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Figure 1: This paper evaluates the visual, haptic, and visuohaptic encoding conditions on the memorization of objects in Virtual
Reality. Our results show that visuohaptic encoding produces the lowest error rate and response time.

ABSTRACT
Although Virtual Reality (VR) has undoubtedly improved human

interaction with 3D data, users still face difficulties retaining impor-

tant details of complex digital objects in preparation for physical

tasks. To address this issue, we evaluated the potential of visuo-

haptic integration to improve the memorability of virtual objects

in immersive visualizations. In a user study (N=20), participants

performed a delayed match-to-sample task where they memorized
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stimuli of visual, haptic, or visuohaptic encoding conditions. We as-

sessed performance differences between these encoding modalities

through error rates and response times. We found that visuohaptic

encoding significantly improved memorization accuracy compared

to unimodal visual and haptic conditions. Our analysis indicates

that integrating haptics into immersive visualizations enhances the

memorability of digital objects. We discuss its implications for the

optimal encoding design in VR applications that assist professionals

who need to memorize and recall virtual objects in their daily work.
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1 INTRODUCTION
Virtual Reality (VR) systems have predominantly relied on vision as

their primary sensory modality for user interaction, which is par-

ticularly the case for immersive scientific visualization platforms

facilitating the exploration of digital objects [33, 57, 88]. For exam-

ple, professionals working in the fields of medicine [23, 82] and

paleontology [20, 100] leverage such systems to examine digital

replicas in preparation for real-world interventions. Despite immer-

sive visualization advancements, challenges arise when users must

memorize complex details of working objects and retain such infor-

mation across contexts to process real-world objects. Human errors

often occur when users rely on visual memory to recall important

object features once they have left the VR environment to perform

a real-world task [67, 103].

To reduce errors from visual memory recalls, the integration of

haptic feedback into VR settings is regarded as a potential improve-

ment to the interaction with digital models [52, 60, 64, 105, 124].

Visuohaptic integration, the coherent combination of vision and

touch, has been investigated for its potential to enhance cognitive

tasks related to perceiving and manipulating objects within virtual

environments [48, 66, 89]. The well-documented cognitive synergy

between touch and sight suggests that this approach could lead to

more robust mental representations of digital objects [1, 25, 43, 63].

Although the literature documents certain cognitive benefits of

immersive visuohaptic object exploration, a research gap remains

regarding understanding the memorability of such interactions.

While previous studies have primarily focused on different aspects

of sensory processing, attention, and perception, the impact of

visuohaptic encoding on the retention of object characteristics is not

sufficiently understood and requires further investigation [37, 117].

Here, we present a behavioral study to investigate whether visuo-

haptic interaction in VR enhances user performance in a delayed

match-to-sample task (DMTS), a well-established procedure for

assessing the accuracy of object retention over time [25, 36]. The

DMTS task is commonly applied in psychology and neuroscience

to investigate the cognitive processes involved in the retention

of visual [40, 102] and haptic information [108, 109, 128]. Partic-

ipants retained stimuli encoded by visual, haptic, or visuohaptic

exploration and, after a delay, performed a two-alternative forced

choice (2AFC) to distinguish the retained stimulus from a foil. In this

within-subject design study, we tested for differences between the

three experimental conditions regarding error rates and response

times.

Our data indicated that supplementing haptic information sig-

nificantly reduced error rates, as we found improved performance

in the visuohaptic condition compared to the visual or haptic-only

conditions. However, visuohaptic encoding did not reduce response

time. Our findings are relevant to the design of human-computer in-

teraction interfaces that optimally inform users of the properties of

complex digital objects in a manner that aligns with natural human

sensory integration capabilities. Leveraging such efficacy might

improve the design of interfaces targeting practitionerswhosework-

flows require accurate memorization of digitalized objects within

VR environments.

2 RELATEDWORK
2.1 Virtual Reality in Data Visualization
VR is becoming increasingly common in visualizing 3D models

and image datasets [8, 53]. Since the late 80s, researchers have

been assessing the utility of VR in enhancing the exploration and

analysis of complex data for various applications, including vi-

sualizing heritage artifacts and planning surgical interventions

[19, 85, 97, 101, 113]. Recently, VR has been integrated into commer-

cially available and open-source scientific visualization and analysis

platforms such as Slicer, Amira, and ParaView [96, 111, 119]. This

trend may be explained as an attempt to leverage the technology’s

known capabilities in improving users’ ability to interpret and ma-

nipulate complex object structures, given the rich set of spatial and

depth cues provided by immersive data exploration [13, 81, 94].

Subsequently, VR has been demonstrated to increase presence, the
sensation of being immersed in a virtual environment that can

extend to responding to digital stimuli as if they were real [41]. In

its turn, presence may be valuable to scientific visualization as it

knowingly enhances performance on spatial cognition tasks, im-

proving situational awareness, spatial judgments, and navigation

[78, 92, 94, 113]. In essence, VR is becoming increasingly common

in visualizing 3D models and image datasets due to its potential to

enhance interaction with complex data representations and foster

cognitive performance in scientific visualization tasks.

