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How do the effects of effort influence interactive search behavior?
Emma Deverill, Haden Dewis, Fabrizio Lepori, Guido Maiello, Iris H. Russell and Hayward J. Godwin

Department of Psychology, University of Southampton, Southampton, UK

ABSTRACT  
Interactive search refers to tasks wherein a searcher actively manipulates objects to find a target. 
Here, we examined how physical effort influences behaviour and performance during an 
interactive search task. Participants searched in person for a “T” shape embedded on the side of 
a set of cubes that varied in weight. Interactive search behaviours were recorded throughout 
the experiment using an optical motion tracking system. In all cases, we found no evidence that 
any discernible effects of effort emerged. Despite this, we offer three important contributions to 
the literature. First, our methodology enabled us to determine that, within our study, interactive 
search utilized a “nearest-next” strategy, with searchers choosing to interact with the nearest 
cube to them on each trial. Second, contrary to expectations from purely visual search tasks, 
rather than waiting and examining the already-visible cube faces at the start of each trial, 
searchers opted instead to begin interacting with objects immediately. Third, response accuracy 
rates were no different between target-present and target-absent trials, suggesting that there is 
at least one point at which interactive search differs from visual search. Our findings lay down 
the foundation for future and more detailed examinations of live, in-person interactive search 
tasks.

ARTICLE HISTORY
Received 24 January 2025 
Accepted 8 January 2026  

KEYWORDS  
Interactive search; visual 
search; effort; real-world

Many tasks in daily life require direct interaction with 
the environment. This can include search tasks, for 
example searching an overflowing toolbox for a 
screwdriver or searching a refrigerator for food. 
Searches of this nature are referred to as interactive 
search tasks, a term coined by Sauter et al. (2020). 
During an interactive search, the searcher actively 
manipulates objects (such as picking them up and 
rotating them) or alters their position of view in 
order to successfully detect a target or confirm its 
absence, primarily through the uncovering of pre
viously obscured visual information. Research on 
interactive search in the real world to date has 
involved participants interacting with containers to 
find hidden marbles (Gilchrist et al., 2001), searching 
open terrain for coins (Riggs et al., 2017), locating 
incriminating items in a residential house (Riggs et 
al., 2018), and sifting through piles of LEGO® bricks 
to identify specific targets (Hout et al., 2022; Sauter 
et al., 2020). Interactive search has also been assessed 

within computer-based environments, wherein par
ticipants commonly use a computer mouse, computer 
keys, or touchscreen to perform interactions, includ
ing interpreting medical computed tomography 
scans (Drew et al., 2013), searches through simulated 
scans of airport baggage (Godwin et al., 2025), and 
searches through stacked piles of virtual objects 
(Solman et al., 2012).

Interactive search extends visual search, which 
involves the visual scanning of an environment to 
detect a target object among distractors by introdu
cing additional complexities that are typically absent 
or minimal in static, non-interactive search tasks 
(Sauter et al., 2020). One notable complexity is the 
heightened role of movement-related effort associ
ated with navigating the search array. In static, com
puter-based visual search tasks, effort is largely 
restricted to eye movements, which demand 
minimal physical cost (Araujo et al., 2001). Yet even 
under these conditions, searchers frequently adopt 
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strategies that are suboptimal for performance in 
order to minimize effort expenditure (Irons & Leber, 
2016). Such findings suggest that searchers evaluate 
the relative cost of shifting attention across the 
array against the potential benefit of doing so and 
only execute shifts when the expected reward out
weighs the effort cost (Araujo et al., 2001; Wolfe, 
2013).

Static, screen-based paradigms are inherently con
strained as they provide only a small fraction of the 
effort demands that characterize interactive search 
behavior. This means that findings from such tasks 
may underestimate the extent to which physical 
effort shapes behavior in interactive search tasks. 
Indeed, interactive searches – whether that be inter
acting with tangible objects in the real-world or inter
acting with virtual objects on a screen – often requires 
more movement-related effort than when performing 
eye movements alone as in standard visual search 
tasks. As such, these increased movement-related 
effort costs associated with interacting with the 
search array may therefore serve as stronger influ
ences on search strategy.

Evidence from other related decision-making tasks 
support the claim that physical effort shapes behav
ior. For example, when deciding on which arm to 
use to perform a target-reaching task, the decision 
was biased towards use of the limb associated with 
a lower perceived amount of effort (Wang et al., 
2021). Moreover, when resistive load is increased in 
one hand relative to the other, perceptual judge
ments become biased towards responses associated 
with the less effortful hand (Hagura et al., 2017). 
Even subtle differences in movement-related effort 
costs can significantly bias a participant’s decision to 
the least costly option, even when this bias reduces 
performance accuracy (Marcos et al., 2015).

