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The retail sector is steadily moving toward virtual commerce (v-commerce), and
the process has recently gained momentum. With the latest developments in headset
technology and the rise of artificial intelligence, virtual shopping has become relevant for
an increasing number of products. In this article, we present a study that combines
consumer behavior research, eye tracking, electrocardiography, machine learning, and
the application of virtual reality. Fifty participants were invited to experience a virtual
scenario, performmultiple mentally demanding tasks, and make a purchase decision for a
product from one of two different product categories. In a post hoc video analysis based
on the first-person view, participants determined different points in time when they would
have appreciated help from an algorithmic user assistance system or a digital human
agent. Our statistical analysis suggests that the desired help-timing depends on the
product category. For fast-moving consumer goods, algorithmic help was requested
particularly early. Furthermore, we collected eye-tracking and electrocardiographic
data to build and evaluate a predictive classification model that differentiates between
three levels of cognitive load. The trained machine learning algorithm aims to classify
cognitive load during decision making, which may indicate the right time to offer help.
Our findings provide evidence that eye movements, in particular, allow service providers
to determine a good moment to approach consumers during their shopping experience.
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The popularity of online shopping has trans-
formed traditional brick-and-mortar stores into
highly competitive virtualmarketplaces (Bourlakis
et al., 2009).While technological advances provide
new opportunities for consumers to visualize and
experience their environment, new business rules
pose challenges for retailers seeking to provide

engaging and meaningful experiences (Reinartz
et al., 2019). With the proliferation of immersive
technologies suchasvirtual reality (VR), the ideaof
the Metaverse continues to fascinate many people.
For immersive shopping scenarios, knowledge
about cognitive processes can help to design highly
personalized user assistance systems (UAS).
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Decision support systems are an elemental tool for
retailers that can severely impact their business
success (Shim et al., 2002). As a subclass, UAS
can be seen as a joint element which “bridge[s] the
gap between the system’s functionalities and the
human’s individual capabilities with the goal of
positively influencing task outcomes” (Morana
et al., 2020, p. 189).
Due to the need for enhanced consumer

experiences, several studies suggest that the
provision of personalized user assistance will
become highly relevant in v-commerce scenarios
(B. Chen &Yang, 2022; Guo & Elgendi, 2013; Z.
Zhang et al., 2013). UAS in e- and v-commerce
include conversational agents (Heßler et al., 2022),
recommendation systems (Xiao & Benbasat,
2007), and virtual assistants (Raut et al., 2023).
In general, user assistance leverages analytics,
data, and technology to help consumers make
informed decisions about various aspects of their
purchases. Examples of algorithmic help offerings
include displaying the most relevant product
reviews from other consumers (Pan & Zhang,
2011) or assisting with interactive decision aids
(Häubl & Trifts, 2000; Pfeiffer, 2011).
With the ability to collect data on neurophysio-

logical responses in VR, new opportunities arise to
create intelligent UAS that adapt to the individual’s
state. Machine learning (ML) plays a crucial role
when building these new UAS as it provides the
basis for artificial intelligence (AI) steering the
system. An intelligent, ML-based, adaptive system
can learn about consumer search motives (Pfeiffer
et al., 2020) using eye tracking (ET). Among the
latest VR headsets, the most common biosensors
areETcameras.For this reason,weutilizeETas the
main neurophysiological sensor to detect visual
attention and predict cognitive load. However,
recent research-grade VR headsets offer further
data sources, like electrocardiographic (ECG)
sensors, and we forecast that a variety of different
sensors will be available, as well as additional
wearables. For example, electroencephalography
(EEG) earbuds (Athavipach et al., 2019), forwhich
a major tech company recently patented a design.
One aspect that might help to create a good,

highly personalized user experience (and there-
fore impact the success of these sales interactions)
is the time when consumer assistance is invoked
(Friemel et al., 2018).Adequate timingcan influence
consumers’ attention (Bailey & Konstan, 2006),
perceived relevance, trust, andurgency, andcouldbe
anenabler forUASproviders tobeat the competition

(Meurisch et al., 2020). Peukert et al. (2020)
outlined how important it is to display aUASwith
good timing. They proposed a decision-phase-
based detection algorithm and compared it with
previously suggested decision-phase models
(Gidlöf et al., 2013; Russo & Leclerc, 1994).
However, they used simple gaze pattern rules to
determine thephases, suchas thefirst refixationona
product. A good timing to approach a consumer,
however, dependson several factors, including their
mental state (e.g., in the form of cognitive overload,
personality, and habitual purchasing patterns). By
carefully timing interactions, we claim that both
consumers and providers can benefit due to the
avoidance of dissonance between intended help
offering and, in the worst case, perceived annoy-
ance. While further previous work focused on
assistance timing in generic software interface
tasks, like finding appropriate software function-
alities to alter an image (Ginon et al., 2016), this
study is particularly geared towards the consumer
decision-making context in v-commerce.
In this article, we investigate cognitive load and

its capability as an indicator to determine a good
timing to engage with consumers in a shopping
scenario. Previous work has identified cognitive
loadasakeymental state fordecisionmaking (Deck
& Jahedi, 2015). In line with findings from the
educational domain (Vaessen et al., 2014), we
hypothesize that high levels of cognitive load can
make it more difficult for consumers to understand
and solve decision problems on their own, leading
them to seek help (in the form of an algorithmic
support system or a digital human agent, i.e., a
human sales representative controlling an avatar in
the virtual shopping environment). Low levels of
cognitive load might increase consumers’ confi-
dence and ability to solve problems independently,
reducing the likelihood that they seek or appreciate
help but rather want to browse the store indepen-
dently. We argue that by estimating the cognitive
load level during a consumer’s purchase decision, it
might bepossible todetermineagood timing to start
an interaction. To account for varying levels of
product knowledge, we employ two distinct
products from two different categories: a fast-
moving consumer good and a technology product.
We expect differences between the product
categories regarding desired help-timing. Thus,
the research questions read as follows:

1. When is the desired help-timing for
algorithmic user assistance compared to
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the desired help-timing for a digital human
agent in different shopping scenarios?

2. How does product knowledge influence the
desired help-timing?

3. Is desired help-timing related to cognitive load
and if yes, how can cognitive load be used
to determine a good intervention timing?

We investigate these questions in an experi-
mental VR environment, which gives our study
particular relevance in the light of the latest
developments in the retail domain towards
v-commerce. VR can improve consumer experi-
ences (Moghaddasi et al., 2021) and offer high
external validity while maintaining experimental
control (Meißner et al., 2019). Furthermore, the
used high-end VR headset allows us to collect
gaze patterns and pupillometry in an unobtrusive
and precise way. To answer our questions, we
draw from two data sources. Both ET and ECG
serve as indicators of cognitive load (Haapalainen
et al., 2010). This article mainly builds upon
two works. First, Peukert et al. (2020) have used
ET to distinguish decision phases by using simple
gaze patterns. These phases might indicate a
good point in time when users seek help, but a
connection between decision phases and help-
timing was not investigated in their article.
Second, Pfeiffer et al. (2020) have estimated
search motives based on fixations and their
statistical moments. To complement the fixation
data, we additionally include blinks, saccades, and
pupillometry in the feature set. Additionally, we
use ECG as secondary neurophysiological sensor.
We extend this existing stream of literature on
consumer behavior in VR by focusing on the
desired support type andgood intervention timing.
Our contributions are twofold. First, we show

that desired help-timing depends on whether the
help is provided by an algorithmic UAS or a
digital human agent. The desired help-timing also
depends on the product category being pur-
chased. As a result, when designing good
shopping assistance, companies should be aware
of this heterogeneity and strive for a high degree
of personalization and context awareness of the
shopping situation. Second, we investigate
cognitive load as an indicator to estimate the
timing of assistance by using ET and ECG. The
study demonstrates how ET and ECG can be used
as features for shallowand interpretableMLmodels
to predict optimal assistance offers. Overall, this
article emphasizes the transformative nature of

v-commerce and the high relevance of leveraging
the recently available extended set of biosensors.
We provide valuable practical guidance on how
to approach the v-commerce transition and take
advantage of the technological opportunities.

