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The effect of visualization on visual search
performance

Does visualisation trump vision?
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Abstract Striking results recently demonstrated that visualising search for a
target can facilitate visual search for that target on subsequent trials [Reinhart
et all 2015]. This visualisation benefit was even greater than the benefit of
actually repeating search for the target. We registered a close replication and
generalisation of the original experiment. Our results show clear benefits of
repeatedly searching for the same target, but we found no benefit associated
with visualisation. The difficulty of the search task and the ability to monitor
compliance with instructions to visualise are both possible explanations for the
failure to replicate, and both should be carefully considered in future research
exploring this interesting phenomenon.

Keywords mental imagery - visual attention, - learning - visual search -
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1 Introduction

Mental imagery is the term used to describe the representation of, or process
of representing, an experience or activity in the absence of the represented
sensory stimuli or behaviour. The processing mechanisms and experience of
mental imagery of perceptual events can strongly resemble the experience of
perceiving the actual external event. Indeed, many studies suggest mental im-
agery of perception is simply a weak form of perception (for a recent review,
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see [Pearson et al.|[2015]). Consistent with this idea, imagining visual informa-
tion (visualisation) can lead to classical conditioning [Lewis et al., |2013] and
perceptual learning [Tartaglia et al.; |2009]. This general framework dovetails
with promising work suggesting that mental imagery can be a useful tool in
clinical settings [e.g. [Foa et al [1980] and in musical and athletic training [e.g.
Zatorre et al.l [2007) |Guillot and Collet], 2008].

An interesting recent study by Reinhart et al.| [2015] demonstrated that at-
tentional mechanisms can be effectively trained to select target objects through
visualisation. Moreover, they found that visualising search for a particular
target in an imagined array can speed reaction time to find the target on a
subsequent trial even more than actually searching for the target in an array
presented on the screen. In their experiments, participants were first shown a
green C oriented in a particular direction, and then shown an array of 12 C’s
organized in a circle, only one of which was green. Participants had to press a
key to indicate whether the one green C in the array was oriented in the same
or a different direction as the C they had just been shown. Reaction times
become faster when the C of a particular orientation repeated over a run of up
to 7 trials. On some runs of trials participants were asked to ”visualise search”
and were shown the oriented C but not the array for the first two trials of the
run. On trial 3 of the run, reaction time to find the target was significantly
faster — faster not only compared to the first trial of the run, but also faster
when compared to trial 3 of runs during which the search array had actually
been shown on trials 1 and 2. The authors also measured EEG during the
experiment and found that the N2PC (an early component of stimulus-evoked
EEG associated with attentional focus) followed a similar pattern as reaction
time, with an enhanced N2PC to the third target in a run following two vi-
sualisation trials — again, relative not only to the first trial in the run, but
also to the third target following trials in which the search array was phys-
ically present rather than just visualised. The results suggest, as the title of
the article states, that “visalization trumps vision in training attention.”

On the one hand, this result is consistent with previous work reviewed
above demonstrating that visualisation has meaningful effects on subsequent
perception and behaviour. On the other, this result is unique in demonstrating
that the effects of visualisation can surpass those of actual perception — on its
face, this is inconsistent with the idea that mental imagery is “weak” percep-
tion. One possible reason for the superiority of visualisation over perception,
however, is that the perceptual learning over a run of trials when the target
and distractors are displayed in fact has components of both interference and
facilitation on the training of attention, and visualising removes some of the
interference but maintains the facilitation. For example, the participant may
may not imagine the distractors very vividly, and this could strengthen the
representation of the target orientation, speeding reaction time to match it
green C in the array on trial 3. Consistent with this interpretation, when the
black distractor C’s were removed from the display (Experiment 4), the dif-
ference between visualization and practice with actual stimuli was eliminated.
This could reflect a floor effect, however, as reaction times in general in this
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experiment were much faster than in the experiments with distractors. It is
also the case that the target can be rapidly selected on the basis of its color
in this experiment, so processing of distractors would be expected to be min-
imal even when they are presented. If visualization was facilitated relative to
search because the interference from distractors was minimised, even more fa-
cilitation for visualisation should be observed when search is difficult and the
distractors during “real” search need to be processed in more detail.