To our knowledge, only two prior sets of exper
iments have examined physical effort during interac
tive search in detail. Moskowitz et al. (2023) tasked 
participants with controlling a cursor by manipulating 
a handle to reveal hidden objects in a search array 
until they detected a target. Here, some of the trials, 
referred to as force-on trials, implemented a resistive 
force on the handle, increasing linearly with the 
cursor’s distance from the starting point. Thus, 
moving the cursor to more distant objects within 
the display required greater physical effort. Partici
pants exhibited a tendency for interacting with 

objects closer to the cursor’s starting position 
during these force-on trials in comparison to trials 
where no resistive force was applied. Similarly, 
Dewis et al. (2025) asked participants to search 
through a series of four virtual cubes with the use 
of a computer mouse presented to them on a compu
ter screen. On some trials, a target (a “T” shape) was 
placed on one face of one of the cubes, whilst “L” 
shapes served as distractors on the remaining faces 
of the cubes. In their first experiment, every trial 
included two “heavy” cubes (less responsive to the 
cursor) and two “light” cubes (more responsive to 
the cursor). Participants adopted an “easy-first” strat
egy wherein they prioritized inspecting the light 
cubes first, before interacting with the heavier 
cubes. In conjunction, the findings of these two 
experiments suggest that objects and areas of the 
search array associated with greater movement- 
related effort costs are attempted to be avoided 
during virtual interactive search tasks.

Although the findings of Moskowitz et al. (2023) 
and Dewis et al. (2025) provide an important first 
step in investigating the relationship of physical 
effort to interactive search strategies they are 
limited in two key respects. First, the studies 
focused exclusively on virtual tasks, leaving open 
the question of how such strategies generalize to 
real-world contexts, where other forms of movement 
such as reaching, grasping, lifting, and repositioning 
tangible objects is required. Second, they do not 
provide participants experience with interactive 
search tasks where the entire search array is more 
or less difficult to work with.

The current study resolved these limitations by 
taking a different approach to studying interactive 
search. Here, the study setup followed that of Dewis 
et al. (2025) in an effort to remain consistent with 
other work, albeit in the real rather than virtual 
world; thus, participants completed the task while 
seated and manipulated four cubes on a desk. Partici
pants engaged in interactions with tangible cubes 
that were made heavier (185 g) and lighter (80 g) in 
terms of weight (see Figure 1). We instead utilized a 
uniform effort manipulation per trial, with either all 
heavy cubes or all light cubes making up the search 
array. This meant that we could directly examine 
whether participants adapted their overall search 
strategies depending on the required effort to com
plete the task. Cube positions and orientations were 
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tracked throughout the experiment through passive 
marker-based optical motion tracking with a setup 
consisting of eight separate cameras.

Our approach enabled us to ask a number of novel 
questions regarding interactive search and the 
influence that effort has upon it. Thus far, very little 

Figure 1. Depiction of Experiment Setup, Stimuli, and Procedure. Note: The top panel (Setup) depicts the camera setup used for the 
experiment and the view participants saw throughout. The middle panel (Stimuli) displays a typical target cube (left) and distractor 
cube (right) with attached markers. Bottom panel (Procedure) depicts the typical progression of a trial: the search array is delivered to 
the participant covered, the search array is then revealed, and the participant interacts (or chooses not to) with the search array before 
giving a response to end the trial.
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is known regarding how people physically examine 
real-world objects when searching for targets, and 
to that extension, much of the work here will be foun
dational in nature, taking the first steps towards more 
detailed and formal analyses of interactive search 
behavior in future work. Overall, we expected a 
number of key effects to emerge when comparing 
trials wherein cubes were heavy versus light, and 
our predictions were drawn from previous models 
of visual search. However, it should be noted that 
these models may not be supported when tested 
using interactive search since, at a basic level, visual 
search does not generally involve revealing concealed 
information. This basic shift from examining visual 
information that is already available compared with 
examining a combination of already-visible visual 
information and the decisions that result in revealing 
concealed information very much set visual search 
apart from interactive search.

First, at a basic level, we expected that response 
accuracy rates for target-absent trials would be 
higher than those for target-present trials, since this 
is what is generally found in visual search tasks 
(Godwin et al., 2021), even with simple stimuli that 
are unambiguous. Second, we expected that 
response times (RTs) for target-absent trials would 
be longer than those for target-present trials, again 
since this is what is typically found during visual 
search (Chun & Wolfe, 1996; Godwin et al., 2015b; 
Godwin et al., 2021), with participants terminating 
search once a target is found. In terms of effort, we 
expected that response accuracy rates would be 
reduced for the heavy cubes compared to the light 
cubes, and that RTs would be faster for the heavy 
cubes versus the light cubes. These two observations 
are inter-related: under high levels of effort, we 
expected searchers to quit their searches rapidly 
and be more likely to make errors since they had 
not adequately examined the cubes presented to 
them (Chun & Wolfe, 1996; Ranganathan et al., 2013; 
Wang et al., 2021; Wolfe, 2012).