Related Work

Cognitive Load

The mental effort or capacity required to
process and understand information is referred to
as Cognitive Load (CL). Originating in psychol-
ogy and education, Cognitive Load Theory
(CLT) explains how the human brain processes
information during learning and problem-solving
(Plass et al., 2010; Sweller, 2011). CLT suggests
that humans have a limited amount of mental
capacity (Miller, 1956) and that the difficulty of
a task can affect how much of this capacity it
occupies. Furthermore, CLT can be applied to
decision making when choosing among several
options (Deck & Jahedi, 2015). A variety of
biosensors and ML techniques are available for
measuring CL (Seitz & Maedche, 2022). To
minimize the negative impact of CL on decision
making, it is a viable option to simplify decision-
making processes and reduce the amount of
information thatmust be processed at a time (Todd
& Benbasat, 1994). Today’s software solutions
can reduce CL and improve decision making by
providing help from a virtual agent (Brachten
et al., 2020). Another option is breaking down
overwhelming decision-making tasks into smal-
ler,moremanageableparts. Still, taskoptimization
and atomization are no panacea. Even if the
amount of options is limited, empirical results
suggest that high CL levels can negatively impact
the quality of decision making (Allen et al., 2014;
Dewitte et al., 2005). These studies consistently
showed how a high CL level can lead to an
increased likelihood of making errors in different
task arrangements. Given this critical relation
between CL and increased error rates, it is not
surprising that marketing and shopping contexts
are important domains to applyCLT (Grzyb et al.,
2018; Schmutz et al., 2010; Wang et al., 2014).
For example, a CLT-informed UAS can improve
consumers’ abilities to understand and process
information about a product or service they are
considering buying. By reducing CL, product
vendors can foster a positive shopping experience
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for their consumers. Building on the CLT
principles, shop providers can actively design a
UAS that increases their consumers’ motivation
and ability to seek help when needed. By making
it easier for consumers to seek help when needed
or even offering the required help with perfect
timing, companies can improve consumer satis-
faction and reduce costs associated with provid-
ing assistance (Caruelle et al., 2023). Overall,
CLT can provide a basis for understanding how
different levels of CL influence consumers’
motivation and ability to seek help. We hypothe-
size that after an initial exploration/orientation
phase, consumers want to mitigate the imposed
CL burden and value support. We further believe
that CL can help to identify the moment when
consumers engage with the product, viewing
and comparing attributes or details. Such behavior
indicates an increased likelihood of open questions.
These questions could be answered by an algorith-
mic support system or a digital human agent.

Eye Tracking

Gaze patterns are suitable for tracking visual
attention (Duchowski, 2017), but their analysis
relies on the eye–mind hypothesis by Just and
Carpenter (1980), which assumes that human
cognitive processes can be observed by their
associated gaze patterns. However, it is evident
that individuals can deliberately look at a certain
position while thinking about something else
(Anderson et al., 2004). Nonetheless, experimen-
tal findings indicate the validity of the eye–mind
hypothesis in numerous scenarios (Holmqvist
et al., 2011). Important movement-related gaze
metrics are fixations and saccades. A fixation is
a stationary state of the eyes and can last from
milliseconds to seconds, while saccades are rapid
eye movements between fixations.
Pupillometry investigates the changes in pupil

dilation and frequently serves as an estimator for
CL (Hess & Polt, 1964; Holmqvist et al., 2011;
Kahneman, 1973). In natural environments,
pupillometry is not reliable for determining CL
because small deviations in the lighting condi-
tions have a strong impact on pupil dilation
(Laeng et al., 2012). In a virtual environment
experienced by an individual using a VR headset,
lighting confounds can be mitigated because the
closed head-mounted display (HMD) cover
offers fully controllable scene lighting.

Electrocardiography

ECG records the electrical activity of the heart,
which emits a group of waves called PQRST
(Goy, 2013). Research has applied ECG to
investigate various aspects of consumer behavior
and is commonly used in combination with other
biometric tools (Harris et al., 2018). Human–
computer interaction research assesses additional
factors, such as the usability of user interface
design (Lee & Seo, 2010) and emotional engage-
ment with presented information (Ferdinando
et al., 2016). ECG can serve as an indicator for
CL (Haapalainen et al., 2010;Hughes et al., 2019).
Data collection is typically performed with high
frequency using electrodes that are attached to
the skin.

Virtual Reality

In VR, the real-world environment is replaced
as comprehensively as possible. Themain goal of
VR is to create realistic but completely virtual
experiences with a high level of (tele-)presence
for the users (Cummings &Bailenson, 2016). An
early HMD, as it is common today, was already
developed by Sutherland (1965). Another option
to create virtual spaces is a CAVE automatic
virtual environment (a recursive acronym), a
cube-shaped room with projections on its walls
(Cruz-Neira et al., 1992). Today, HMDs are
common, and somemodels can even showmixed
reality, which means everything on a spectrum
from slightly augmented to fully immersive
experiences. It is possible to combine an HMD
with a variety of different sensors and cameras,
particularly ET (Pfeiffer et al., 2020), which
leads to many interesting research opportunities.
Moreover, VR mitigates the trade-off between
experimental control and ecological validity
(Meißner et al., 2019).
VR has changed the landscape of v-commerce,

ushering in a new era of immersive and personal-
ized shopping experiences (Evans & Wurster,
1999). The technology might transform the way
consumers interact with products and purchase
them online by providing a more engaging and
lifelike representation. VR showrooms allow
consumers to view products in three dimensions,
enabling a more informed decision-making pro-
cess. Inaddition,VRhasenhanced the social aspect
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of v-commerce through shared virtual spaces
where friends or family can shop together and
share opinions in real time (H. Zhang et al., 2014).
A recent review by Branca et al. (2023) provides a
comprehensive overview of different literature
streams that address v-commerce. The authors
identify four key research streams: consumers,
products, product testing, and VR compared to
other conditions. As our study mainly focuses on
desired help-timing, it fits into the consumer
category. However, we propose to introduce a fifth
label called sales agents, which covers related
research. We argue that the interface between
provider and consumer is a key success factor that
needs increased attention. Table 1 provides a list of
selected previous consumer behavior experiments
in VR. It briefly describes the experimental setups
and contributions, and allows the reader to
understand the contribution and positioning of
our article.

Method

Experimental Design

The experimental setup was based on a virtual
showroom in VR. Participants performed generic
CL tasks of three difficulty levels and a subsequent
purchase decision. The experiment focused on the
utilitarian aspect of consumer behavior, as we
asked participants to make decisions based on a
set of criteria, leaving little room for their own
hedonic motives. A web-based questionnaire on a
desktop computer complemented the VR record-
ings. For all experiment sessions, we collected ET
and ECG data.
To answer the first research question, we

examined consumers’ desired help-timing for an
algorithmic UAS versus a digital human agent.
To identify potential differences across product
categories, we used two product sets of four
items. One set represented technology products
(3D printers), and the other set represented fast-
moving consumer goods (washing powders). We
asked participants to identify good intervention
timings for the twodifferent types of help providers,
an algorithmic UAS and a digital human agent
because participants might perceive relevant differ-
ences between these help providers. We argue that
an algorithmic UAS may appear earlier during a
decision-making process than a digital human agent
because it is comparatively inexpensive. For the

intervention of a digital human agent, timing is
critical because it translates into substantial costs for
human resources on the seller’s side. Providers
should, therefore, be confident that an engagement
is desired and that it takes place at the appropri-
ate time.
As an exploratory aspect related to the first

research question, we also wanted to identify
the specific desired help type for algorithmic
user assistance. In other words, do users prefer
interactive decision aids, recommendations, or
other algorithmic help types? This insight may
guide practitioners in decidingwhich system type
to implement in a certain scenario.
To investigate the second research question,

we compared participants’ product knowledge
for the different product categories and examined
its relationship with desired help times. We
expected low product knowledge for the 3D
printers because they are niche products, whereas
a broad range of participants should be familiar
with different washing powders. However, it was
not clear what effect this (un-)familiarity would
have on desired help times.
To control for possible confounding, we

collected the participants’ demographic informa-
tion, personality traits, and their general attitude
toward sales representatives. We also asked the
participants about their product involvement but
expected little difference because the monetary
incentive for solving the purchase task was the
same in both the washing powder and 3D printer
scenarios.
To answer our third research question, which

aims to increase the understanding of CL in
relation to the point in timewhen consumers want
help, we measured CL levels that participants
experienced when solving three generic tasks of
low, middle, and high complexity before transi-
tioning to the actual purchase task. To verify the
difficulty levels, we controlled for subjectively
perceived complexity during the generic tasks.
Using the recorded ET and ECG data, we trained
an XGBoost model to predict the CL level during
a short period prior to the desired help-timing.
All virtual scenes were implemented using the

Unity 2021.3 game engine. Participants experi-
enced our virtual environments using a Varjo
VR 3 HMD with Valve Index controllers. This
headset offered high-frequency ET capability
with a sampling rate of up to 200 Hz, and its
display resolution of 2,880× 2,720 pixels per eye
led to high visual immersion. The ET sensor was
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Table 1
Related VR Experiment Categorization

Study Setup Contribution

Bigné et al. (2016) N = 41
CAVE
ET data
Spatial data
Questionnaire

This study investigates brand preferences for fast food products and
suggests that high attention to a brand and slow eye movements between
brands lead to additional brand purchases. The applied method consists of
regressions with aggregated parameters related to the entire decision-
making process.

