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Abstract

Personalization is a well-established concept that leverages a wide range of user data to tailor digital platforms to target
audiences. Advances in sensor technologies now allow continuous recording of human activities, such as eye gaze, heartbeat,
or facial muscle movements. The resulting biosignals can be processed and interpreted in real time using, for example,
artificial intelligence methods, enabling closed-loop adaptation and deeper individualized personalization. We conceptualize
such systems as biosignal-adaptive platforms (BAPs). Despite their potential, research on BAPs in electronic markets remains
limited. This paper addresses this gap through three key contributions: (i) we develop a morphological box that captures the
technical and functional complexity of BAPs and illustrates potential solution spaces; (ii) we conduct a systematic literature
review and map existing studies onto this framework, highlighting configurations currently examined in e-commerce, auctions,
and streaming services; and (iii) we identify technical, methodological, ethical, and societal challenges, providing guidance
for responsible, human-centered design. Together, these contributions provide an understanding of BAP’s capabilities and a
foundation for future research and practice in electronic markets.
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rely on personalization to enhance customer experiences
and gain a competitive advantage (Lambillotte & Poncin,
2023; Tongetal.,2020). For instance, Amazon’s e-commerce
platform recommends products based on users’ purchase his-
tories, browsing behavior, and demographic profiles; Netflix
recommends movies and TV shows based on user ratings and
viewing behavior; and social media platforms such as Insta-
gram and TikTok prioritize content in their feeds according
to users’ past interactions and interests.

Recently, significant advances in sensor technology have
emerged, including always-on connectivity, battery effi-
ciency, integration capability, and miniaturization (Henrik-
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sen et al., 2018; Schultz et al., 2013; Schultz & Maedche,
2023; Yogev et al., 2023). Sensors can now be integrated into
everyday devices such as smartphones, smartwatches, smart
textiles, or even implants (Yogev et al., 2023). These devel-
opments create new opportunities to continuously record
various human activities, such as eye gaze, heartbeat, facial
muscle movements, or brain activities beyond medical appli-
cations (Henriksen et al., 2018; Schultz et al., 2013; Schultz
& Maedche, 2023). The resulting biosignals can be pro-
cessed and interpreted in real time via methods such as
artificial intelligence (AI), including advanced signal pro-
cessing and machine learning algorithms, thereby enabling
deeper individualized personalization for information sys-
tems (IS) (Riedl et al., 2020). This trend is exemplified in
fields such as personalized marketing, where means such as
Al and wearables are proposed as a way forward to deliver
personalized experiences, as highlighted in a bibliometric
review of 383 publications employing performance analysis
and science mapping by Chandra et al. (2022).

Building on this, we argue that products, services, and
content on digital platforms can be delivered with a greater
degree of individualization and utilization. This shiftis driven
not only by technical feasibility but also by customer demand
for enhanced personalization and by organizations’ potential
to increase revenue (Arora et al., 2021). By continuously
processing and recognizing biosignals, platforms can adopt
a closed-loop architecture in which such signals are used to
adapt platform behavior in real time. We refer to such systems
as biosignal-adaptive platforms (BAPs). However, designing
BAPs poses substantial challenges, as their scope and func-
tionality can vary widely. This complexity spans multiple
dimensions and characteristics that are not yet holistically
understood. Understanding these dimensions and character-
istics is crucial for researchers and practitioners to improve
existing platforms and responsibly design future systems.
Since this research stream is still emerging in the domain of
electronic markets, there is a significant need for foundational
conceptual work. Our literature review confirms that relevant
research on BAPs in electronic markets remains scarce.