2.2 Memorability in Immersive Visualizations
While the literature presents a number of cognitive advantages of

immersive visualization, studies assessing its effect on memora-

bility yielded mixed results, indicating that its potential retention

improvements may be context-dependent and limited to certain

workload conditions [11, 38, 55, 116]. Under the premise that both

encoding and testing occur under the same immersive conditions,

Krokos et al. suggested that VR’s embodied interaction with virtual

objects could yield superior information recall in comparison with

desktop displays [59]. Buttussi and Chittaro observed improved

retention of spatial knowledge regarding distance estimations and

spatial relations with VR compared to a touchscreen device [14].

Wrage et al. compared tracked and untracked head-mounted dis-

play rotations and attributed improved object location recall perfor-

mance in VR to self-initiated vestibular and proprioceptive rotations,

demonstrating that the advantages of VR in encoding spatial in-

formation may be extraocular [126]. However, immersive learning

seems to be subject to the context-dependent memory effect, which

posits that memory performance depends on whether encoding and

recall occur in matching environments [35]. This effect was initially

demonstrated between incongruent physical environments. Still,

Lamers and Lanen replicated this study to assess its applicability to

immersion and found that switching from a virtual to a physical

environment impacts the ability to recall information [67]. Roo

et al. also observed that users cannot transfer object information

https://doi.org/10.1145/3679318.3685349
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between virtual and physical spaces and found higher error rates in

position estimates learned in VR [103]. Shin et al. also demonstrated

that object memory is better recalled when encoding and retrieval

contexts are congruent [112]. An increased sense of presence and

its associated attention arousal could also be responsible for lower

performance in subsequent real-world memory tasks, as demon-

strated by Bailey et al. through free and cued recall tasks [5]. In

summary, immersion improves visualization memorability as long

as encoding and retrieval occur within the virtual environment.

Still, this effect might be context-dependent as users appear to be

unable to retain object information optimally between virtual and

physical settings.

2.3 Improving Immersive Visualization
Memorability with Haptics

As VR visualizations endure memorability issues, it is worthwhile

to investigate further factors that may improve the retention of

objects displayed in immersive environments. Studies comparing

immersive visualizations and data physicalization might point to

haptics as a candidate for enhancing memorability in this con-

text. Ren and Hornecker compared memorability in VR and tan-

gible modalities and found that VR had inferior recollection and

understanding performance compared to data physicalization, an

approach involving physical representations of information [98].

Jansen et al. conducted a similar study that attributed this effect

to the sense of touch, highlighting the importance of haptics in

cognitive processes [44]. Integrating information from vision and

touch may result in perceptual advantages, including increased

feature salience, resolution of perceptual ambiguities, and unified

object perception [66], thereby allowing the formation of a more

detailed and accurate mental image of objects. Beyond research

on visualization, findings in the domain of cognitive neuroscience

also raise the question of whether integrating sensory informa-

tion from multiple modalities could potentially improve retention.

While visual and haptic information is initially processed in dis-

tinct brain regions, the modality-specific processing ultimately

converges in brain regions that code modality-overarching abstract

mental representations of shape [18, 24, 25]. Neuroimaging studies

have demonstrated specified brain regions that integrate haptic

and visual shape and object information [1, 37, 43]. Supplement-

ing haptic information might, therefore, support the accuracy of

a formed mental representation of an object. Behavioral studies

involving object identification indicate that vision and haptics share

representations [52, 75]. These sensory modalities rely similarly on

shape information and exhibit analogous object identification error

patterns [31]. While comparisons between VR visualization and

data physicalizations hint that haptics could enhance visualization

memorability, extensive research on the cognitive synergy between

touch and sight upholds the value of investigating this proposition

due to its potential to produce robust mental representations of

digital objects.

2.4 Haptic Integration into Data Visualization
The integration of haptics into visualizations has been explored

since the early 1990s when Brooks et al. presented a haptic dis-

play that implemented force fields in a virtual environment that

allowed the interaction with protein structures [12]. Iwata and

Noma later introduced the concept of volume haptization [42], and

Avila and Sobierajski presented a haptic interactive method for dis-

playing tomographic volume data as force feedback using Massie

and Salisbury’s PHANToM device [2, 79]. Haptic rendering devel-

opments such as Ruspini and Khatib’s finger-proxy algorithm [104]

and Zilles and Salisbury’s god-object method [130] addressed their

technical challenges, and established haptics in data visualization

with proven benefits. For instance, interfaces combining haptic and

visual rendering have facilitated understanding the complex scalar,

vector, and tensor fields [69]. As occlusion is a common issue in

volume rendering, haptics have been proven to improve the detec-

tion of faint data structures [91]. The introduction of haptics in

this context has also been established to improve target selection

[122], path following [30, 93], and volumetric data navigation [83].

The integration of haptics in visualizations has been demonstrated

to enhance conceptual learning [6, 9]. Haptics also have a demon-

strated ability to improve presence in immersive visualizations [58].

Despite the benefits of integrating haptics into immersive visual-

izations, potential improvements for the memorability of digital

objects have been studied to a far lesser extent.

2.5 Visuohaptic Integration Effects in Object
Retention

Regarding the effects of visuohaptic integration on object memory

retention, several behavioral studies have investigated the impact of

combining vision and active touch on object retention and working

memory. For example, Desmarais et al. explored the impact of visuo-

haptic integration on the identification of physical objects, focusing

on the influences of stimulus similarity, cross-modality transfer and

interference, and congruence to demonstrate that haptic and visual

identification rely on shared representations [22]. Comparing the

support of vibrotactile and exoskeleton force feedback gloves in

identifying a limited set of familiar primitive shapes, Kreimeier et

al. reported that vibrotactile feedback increased detection rates in

comparison with force feedback but negatively impacted speed [58].