Martinez-Navarro et
al. (2019)

N = 178
HMD
Questionnaire

The authors compare the effectiveness of different VR formats and devices.
They find that virtual stores are more effective in generating cognitive
and conative responses. They apply a structural equation model that
suggests a dual path via brand recall and presence, both of which
influence consumers’ purchase intention in virtual stores.

Meißner et al. (2020) N = 132
HMD
Questionnaire

This article compares high-immersive (using an HMD) and low-immersive
shopping environments (using a desktop computer) and examines
consumers’ variety-seeking, price sensitivity, and choice satisfaction. In
an incentive-aligned choice experiment, participants make repeated
purchase decisions for cereal products. The statistical analysis suggests
that consumers are less price sensitive and seek more variety in highly
immersive environments.

Pfeiffer et al. (2020) N = 50
CAVE
ET data
Questionnaire

The authors investigate two classic shopping motives: goal-directed search
and exploratory browsing. They compare decisions in a real-world
supermarket with decisions in a virtual reality supermarket. They collect
ET data on which they train three shallow ML models. They found that
an ensemble method can classify the two motives with about 90%
accuracy.

Alzayat and Lee
(2021)

N = {48, 35}
HMD
Questionnaire

Using two VR stages and an Amazon mturk questionnaire, the authors
investigate the differences in hedonic purchase value between a VR retail
environment and a website. Their analysis comprises three structural
equation models. The results suggest that a VR retail environment is
more appropriate for products that are perceived as an extension of the
body (e.g., tools) rather than a representation of the body (e.g., clothing).

Huang et al. (2021) N = 80
HMD
Brain activity
Questionnaire

This article focuses on search behavior, which is involved in the evaluation
phase of each decision-making process. The authors investigate the
congruence or incongruence between text and color of flavor labels on
product packaging. They provide evidence for a color–flavor
incongruence effect in visual search and correlate it to the violation of
user expectations. The method involves subsequent VR and functional
magnetic resonance imaging phases, which the authors analyze using
multiple regressions and regional homogeneity analyses, respectively.

H. Park and Kim
(2023)

N = 196
HMD
Questionnaire

This research examines how offering a virtual try-on in Augmented Reality,
a 3D store on a desktop computer, and a VR store affect consumers’
purchase intentions. The study also analyzes how thinking more deeply
about an item influences the decision-making process in different
shopping scenarios (searching vs. browsing). Results indicate that
purchase intentions are highest when participants browse in the VR
condition. A moderated mediation analysis supports the hypothesis that
cognitive elaboration mediates purchase intentions for those consumers in
the browsing mode, while such a mediating effect was absent in the
searching mode.

Schnack et al. (2021) N = 36
HMD
EEG data
Spatial data
Purchase data
Questionnaire

This study compares instant teleportation with motion-tracked walking in
VR and investigates whether different locomotion techniques correlate
with altered shopping behavior. Using a split-sample experimental
design, the authors apply electroencephalography (EEG) to track
emotional states such as stress. In the scenario, participants experience a
VR grocery store. Overall, the results suggest that different locomotion
techniques have no impact on the consumers’ emotional state and
engagement. However, different spatial movement patterns are noticeable
when comparing the different conditions.

(table continues)
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calibrated at the beginning of each experiment
stage using a five-dot calibration protocol. For
ECG recording, a wireless bioPLUX device
captured signals throughout the experiment with
a sampling rate of 1,000 Hz. To be able to clarify
possible confounds post hoc during data analysis,
we additionally recorded all experimental ses-
sions on video using a room camera. Overall, the
experiment followed a between-subjects design
(regarding the two product categories) and
included several questionnaire parts that alter-
nated with the VR stages. Mandatory VR breaks
for the questionnaires had additionally reduced
the risk of cybersickness (Davis et al., 2014) and
exhaustion of the participants within the VR
environment.

Participants

Our self-hosted online registration platform
(Bock et al., 2014) helped to recruit participants
andmanage the experiment sessions.Additionally,
we actively solicited participation from students
on our campus. Participation requirementswere an
age between 18 and 65 years and good command
of English and German. Furthermore, we only

accepted participants with normal or corrected-to-
normal vision. Participation compensation was
€10 fixed plus a performance-based component of
up to €5.5. After arriving at the lab, participants
signed a consent form. It ensured the participants’
basic knowledge of the experimental procedure,
informed them that the experiment complied with
ethical standards, and required them to grant
permission to publish their pseudonymized data as
an open-source data set.

Behavioral Measurements

We measured all questionnaire items on a 7-
point Likert scale. In terms of demographics, we
tracked participants’ age, gender, and occupation.
Toestimatepersonality traits,weused theBigFive
Index–10 short scale (Rammstedt et al., 2013),
which allows for the evaluation of personality
traits with acceptable validity in a compact
manner. We measured the general desire to
interact with a salesperson using eight items
validated by Lee and Dubinsky (2017). To collect
self-assessments about CL, for both the multitask-
ing and decision stage, we asked participants to
answer the six-item National Aeronautics and

Table 1 (continued)

Study Setup Contribution

Harz et al. (2022) N = 210
HMD
Questionnaire

The authors report on a combination of a real-world field study, which is
followed by a laboratory experiment. They examine how durable goods
companies can use VR for new product development and how VR can
improve prelaunch sales forecasting. One of the three experimental
conditions takes place in VR; the other conditions take place online and
in the real world. The analysis of variances suggests that sales forecasting
in VR provides the most accurate predictions compared to the other
conditions. Moreover, it confirms the first evidence of the field study that
VR correlates with a more consistent consumer behavior and that virtual
reality might create superior behavioral consistency compared to the real
world.

Our work N = 50
HMD
ET data
ECG data
Questionnaire

In contrast to previous work, our study focuses on the desired help-timing in
a VR scenario for an algorithmic UAS versus a digital human agent. As a
second dimension, we compare technical products (3D printers) with fast-
moving consumer goods (washing powders). We present the statistical
analysis of our questionnaire and apply a machine learning approach to
identify a good intervention timing. During our experiment, participants
solve CL-inducing tasks before making a purchase decision. ET and ECG
provide the features for an ML classifier. Algorithmic help was requested
particularly early for the washing powder. The results further indicate that
CL-based classification works for the desired help-timing of an
algorithmic UAS but not for a digital human agent. The approach could
be refined to invoke an AI agent based on a fine-tuned large language
model, that has in-depth product knowledge.

Note. VR = virtual reality; ET = eye tracking; HMD = head-mounted display; CAVE = CAVE automatic virtual
environment; ML = machine learning; CL = cognitive load; UAS = user assistance systems; AI = artificial intelligence.
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Space Administration (NASA) Task Load Index
(TLX) questionnaire (Hart, 2006; Hart &
Staveland, 1988). Overall, four TLX batteries
were collected per participant, one for each of the
three generic CL task difficulty levels and one for
the purchase decision. The product knowledge
scale, consisting of three items, was adapted from
C.-W. Park and Moon (2003) to fit the presented
products (see online Supplemental Material).
Moreover, the questions regarding participants’
product involvement comprised 20 bipolar items
(Zaichkowsky, 1985).