This paper advances the understanding of BAPs in elec-
tronic markets through three key contributions. First, we
capture the complexity of BAPs from a technical-functional
perspective by developing a framework, conceptualized as a
morphological box, that delineates how real-time biosignals
can be continuously recorded, processed, and used for closed-
loop adaptation. The framework illustrates potential solution
spaces across relevant dimensions and characteristics. Sec-
ond, we conduct a systematic literature review in electronic
markets research and map the three identified studies onto
this framework, thereby illustrating the current state of BAPs,
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the configurations examined to date, and how such systems
operate across diverse contexts, including e-commerce, auc-
tions, and streaming services. Third, we highlight technical,
methodological, ethical, and societal challenges associated
with the design, implementation, and evaluation of BAPs,
emphasizing the importance of responsible, human-centered,
and interdisciplinary approaches. These challenges provide
a basis for researchers and practitioners to systematically
narrow the solution space defined by the morphological box
when designing and applying concrete BAP solutions. Taken
together, these contributions provide both an understand-
ing of current BAP capabilities from a technical-functional
perspective and guidance for their future development, with
explicit consideration of ethical and societal implications.
The remainder of this paper is structured as follows:
We first introduce key concepts related to adaptive systems
and personalization. We then present our conceptualization
of BAPs through the morphological box, followed by the
method applied and the results of our literature review. We
then discuss research opportunities before concluding the

paper.

Adaptive systems and personalization

The miniaturization, battery efficiency, and wireless con-
nectivity of sensors enable an always-on connection to the
internet, and thus a deep integration of sensors into human
daily activities, ranging from smartphones, wearables (e.g.,
smartwatches), and integrated (e.g., smart textiles, smart
environments) sensors over injected to even implanted sen-
sors (Yogev et al., 2023). Wearable technologies, such as
textile sensors, ink-based sensors, earables, or implants, are
currently the subject of very active research and develop-
ment (Roddiger et al., 2022). In addition, there are several
initiatives surrounding hearables, i.e., wearable devices worn
in or on the ear and connected to smart devices to per-
form functions such as medical monitoring, activity tracking,
fall detection, or language translation, among others. Smart-
glasses provide the visual complement to these hearables.
As sensors are integrated into everyday life beyond med-
ical applications, the data they collect can be used in various
ways. For instance, biosignals — such as brain activity data
— are used in sports science to adjust training plans and
enhance training success (Rydzik et al., 2023). Moreover,
vom Brocke et al. (2020) illustrate four key areas of how
biosignals can provide benefit to IS research. First, signals
caninform IS design. Second, biosignals can help researchers
better understand the effects of IS use on individuals. Third,
biosignals can help to better understand fluctuating user
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states, such as emotions. Lastly, such signals can serve as
input for designing personalized, user-adaptive systems.

Being intensively used in practice and highly investigated
across various academic fields (Statista, 2024), including
economics, management, psychology, IS, and computer sci-
ence, such personalization approaches, including adaptive
systems, have been found to offer several advantages. For
instance, Zhang et al. (2011) have shown that personalizing
product recommendations can improve customers’ decision
quality. With advancements in Al, additional new and more
sophisticated forms of personalization have been proposed
(Gouthier & Kern, 2021; Vempati et al., 2020). Because
personalization is a widely used concept across multiple
academic fields and encompasses a broad range of interpre-
tations, it is essential to clearly define what it means and how
adaptive systems relate to it.

Personalization can be defined as “a process that changes
the functionality, interface, information access and content,
or distinctiveness of a system to increase its personal rele-
vance to an individual or a category of individuals” (Fan &
Poole, 2006, p. 183). Various forms of personalization are
mentioned that differ based on the target of the personal-
ization (i.e., individualized or category of individuals), the
automation type (i.e., implicit: automatically by the system,
or explicit: the user participates to provide system guidance),
and what is personalized (i.e., the channel via which infor-
mation is accessed, the content, the functionality, or the user
interface of the system) (Fan & Poole, 2006).

While personalization describes the concept from an appli-
cation-oriented business scenario, adaptation itself refers to
the required system capability to use information from the
user (i.e., the context of use, environment, and information
about the user), to alter the system’s behavior and tailor
it to the individual user (Fan & Poole, 2006). These sys-
tems perform personalization implicitly and automatically
(i.e., adaptive systems), compared to adaptable systems that
rather rely on explicit user intervention (i.e., customization),
or based on a mix of both types (i.e., mixed-initiative sys-
tems) (Findlater & McGrenere, 2004). Examples of such
adaptive systems can be found across various research fields
and application domains, including programming learning
through serious games (Branthome & Lallé, 2025), social
rehabilitation (Tanaka et al., 2017), and smart home privacy
and security (Wang et al., 2024).

