countermeasure condition
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presentation of a single word (or a limited number of words),
nor by presenting images of single discrete objects. Although
we know that the RT-CIT can determine whether a suspect
recognizes one or more crime-related objects, the present
study is the first to apply the test to the recognition of crime-
related scenes.

At first glance, one might expect that scenes would work in
an RT-CIT just as well as images of single objects. Indeed,
this appears to be the case when using the physiological-based
CIT (Norman et al., 2020). However, as detailed in the
Introduction, due to differences in the way in which scenes
and objects are encoded and processed, we might expect the
RT-CIT effect to differ between them. For example, scenes
require encoding into memory over several seconds (Melcher,
2006); scene recognition is possible without complete identi-
fication (Cleary & Reyes, 2009); scene information is proc-
essed rapidly, requiring fewer attentional resources than ob-
jects (Munneke et al., 2013); and the parahippocampal place
area brain region responds only to scenes and not to objects
(Oliva & Torralba, 2006). Clearly, there are reasons to ques-
tion whether the RT-CIT will be effective (or at least as effec-
tive) with scene-based stimuli than with object-based stimuli.
Furthermore, scenes typically contain many objects, and fo-
cusing on a single object, either during the crime or at the test
phase, might reduce the extent to which the RT-CIT can detect
differences between the crime and control items if those ob-
jects are different. Similarly, limits in attentional capacity
might reduce what is remembered from a scene at both the
encoding and retrieval phase. In addition, scenes may well
contain more simple, global features (Oliva & Torralba,
2006), which might interfere with the processing of the deeper
meaning of the scene. This could again have an effect at the
encoding stage if participants simply encode and remember
the gist of a scene.

Nonetheless, despite these concerns, a robust RT-CIT ef-
fect was obtained across a variety of scene-based stimuli in the
three experiments. Specifically, responses to crime items were
slower than to control items when either autobiographic or
more recent memory was tested, and the difference between
crime and control responses was equivalent to those obtained
with object-based stimuli. Overall this study suggests that RT-
CIT effect sizes (d = .784 to 1.48) for scene stimuli were
similar to those obtained in previous RT-CIT studies which
used pictures of objects, (d = 1.05 to 1.24; Suchotzki et al.,
2015; Varga et al., 2015; Visu-Petra et al., 2016) and words (d
= 1.05, 95% CI [.93, 1.17]; Suchotzki et al., 2017).
Consequently, this meant that RT-CIT diagnosticity (AUC =
.746–919) was also similar to those reported for the RT-CIT a
previous meta-analysis (AUC = .82, 95% CI [.77, .87];
Meijer, Verschuere, Gamer, Merckelbach, & Ben-Shakhar,
2016).

These findings also suggest that the scene-based RT-CIT
may be robust to at least one simple-to-implement

countermeasure—a covert manual movement when
responding to control stimuli. In the current study, it appears
that making an additional physical movement did not interfere
with the basic difference between RTs to crime and control
items. It is, of course, possible that participants simply did not
apply the countermeasure and, although this was monitored
by an experimenter, it would have been difficult to confirm
thereby. Clearly if some participants in the countermeasure
condition did not use the instructed countermeasure, then this
would be a significant limitation with this experiment.
However, the finding of a trend for error rates to be higher
in the countermeasure condition than in the control condition
provides some, albeit relatively weak, evidence that partici-
pants were experiencing a higher cognitive load, consistent
with them attempting to implement the countermeasure.

The lack of an effect of the countermeasure is inconsistent
with others (Ganis et al., 2011; Mertens & Allen, 2008;
Rosenfeld et al., 2004; Verschuere et al., 2009). However, as
noted earlier, there appears to be large methodological differ-
ences between the studies that have found countermeasures to
be effective and this current study. Determining which coun-
termeasures are effective and under what conditions will be a
useful goal for future research. In conclusion, the findings
from this study suggest that the RT-CIT can be successfully
applied to the recognition of scenes and produces an equiva-
lent effect size to object-based tests.

Open science statement All data are available in the supple-
mentary materials. Materials will be provided on request, and
none of the experiments was preregistered.
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