Neurophysiological Measurements

Togenerate features for theMLmodel from the
collected sensor data, we aggregated the raw ET
and ECG recordings. The extracted features are
listed in the Supplemental Table 6 for ET features
and in Supplemental Table 7 for ECG features.
For the ET data, we utilized both gaze-based

metrics and pupillometry. Gaze events, namely
fixations, saccades, and blinks,were created using a
Velocity–Threshold Identification approach as
described by Salvucci and Goldberg (2000). For
saccades, we set 50°/s as the lower angular speed
threshold (Holmqvist et al., 2011). We limited
fixation durations to 0.1 s as the lower threshold and
10 s as the upper threshold (Duchowski, 2017).
After creating the gaze events, we aggregated
statistical moments to determine if attention was
directed to different areas of interest (AOI, e.g., a
product) and how often attention shifted between
different AOIs. For pupillometry, we used the
pupil–iris ratio of the dominant eye and comple-
mented the gaze events with this information.
Using the raw ECG data, we extracted time-

and frequency-domain-related features that covered
different aspects of the heart rate and its variability
(HRV) in linear and nonlinear representations
(Chanel et al., 2019; Pham et al., 2021;Xiong et al.,
2020).RegardingECGfeature selection,we relyon
a recent review that covers the “most up-to-date and
commonly used HRV indices” by Pham et al.
(2021). Due to our relatively short task periods,
some of the common HRV measures could not be
investigated, such as the standard deviations of
average heartbeat intervals, which compare longer
segments (by default, 1, 2, and 5 min).
Overall, a crucial step for feature engineering

was setting the time window size because it
determined how the features were aggregated.
For the ET-related features, we evaluated six

different window sizes (3, 5, 7, 10, 15, 30 s, where
30 s is the full trial duration), which yielded
equally long segments without overlapping or
artificial padding.
Further assumptions are necessary for the ET

postprocessing. An average fixation lasts about
0.3 s (Holmqvist et al., 2011) and average blinks
and saccades are even shorter. Thus,we argue that
3 s yield enough data to calculate meaningful
statistical moments in many cases. Considering
increasingwindow sizesmakes sense becauseCL
might not be present from the onset of the task.
Comparing different parts of a trial could yield a
good contrast, such as the first versus the second
half of a trial.
For ECG measurements, we only considered

the full trial length (30-s windows). For shorter
periods, only a limited set of features is comput-
able, such as heart rate variability (HRV), while
several features from the frequency domain and
nonlinear domain suffer fromnumeric instabilities.

Procedure

The experiment lasted approximately 80 min,
and it consisted of five different stages, as shown
in Figure 1. The stages were streamlined with a
web-based questionnaire on a desktop computer,
which alternated with the VR scenes and guided
participants through the different stages from
start to end. During the prestage, our participants
completed anonboardingprocedure and answered
general questions. A multitasking stage followed
in which participants performed nine generic
CL tasks (with three levels of complexity: easy,
medium, and hard). A decision stage followed, in
which participants made a product purchase to
meet a list of given criteria. A video-analysis stage
followed, during which participants retrospec-
tively analyzed their first-person view during the
purchase decision. A final poststage, in which
participants went through our offboarding proce-
dure, concluded the experiment.

Prestage

We randomly assigned arriving participants to
one of two groups by flipping a coin and starting
the corresponding questionnaire on the computer.
In the subsequent decision stage, Group A was
assigned to decide upon 3D printer products,
and Group B was assigned to washing powder
products. Awelcome screen explained the general
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purpose and modalities of the experiment. Before
continuing, we asked the participant to read and
sign our consent form. Only after accepting the
termsof the experiment, participantswere asked to
providedemographic data, information about their
personality traits, and to answer questions about
their general attitude towards salespersons. Next,
we determined their dominant eye using theMiles
test (Miles, 1929). For ECG data acquisition, we
asked participants to go to the restroom to attach
electrodes to their bodies according to a reference
picture, and connect them to the transmitter. We
decided to triangulate the heart in a wide triangle,
spanning from the shoulders to the hip, to receive a
high-quality signal that is robust tonoise causedby
body movements.

Next, we explained the VR hardware, controller
usage, ET calibration procedure, and the upcoming
task. Then, we familiarized participants with
movement, teleportation, and interaction using a
training environment very similar to the subsequent
task environments. The training scene consisted
of the same showroom, which was later used for
the CL and decision environments. Participants
were asked to use two in-world buttons that
invoked the appearance of example models: one
low-quality model with low polygon count and
single-colored texture and one high-quality model
with high polygon count and high-fidelity texture.
Additionally, participants were asked to interact
with a menu that started a timer and transitioned to
the next stage after successful activation.

Figure 1
Experiment Procedure

Note. ECG= electrocardiographic; NASA TLX=National Aeronautics and Space Administration Task Load Index; VR=
virtual reality.
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Multitasking Stage

To generate different generic CL levels, we
designed a gamified CL task with three difficulty
levels, as shown in Figure 2. This task was
inspired by the work of Siegel et al. (2021). It
consisted of three components—ball tracing,
arithmetic, and rotation tracing. In the easy
variant, participants had to trace one out of five
moving balls. The target ball was colored red for
10 s. Afterward, the trial began, and the target ball
changed its’ color to the same gray as the other
four balls. All five balls moved around pseudor-
andomly within a predefined area for 30 s.
Finally, all balls stopped moving and displayed
an identifying number. Participants then had to
press a button labeled with the corresponding
number to indicate which ball they considered as
the target.
A text message informed the participants

whether the answer was correct or not, and the
task was reset after a short waiting time. The
medium variant was more difficult as it included
the easy variant but additionally introduced an
arithmetic component. To the right of the ball
tracing area, small pseudorandom numbers
(ranging from −10 to 10) appeared sequentially
on the wall within a pseudorandom time interval,
and the participants had to aggregate them while

still tracing the ball in parallel. At the end of each
trial, a slider was presented with which the
calculated sum could be entered. An additional
text message informed the participants whether
the answer was correct or not. The hard variant
was evenmore difficult as it included themedium
variant but additionally introduced a rotation
tracking component. To the left of the ball tracing
area, a spinning logo appeared, changing its
rotational direction between clockwise and
counterclockwise within pseudorandom time
intervals. Participants had to count the amount
of rotational direction changes in addition to the
ball tracing and arithmetic components.After 30 s
of trial time, participants saw an additional slider
to enter the counted number of rotational
direction changes. All difficulty levels were
repeated three times, and we incentivized the
correct completion of each trial by increasing
participants’ performance based extra payment
by€0.5, if all components of a trialwere answered
correctly. Before these real trials started, all
participants performed a training round in which
they experienced the hard variant but without
monetary incentive. During the training round,
they could familiarize themselves with the task
and ask questions. However, repetition was not
possible. Then, they began with the easy variant,
followed by themedium and hard variant, until all

Figure 2
Multitasking Virtual Reality Environment

Note. See the online article for the color version of this figure.
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nine trials were completed. Afterward, partici-
pants took aVR break and continued the desktop-
based questionnaire,which sequentially asked for
their perceived task difficulty at all three levels.

Decision Stage

Both groups were presented with different task
descriptions to create a realistic situation. Group
A was asked to imagine being part of a board
game designer team that needed a 3D printer to
evaluate their game design. Group B was asked
to imagine being a member of a residential
community and being responsible for weekly
grocery shopping, which included buying wash-
ing powder (see online SupplementalMaterial for
the exact wording of both task descriptions). To
incentivize the decisions and increase external
validity, participants had the chance to gain one
additional Euro performance-based participation
compensation if their product choice matched a
previously determined team decision. This team
decision was negotiated by a group of five
individuals in advance of the experimental
sessions.
In the virtual environment, participants first

saw a blackboard containing the requirements
specified by their imaginary peers. We designed
these requirements so that the difficulty level

matched among the groups (see Supplemental
Table8).To this end,wechose three easyand three
hard decision criteria. We considered attributes
that were obvious by looking at the product
packaging or the product description from a
distance. On the other hand, we considered
attributes as hard forwhich participants either had
to interact with the product (e.g., by starting or
turning it) or needed further information to be
able to judge the product. An example of a
required interaction is that the print quality of a
3D printer could only be determined by pressing
the print button and looking at the printed object.
An example of a criterion that needed more
information is whether a washing powder is
environmentally friendly. This is because the
roommates could have been looking for environ-
mentally friendly packaging, environmentally
friendly product ingredients, or both.We believe
that external help could be strongly appreciated
to clarify the requirements for both groups.
To begin the decision phase after memorizing

the requirements, participants had to press a start
button that concealed the requirements on the
blackboard and displayed the products on a table
behind them (refer to Figure 3 for Group A and
Figure 4 for Group B). After this, participants
could approach and engage with the products. To
make their decision, participants of Group A had

Figure 3
3D Printer Decision Virtual Reality Environment

Note. See the online article for the color version of this figure.
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to choose the respective 3D printer name from
a drop-down menu and click a purchase button,
while participants of Group B had to put the
desired washing powder into a shopping cart next
to the product table. After making a choice and
detaching the HMD, participants continued to
answer questions about their product knowledge,
product involvement, task difficulty, and the
preferred type of help for algorithmic user
assistance (froma list offive commonalgorithmic
user assistance types, see the onlineSupplemental
Material).