Ours is, to our knowledge, the first study to utilize 
object-tracking in a real-world environment during 
interactive search. In turn, this has enabled us to 
conduct detailed analyses of the behaviors individuals 
engaged in whilst interactively searching. The starting 
orientation and positions of cubes was randomized 
throughout the experiment, as such, on some 
target-present trials, the target T shape would have 

been immediately visible to participants before 
having picked up a single cube. In such a scenario, a 
visual search alone is sufficient to locate the target – 
in other words, a target can be detected in these 
trials without even picking up a single cube. We there
fore examined the likelihood of participants engaging 
with the search array as a function of target visibility 
to directly compare interactive search with visual 
search. In visual search, current leading models and 
theories hold that search begins with an initial analy
sis of the search array to seek out potential targets 
locations (Corbett & Smith, 2020; Moran et al., 2016; 
Schwarz & Miller, 2016; Wolfe, 2021). Perhaps, then, 
we wondered whether our participants would 
examine the initially visible cube faces before 
picking up any one cube and searching it in detail. 
With that in mind, we predicted that on some trials, 
targets would be detected before even a single 
cube had been picked up and examined.

Method

Participants

Since this study was novel and exploratory in nature, 
we did not conduct a power analysis in advance. 
Instead, we utilized previous visual search research 
to inform our stopping rules for data collection (e.g., 
Godwin et al., 2010, 2015a, 2016). We had a target 
of ∼20 participants for this study, which we then 
increased slightly to allow for the possibility of equip
ment failure or other problems with the data capture. 
As such, a total of 25 individuals participated in the 
experiment. Twelve of these participants were stu
dents from the University of Southampton who 
received compensation in the form of course credit 
for their participation. The remaining 13 participants 
were individuals aged 18 and over, recruited on a 
voluntary basis, through advertisement displayed 
throughout the University of Southampton and via 
word-of-mouth. The experiment was approved by 
the Ethics Committee at the University of Southamp
ton, ERGO 89602, and participants gave informed 
consent prior to starting the experiment.

Stimuli

The stimuli comprised ten 3D printed cubes: two 
target cubes and eight distractor cubes. For target 
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cubes, one of the cube’s faces had a “T” shape 
attached to it whilst the remaining five faces had “L” 
shapes attached instead. For distractor cubes, each 
of their six faces had an “L” attached to them (see 
Figure 1). Across these ten cubes, there was one 
heavy target cube, one light target cube, four heavy 
distractor cubes, and four light distractor cubes. 
Heavy cubes weighed 185 grams and light cubes 
weighed 80 grams, and their weight was achieved 
by filling the cubes with sand. The weights were 
determined through preliminary testing of several 
differently weighted objects, with the final selection 
chosen to ensure that the heavier cubes were per
ceptibly distinguishable from the light cubes, yet 
not so heavy as to cause discomfort or excessive 
strain during and/or after manipulation. All cubes 
had dimensions of 60 mm ´ 60 mm ´ 60 mm (height 
´ width ´ depth). The heavy and light cubes were 
not visually distinguishable from one another.

To create the search array for each trial, a bespoke 
algorithm, created for the purposes of data collection, 
was used to create a virtual representation of the 
search array. For each trial, four objects were ran
domly selected and placed onto a virtual 4 ´ 3 grid 
in one of 12 potential positions before being 
rotated randomly by either 90°, 180°, or 270° around 
each of its axes (X, Y, Z). The virtual representation 
was then used by researchers to place the corre
sponding cubes onto a physical board which con
tained a real-life version of the virtual grid. The 
board was 450 mm by 600 mm and the 4 ´ 3 grid 
was always centered on the board. Each grid position 
was 80 mm ´ 80 mm with a gap of 20 mm between 
grid positions. This grid was removed before the 
start of each trial. Target-absent trials contained four 
distractor cubes per trial, and target-present trials 
contained three distractor cubes and one target 
cube per trial. In each trial, the cubes were all the 
same weight (light or heavy).

Apparatus

Participants’ interactions with the stimuli were 
recorded using an array of eight Qualisys Miqus 
Hybrid cameras. Seven were set to marker mode 
(recording marker-based motion capture data), 
whilst the remaining one was set to video mode 
(recording video data). Our specific setup is shown 
in Figure 1, with the cameras arranged on a cubicle 

frame surrounding the workspace covering multiple 
different visual angles. The cameras tracked the 3D 
position of reflective markers within the space and 
were processed by the Qualisys Track Manager soft
ware. Each stimulus required a unique combination 
of markers to be successfully tracked by the software. 
This was achieved via an additional bespoke algor
ithm which randomly placed five markers in asymme
trical patterns on the cubes. A partition was placed 
between the experimenters and participants through
out the study (see Figure 1).