Kalenine et al. demonstrated that active touch combined with visual

cues improved shape identification of physical objects compared to

visual learning alone [50]. Using a pattern-matching task to investi-

gate the interplay of visual and haptic processing in cognitive load,

Seaborn and colleagues found that the incorporation of fingertip

vibrotactile cues in this task does not hamper working memory as

previously hypothesized, adding that integrating visual and haptic

information improves recall performance compared to unimodal

presentation [110]. Exploring the effects of visual, haptic, and vi-

suohaptic exploration as prior knowledge to visual learning to test

its impact on learning speed and recognition performance, Jüttner

et al. found significant effects of prior haptic knowledge in mea-

sured outcomes [47]. Similarly, Wijntjes et al. found that combining

haptic and visual information led to a more accurate perception of

3D shapes compared to vision alone, suggesting that touch helps

resolve visual ambiguities and enables veridical interpretation of

retinal projections [123].

Although prior research has separately improved our understanding

of different interactions between immersion and haptics with object
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memorability, the literature still has a gap in directly examining the

potential of visuohaptic integration in enhancing the retention of

objects encoded in VR. This study aims to address this literature gap

through a behavioral research that compares the effects of different

sensory modality conditions in improving accuracy and efficiency

in a working memory task, as described in the following section.

3 METHODOLOGY
We employed a DMTS task in a within-subjects design study with

three encoding conditions: haptic, visual, and visuohaptic. The vi-

sual presentation was delivered with a VR setup, which was supple-

mented with a grounded force-feedback haptic device. We assessed

error rate and response time to evaluate potential performance

advantages due to the supplementation of haptic feedback. Based

on the literature reviewed above, we hypothesized the following:

H1: The error rate is the lowest in the visuohaptic encoding

condition, followed by visual and haptic encoding.

H2: The response time is the lowest in the visuohaptic encoding

condition, followed by visual and haptic encoding.

Figure 2: A participant using VR and a force-feedback device
during an experimental trial.

3.1 Participants
Participants were right-handed, without report of neurological or

psychiatric disorder, and possessed normal or corrected-to-normal

vision. None of the participants had prior experience with grounded

force-feedback haptic devices. Participants were naive concerning

our research objectives. We recruited participants through adver-

tisements posted on online forums. All the participants provided

written informed consent. Participants were was compensated mon-

etarily for their time. To ensure data quality, we excluded datasets

of participants whose overall performance was below 60% (fewer

than 54 out of 90 correct responses), which represents the minimum

score required to perform significantly above chance at 𝑝 < .05

according to a binomial probability distribution. Twenty-three par-

ticipants completed the study, but three datasets were excluded

(48.9%, 58.1%, and 45.1% mean performance), leaving N=20 (age:

31.7 ± 5.06 years, 8 males, two non-binary participants) for the

analyses. Although our sample size is within the typical range of

other HCI studies [15], we acknowledge its limitations in terms of

statistical power.

3.2 Procedure
Upon arrival, participants provided their written informed consent

and demographic information. Next, they were familiarized with

the experimental setup, and we consistently aligned the haptic de-

vice with their right shoulders to maintain similar pivoting ranges

across participants. Then, participants performed nine guided train-

ing trials of unlimited time, three for each condition, with manual

transitions between the memorizing and testing phases. Partici-

pants were allowed to train until they reported feeling properly

prepared to perform the task. They were allowed pauses between

the runs at their convenience. Every participant completed 90 over-

all trials, divided into six experimental runs of 15 trials each, taking

approximately 10 minutes each, followed by pauses between one

and five minutes per participant preference. Each experimental

run contained three trial blocks of 5 trials, randomized in order,

corresponding to the three experimental conditions. The haptic

device was recalibrated between runs. The calibration procedure

involved placing the device’s stylus inside its inkwell, which al-

lowed its software to match physical and virtual probe positions,

which could eventually become incongruent through usage and

cause inconsistent sensory feedback. Figure 3 illustrates the study

procedure.

3.3 Apparatus
The hardware setup included a custom desktop computer (Intel Core

i9-9900KF CPU 3.60GHz, 32 GB RAM, NVIDIA GeForce RTX 2080

Ti) with a configuration for stable VR and haptic rendering at ap-

propriate refresh rates. The application was developed onWindows

10 using Unity 2021.3.5f1 with the OpenHaptics and SteamVR plug-

ins. The virtual scene presenting the stimuli was visually rendered

using a Valve Index VR headset, which is a high-resolution device

with low latency, precise tracking, a high refresh rate, and a wide

field of view. These were essential for the appropriate rendering of

3D stimuli. Haptic interaction utilized 3D Systems Touch grounded

force-feedback device. Such devices are commonly utilized in simi-

lar studies due to their proven capacity to convey intrinsic object

information [80].

3.4 Stimuli
We created a stimulus with a unique shape for each trial to avoid

any stimulus-driven confounds across trials and conditions. The

same stimulus set was used across participants, where trials were

randomized in order. Figure 4 (left) shows an example stimulus.