Video-Analysis Stage

During this stage, participants answered time-
related questions about their decision phase. Two
questions regarding the desired timing for user
assistance in the form of (X) an algorithmic
UAS and (Y) a digital human agent (for exact
wordings, see online Supplemental Material).
These questions were displayed sequentially, and
their order was randomized to avoid possible
confounds induced by any static order. Tofind the
corresponding timestamps, participants watched
a video that showed their first-person view during
the previous decision stage and also displayed
a gaze dot indicating their visual attention.
Participants then selected the most appropriate

moment for the assistance to appear and entered
the corresponding timestamp in the questionnaire.

Poststage

Weasked participants to go to the restroom and
detach the ECG transmitter and electrodes. Then,
we continued with a debriefing (explanations
about the experiment’s purpose) and answered
questions. Finally, we issued the participants’
compensation and wished them farewell.

Results

The data analysis was performed in python 3.7
using neurokit2 0.2.3 (Makowski et al., 2021),
scipy 1.7.3 (Virtanen et al., 2020), statsmodels
0.13.2 (Seabold & Perktold, 2010), and pingouin
0.5.3 (Vallat, 2018). ML was performed in
python 3.10 using scikit-learn 1.0.2 (Pedregosa
et al., 2011) and XGBoost 1.7.1 (T. Chen &
Guestrin, 2016).

Sample and Demographics

Atotal of 62participantswereobserved resulting
in 50 complete samples with 24 individuals in
GroupA (3D printers) and 26 individuals in Group
B (washing powders). Regarding occupation, 49

Figure 4
Washing Powder Decision Virtual Reality Environment

Note. See the online article for the color version of this figure.
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of these 50 participants were students, and one
was a university staff member. Among the 12
discarded observations, one had to be excluded
because of a recording interruption of the eye
tracker during the decision phase. Another
observationwas excluded because the eye tracker
was not able to calibrate, most likely due to a
facial asymmetry of the participant. The remain-
ing ten discarded observations had to be excluded
due toECG recording issues, particularly because
of Bluetooth connection issues between the ECG
transmitter and the host computer. The mean age
of the remaining 50 participants (29 female and
21male)was 24.5 years (SD=4.9). Their average
participation compensation amounted to €13.5
(SD = 0.8).

Correlation of Neurophysiological Features

We investigated correlations of ET and ECG
metrics across different time windows for the
different experimental periods. As expected, there
were no significant correlations between the
two sensors. The visualizations for the fixation
duration over the different time windows are
shown in Supplemental Figure 7 on top. Shorter
intervals naturally show correlations with longer
ones that comprise them. For example, the time
windows from Second 0 to 3 and from 3 to 6
overlap to a large extent with the window from 0
to 5. This results in the red lines of high correlation
in the fixation duration plot. While ET features
were calculated for the interval lengths (3, 5, 7, 10,
15, 30), the ECG features only comprised the 30-s
interval because shorter timewindowswouldhave
been impractical for most HRV-based features.
The bottom part of Supplemental Figure 7 shows
the correlations between the HRV features for this
interval.

Attitude Towards Salespersons

In order to rule out possible confounds that
could arise from different general attitudes toward
salespersons, we asked the participants several
questions before the actual purchase decision. The
internal consistency of the general salesperson
attitude scalewas acceptable (Tavakol&Dennick,
2011), measured by Cronbach’s α = .76, and the
mean rating was 4 (SD = 1), where a high rating
corresponds with a high desire to interact with
salespersons in general. A Shapiro–Wilk test
indicated that the distribution of the mean rating

did not depart significantly from normality (W =
0.98, p = .73), a Bartlett test indicated homosce-
dasticity (T = 0.17, p = .68), and a two-sample
independent t test did not indicate differentmeans
between the groups (t=0.7,p= .49). Correlations
with personality traits were determined via the
Big Five Index–10 scale (Rammstedt et al.,
2013). It is plausible that agreeableness is
significantly positively correlated (r = 0.33,
p = .02) with a high desire to interact with
salespersons.

Purchase Duration

Themean purchase duration (frompressing the
start button to confirming the purchase)was 247.2
s (SD = 117.1) in total, and a normal distribution
could not be assumed (W = 0.94, p = .02). The
mean purchase time categorized by groups was
191.3 s (SD = 85.1) in Group A (3D printer)
and 298.7 s (SD = 120.2) in Group B (washing
powder). A Mann–Whitney U test indicated a
significant difference between the groups (U =
142.5,p< .01).We see a reason for this difference
in the fact that many participants interacted
directly with the washing powder packages and
regarded the product packages from all sides. For
the printer decision, participants pressed the print
button but rarely interacted with printed objects
because they could visually judge the print
quality without touching the objects.

RQ1: Desired Help-Timing

We asked participants about (a) the desired
help-timing for an algorithmic UAS and (b) the
desired help-timing for a digital human agent. As
shown in Figure 5, the early appearance of the
algorithmic UAS was particularly relevant to the
fast-moving consumer good (FMCG). Reported
mean values amounted to 125.5 s (SD = 113.2)
for both help types (a and b) combined, 103.1 s
(SD = 107.1) for (a), and 148 s (SD = 115.8) for
(b). All values related to the duration after
activating the start button, which the participants
pressed after memorizing the decision require-
ments on the blackboard. The mean difference
(a) − (b) for desired help-timing between the two
help providers (desired UAS timing − desired
agent timing) was −44.9 s (SD = 123.3) for both
groups,−12.3 s (SD= 81.4) forGroupA and−75
s (SD = 147.4) for Group B. Multiple Wilcoxon
signed rank tests (Wilcoxon, 1992) for paired
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samples indicated that the difference (a) − (b) for
both product categories (W=245,p= .02) and the
difference (a) − (b) for Group B (W = 39.5, p =
.02) were significant, while the difference (a) −
(b) for Group A was not significant. Participants
wanted help froman algorithmicUASearlier than
from a digital human agent, but this was mainly
driven by the responses in Group B (washing
powder). Overall, the differences in desired help-
timing showed the importance of investigating
different product categories.
Regarding the most popular choices for algo-

rithmic user assistance, 10 participants in Group A
wished for reviews from other consumers, and
14 participants in Group B wished for a product
comparison matrix. Hiding irrelevant products and
product feature highlighting were the least appre-
ciated help types in both groups. Supplemental
Figure 8 shows the complete distribution of the
desired help types for algorithmic user assistance.

RQ2: Influence of Knowledge on
Help-Timing

Internal consistency of the measured product
knowledge items amounted to α= .76, which can
be seen as acceptable (Tavakol & Dennick,
2011). For the aggregated product knowledge
measure, normal distribution and homoscedas-
ticity could be assumed. It amounted to 2.9 (SD=
1.4) for GroupA, 4.2 (SD= 1.1) for Group B, and

it significantly differed between the groups (t =
−3.37, p < .01).
As a further control variable, we measured

the participants’ product involvement. For the
respective items, Cronbach’s α= .9 indicated a very
good consistency. Normal distribution and homo-
scedasticity could be assumed. The mean product
involvement of 2.9 (SD= 1.4) for GroupA, and 4.2
(SD = 1.1) for Group B was not significantly
different between the product categories (t = 0.25,
p = .8). We expected such a similar product
involvement for the different products, due to the
equality inmonetary incentivization for both groups.
Three ordinary least squares (OLS) regression

analyses provided further insight into whether
product knowledge influenced desired help-
timings for different help providers. First, we
considered only product knowledge and product
category as independent variables and the
absolute desired help-timings as dependent
variables (two separate OLS models for algorith-
mic UAS and digital human agent). For both help
types, product knowledge had no significant
linear association with desired help-timings.
Next, we investigated the same independent
variables but used the difference between the
desired help-timings as a dependent variable
(algorithmic UAS help-timing − digital human
agent help-timing). The respective OLS model
showed that there was also no significant linear
association between product knowledge and the

Figure 5
Desired Help-Timing for Algorithmic UAS and Digital Human Consultant Stratified by Groups

Note. UAS = user assistance systems. See the online article for the color version of this figure.
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difference in desired help-timings. Finally, as a
robustness check, we included our control
variables and compared all three OLS models
(desired help-timing for the algorithmic UAS,
digital human agent, and the timing difference
between the two providers; see Table 2).
Inall threeconstellations, therewasnosignificant

linear relationship between product knowledge and
desired help-timing. However, we did find a
significant linear relationship between participants’
openness and their desired help-timing for an
algorithmic UAS. Moreover, participants’ age and
extraversion showed significant linear associations
with the desired help-timing for a digital human
agent. For the model that accounted for the timing
difference between the help providers, the variables
age, extraversion, andproduct involvement showed
a significant linear association with the dependent
variable.
Overall, we found no support for the influence

of product knowledge on desired help-timing.
Instead, the OLS models suggested that age,
personality traits, and product involvement
influence desired help-timing.