Definitively establishing why visualisation is more effective than actually
performing the task is of critical importance not only for understanding the
nature of visual imagery, but also because it could lead to improved imagery-
based training or therapy regimes like those noted above. If it is the case that
visualisation is more effective because it isolates the facilitative components
of the task, for example, vague or incomplete representations may in fact be
superior to less vivid or detailed ones. We therefore plan to first replicate
the original study by [Reinhart et al||2015], focusing specifically on the be-
havioural results. Omitting the recording of EEG allows us to use a slightly
simplified stimuli design to test the original results, without the second ir-
relevant coloured distractor (only included in the original study to allow for
comparison of the lateralised N2PC component between the two hemifields).
This will provide independent confirmation of this interesting result. We will
also analyse the data in more depth using linear-mixed-effect models and ex-
plore how the visualisation effect changes over time and is affected by to serial
dependencies [Fischer and Whitney}, 2014]. Provided we replicate the original
findings, we also plan to run a second experiment using a more traditional
visual search paradigm using an array of C’s of uniform color, in which the
observer’s task is to determine whether the target (a C of the cued orienta-
tion) is present or absent. If the superiority of visualisation over practice at
search is due to proactive interference from the distractors when the search
array is presented, there should be even larger benefits of visualisation when
serial search of all the items is required.

2 Experiment

The aim of this experiment is to directly replicate the behavioural effect of
visualisation in visual search [Reinhart et al. 2015]. We have made two minor
changes to the original paradigm: (i) we have removed the red distracter el-
ement used in the original study (included to measure the N2PC component
of the EEG; we will not measure EEG). (ii). We will use runs of length three,
four and five, rather than three, five and seven. This was done because 1) the
practice effects asymptotes by trial 5 of the runs, and 2) runs of longer length
are unimportant for testing the critical result: that reaction times for the first
three trials in a run will be faster in the visualise condition than those in the
practise condition.
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Fig. 1 Example stimulus from Experiment 1. Before the stimulus is shown, the observer is
shown a green Landolt C. Their task is to decide if the green C in the stimulus matches the
orientation of the cued C.

2.1 Methods
2.1.1 Participants

Thirty participants will be recruited via from amongst the student population
at the University of Aberdeen. All participants will have normal or corrected-
to-normal vision.

The sample size of n = 30 is based on a power analysis for a one-tailed
paired t-test, with a power of 0.9 and effect size of d = 0.55. This should be
sufficient for the replication given the original effect sizes of 0.61 < d < 0.72
(n =18).

2.1.2 Stimuli

The search stimuli consisted of twelve Landolt Cs arranged in a circle (radius
8°) around a central fixation cross. The Landolt C’s had a radius of 0.62°
(with thickness = 0.25°, gap width= 0.19°) and had one of eight possible
orientations (¢ =n%, n =0,...,7). One of the C’s was coloured green which
indicated that it was the target. An example stimulus is shown in Fig.

2.1.8 Procedure

The first block of trials was pre-empted by a set of ten practice trials. The
practice trials included the visual search condition only. There were then four
blocks of 30 trials (15 for each condition). Each trial began with the presenta-
tion of a fixation cross (1200-1600ms) followed by the presentation of a green
Landolt C (the cue stimuli) for 100ms, followed by a interval of 1000ms. The
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search array was then presented in the visual search condition for a maximum
of 2000ms. In the visualise search condition the cue stimuli was followed by
instructions to ’visualise search’ before the presentation of a further fixation
cross. The orientation of the green C, the location of the green C within the
search array and whether the green C matched the cue was randomised for
each trial.

2.2 Planned Analyses

We plan to carry out the analysis in several different ways. Firstly, we will
repeat the analysis from Reinhart et al.[2015] in which the medianﬂ reaction
time for trial 1,2 and 3 within a (normal) run is compared to the median reac-
tion time for trial 3 in a visualise-run. A one-tailed paired t-test will be used for
this comparison. We will include a Bayesian t—testﬂ which will enable compar-
ison of the expected difference between visualisation and trials 1-3 in the run
to the null hypothesis (no difference). We will also directly compare/combine
our results with those of Reinhart et al.| [2015], who have already provided us
with the summary data from their Experiment 1.