Design and procedure

This study used a within participants 2 (Presence: 
Present, Absent) ´ 2 (Effort: Heavy, Light) repeated- 
measures design to investigate differences in interac
tive search behavior between the heavy cubes and 
light cubes. A target cube was presented on 50% of 
trials. High effort cubes were presented to partici
pants on 50% of trials and low effort cubes on the 
remaining trials. Trial order was randomized using 
the same software that determined cube locations 
on each trial (see the Stimuli section above for more 
information). On each trial, all cubes were either 
light or heavy, and trial order was randomized. Partici
pants were not informed prior to each trial regarding 
the weight of the cubes presented to them, nor were 
they informed that the cubes would differ in weight 
prior to the beginning of the experiment.

Following a period of practice interacting with the 
light cubes and trial procedure, participants then 
completed a total of 40 trials over the course of 
approximately 1 h and were offered the chance to 
take breaks every 10 trials. Before each trial began, 
the cubes were set up on the board as described pre
viously. A partition between the participant and the 
experimenters was used to ensure participants did 
not see the search array during this process. The 
search array was then covered using a black sheet 
to ensure participants would not see any stimuli 
before the trial had started. The covered board was 
then placed on the desk in front of the participant. 
A trial started when one of two experimenters manu
ally pressed a button on the Qualisys software. When
ever a trial started, the Qualisys software triggered an 
audible chime which the remaining experimenter 
used as an indication to remove the black sheet and 
reveal the search array to the participant (see Figure 
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1). On each trial, participants were asked to search the 
cubes utilizing a precision grip (finger and thumb) 
with their dominant hand until they determined the 
presence or absence of the target, by having the par
ticipant state aloud the phrases “Found it” or “Not 
here” once they had made their decision. Following 
a participant response, the experimenter immediately 
stopped the trial by manually pressing a button on 
the software. The participant response was noted, 
the search array removed, and the next trial set up. 
No feedback was given to participants regarding 
their responses. Experimenters were only visible to 
the participants whilst the search arrays were being 
brought to and taken away from the participants. Par
ticipants’ interactions with the search arrays were 
being watched by the experimenters behind the par
tition via live video through the Qualisys camera that 
was set to video mode, and therefore the participants 
could not see themselves being watched.

Results

Data cleaning

We cleaned the data as follows. On some occasions, 
participants’ hands obscured the optical markers 
that were necessary for accurate tracking of the 
cube positions and orientations. Although steps 
were taken to minimize this risk, e.g., tracking via mul
tiple cameras, it was not possible to avoid entirely. 
Accurate tracking of object position and orientations 
through 3D space required continuous tracking of at 
least three of the five markers attached to an object 
with a standard deviation of less than 5 mm per 
marker. A trial was deemed as containing poor track
ing if any of the objects had less than 3 markers suc
cessfully tracked during the moments when 
participants lifted a cube off the table and when par
ticipants placed a cube back onto the table. Without 
successful tracking during these periods there was 
no way to know when the interaction with that 
cube started or when it ended. For analyses of behav
ioral measures, such as response accuracy and RTs, 
where motion tracking of objects was not required 
to compute measures, trials with poor tracking, as 
previously defined, were not removed from the 
dataset. However, for analyses where motion tracking 
was required to compute relevant measures, we took 
a conservative approach and removed trials where 

tracking was poor. From a total of 1000 trials, a total 
of 185 of these were removed due to poor tracking.

Analytic approach

An exploratory approach was taken when analyzing 
this dataset to investigate how effort influences inter
active search behaviors. As such, we chose to analyze 
six different dependent measures inspired by pre
vious eye tracking research (see Godwin et al., 2021
for review) and utilized reported effect sizes from 
other interactive search task research to help guide 
our interpretations of results (Dewis et al., 2025; 
Drew et al., 2013; Godwin et al., 2025; Solman et al., 
2012). We grouped our dependent measures into 
three distinct categories. We began by Describing 
Interactive Search: given the lack of prior research in 
this area or using tasks remotely similar to that 
which was used here, we therefore started with a 
simple overview of some basic characteristics of the 
behavior that participants engaged in during our 
experiment. This included analyses of where the 
first-to-be-picked-up cube was on each trial, as well 
as, in particular, an examination of the order of selec
tion of objects during search (i.e., did participants 
simply choose the next-nearest cube after putting 
one down?). We followed these examinations with 
Behavioral Measures, which included analyses of 
response accuracy and RT measures. Finally, we 
closed with Interaction Measures. These focused on 
both the probability that participants would pick up 
any cubes as well as the time spent interacting with 
each cube.