RQ3: Cognitive Load Classification

Task Difficulties

We quantified the task difficulty of the generic
CL tasks by counting the correct trials for each
difficulty level (easy, medium, and hard). The

correct completion rates were 146 out of 150
(97.3%) for the easy task, 131 out of 150 (87.3%)
for the medium task, and 45 out of 150 (30%) for
the hard task and a Kruskal–Wallis test indicated
a significant difference between the medians
(H = 99.03, p < .01). Using the NASA TLX
questionnaire (Hart, 2006), we measured how
demanding our participants perceived the CL
tasks and the purchase decision. Regarding the
overall task load, a normal distribution could not
be assumed for the easy task and the purchase
decision (see Supplemental Table 9). Therefore,
we conducted a Kruskal–Wallis test that indi-
cated significant differences between the three
multitasking difficulty medians (H = 65.14, p <
.001).Yet, due to the rather low internal consistency
of the NASA TLX items (Cronbach’s α < .7, see
Supplemental Table 9), we considered only the
single item concerning mental strain for further
analyses (see Supplemental Table 10). This single
item also differed significantly between the tasks
(H = 83.73, p < .001), suggesting that the three
CL tasks evoked the desired low,medium, andhigh
CL levels. Next, we tested which of the three CL
task difficulty levels was most comparable to the
purchase decision task. PairwiseMann–WhitneyU
tests indicated significant differences for the tasks
with easy and hard difficulty compared to the
purchase decision, but this was not the case for the
task with medium difficulty (see Supplemental
Table 11). Themean perceived task difficulty of the
purchase decision was only 0.3 SDs less than the

Table 2
OLS Models of Association Between Product Knowledge and Help-Timing

Construct

Model 1: Algorithmic UAS
timing

Model 2: Digital human
agent timing Model 3: Timing difference

Coefficient SE P Coefficient SE p Coefficient SE p

Knowledge 9.14 11.98 .45 10.79 11.6 .358 −1.65 13.26 .902
Involvement 5.47 9.61 .573 −16.64 9.32 .082 22.10 10.65 .045*
Sales representative attitude −6.73 16.72 .689 −7.71 16.2 .637 0.97 18.52 .958
Agreeableness 11.03 7.76 .164 12.65 7.5 .101 −1.63 8.60 .851
Conscientiousness 9.79 8.76 .271 −0.41 8.5 .962 10.20 9.71 .3
Extraversion −5.11 6.41 .43 14.82 6.2 .022* −19.93 7.10 .008**
Openness −22.12 8.78 .016* −3.27 8.5 .703 −18.93 9.73 .059
Neuroticism 8.61 7.74 .273 −3.61 7.5 .633 12.23 8.57 .162
Age 3.88 3.34 .252 11.55 3.2 .001** −7.66 3.70 .045*
Gender (male) −21.76 37.89 .569 −56.68 36.7 .131 34.92 41.97 .411
Group (B) −39.00 35.33 .277 32.98 34.3 .342 −71.98 39.13 .074
Intercept −13.51 167.85 .936 −199.01 162.7 .229 185.50 185.91 .325
R2 .30 .44 .354

Note. OLS = ordinary least squares; UAS = user assistance systems; SE = standard error.
* p < .05. ** p < .01.
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perceived medium task difficulty. Looking addi-
tionally at the boxplots in Supplemental Figure 9,
we interpret that, among the available options, the
perceived difficulty of the purchase decision can
best be matched to the perceived difficulty of the
medium task. As a robustness check, we investi-
gated the differences in perceived mental difficulty
regarding the purchase decision between the
groups. While the perceived mental difficulty in
GroupBexhibited lessvariancecompared toGroup
A, we must assume equal mean difficulty between
the groups, tested with a Mann–Whitney U test
(U = 368, p = .27).

Machine Learning Model

Toclassify theCL tasks anddesiredhelp-timings,
we chose an 80% training and 20% testing split
method. Instead of selecting a dedicated validation
set, we applied a fourfold stratified cross-validation
on the training set (Browne,2000).Theoptimization
metric for classification was accuracy, while (multi-
class) negative log-likelihood served as the loss
function. Supplemental Table 5 shows the complete
hyperparameter space. We used a randomized
search approach on the hyperparameters to perform
a lightweight tuning, limited to a maximum of

100 iterations. To interpret the feature impor-
tance, we used SHapley Additive exPlanations
values (Lundberg & Lee, 2017).
First, we solely investigated the generic multi-

tasking difficulty levels. All participants performed
three easy trials, threemedium trials, and three hard
trials for a duration of 30 s each. The best XGBoost
modelyieldedaclassificationaccuracyof .77 for the
test set. This means that based on the ET and ECG
measurements, we were able to predict with 77%
accuracy whether a participant was performing the
easy, medium, or hard task. Figure 6 shows the
corresponding confusion matrix.
The easy taskwas classifiedwith a high accuracy

of .9, while the medium and hard tasks were not as
clearly separable. Despite a correct classification
rate of .77 for the medium and .63 for the hard CL
levels, these tasks were frequently mutually
misclassified. Nonetheless, the classification rates
for these two classes were still clearly better than
random guesses. A possible explanation for the
misclassification between the medium and the hard
tasks is the fact that 70% of the participants were
unable to successfully complete the hard tasks. We
observed that some participants only tracked two
elements (themoving balls and appearing numbers)
and ignored the additional spinning logo. Even

Figure 6
Confusion Matrix for Best Multitasking Classification Model

Note. See the online article for the color version of this figure.
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though this strategy almost certainly resulted in an
incorrect answer and no performance-based com-
pensation for the respective round.
The mean absolute SHapley Additive

exPlanations values, as shown in Supplemental
Figure 10, represent the 20 most important
features regarding the multitasking trials in the
test set. Different saccade duration and angular
speed-related features were prominent (15 of the
20 most important features). This means the
required time to jump between AOIs was most
discriminative for the CL tasks. Overall, the most
important feature was the saccadic mean duration
for the whole 30-s period. The number of
uniquely fixated objects also played a role, as
three features in this regard were among the 20
most important ones. Two blink-related features
and one fixation-related feature were also present
among them. Regarding the time window sizes,
five features related to (3, 7, 15) second time
spans, three features related to 30-s time spans,
and two features related to 5-s time spans. In
our case, ECG and pupillometry features can
be considered less important in discriminating
between CL difficulty levels as they were not
present among the 20 most important features.
The best pupillometry feature was variance-
related and ranked in 30th place. For ECG, the
best feature was the HRV correlation dimension
(HRV CD) for the whole trial duration (Bolea
et al., 2014), a nonlinear measure for correlations
within the signal that ranked 51st place.
We applied the trained multitasking model to

the purchase decisions and considered the
intervals [t − 30; t] prior to the indicated help
timestamps t. Our intention was to identify the
prevailing CL level shortly before help was
requested. Choosing the same interval duration of
30 s allowed us to create the features analogously
to the generic CL tasks. We classified each of the
time spans as having either a low, medium, or
high CL level. To compare one help interval with
one respective nonhelp interval, we used the
interval [t − 60; t − 30] as a nonhelp benchmark.
For example, if a participant desired help 2 min
after pressing the start button, we considered the
data for the interval from timestamp 01:00 to
01:30 as the nonhelp benchmark and the data for
the interval from timestamp 01:30 to 02:00 as the
desired help-timing period. For the desired timing
periods of the algorithmic UAS, the model
classified high (78%) and medium (12%) CL
levels (seeTable 3 for absolute counts andTable 4

for classification probabilities). In comparison,
most of the nonhelp benchmark intervals (96%)
were classified as low CL levels, and only 4%
were classified as high CL levels. For the desired
timing of the digital human agent, the model
classified 88% of the observations as high and
12% as medium. However, the benchmarks for
these observations were also mostly classified as
high (76%) and medium (18%), while only one
observation (2%) was classified as low CL. This
implies a difference in CL (an increase from low
to high) during the 60 s before the algorithmic
UAS was desired but no change in CL during the
60 s before a digital human agent should appear.