The stimuli comprised square surface patches composed of beveled

blocks on 5x5 matrices, inspired by the design presented by Phillips
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Description

Eligibility

Consent Form

Trial Length - Encoding: 7s, Delay: 5s, Testing: Up to 14s
Experimental Run: ~10 minutes. Study: 60-80 minutes total

Demographics

Training Trials

Recruitment Boarding Experimental Runs (Example) Debriefing

Run 1 Run 2 Run 3 Run 4 Run 5 Run 6

Block 1

Block 2

Block 3

Figure 3: Illustration of the study procedure. After providing written informed consent and demographics, participants were
trained on the task and accommodated with the VR environment and haptic feedback. Participants completed six trial runs
containing five trials grouped in single-condition blocks, where the order of conditions was randomized across participants.
Cells with� denote the visual condition, while� describe haptic and�� are visuohaptic conditions.

Figure 4: Sample stimulus (left) and its corresponding Foil
stimulus (right) used in a 2AFC. The stimuli are 3D 5x5matri-
ces with continuous paths of 8 connected beveled blocks and
one beveled block outside the path. The foil stimulus differs
from the sample by a one-block change either to the path
or the single modified block. Each trial presented a unique
Sample/Foil pair for each trial.

and Christie [95] and further developed to fit three-dimensional re-

quirements as in Cattaneo et al. [16]. However, differently from the

latter, our stimuli presented height variations instead of changes in

color and texture as these are modality-specific object information

[63]. To generate the stimuli, we employed a self-avoiding walk

algorithm [77] to connect target positions, randomly placing eight

blocks as continuous paths that visited selected cells exactly once.

After creating a path, the algorithm randomly modified one block

outside the path. Modified cells were beveled by 1/4 of their re-

spective height, with each side containing a 45-degree slope that

allowed the probe to unhinderedly slide in and out of the stimulus

path. A beveled path was chosen, as we expected participants to

employ contour following to explore stimuli within the limited en-

coding time [70]. Beveling adapted to the cell’s position within the

path, whether it functioned as an extremity, corner, or pass-through

path block. We controlled for differences in size and color to pre-

vent modality encoding bias that could aid identification in a single

modality [72]. For every stimulus, a foil stimulus (see Figure 4;

right) was created to be presented with the stimulus in the 2AFC

task described below. Foils differed from the original stimulus by a

one-cell change to either the stimulus’ path or to its single modified

cell. For path modifications, beveled slopes changed to keep the

path as continuous as on its accompanying sample. When single

cells were targeted, they changed location to a random neighboring

available cell.

3.5 Task
Figure 5 summarizes the task structure. We administered a DMTS
task, a cognitive assessment tool involving the presentation of a

sample stimulus for encoding, followed by a delay phase without

the presence of the stimulus to maintain a mental representation of

it [21, 84]. At the end of the delay, participants performed a 2AFC
task, in which they had to identify the retained sample alongside a

foil - a distractor stimulus resembling the original sample [10]. In

the stimulus encoding phase, a sample stimulus of one of the three

experimental conditions (i.e., visual, haptic, or visuohaptic) was

presented at the center of the working space for seven seconds. Af-

ter a five-second delay, participants were allowed up to 14 seconds

to explore sample and foil stimuli to report which was identical

to the retained stimulus. To indicate their decision in this 2AFC

task, participants used the left-hand thumb VR controller joystick

to reveal the side of the target stimulus. The target positions were

random and balanced across trials to exclude the effects of poten-

tial response biases. Upon responding, participants received visual

feedback regarding the correctness of their choice, either as a green

thumbs-up or a red thumbs-down, displayed in the middle of the

scene. A five-second inter-trial interval separated answering from
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Experimental Run 1

Condition Block 1

(Visual, Haptic, or Visuohaptic)

Trial 1

Encoding Phase (7s)

Delay (5s)

Testing Phase (up to 14s)

Inter-trial Delay (5s)

Remaining Trials

(5 total per block)

Condition Block 2 (Different condition)

Condition Block 3 (Different condition)

Remaining Experimental Runs

(6 total)

Experiment

Figure 5: Summary of the experiment. Six experimental runs were divided into three counterbalanced single-condition blocks,
each containing five trials of its condition. Each trial was divided into: 1) the encoding phase, 7 seconds; 2) the delay: 5 seconds;
and 3) the testing phase: up to 14 seconds.

the start of the subsequent trial. Participants were asked to raise

the haptic device’s stylus to keep it from touching the stimuli cover

before the beginning of a new trial.

As illustrated in Figure 6, a gray layer covered stimuli in all

conditions in both the learning and testing phases. The stimuli

could only be explored using the probe to perform exploratory pro-
cedures, such as lateral motion and contour following [70], that

would reveal the stimuli through a circular aperture window at

the touched location. This sampling limitation aimed to make the

different experimental conditions comparable, as vision and touch

significantly differ in the rate and range in which they can encode

object information, with vision being able to sample at a fraction of

the time it would take touch [70, 71]. Haptic exploration is typically

performed through successive impressions [34], but as our task

design limited visualization to only the touched areas, both visual

and haptic exploration are to be performed at the approximately

same pace and scope of information sampled per time. Additionally,

the task was designed in such a manner as to cause participants to

explore stimuli through similar movements under the three condi-

tions as to prevent a confounding factor, as humans generally rely

on vision and prioritize it to perceive geometric features [129]. Our

choice for viewport diameter was inspired by results from Loomis,

Klatzky, and Lederman, who found comparable performance be-

tween unimodal haptic and vision conditions when the simulated

visualization window’s aperture was equivalent to the touched area

[76]. Participants could reveal the stimulus’s appearance at the

probe location in the visual condition. Under the visuohaptic condi-

tion, participants could examine the properties of stimuli through

both vision and touch. In contrast, under the haptic condition, par-

ticipants could only obtain haptic information at touched locations

without visual cues.