Taking a closer look at the adaptive system’s target of
personalization, one can distinguish between systems that
focus on categories of individuals and systems that focus
on specific individuals (Fan & Poole, 2006) by relying on a
wide range of user data (e.g., transactional, identity, demo-
graphic, attitudinal, or interaction data). However, findings
from various research fields indicate that not only stable trait

factors but also individual state factors, such as one’s cur-
rent cognitive load or emotional state, play a crucial role in
how we perceive systems, how we act, and what demands
we have on our working environment, including its techno-
logical devices (e.g., consideration of the current stress level
on advice seeking; see Jensen et al. (2024)). To address these
aspects, we argue that the unique properties of biosignals
can be leveraged for deeper individualized personalization,
enabling closed-loop BAPs with greater individualization
and utilization.

A morphological box for biosignal-adaptive
platforms

To capture the complexity of BAPs, we developed a morpho-
logical box (see Table 1). Morphological analysis, as named
by the Swiss astronomer Fritz Zwicky (Wissema, 1976), has
been applied successfully across diverse contexts (Knaeble et
al., 2023) and is described as “a creative way of illustrating
all the potential solutions to existing problems in a struc-
tured format” (Kley et al., 2011, p. 3395). In this approach,
a phenomenon is decomposed into key dimensions and the
possible shapes (i.e., characteristics) each dimension can take
(Wissema, 1976). This structured decomposition reveals a
broad potential solution space and helps researchers and prac-
titioners identify opportunities that might otherwise remain
overlooked. These potential solutions can then be narrowed
to a set of concrete solutions by logically combining fea-
sible configurations and excluding those that are infeasible
(e.g., for technical, methodological, economic, legal, or eth-
ical reasons; see Kley et al. (2011)).

BAPs can continuously record, process, and interpret
biosignals emitted by users to deliver appropriate adapta-
tions (Schultz & Maedche, 2023). These systems operate in
a closed-loop architecture in which target elements, such as
affective-cognitive user states inferred from biosignals, guide
system behavior and, in turn, influence user responses. We
used a mix of top-down and bottom-up reasoning to derive
the underlying characteristics for each dimension, as shown
below. It is important to emphasize that we consider the
dynamic interaction between the human user and the BAP
as an oscillating circuit in which both entities influence each
other (Schultz & Maedche, 2023). The fundamental con-
ceptual framework of our morphological box is depicted in
Fig. 1. Building on this conceptual framework, our morpho-
logical box comprises four central dimensions: (i) activity
and recording, (i1) processing and recognition, (iii) strategy
and decision, and (iv) delivery and recipient. Each dimension
captures a fundamental aspect of the closed-loop process,
defining the technical-functional solution space of BAPs.

@ Springer
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Fig.1 Conceptual framework

The following subsections explain each dimension and its
corresponding characteristics in the morphological box.

Activity and recording

The nervous system is fundamental for all human activity,
both voluntary and involuntary. It connects the body and
brain, allowing humans to sense, perceive, think, feel, and
perform activities (Riedl & Léger, 2016). We base the char-
acteristics in our morphological box on this grounding. In
general, the nervous system consists of two interrelated parts.
The central nervous system (brain and spinal cord; CNS)
is responsible for neurological activities such as sensory
processing, motor control, and higher cognitive functions
that enable humans to perceive, interpret, and respond to
their environment. The brain sends commands to the periph-
eral nervous system (PNS), which is distinguished into the
autonomic nervous system (ANS) and the somatic nervous
system (SNS). Here, the ANS regulates involuntary physio-
logical activities such as heartbeat, pupil dilation, sweating,
and digestion, which maintain essential bodily functions
without conscious effort. In contrast, the SNS controls volun-
tary physical activities such as writing, sitting, standing, and
picking up objects, enabling coordinated body movements
under conscious control.