Discussion

For our first research question, relevant
insights emerged from the statistical analysis.
We found that participants want help earlier from
an algorithmic UAS than from a digital human
agent. An early appearance of the algorithmic
UAS was particularly relevant for the FMCG
presented to Group B. The fact that a comparison
matrixwas themost desired algorithmic help type
for the washing powders (see Supplemental
Figure 8) suggests that participants were primar-
ily looking for ways to compare the product
attributes efficiently. It is likely that they wanted
to reduce extraneous CL induced by the rather
unfamiliar VR environment. In contrast, when
considering the 3Dprinter decisions, reviews from
other consumers were the most desired algorith-
mic help type. Combined with the insignificant
difference in desired help-timing between the
algorithmic UAS and the digital human agent
when stratifying forGroupA, it suggests that these
participants were likely seeking help to cope with
intrinsic CL.
Reviews were the second most desired help

type. As a review by another consumer and an

Table 3
Classification Results for Machine Learning Model
(Match Help Time Spans to Cognitive Load Levels)

Help type Low Medium High

Algorithmic UAS 0 11 39
Algorithmic UAS benchmark 48 0 2
Digital human agent 0 6 44
Digital human agent benchmark 1 11 38

Note. UAS = user assistance systems.
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expressed opinion by a digital human agent are
comparable, we claim that offering a digital
human agent as a help provider is more important
for the technology product compared to the
FMCG. This is further supported by the fact that
3D printers were the product for which our
participants reported the least amount of product
knowledge. For both groups, participants ex-
hibited a certain reluctance to call for the digital
human agent early in the process. A good idea
could be to provide a digital human agent as
optional help in addition to algorithmic help types
which are offered in the first place. Also, when
considering nonbinary choices for a certain help
offering, ourfindings clearly highlight the need to
customize timing and type of assistance offerings
contingent on different scenarios and product
categories.
Regarding the second research question, the

experiment confirms significant differences in
average product knowledge between the techni-
cal product and the FMCG. However, we did not
find significant linear relationships between
product knowledge and desired help-timing for
either of the two help providers (and not for the
difference in desired help-timing). When con-
trolling for demographics, personality traits, and
product involvement, the respective OLS models
indicate that participants’ age, extraversion,
openness, and product involvement have signifi-
cant linear associations with desired help-timings.
The participants’ age shows a strong positive
linear association with the desired help-timing
for a digital human agent (p = .001, as shown in
Table 2). The positive coefficient indicates that
older participants wish to receive help from a
digital human agent comparatively late (11.6 s per
year). With increasing age, the difference (desired
algorithmic UAS timing − desired digital human
agent timing) between the desired help-timing

also decreases, but this effect is not as strong. Note
that the product involvement is not significantly
different between the product categories (likely
due to the equal monetary incentivization) but
displays a positive linear association with the
difference between desired timings for the two
help providers. More specifically, a one-unit
increase on the 7-point Likert scale for product
involvement corresponds to a 22.1-s increase in
difference. Considering the product involvement
coefficient for the timing of the digital human
agent (β = −16.64, p = .08), we speculate that as
product involvement increases, a digital human
agent should appear earlier. To summarize, our
OLS models suggest that product knowledge has
a subordinate role with respect to desired help-
timings. Instead, demographic aspects and per-
sonality traits are likely to be more relevant.
Product involvement could also play an important
role, particularly in scenarios where the variance
of product involvement is larger than in ours. In
our experiment, we kept the variance in product
involvement low by offering the same type of
monetary incentive to solve both the 3D printer
and the washing powder task.
The analysis of the ML classifications allows

us to answer the third research question. Our
results suggest that the 30-s periods before the
desired help-timings can be mapped with good
accuracy to previously determined CL levels,
even though the generic taskswere quite different
compared to the purchase decisions. This is a
promising result, as it suggests that further ML
paradigms can potentially be trained with generic
CL tasks that are quite different from the actual
product decision. Regarding the input features for
the XGBoost model, saccade-based metrics were
most relevant. Both saccadic angular velocity and
saccade durationwere highly discriminative. ECG
measures were not among the 20 most important

Table 4
Average Classification Probabilities for Machine Learning Model (Match Help
Timespans to Cognitive Load Levels)

Help type
Low
P (SD)

Medium
P (SD)

High
P (SD)

Algorithmic UAS .05 (0.08) .31 (0.17) .65 (0.2)
Algorithmic UAS benchmark .94 (0.17) .01 (0.02) .05 (0.15)
Digital human agent .03 (0.04) .28 (0.16) 0.69 (0.18)
Digital human agent benchmark .05 (0.1) .31 (0.18) 0.64 (0.2)

Note. UAS = user assistance systems.
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features, which suggests the superiority of the ET
sensor over ECG for CL measurement, at least
in our relatively brief scenario. As a supplemental
data source, ECG can be useful to objectively
measure CL, especially over an extended period.
For the 30-s intervals prior to the desired

algorithmic UAS help-timing, the ML model
predicted medium and high CL levels, but none
of the observations were classified as low CL
levels. In comparison, the model classified our
benchmark interval (60 to 30 s prior to the desired
help-timing) mostly as a low CL level. When
considering the average class probabilities and
their relatively low variances (see Table 4), the
benchmark and help intervals exhibit good
separability. Overall, an adaptive intervention
of an algorithmic UAS, which monitors changes
in CL and automatically starts an interaction,
seems possible.
Help-timings for a digital human agent were

also associated with a medium or high CL level.
However, we did not find a significant change in
CL levels compared to the respective baselines.
The CL level is already medium or high during
the baseline interval and does not change when
help from a digital human agent is desired. Based
on our findings, we argue that the CL level (at this
likely later point in the decision-making process)
should not be used as the sole indicator to informa
digital human agent about good intervention
timing.

Conclusion

This study extends the consumer behavior
literature in the emerging subfield of v-com-
merce. Our statistical analysis investigates the
desired help-timings for two different product
categories in detail and outlines the need for
differentiated treatment. It also reveals behavioral
and demographic factors that are linearly associated
with desired help-timing. Our study also provides
information about the most desired algorithmic
help types for different product categories.
Furthermore, we show how ET and ECG data

can provide the features for a CL-based ML
model, which may benefit the consumer journey.
The presented model indicates a good help-timing
for an algorithmicUASwhile shopping for products
or services in a v-commerce context. Even though
the ECG measures proved to be supplemental, our
study still applies a larger number of ET features
than previous studies. For instance, Peukert et al.

(2020) used only one ET feature to detect decision
phases, and Pfeiffer et al. (2020) limited the
number of predictors to four variables at a time.
In the v-commerce context, recognizing and

reducing CL is applicable in many ways. Visual
and other sensory aids can help to reduce CL
and make it easier for consumers to understand
information.Moreover, by personalizing a virtual
environment, UAS can reduce CL and make it
easier for consumers to perform their decision-
making processes. CLT can provide 12 principles
to break down complex information into smaller,
more manageable parts and present it in a clear
and concise manner. Our experiment suggests
that an ML model can serve as an indicator to
invoke an algorithmic UAS which appears just in
time and selectively provides the most relevant
information to consumers. However, we believe
that CL should not be used as the only criterion
that determines the current status of the consumer
seeking help. Instead, it should be included in
multidimensional models to narrow down indi-
vidualized help time spans for specific environ-
ments, products, and situations.

Theoretical Implications

With the proliferation of v-commerce, the
emphasis insalesshifts towardsprovidingconsumers
with a dynamic and interactive shopping experience.
This increased attention to consumer experience is
driving providers to invest in innovative technology,
such as Augmented Reality and VR hardware,
and the software to support it. The current rise of
AI is likely to accelerate this trend even further,
changing the rules for all kinds of retail activities.
Our research gives answers to the question by
Branca et al. (2023), who asked, “What do we
knowandwhat dowe not knowabout consumers’
product evaluations in VR?” We complement
previous research (a) by showing differences in
desired help-timings for different product cate-
gories, (b) by identifying relevant impact factors
on help-timing, and (c) by applying an extended
set of sensors and features in an ML-approach
based on CLT. Our results show the feasibility of
inferring CL from ET and ECG data, which then
serves as a proxy for algorithmic UAS interven-
tion. However, using CL as a single predictor was
not sufficient to determine a good point in time for
a digital human agent.
Regarding the help type for an algorithmic

UAS, our participants requested reviews and
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opinions of other consumers most frequently.
However, given the fake review problem (He
et al., 2022) that currently prevails on several big
e-commerce platforms, and combined with the
rise of large language models (LLMs), we doubt
that written messages or recorded videos will
remain as compelling for consumers as they are
today. In the second place were side-by-side
product comparisons, which outline relevant and
detailed information about products in tabular
format. Taking CLT and cognitive fit theory
(Vessey, 1991) into consideration, such a direct
comparisonmight be feasible for a set of up to four
products, which we deem a good maximum
comparison capacity. Still, an optimal set size
should be the object of further investigations.
The open research questions, such as good

intervention timing for digital human agents,
require combined efforts, methods, and theories
from fields such as economics, neuroscience,
and psychology. As sensors like EEG and
functional near-infrared spectroscopy (fNIRS)
become more precise while steadily shrinking in
size and price, collaborative work can help to
understand behavioral phenomena in the new
context of immersive virtual domains. Applying
new combinations of input features and incorpo-
rating further psychological effects such as flow
(Berger et al., 2023) may also help to explain and
model desired help-timing and eventually allow
for a better understanding of consumers.