Figure 6: (a): A participant moves the virtual probe towards
a sample during the learning phase. (b): A mask reveals the
stimulus at the touched location. (c): Sample and foil explo-
ration during the testing phase.

3.6 Independent Variables
We define encoding modality as an independent variable in our

study design. The Encoding Modality contains three conditions:

Visual, Haptic, and Visuohaptic. In trials of the Visual condition,
participants explored the sample stimulus only visually through

an aperture window, as described above. The haptic feedback was

limited to a flat surface to assert that they were in contact with

the stimulus, but no force feedback on the stimulus characteristics

was applied. In contrast, force feedback was provided in trials in

the Haptic condition, while no visual stimulus characteristics were

presented. In the Visuohaptic condition, both force feedback and

visual appearance were presented.

3.7 Dependent Variables
We measure Error Rate and Response Time as dependent variables.
Error Rate is assessed as the relative number of incorrect responses,
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namely selecting the foil instead of the target stimulus. Response
Time was evaluated as the elapsed time between the onset of the

testing phase, i.e., the onset of target and foil stimulus display, and

response action, i.e., the completion of a lateral joystick movement.

4 RESULTS
A total of twenty-three participants completed the study. From the

initial pool of participants, those whose overall performance was

below 60% (fewer than 54 out of 90 correct responses) were excluded

from analysis, as this cutoff represents the minimum score required

to be performing significantly above chance at 𝑝 < .05 according to

a binomial probability distribution. Thus, the final analysis included

a total of 20 participants. We statistically investigate the error rate

and the response time for significant differences between the condi-

tions. We use a Shapiro-Wilk test to examine the distribution of our

measures. Greenhouse–Geisser corrections are applied whenever

the assumption of sphericity is violated. Then, we apply statistical

testing to investigate our measures for statistical differences. We

report Cohen’s d as a measure for the effect size.

Haptic Visual Visuohaptic
Condition
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Figure 7: Error rates per condition. Asterisks indicate sig-
nificant differences between conditions, as determined by
Bonferroni-corrected t-tests. Significant differences were
found between all conditions. Trials in the visuohaptic con-
dition resulted in the lowest error rates, while trials in the
haptic-only condition resulted in the highest error rates.

4.1 Error Rate
A Shapiro-Wilk test indicated that the error rate was normally

distributed (𝑝 > .05). Thus, we conducted a repeated measures

ANOVA, revealing a significant main effect for our conditions,

𝐹 (2, 38) = 30.59, 𝑝 < .001. Bonferroni-corrected post-hoc t-tests

revealed a substantial difference between haptic and visual, 𝑡 (19) =
4.73, 𝑝 < .001, 𝑑 = 1.27, haptic and visuohaptic, 𝑡 (19) = 6.75, 𝑝 <

.001, 𝑑 = 1.93, and visual and visuohaptic conditions, 𝑡 (19) =

3.3, 𝑝 = .011, 𝑑 = 0.41. The haptic-only condition elicited the high-

est error rate (M = 0.37, SD = 0.06), followed by visual (M =0.24, SD

= 0.13) and visuohaptic conditions (M = 0.19, SD = 0.11). Figure 7

shows the mean error rate per participant.
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Figure 8: Averaged response times per condition. Asterisks
indicate significant differences between conditions, as deter-
mined by Bonferroni-corrected Wilcoxon signed-rank tests.
Haptic-only encoding resulted in the highest response times,
while both visual and visuohaptic encoding resulted in lower
response times.

4.2 Response Time
AShapiro-Wilk test indicated that response timeswere not normally

distributed (𝑝 < .05). We, therefore, applied a Friedman test for

non-parametric testing. The Friedman test resulted in a significant

main effect, 𝜒2 (2) = 10.9, 𝑝 = .004. Bonferroni-corrected Wilcoxon

signed-rank post-hoc tests revealed a significant difference between

haptic and visual encoding, 𝑝 = .012, 𝑑 = 0.63, and haptic and

visuohaptic encoding, 𝑝 = .003, 𝑑 = 0.68. No significant difference

was found between visual and visuohaptic encoding (𝑝 > .05).

Haptic encoding caused the highest response times (M = 11.02, SD

= 2.17), followed by visual (M = 9.50, SD = 2.58) and visuohaptic

encoding (M = 9.39, SD = 2.57). Figure 8 illustrates the response

times.