As humans perform CNS or PNS activities, their bod-
ies generate biosignals. Biosignals can be conceptualized
as autonomous signals produced by a living organism mea-
sured in physical quantities (Schultz et al., 2013; Schultz &
Maedche, 2023). In our morphological box, the characteris-
tics of biosignals are derived from the taxonomy of Schultz
and Maedche (2023). Specifically, depending on the origin
of a biosignal and the conditions or constraints of signal
acquisition, various sensors can be used to measure acous-
tic, chemical, electrical, mechanical, optical, and thermal
quantities. The resulting biosignals are classified as acous-
tic, chemical, electrical, kinematic, optical, and thermal. For
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instance, human activities such as speech, nonverbal sounds,
and body noises can be captured by microphones and thus
fall into the category of acoustic biosignals. Human activities,
such as eye gaze, lip movements, or facial expressions, can be
captured by cameras or webcams, resulting in optical biosig-
nals. Moreover, blood volume changes in the microvascular
bed of tissue (photoplethysmogram, PPG) can be derived
either from camera-based optical recordings or from wear-
able devices such as smartwatches, fitness wristbands, or
rings (Health Oy, 2024). Activities such as heartbeat or brain
activity can be measured using surface electrodes, which
form electrical biosignals. Notebooks at the workplace often
include infrared sensors that enable the detection of body
temperature (Lenovo, 2024), forming thermal biosignals.
Even synchronous recording of high-dimensional biosignals,
using a combination of these sensors to capture human daily
activities, has become feasible and accessible to the research
community (Meier et al., 2018).

Processing and recognition

Subsequently, the received signals undergo processing and
recognition, which often involve artifact removal, normal-
ization, and feature extraction (Schultz & Maedche, 2023).
Fusion strategies may be applied when multimodal biosig-
nals are recorded (Schultz & Maedche, 2023). An important
aspect of this process is accurately defining the target ele-
ments to be recognized and their corresponding human
activities (Mufioz et al., 2021). Target elements are usually
termed a construct; examples include cognitive load, flow, or
stress, among others (Riedl et al., 2014).

For our morphological box, the targeted element is differ-
entiated along states and traits. A state represents a temporary
condition that fluctuates over time — for example, “I feel
confident about this interview” or “I am nervous right now”
describe states (Oxford Review, 2024). In contrast, a trait
is a long-term characteristic of a person that forms part of
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their personality and influences their behavior, actions, and
feelings. For instance, someone who describes themselves as
“a confident person” or “an anxious person” is referring to a
trait (Oxford Review, 2024). Next, building on Cacioppo and
Tassinary (2007), we include four possible types of relation-
ships between the target elements and the human activities
in our morphological box, namely:

e Many-to-many: where multiple target elements are related
to multiple human activities.

e Many-to-one: where multiple target elements are related
to a single human activity.

e One-to-many: where one target element is related to mul-
tiple human activities.

e One-to-one: where one target element is related to a sin-
gle human activity.

For recognizing target elements, our morphological box
distinguishes three types: top-down approaches, which are
knowledge-driven and logic-based (e.g., expert systems);
bottom-up approaches, which are data-driven and statistical
(e.g., machine learning); and hybrid approaches that combine
both paradigms (Akerkar, 2026).

Machine learning algorithms have had an impressive
impact on recognition performance (Bian et al., 2022). For
instance, research contributed to the recognition of users’
affective-cognitive states, such as flow, based on biosig-
nals using machine learning (see e.g., Maier et al. (2019)
— deep learning, Rissler et al. (2023) — shallow learning:
Adaboost, C4.5, k-Nearest Neighbor, Naive Bayes, Random
Forest, Support Vector Machine-SVM). Notably, scholars
have long had a tradition of creating features by hand, but
such approaches are, among other things, highly dependent
on individual experience in selection (Bian et al., 2022).
Reflecting this shift, Bian et al. (2022, p. 5) stated that net-
work models “based on convolutional computing (Miinzner
etal., 2017) or attentional mechanisms (Yang et al., 2020) for
feature abstraction have dominated the approaches for data
processing and presented the state-of-the-art recognition per-
formance.”

Strategy and decision

Based on the outcomes of the recognition process, an adapta-
tion strategy governs how the system responds to the detected
target elements — that is, the recognized user states or traits
— including whether its behavior should be modified or
evolve over time (for instance, due to user fatigue). Vari-
ous strategies have been explored to equip BAPSs to convert
biosignals into a control input for adaptation. Mufioz et al.
(2021) developed a taxonomy and illustrative examples in

the physiological computing research community, which we
rely on for our morphological box.