Managerial Implications

We urge practitioners to embrace the chal-
lenges and opportunities that new virtual sales
channels offer, sometimes even impose. Tech
giants are racing for the next breakthrough device
after the smartphone, and consumers are wearing
an increasing number of sensors that integrate
into HMDs and additional wearables, such as
wristwatches and earphones. Future shopping
assistance will likely involve neurophysiological
sensor data, applyML, andbe intelligent. Still, we
believe that the human in the loop remains a
crucial factor, for instance, as a digital human
agent. Although delivered through an avatar, a
genuine and actionable recommendation from a
real person can still hold more trustworthiness
than an automated suggestion from a recom-
mender system (Castelo et al., 2019), particularly
in contexts where the user wants that to be seen
by others, and to see themselves, as fully human

(Heßler et al., 2022). However, LLMs are
improving, and a specialized model (in combina-
tion with further AI techniques) may soon allow
for an intelligent, objective, and thus trustworthy
AI sales agent that is perceived as very human-
like (Seeger et al., 2021). Revolutionizing
real-world call centers and drop-in stores,
v-commerce industry pioneers should evaluate
how a combination of basic UAS, LLM based AI
agents, and digital human agents may provide the
most value to the consumer experience.
With respect to ML, our described feature

engineering process with different sensors and
window sizes may inform how to create an
appropriate inference pipeline for help-timing.
Our study provides a guideline on how to design a
CL-based model that infers desired help-timing
for v-commerce consumers. For practitioners
with the capability to collect much larger samples
than we had, we recommend evaluating time-
series-based models. In our approach, we used a
small data set, but with more data available, deep
time series classifiers like InceptionTime (Ismail
Fawaz et al., 2020) or TapNet (X. Zhang et al.,
2020) might be suitable models to determine
help-timing for a digital human agent. Providers
could further combine it with an LLM-based AI
agent that has in-depth product knowledge.
Overall, such a fine-tuned ML pipeline is likely
to enhance consumer experience, increase con-
sumer engagement, and ultimately improve the
likelihood of making a sale.
ET has proven to be an accurate sensor that

provides both attentional and cognitive metrics.
In contrast, we note that the ECG features only
had a supplemental character for our study. In
a brief period of 30 s, the heart rate is not as
informative as the change in pupil dilation or
the gaze duration for a certain product. While
highlighting the key role of ET, we speculate
about the impact of face tracking (FT) in our help-
timing prediction endeavors. Realistic synchro-
nization of the cheeks, eyelids, and lips may help
to improve the interaction between conversation
partners. The next generation of wireless HMDs
will integrate ET and FT because good anima-
tions andmapping of avatarmovements are key in
future virtual interactions, not only sales. Thus,
incorporating FT seems like a logical next step.
V-commerce providers should consider ethical

and privacy-related aspects, as the use of
neurophysiological sensors raises many ques-
tions. To prevent privacy issues, inference could
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be done on the edge device itself, but this would
bepower-consumingand limitedby theembedded
processing unit. The European Union enforces
special regulatory measures with the AI Act,
which could limit online data transfer for inference
to a certain degree. However, these regulations are
not yet established in detail, and taking influence
by means of close cooperation with the regulators
seems advisable.
Overall, our article suggests that a virtual

showroom is a feasible virtual shopping platform
for both FMCG and technical products. Still, we
believe that it is not enough to copy prevailing
real-world patterns and paradigms into virtual
environments. For instance, as space is no
constraint in VR, we see a classic shelf arrange-
ment with very low and high product positions as
obsolete. Practitioners should put increased effort
into identifying and adhering to these new v-
commerce rules, such as the need for adjusted
ergonomic considerations (Wilson, 1997). Our
showroom gives one idea of how a v-commerce
sales platform might look, but it is still very close
towhat is possible in the real world. EngagingVR
room designs could go beyond physical limita-
tions and incorporate interesting architectural
features. These environments could further incor-
porate fun games (Tayal et al., 2022) and social
activities (Gallace & Girondini, 2022), which
might act as an ice-breaker between the consumer
and the vendor.
Finally, we advocate for iterative processes

when transitioning to virtual sales and help
offerings. Our study also describes one part of an
iterative research process. Further iterations will
introduce themuch-spoken-of avatar, andwe also
plan to evaluate a product comparison matrix
UAS for commodity products.

Limitations and Future Research

The limitations of this study can also provide
directions and advice for future research. The first
concern is the generalizability of the results, as
the sample mainly consisted of students. Future
research should involve a broader cross-section
of society, including different education levels,
occupations, and age groups.
Second, future studies should increase the

sample size becausewewere rarely able to assume
a normal distribution for statistical testing. For
future experiments, it would also make sense to
include further product categories (e.g., beverages,

food, interior) to obtain a better understanding
of product-specific needs. Our results regarding
the desired help type also suggest taking a closer
investigation of comparison matrices as algorith-
mic user assistance. A convenient algorithmic
UAS for product detail comparison was particu-
larly desired in the FMCG group.
Third, immersion, perceived telepresence, and

perceived product involvement could have been
increased by adding more sensory channels
(particularly audio) to the virtual environment.
Future research could mitigate these aspects, for
example, by adding sound effects to the products.
The room size also had a limiting impact on
immersion and telepresence. On several occa-
sions, the experimenter had to interrupt partici-
pants and ask them to remain within the defined
VR space. Subsequently, they were not able to
fully immerse themselves in the virtual space.
Future studies with a similar showroom setup
should ensure to have at least 25 m2 of dedicated
VR space.
Fourth, the quantitative approach with ques-

tionnaires leads tomethodical issues like centrality
tendencies and questionable consistency, espe-
cially for the NASA-TLX items (Hart, 2006).
Future studies could mitigate this issue by
applying a mixed methods approach and by
implementing and validating a more consistent
mental difficulty scale.
Fifth, our CL-basedMLmodel predicted help-

timing for an algorithmic UAS well but not for a
digital human agent. However, we believe that it
is feasible to create a predictive model for both
help providers. There seem to be other factors
for that influence the right intervention timing
of digital human agents, which our ET and
ECG features do not cover. Furthermore, other
model families, such as Hidden Markov Models
(Rabiner, 1989) or a deep learning time series
classifier, might be able to mitigate the issue and
predict timings for both help providers. For a
review of different time series classifiers, we refer
to Ruiz et al. (2021).
Sixth, future experiments could improve the

generic CL tasks or introduce another CL-
inducing design, such as a n-back task variant
(Jaeggi et al., 2010). We performed the single
generic CL task trials sequentially from easy to
hardwith individually chosen rest periods. Future
research could consider a randomized setup with
fixed rest periods (which might result in better
classification results but bears a risk of reporting
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confounds regarding the task order). A broader
range of CL tasks could also be considered, for
instance, taskswith auditory or haptic components
or a classic an n-back task setup. Furthermore, the
period of 30 s for theCL tasks is too short for ECG
measurements and should be revised for future
research. It is also advisable to consider further
sensors for CL, such as measuring galvanic skin
response and EEG activity, which might be
available for future VR devices off-the-shelf.
Future studies may provide deeper insights

for the good of both consumers and service
providers. New generations of highly immersive
VR hardware allow for integrated and appealing
experiments. We see the use of neurophysiological
sensors in VR as a valuable methodology in
experimental consumer behavior research and
advocate for further exploration. It remains future
work to find indicators for precise help demand
prediction regarding a digital human agent.
Different age groups and personality traits (like
extraversion)may serve as further predictors, as our
data has indicated. Incorporating additional neuro-
physiological aspects, such as emotions (Martinez-
Navarro et al., 2019) and stress (Ishaque et al., 2020;
Riedl, 2012), is another step to increase the accuracy
and generalizability of the ML model. Future
research should particularly focus on the prediction
of themomentwhen a digital human (orAI) agent
should appear.Most probably, this point in time is
more heterogeneously distributed among parti-
cipants compared to the algorithmic UAS timing.
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