5 DISCUSSION
Here, we investigated the effects of supplementing VR visualization

with haptic force feedback. Our results showed that integrating hap-

tic information during stimulus encoding (visuohaptic condition)

lowered error rates compared to visual encoding alone, supporting

our main hypothesis (H1). We did not find a reduction in response

time (H2). Together, these results show the potential benefits of

forming a more accurate mental representation of an object if haptic

force feedback is provided in addition to visual information and

may inspire future research to improve the performance in different

tasks that rely on an accurate representation of a 3D object.
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5.1 Visuohaptic Encoding Reduces Error Rates
The reduced error rates that we observed in our results are in line

with previous research concerning the integration of sensory in-

formation from different modalities into shared representations

[28, 31, 52, 75]. In the visuohaptic encoding condition, the integra-

tion of visual and haptic sensory input can provide redundant and

complementary information about the same stimulus, which may

lead to a more accurate mental representation of three-dimensional

objects [28, 90]. Visuohaptic encoding may also have facilitated

object identification by providing more retrieval cues than either

visual or haptic unimodal encoding alone [27]. Multisensory en-
hancement might also elucidate the observed effect, as the response

to bimodal stimulation yielded greater accuracy than the response

to vision, the most effective of its component senses [121]. Another

potential account for the observed advantage of visuohaptic encod-

ing would be the early multisensory facilitation process described

by Stein and Meredith [120], which posits that responses to mul-

tiple congruent sensory information about objects may underlie

behavioral benefits. Edelman explains this phenomenon through

the concept of reentry, the explicit interrelating of different simul-

taneous representations across sensory modalities that mutually

educate their counterparts and result in enhanced learning [26, 115].

Although our experiment is not directly comparable with previ-

ous studies, our results are generally alignedwith their observations

in that visuohaptic integration reduces error rates. Kreimeier et al.

also observed lower error rates in visuohaptic object identification,

although comparability is limited as their corresponding experi-

ment employed exoskeleton gloves and a limited number of famil-

iar primitive shapes, whereas our experiment utilized grounded

force-feedback and a much higher number of unfamiliar and more

complex objects [58]. Although their experiment explored a dif-

ferent paradigm, Jüttner et al. also observed significant effects of

haptic integration on object identification accuracy [47]. Reporting

on a pattern-matching task involving a fingertip interface, Seaborn

et al. reported that dual-coding of both visual and haptic modes

increases recall accuracy [110]. Performance-hindering effects of

visuohaptic integration were reported by Stahlman and colleagues,

who attributed the lower performance of visuohaptic encoding to

overshadowing. However, it is possible that manual exploration of

physical objects impacted the visual component of bimodal encod-

ing as it may have occluded viewing, which would explain why

haptic training disrupted visual recognition at test while the oppo-

site effect was not observed [118]. Desmarais et al. presented similar

error rates when comparing bimodal encoding with haptic and vi-

sual conditions [22]. However, the experiments they described are

arguably different in both encoding and testing settings as their

bimodal encoding of physical objects occurred sequentially, while

the testing phases in their experiments involved separate haptic and

visual phases as they were interested in the effects of cross-modality.

In summary, our findings are generally consistent with the trend

observed in previous studies of different designs and scopes, with

a few exceptions that may be attributed to stark differences in ex-

perimental paradigms and encoding conditions. This suggests that

visuohaptic integration can enhance object identification accuracy.

5.2 Visuohaptic Encoding Did Not Reduce
Response Time

Differently from what we hypothesized, our results did not sup-

port a significant difference between visuohaptic encoding and

its visual counterpart in terms of response latency, which may

be a surprising outcome given the accompanying error rate re-

sults. Authors who observed similar effects, such as Miquée et al.,

have provided a rationale for such a discrepancy and described

its potential causes, noting that in their object discrimination task

using position tracking and neuroimaging, participants only ex-

pressed their decisions after thoroughly exploring both target and

foil objects instead of responding as soon as salient and decisive dif-

ferences between these objects were detected [86]. The unexpected

discrepancy between observed accuracy and response latency per-

formance scores might also involve item-level feedback, which

in our experiment included answer correctness but not response

times, potentially causing participants to shift their position on

their speed-accuracy tradeoff curve [127] and prioritize accuracy

over speed performance [61]. The dynamics of the task’s explicit

time limit and the two-alternative forced choice might also account

for unexpected response latency results as participants might make

assumptions about the optimal decision time based on the response

deadline and be inclined to approach the upper limits [10], espe-

cially if participants perceive a higher incentive for accuracy than

for speed.

Our results align with findings from Seaborn et al., who did

not encounter a significant difference in participants’ task times

between the visual and visuohaptic modes [110]. Desmarais et al.

even reported slower response times for participants in the visuo-

haptic learning condition in both visual and haptic identification

modalities [22]. Accordingly, Kreimeier et al. reported slower re-

sponse times for the visuohaptic condition in comparison with its

unimodal visual counterpart. However, the authors admit potential

performance-deterring inadequacies of exoskeleton force feedback

gloves used in their apparatus, as such gloves are still in the early

phases of technological development in comparison to other haptic

displays [58].

5.3 Performance on the Haptic Condition
Contrasts with Visual and Visuohaptic
Counterparts

As proof of principle and replication of a highly expected effect, the

large performance differences observed between the unimodal hap-

tic encoding and conditions comprising a visual component were in

line with expectations. This finding confirms that our experimental

design effectively captured the well-established phenomenon that

humans generally rely on vision and prioritize it to perceive and

compare spatial characteristics of unfamiliar objects [62, 99, 129].