Additionally, we will also analyse our data in more detail using a linear
mixed-effect model (1me4 [Bates et al., [2015, R Core Team, [2015]), following
the guidelines on model design given by Barr et al| [2013] This allows us
to include trial-to-trial variation in the analysis rather than using aggregate
statistics. As the distribution of reaction times is expected to be skewed, we
use log reaction times in the analysis. We will treat trial number (within run)
as a numerical factor, and will investigate non-linear regression if required
(e.g. if there is a clear asymptote). However, given the results presented by
Reinhart et al. [2015], a linear model should suffice. We will follow the model
simplification procedure put forward by |Crawley, |2012 chapter 9]. p-values
will be obtained via the Anova function from the car package [Fox, 2011].

Finally, we will also compare the visualisation effect to the effect of se-
rial dependency. More specifically, we will investigate how reaction time varies
on trial three depending on what preceded it (present-present, absent-absent,
present-absent, absent-present, visualise-visualise). This will be modelled us-
ing another linear mixed-effect model with a five-level factor describing the
previous two trials, and a two-level factor for whether trial three is a target
absent or present trialﬂ

L This is a mistake made in our pre-registered submission. [Reinhart et al.| [2015] used
mean reaction time rather than median, and we follow suit.

2 http://www.lifesci.sussex.ac.uk/home/Zoltan_Dienes/inference/bayes_
normalposterior.swf

3 Due to the failure to replicate the original findings, we did not carry out this part of
the planned analysis
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Fig. 2 Results over all participants. The mean reaction time was first computed for each
participant, and then the mean of the means and associated standard error were plotted.
Note: in order to facilitate comparison with [Reinhart et al.| [2015|, the error bars indicate
+/-1 standard error, rather than 95% confidence intervals.

Table 1 t-test (p-value) results. All ¢ tests are paired and one-tailed (is the second value
less than the first).

difference  t-value  p-value
Stimulus 1 Stimulus 2 36 ms 5.78 < 0.001
Stimulus 1 Stimulus 3 26 ms 4.25 < 0.001
Stimulus 1 Visualise 3 -21 ms -1.83 n.s.
Stimulus 2 Visualise 3 -57 ms -4.80 n.s.
Stimulus 3 Visualise 3 -47 ms -3.50 n.s.

2.3 Results and Discussion

All participants were accurate at the task (88% — 99%) and incorrect trials
were removed from further analysis. The reaction times from our study are
presented together with those of Reinhart et al|[2015] in Figure [2| and the t-
test based analysis is given in Table[I} The first two lines of this table compare
performance across successive trials of search for the same target and demon-
strate that we have a repetition benefit of around 30 ms on each trial where
the target repeats from the last trial. The remaining lines of the table repeat
the t-tests used by [Reinhart et al|[2015] to compare the effect of visualising
search to actually performing search. Participants were slower on trial 3 after
visualization than compared to all three trials within a run of actual search.
Because we planned to do a one-tailed test, and the direction of these effects
is the opposite of what was predicted, they are deemed non-significant.

The results from each of the 30 participants are shown separately in Fig-
ure [3| As the reaction times give a skewed distribution, we calculated the
mean and 95% confidence intervals after log-transforming the data. We fur-
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Table 2 Linear mixed effects model fit. Reaction time was log transformed. All effects were
statistically significant under a Type IT Wald x? test.

Effect ‘ B std. error  t-value  p-value
(intercept) | 6.38 0.04 163.64 -
trial number | -0.02 0.003 -8.11 < 0.001
visualise | 0.17 0.04 3.92 0.007
interaction | -0.03 0.01 -3.39 < 0.001

ther analysed these data with a linear mixed effects model. Reaction times
were log-transformed, trial number was treated as a continuous variable, and
we allowed for a maximal (crossed) random effects structure. All effects were
statistically significant (p < 0.05) and are shown in Table [2l The negative
effect of trial number confirms that we have a practise effect: as with |Reinhart
et al.| [2015], reaction times decrease over the course of a run of trials. How-
ever, as visualisation has a positive effect, we conclude that participants are
slower in the visualisation condition. The interaction is also statistically sig-
nificant, with reaction times decreasing faster for trials after the visualisation
condition. Upon inspection of Figure|3] it appears to be primarily driven by a
few participants with relatively slow reaction times on Trial 3 in the visuali-
sation condition, followed by an improvement for Trials 4 and 5. This pattern
is consistent with task-switching costs (e.g. Rogers and Monsell, 1996).