All analyses were modelled using Bayesian general
ized linear mixed effects models (BGLMMs) through 
the brms package in R (Bürkner, 2017; R Core Team, 
2023). The reliability of effects was confirmed using 
Bayes factors, as calculated via the bayestestR 
package in R (Makowski et al., 2019). A Bayes factor 
of greater than 1.00 suggests stronger evidence 
towards the alternative hypothesis and a Bayes 
factor of less than 1.00 suggests stronger evidence 
towards the null hypothesis. For the purpose of dis
cussion, we have deemed modelled effects to be 
trustworthy when both their Bayes factor was 
greater than 3.20 and their 95% credible interval (CI) 
did not pass through zero. When categorizing the 
strength of evidence for effects, we have followed 
the labels set out by Jeffreys (1961): BFs < 3 but > 1  
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= anecdotal, BFs > 3 but < 10 = moderate, BFs > 10 
but < 30 = strong, BFs > 30 but < 100 = very strong, 
BFs > 100 = extreme.

Where relevant, models used the following fixed 
factors: Presence (Absent, Present), Effort (Heavy, 
Light), Location (Center, Edge), Distance (Close, Far), 
Approach (Next Closest, Not Next Closest), Object 
Type (Distractor, Target), and Target Visibility 
(Hidden, Immediately Visible). Each model included 
random intercepts and slopes for Participant ID, and 
where relevant, a full random structure that matched 
fixed effects. Each model was fitted using four chains, 
with 11,000 iterations and 1000 warmup iterations to 
allow for accurate Bayes factor analysis (Makowski et 
al., 2019). All Gelman-Rubin statistics were below 1.10 
for all parameters and visual inspection of the chains 
indicated good mixing. Our BGLMMs used Bernoulli 
distributions with a logit link functions for all accuracy 
and probability measures and gaussian distributions 
for RT and interaction duration measures.

Describing interactive search behavior

Before outlining any analyses, since this is a novel task, 
we begin by describing some basic characteristics of the 
interactive search behavior that participants engaged 
in. Descriptive statistics are depicted in Figure 2, and 
modelled effects can be found within Table 1.

During our task, participants began their searches 
typically at one edge of the search array (primarily 
the right) before proceeding to interact with the 
next-nearest object to their previous interaction. 
Both strategies were uninfluenced by effort, see 
Figures 2(A and B).

In general, participants picked up around half of 
the cubes within target-present trials before finding 
the target (M = 0.54, SD = 0.50). However, for target- 
absent trials, participants were remarkably consistent 
and always interacted with all four cubes per trial (M  
= 1.00, SD = 0.00). Revisits to already-inspected cubes 
were extremely rare (light cubes: M = 0.06, SD = 0.24, 
heavy cubes: M = 0.05, SD = 0.23). This was in-line 
with prior research into revisits within interactive 
search (Gilchrist et al., 2001; Smith et al., 2008).

Behavioral measures

We began by focusing on the standard behavioral 
measures used across other visual and interactive 

search experiments. Descriptive statistics can be 
found in Figure 2(C and D) and modelled effects 
within Table 2.

Response accuracy
Response accuracy rates of were close to ceiling for 
both the heavy and light conditions regardless of 
target-presence. We found no reliable evidence that 
our effort manipulation had any effects on partici
pants’ ability to detect the target. We did not find 
any differences in accuracy between target-present 
and target-absent trials, which is unusual and con
trary to our predictions since, in visual search tasks, 
target-present trials typically exhibit lower accuracy 
rates than target-absent trials (Godwin et al., 2021).

Response times
Next, we examined RTs for correct-response trials 
only. Here, we found very strong evidence against 
any effects of effort. Put simply, participants com
pleted trials within a similar duration regardless of 
whether cubes were heavy or light. However, we 
did observe an extremely strong main effect of 
target presence on RTs. Here, as to be expected, par
ticipants were slower to complete target-absent trials 
compared to target-present trials. This finding is con
sistent with effects found in visual search tasks, since 
target-present trials are terminated once a target has 
been detected, whilst target-absent trials require 
more exhaustive examinations of the displays (Chun 
& Wolfe, 1996; Godwin et al., 2015b; Godwin et al., 
2021).

Interaction measures

Even though our analyses of response accuracy and 
RTs failed to reveal any evidence of effects of effort, 
it is possible still that participants engaged in 
different behaviors when interacting with light and 
heavy cubes. These differences may have, to some 
extent, counteracted any potential effects that vari
ations in effort may have elicited. Our last set of ana
lyses therefore focused on the interactions 
individuals made when searching through cubes. 
Descriptive statistics can be found in Figure 2(E 
and F) and the associated modelled effects within 
Table 3.
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Probability of interacting with search array
On a proportion of trials (19.94%), some cubes were 
placed in orientations such that the target object 
(the T shape) was visible to participants before any 
interactions occurred at the start of the trial. Since 
many current and leading models of search hold 
that individuals will conduct an initial scan of the 

environment, then we expected, should such an 
initial scan be occurring, these targets would be 
found prior to any interactions taking place. To 
assess this, we used a measure which quantified the 
probability that a participant would interact with 
the search array. Here, higher values indicated a 
higher probability that participants would interact 