In comparing visual and haptic systems, Lederman et al. stated that

haptics produce substantial error when deriving information about

spatial properties of objects and attributed this trend to the sys-

tem’s low spatial resolution as well as its memory and integration

demands [71]. Adequately extracting object characteristics solely

through haptic exploration occurs at a much slower rate than vi-

sion [74]. Newell et al. needed to allow participants more time for

haptic learning in comparison to its visual counterpart to equate
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these encoding modalities [90], so it was plausible to expect our

experiment’s haptic condition to underperform as it was given the

same amount of time as the visual condition. Lacey and Sathian

attribute this asymmetry between vision and touch to their rela-

tive efficiencies in encoding shape information, which might be

affected by competition from other salient modality-specific object

properties such as hardness and texture [65].

Our performance levels for this encoding condition are simi-

lar to within-modality object identification numbers reported by

Klatzky and Ernst [29, 52]. Cross-modality studies also generally

agree on the superiority of visual encoding over its haptic counter-

part. [46, 62, 73]. Among comparable studies, a similar gap between

haptic and visual conditions was observed by Seaborn et al. [110].

Stahlman et al. also reported lower accuracy performance in the hap-

tic encoding condition, although their testing was unimodal [118].

In a matrices task that enforced sequential exploration through a

circular aperture window similarly to our experiment, Cattaneo

and Vecchi found that visual stimuli performed better than their

haptic counterparts [16]. Desmarais et al. observed similar results

for error rates but not for response latency, which may be explained

by differences in experimental design, such as the use of physical

objects, the choice for unimodal instead of bimodal for the testing

phase, and the fact that participants in the haptic condition were

granted more than double the encoding time in comparison with

its visual counterpart [22].

Although our study did not aim to compare visual and haptic

or visuohaptic and haptic conditions, we included the unimodal

haptic condition as a control to validate the appropriateness of our

unimodal visual condition. Our experiment’s visual condition could

have been affected by experimental and stimulus design choices,

such as constraining stimulus visualization to probed areas, even

though this visual constraint resembled the established procedures

described by Loomis et al. [76] and Cattaneo and Vecchi [16]. The

fact that the unimodal haptic condition did not outperform its visual

counterpart and that the performance gap between these conditions

resembled previous findings indicated that the visual condition’s

presentation did not deteriorate due to our experimental design.

Thus, results for the haptic condition and its proportionality to

the visual condition support the validity of comparisons between

visuohaptic and visual encoding conditions, thus supporting H2.

5.4 An Experimental Framework for
Comparing the Effects of Encoding
Modalities on Representations

Our study contributes an experimental framework that operational-

izes a working memory task that estimates the accuracy of object

representations. Forming a mental representation of an object is the

first step for any task that you then do with the said object. If mental

representations are formed with high accuracy, then any decision-

making, comparison, and object manipulation task will possibly be

performed with higher precision. The most direct experimental way

to test for the accuracy of a mental representation is to test it in a

DMTS task. This is because it allows us to measure the accuracy of

a judgment that requires detailed and accurate knowledge/mental

representation of an object. Therefore, such a task is susceptible

to assess differences in how well a modality-overarching mental

object representation has been formed. Additionally, we address the

challenges researchers face in isolating and comparing the effects

of encoding modalities on the retention of object representations.

For example, Desmarais et al. reported limitations in assessing vi-

suohaptic integration effects as reliable visual information in their

task eliminated the need to acquire haptic cues [22]. Humans are

biased towards encoding novel object information through vision,

which can simultaneously probe different areas of an object. In con-

trast, haptics is generally limited to sampling information through

successive impressions [51, 125]. Our design homogenizes these

modalities by constraining visual presentation to areas that partici-

pants are actively probing, similar in different aspects to the designs

described by Loomis [76] and Cattaneo [16]. Another common chal-

lenge to the investigation of visuohaptic integration is the occlusion

of visual cues during haptic exploration, which may potentially

be responsible for asymmetric interferences in cross-modal object

identification [118]. Although other researchers have succeeded

at avoiding partial occlusion by presenting visual and haptic stim-

uli sequentially [22], the temporal congruence between bimodal

presentations is known to affect working memory performance

[32]. As our experiment leverages VR, hiding the virtual probe

for the duration of its contact with stimuli enables participants to

leverage unobstructed viewing of probed areas and synchronous

haptic rendering in the visuohaptic condition. Another critical chal-

lenge tackled by our design’s homogenization of sensory conditions

is the equalizing of exploratory movements, which is critical as

active stimulus exploration enhances performance [39]. Our de-

sign levels hand motion across conditions to prevent the enactment
effect [27], as subject-performed tasks would be prevalent in the

unimodal haptic-only exploration as the sole condition requiring

active motor exploration[34], whereas fully-exposed visual stim-

uli would require only passive encoding [11]. Making exploratory

movements comparable across conditions is paramount to prevent

a potential confounding factor, as subject-performed tasks tend to

generate higher object information recall [28].