Finally, we use Bayesian methods [Dienes| [2008] to compute the posterior
distribution of effect, taking the previously published findings from |[Reinhart
et al.| |2015] as the prior. As can be seen in Figure 4] when we update our
beliefs based on the new data presented here, we end up with a posterior
distribution centred around zero and conclude that there is no evidence of an
effect in either direction.

3 General Discussion

We find no evidence that “visualizing trumps vision in training attention.”
Indeed, mean reaction times to find a target are actually slower when per-
forming search following visualisation compared to an equivalent amount of
practice actually searching for that target. We offer two explanations for the
discrepancy between our findings and the original results.

First, the most salient difference between our paradigm and the one pre-
sented by Reinhart et al|[2015] is the additional task-irrelevant colour sin-
gleton, included in the original design to rule out physical-stimulus confounds
in the lateralised ERP component of interest (the N2PC). This additional
coloured item in the array seemed like an unimportant detail when we planned
our (purely behavioural) replication, so we did not include it. However, this
small modification may have made our search task slightly easier than theirs.
Reaction times in our version of the experiment were indeed slightly faster
than in the original, although it is important to note that it is not the case
that participants who responded relatively slowly in our experiment were more
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Fig. 3 Results from each participant. Means and 95% confidence intervals are computed
after a log transform. The results have been transformed (using the exponential function)
back into the original units for ease of reading the plots and comparing to the original data.
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Fig. 4 The purple graph shows the posterior distribution of the difference in mean reaction
times between Trial 1 in the stimulus condition and Trial 3 in the visualise condition. The
red graph shows the prior, taken from [Reinhart et al.| [2015], while the green line shows the
likelihood of our data.

likely to show an effect in the original direction (quite the opposite in fact, see
Figure . Obviating the need to search, as they did in their Experiment 4,
eliminated the benefit of visualisation. It may be the case that removing one
salient distractor, as we did in our study, has a similar impact. If so, this is an
important detail to note for any researcher interested in trying to study the
effect of visualisation on search: the search may need to be of a minimum level
of difficulty for the effect of visualisation to be observed.

A second important difference is that we did not measure EEG. While the
measurement of EEG itself does not influence behaviour, perhaps participants
wearing an EEG cap believed that their compliance with instructions to ”vi-
sualise” could actually be verified by the experimenter, and hence were more
likely to follow that instruction. Effects along these lines have been found in the
eye-tracking literature [Nasiopoulos et al., 2015] in which participants modify
their viewing behaviour when they know their eyes are being tracked. Instruc-
tions to visualise did have an impact on reaction time in our study (albeit
opposite to what was found previously) so there was some evidence that our
participants were attempting to comply with instructions. However, they may
not have been as consistent or effortful in their imagery compared to a group
of participants wearing a device that they have been told measures their brain
activity. If this is the case, it would be important for researchers to be aware
that a putative ability to monitor compliance with visualisation instructions
is a key requirement for finding the effect. For the record, the participants in
our study were instructed as follows: “When prompted to visualise search you
are required to generate a mental image of the search array in your mind and
imagine searching through this array for the green cue C you have been shown
in the trial.” A precise description of how researchers instruct and/or verify
visual imagery in their participants should be made available in future studies
on this topic so that the importance of this factor can be determined.

By failing to replicate the original effect, it is our hope that this report can
provide important guidance to future researchers who may wish to build on the
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findings of Reinhart et al.|[2015]. To be useful in clinical or training settings, as
suggested by the authors, the imagery effect must be robust and the boundary
conditions need to be clearly and consistently documented. Moreover, for the
potential theoretical implications of their results to be fully developed, we
require a thorough understanding of the conditions under which it does, and
does not, occur.
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