Figure 2. Descriptive statistics for all measures. Note: Each panel depicts descriptive statistics for relevant analysis. For describing 
interactive search behaviors (A, B), the measure of interest was the likelihood of selecting a particular cube. This was then averaged 
as a function of cube location, distance, and effort for panel A and as a function of the next closest cube and effort for panel B. For 
behavioral measures (C, D), the measures of interest were response accuracy (C), and response time (D). For interaction measures (E, F), 
the measures of interest were the probability of interacting with the search array (E), and the duration of interactions with objects (F). 
Error bars represent ± SE; SE = Standard Error.
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with the array and lower values indicated the 
opposite.

Our analyses revealed that when the target was 
initially visible, on only 25% of these trials did partici
pants detect the target without interacting with any 
cubes. It seems likely that participants were not noti
cing the target on these 25% of trials via an initial 
visual scan, but were instead simply stumbling upon 
them moments before their first interaction. As each 
trial contained four cubes, there was a 25% chance 
that the first cube a participant selected to interact 
with would be the target, of which could be found 
without interaction. To confirm this, we conducted 
two separate Bayesian one sample t-tests, for both 
light cubes and heavy cubes, between the likelihood 
of interacting with the search array and a null hypoth
esis of μ = 0.75 (the likelihood value of interacting 
with the search array after accounting for the 25% 
likelihood of locating the target by chance). Both ana
lyses used a JZS prior with an r value 0.707. Bayes 
factors indicated substantial evidence in favor of the 
null hypothesis for both light cubes (BF10 = 0.13) and 
heavy cubes (BF10 = 0.11). We can therefore conclude 
from this that rather than conducting any form of 
detailed examination of the available visual infor
mation at the start of each trial, searchers were 
instead selecting a cube from their preferred starting 
area (i.e., the cube closest to them) and immediately 
interacting with it.

Interaction duration
Our final analysis focused on the average time that 
participants spent interacting with objects when 
searching. Here, we expected participants to search 
heavy cubes less exhaustively than the light cubes 
due to the extra effort and load required to rotate 

the heavier cubes. This should manifest itself in 
shorter interaction durations for heavy cubes com
pared to light cubes. However, to our surprise, our 
analyses did not confirm this. Instead, our models 
revealed moderate evidence against effort influen
cing interaction durations. Put simply, it appears 
that participants spent similar amounts of time inter
acting with heavy cubes as they did light cubes, 
suggesting that they simply compensated for the 
increased effort. Likewise, we found no reliable evi
dence that differing object types, i.e., distractor 
cubes versus target cubes, influenced interaction dur
ations, nor did target-presence.

Discussion

We engage in many interactive searches on a daily 
basis, and interactive search also underpins many 
societally-important tasks such as radiologists search
ing through computed tomography scans for 
abnormalities (Drew et al., 2013), or airport security 
searching through baggage for threats (Godwin et 
al., 2025). Despite the common nature of interactive 
searches, little prior reesarch has examined interactive 
search in detail (Drew et al., 2013; Godwin et al., 2025; 
Riggs et al., 2017, 2018; Solman et al., 2012). Here, we 
developed a novel interactive search task that 
involved seeking out target objects that had been 
attached to the sides of physical cubes. Unlike past 
research, object interactions were tracked in real- 
time using an optical motion tracking setup. As 
such, ours is the first study, to our knowledge, that 
has acquired such detailed data regarding interactive 
search behavior to date. On some trials, cubes were 
heavy, and on other trials, they were light. The goal 
here was to understand what effects increasing 

Table 1. Model effects and Bayes factors – describing interactive search behavior.
First Interaction Location Next Closest Approach

Parameter Estimate CIs BF Estimate CIs BF

Intercept −0.93 (0.11) −1.14 – −0.72 3.61´106 0.00 (0.07) −0.14–0.14 0.03
Location (Center, Edge) 1.03 (0.25) 0.53–1.52 270.31
Distance (Close, Far) −1.39 (0.21) −1.81 – −0.98 2.42´105

Approach (Next Closest, Not Next Closest) −4.08 (0.35) −4.71 – −3.34 6.19´107

Effort (Heavy, Light) −0.03 (0.10) −0.23–0.17 0.10 0.00 (0.14) −0.27–0.27 0.14
Approach ´ Effort −0.15 (0.38) −0.90–0.61 0.40
Location ´ Distance 0.05 (0.25) −0.44–0.54 0.24
Location ´ Effort 0.04 (0.20) −0.36–0.44 0.21
Distance ´ Effort −0.03 (0.20) −0.43–0.36 0.21
Location ´ Distance ´ Effort 0.10 (0.39) −0.67–0.86 0.41

Note: CIs = Confidence Intervals; BF = Bayes Factor; Bolded CI values = CIs that did not pass through zero; Bolded BF values = BF > 3.20. Values in parentheses 
represent the associated standard error values. Effects were deemed reliable if CIs did not pass through zero and BF > 3.20. All R-Hat values = 1.00.
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levels of effort by increasing the cube weight had 
upon interactive search behaviour and performance.