5.5 Implications for the Design of Data
Visualization Interfaces

Our study’s findings have practical implications for improving the

design of interactive data visualization interfaces and their ability

to promote object information retention as representations created

through visuohaptic learning might be robust and, therefore, easier

to recall than their visual counterparts. As we observed that visuo-

haptic integration yields lower error rates than visual encoding,

incorporating haptic feedback into immersive visualizations may

help users memorize details of complex objects. The benefits of

visuohaptic integration might be particularly relevant to profes-

sionals, such as paleontologists and surgeons, who rely on accurate

mental representations of digital objects to carry out their proce-

dures [20, 82, 114]. Previous research on immersive visualization

design spaces recommended leveraging haptics as an encoding

channel in multi-sensory presentation, as virtual reality enables

egocentric perception of spatialized data across senses [87, 106].

Our findings align with such insights, suggesting that integrating

haptics into immersive visualizations may improve memorability.

Nevertheless, it is essential to note that our findings represent an
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initial step in assessing the potential advantages of incorporating

haptics in the data visualization context, as further work is nec-

essary to address the limitations of our experimental design. Our

study employed a DMTS paradigm with a delay that falls within a

short-term memory timeframe [21]. Thus, our findings may have

higher applicability to tasks that require maintaining the charac-

teristics of 3D objects to perform a task with it. In contrast, effects

on long-term memory have to be explored in future studies. Im-

age segmentation, for example, requires professionals to perform

selections from given viewpoints while maintaining coherent repre-

sentations of that object as memorized from other viewpoints [107].

Similar short-term memorization is necessary for 3D modeling,

where practitioners must mentally rotate object representations to

predict the outcomes of given actions while designing 3D objects

[49]. Further research is also needed to improve the ecological valid-

ity of our findings in assisting specific professional workflows and

their corresponding digital objects. Our experiment employed syn-

thesized stimuli to control complexity as a means to avoid creating

confounding factors. However, as complexity remained constant,

we cannot assert that effects would be observable under different

levels of complexity. Our synthetic stimuli were also specifically

conceived to enable unobstructed exploration of samples, which

was essential to enable participants to complete trials in a short

amount of time so that our study could have enough instances for

inferential statistics. However, such a study design choice limits the

generalizability of our results. Future research might benefit from

testing a similar study design using real-world unaltered stimuli,

which could further validate our findings towards specific scenarios

or increase the generalizability of our findings.

5.6 Limitations and Future Work
The first limitation of our study is its relatively small sample size of

participants of specific ages and handedness. Twenty participants

remained in our analyses after three datasets were excluded as par-

ticipants were either unable or unwilling to perform the task and did,

therefore, not exceed chance-level performance. A post-hoc power

analysis indicated that, given the observed effect size between visual

and visuohaptic conditions, a sample size nearly five times larger

would be necessary to reach conventional statistical power levels.

While this constraint is common in HCI [15], this limitation im-

pacts the robustness of our findings. Thus, future studies with larger

sample sizes and variations of the task and stimulus material will

contribute to the generalizability of the reported effects. Participa-

tion was limited to those declaring not having had experience with

grounded force-feedback devices. While this restriction was impor-

tant to prevent confounding factors and decrease between-subject

variability, the adjustment to using the device might vary between

participants. As prior research indicates that performance with hap-

tic devices generally improves through short practice [45], future

research could benefit from testing the utility of haptic feedback

integration in longitudinal study designs. Additionally, we utilized

a 6-degree-of-freedom (DOF) grounded force-feedback device. Our

findings’ generalizability should be further tested with other haptic

feedback devices, e.g., devices with different DOFs, vibrotactile dis-

plays, or exoskeleton data gloves. As we used relatively simple force

feedback, future studies should test for the effects of supplementing

other haptic information such as viscosity, vibration, and friction.

Another limitation of our experiment is that it did not control for

potential interference of verbal strategies, which Lacey and Camp-

bell claim to “facilitate encoding of unfamiliar objects regardless

of modality” [62]. While verbalization could equally affect visual

and visuohaptic conditions, further research could aim to suppress

verbal rehearsal strategies [3] or test for verbal interference [4].

Since the literature establishes that VR impacts object memorabil-

ity, which may impact other factors such as mental workload [55].

Previous research suggested that integrating psychophysiological

measures in immersive settings will provide real-time insights into

user perception [7]. Consequently, the integration of electrodermal

activity [17, 54] or electroencephalography [56] has been suggested

by previous work. Finally, as several variables can affect cognitive

performance in VR [68], it could be valuable to replicate our exper-

imental design using non-immersive rendering and compare our

results to better attribute memorability effects to haptic technol-

ogy. Since immersive visualization carries increased costs to both

system designers and users, assessing whether desktop-based appli-

cations could benefit from the memorability effects of visuohaptic

integration could broaden the impact of our findings.

6 CONCLUSION
Our findings suggest that integrating haptic feedback into immer-

sive encoding of 3D objects may enhance memory accuracy. This

finding indicates that visuohaptic encoding could form more accu-

rate or detailed mental representations of 3D objects than its vision-

only counterpart. Our contribution extends the existing literature

by introducing a delayed match-to-sample task that homogenized

information sampling across modalities and confirmed its appropri-

ateness through a haptic-only control condition, which allowed us

to attribute the reported behavioral benefits to the integration of

haptic information. Altogether, our findings have implications for

the design of interactive systems aimed to convey the characteristics

of complex digital objects in synergy with the human capacity to

integrate sensory information optimally. Interface designers might

consider leveraging visuohaptic integration in immersive data ex-

ploration to better serve professionals whose workflows require

accurately recalling object characteristics.
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