Our expectation was that, when searching through 
heavy cubes, the increased level of effort would 
impair performance. We predicted that response 
accuracy rates would be reduced, and RTs would 
reduce as well. This we assumed would be an inter
connected set of findings, with participants choosing 
to terminate their searches earlier when the cubes 
required more effort to interact with. The conse
quence of earlier quitting, then would be that more 
errors would be made since participants had not 
engaged in an exhaustive and accurate search 
(Chun & Wolfe, 1996). This is not what we found: 
instead, we found no evidence of any effects of 
effort in terms of either response accuracy or RTs.

Next, we examined the interactive search behavior 
that participants engaged in. Here, we made two sets 
of predictions. First, we examined the probability of 
interacting with the display. Our reason for doing so 
was that models of visual search assume that search 
begins with brief analysis of the search array to deter
mine potential target locations (Corbett & Smith, 
2020; Moran et al., 2016; Schwarz & Miller, 2016; 
Wolfe, 2021). In the context of interactive search, we 
examined this measure to determine whether our 
participants opted to visually search through the 
visible faces of the cubes that were presented to 

them prior to selecting a cube and examining it. We 
found that this was not the case: instead, it seems 
within our experiment, participants began by select
ing the cube nearest to them before systematically 
interacting with the next closest cube to their pre
vious interaction until all cubes had been examined. 
This could be a general principle true of many interac
tive searches – the fact that searchers focus on 
nearest objects and proceed in a proximity-driven 
fashion – likely due to the increased motoric costs 
of interactive compared with visual searches. Past 
work examining interactive searches in the real 
world have not focused on such issues (e.g., Hout et 
al., 2022; Riggs et al., 2017, 2018; Sauter et al., 2020). 
However, it should be noted that since our cubes 
were all the same color, participants had no reason 
to pick a certain cube over any others since from 
their perspective, each cube was no more likely to 
contain a target than the others. That being said, 
prior work examining eye movements and visual 
search has found that searchers tend to focus on 
the center of a search array first (Zelinsky et al., 
1997). It appears then, that the fundamental biases 
regarding object selection differ between visual and 
interactive search. In the context of our study, we 
believe that the tendency observed here to examine 
the next-nearest object is likely the “default” for inter
active searches. Future work that involves interactive 

Table 2. Model effects and Bayes factors – behavioral measures.
Response Accuracy Response Times

Parameter Estimate CIs BF Estimate CIs BF

Intercept 5.21 (0.61) 4.24–6.60 5.70´1016 2.74 (0.06) 2.62–2.85 3.81´1052

Presence (Absent, Present) −1.29 (0.69) −2.63–0.08 4.31 −0.84 (0.05) −0.95 – −0.74 4.79´1013

Effort (Heavy, Light) 0.42 (0.56) −0.67–1.55 0.71 −0.01 (0.03) −0.07–0.05 0.03
Presence ´ Effort −0.30 (0.83) −1.92–1.33 0.87 0.06 (0.06) −0.06–0.19 0.11

Note: CIs = Confidence Intervals; BF = Bayes Factor; Bolded CI values = CIs that did not pass through zero; Bolded BF values = BF > 3.20. Values in parentheses 
represent the associated standard error values. Effects were deemed reliable if CIs did not pass through zero and BF > 3.20. All R-Hat values = 1.00.

Table 3. Model effects and Bayes factors – interaction measures.
Likelihood of Interacting Interaction Durations

Parameter Estimate CIs BF Estimate CIs BF

Intercept 3.19 (0.41) 2.47–4.09 3.55´109 0.68 (0.22) 0.26–1.10 10.33
Target Visibility (Hidden, Immediately Visible) −2.86 (0.63) −4.09 – −1.59 1.13´103

Presence (Absent, Present) −0.15 (0.41) −0.95–0.65 0.44
Effort (Heavy, Light) 0.06 (0.47) −0.88–0.99 0.46 −0.01 (0.20) −0.41–0.39 0.20
Object Type (Distractor, Target) −0.74 (0.41) −1.54–0.06 2.16
Target ´ Visibility Effort 0.40 (0.76) −1.10–1.89 0.86
Presence ´ Effort 0.01 (0.40) −0.78–0.81 0.41
Presence ´ Object Type −0.30 (0.82) −1.90–1.30 0.88
Effort ´ Object Type −0.08 (0.40) −0.88–0.71 0.42
Presence ´ Effort ´ Object Type −0.05 (0.80) −1.62–1.53 0.81

Note: CIs = Confidence Intervals; BF = Bayes Factor; Bolded CI values = CIs that did not pass through zero; Bolded BF values = BF > 3.20. Values in parentheses 
represent the associated standard error values. Effects were deemed reliable if CIs did not pass through zero and BF > 3.20. All R-Hat values = 1.00.
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search of real-world objects that are visually dis
tinguishable from one another would help to unpick 
this idea further. For example, this could include 
real-world experiments wherein, as in Dewis et al. 
(2025), some objects are heavier than others and 
can be distinguished by their color (heavy objects 
being one color and light objects being a second 
color). As noted above, Dewis et al. (2025) found 
that participants focused on the light objects first in 
each trial, but since that was a virtual interactive 
search study, if we were to repeat that study in the 
real world using our current paradigm, we may well 
find that the focus on light objects first would be 
reduced or eliminated entirely.

In addition to this, we also analyzed the time spent 
examining each cube, under the notion that partici
pants would search the heavy cubes for less time 
given the effort to physically hold and manipulate 
them. For both measures, as was the case with the 
behavioral measures, we found no evidence of any 
kind regarding effects of effort.

In all cases, then, we found no evidence that any 
discernible effects of effort had emerged. We were 
surprised by this pattern of results, in part because 
they did not match our expectations, but also 
because, during the data collection itself, participants 
often commented that the heavier cubes felt more 
fatiguing or even frustrating to work with. This is 
especially the case given that participants were only 
lifting the cubes with a precision grip, meaning that 
they were relying on only a thumb and one finger 
to pick up and place down the cubes. Certainly 
when we piloted the experiment, we found the 
cubes to “feel” effortful to pick up, manipulate and 
put down, and the participants in our study also com
mented to that effect (some even gave out an audible 
sigh when interacting with the heavy cubes!). What 
we have found then, is a disconnect between the per
ceived or subjective exertion of effort and any resul
tant impairments in performance. We believe that 
our heavy cubes were more effortful for participants 
to work with, but that the increased effort was insuffi
cient to directly impair search performance. Rather 
than be negatively affected by the heavier cubes, par
ticipants instead “rose to the challenge” because the 
additional effort involved in searching the heavy 
cubes did not exceed their threshold or limit for per
formance. Of course, it is worth noting that the 
absence of effects may simply be a result of the 

context of our task, i.e., although we found no 
effects of effort, that is not to say that effort does 
not influence interactive search. To truly determine 
this, however, further research is needed, likely with 
heavier cubes or other approaches that make the 
search more effortful and demanding.

Despite the lack of effects regarding effort, we can 
still ask an important question: how comparable is 
visual search to interactive search? Our analyses 
revealed that target-absent RTs (M = 25.46, SD =  
11.88) were around twice the length of target- 
present RTs (M = 12.24, SD = 7.32), as is the case in 
visual search. One discrepant finding did emerge, 
however. We found that response accuracy rates for 
target-absent trials were no different to those for 
target-present trials. This was unexpected since in 
visual search, target-present trial accuracy is typically 
lower than target-absent trial accuracy. What can 
explain this discrepancy? We believe it not to be a 
consequence of low set size; although participants 
need only interact with four cubes, a total of 24 
objects (T and L shapes) still needed to be examined 
per trial. This is, in fact, a larger object set size than 
many standard visual search tasks. One possible 
answer is that interactive search operates at a 
slower speed than visual search, and the byproduct 
of this is that searchers examine targets and distrac
tors for longer periods of time, resulting in more accu
rate detection rates. For example, envision a standard 
visual search task where a searcher has fixated a 
target for 150 ms yet proceeds to miss that target. 
In an interactive search task, where searchers must 
manually rotate and manipulate a cube such as in 
our study, it would be unlikely that a searcher 
would rotate that cube at such a velocity that any 
of the faces would only be visible for as brief a 
period of time as 150 ms. As such, this increased 
exposure time may enable the observed increased 
rates of target detection found within our study.

Overall, we utilized a novel methodology to gain 
some fine-grained insights into interactive search per
formance and behavior. Although we found no evi
dence of any effects of effort, we offer three 
important contributions to the literature. First, our 
methodology and tracking of individual cubes 
enabled us to determine that interactive search uti
lizes a “nearest-next” strategy with searchers interact
ing with the nearest cube to them on each trial, at 
least within our study. Second, we found that rather 
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than waiting and examining the already-visible cube 
faces at the start of each trial, searchers opted 
instead to simply select a cube and begin interacting 
with it. Third, we found that there is at least one point 
in which interactive search is not the same as visual 
search, in terms of the fact that response accuracy 
rates were no different between target-present and 
target-absent trials. We note the importance of 
more detailed examinations of the effects of effort 
in interactive search in future research, primarily 
using heavier weights or objects that are somehow 
more demanding to work with.
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