Classical control theoretic

Control-theoretic approaches can be differentiated into clas-
sical and modern variants (Mufioz et al., 2021), both of which
are represented as characteristics in our morphological box.

Classical control entails established systems that have
been in use for decades, such as the on-off (or bang bang)
and proportional-integral-derivative (PID or any combina-
tion) controllers (Muifioz et al., 2021). The game “Space
Connection” employs an on-off controller to activate or
deactivate super-powers contingent upon players entering or
exiting predefined thresholds for relaxation or attention level
(Muiioz et al., 2016). To recognize the relaxation level, a
respiration rate sensor was chosen, while the attention level
was derived using a low-cost, electroencephalography-EEG-
based brain-computer interface (BCI) (for a description of
the state of the art and current trends in non-invasive BCI,
see Edelman et al. (2025)). During the game, players are
incentivized to work together as they need to regulate their
own biosignals (i.e., either brain activity or respiration) to
give their partner access to a unique superpower (i.e., either
a time-manipulation power or a telekinesis power), which
both players must use in a collaborative manner within dif-
ferent scenarios (i.e., three different physics-based puzzles)
in order to succeed (Muiioz et al., 2016).

Moreover, other classical control-theoretic implementa-
tions have relied on PID controller designs, for instance, in
the context of exergames (Muifioz et al., 2021). Exergaming
refers to users playing any type of videogame that “requires
physical exertion or movements that are more than sedentary
activities and also include strength, balance, and flexibility
activities” (Oh & Yang, 2010, p. 10). In an exergame devel-
oped by Sinclair et al. (2010), users sat on game bicycles
— an interactive fitness bicycle — and pedaled to maintain
a helicopter displayed on a computer screen at the desired
altitude and fly through a 2D screen passage. PID control to
adapt the exercise intensity level of the game based on con-
tinuous monitoring of humans’ heart rate was presented as
an effective means of supporting players in maintaining the
desired level of exertion and for effective training (Sinclair
et al., 2010).

Modern control theoretic

An important aspect of modern control refers to robust
control system design “that might not be optimal in the sense
of minimization/maximization of some cost function, but
would obtain a robust performance in the presence of some
deterministic but unknown/bounded uncertainties” (Raol &
Ayyagari, 2019, p. xv). Robustness means that a certain per-
formance level is achieved and that uncertainties and model
errors in relation to the control system in question remain
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within a certain range (Mufoz et al., 2021; Raol & Ayyagari,
2019).

We identified a modern, adaptive control approach as
an illustrative example in the passive BCI context (Mufioz
et al.,, 2021). Specifically, biosignals are highly individ-
ual (Labonte-Lemoyne et al., 2018). Following Labonte-
Lemoyne et al. (2018), passive BCIs must be tailored to
the individual to ensure proper functioning (e.g., Makeig
et al. (2012)) by, for instance, using configuration tasks to
individually adjust thresholds before a system is used (e.g.,
Johnsonetal. (2011)). Hereby, two measurements are applied
(Labonte-Lemoyne et al., 2018): one to measure the indi-
vidual’s responses to a task designed to elicit a particular
state, and a second when the system has been tailored to the
individual to actually use it. On the one hand, this is time-
consuming and resource-intensive, and on the other, leads to
solutions that do not respond to changes over time, such as
fatigue or learning (Labonte-Lemoyne et al., 2018). Against
this backdrop, Labonte-Lemoyne et al. (2018) suggested a
dynamic threshold selection for the Tetris game by relying
on a second biosignal to enhance the solution’s robustness.
In essence, what the second biosignal (i.e., automatic facial
expression analysis used to derive emotional valence) would
do is serve as an indicator of success for the adaptation based
on the first biosignal (i.e., EEG signals used to derive cogni-
tive load for speed changes within the Tetris game), so that
it can be tailored to the individual.

Other modern control approaches include intelligent con-
trol (Mufioz etal., 2021). For instance, an illustrative example
refers to the use of fuzzy logic in human-robot interaction for
neurorehabilitation (Mufioz et al., 2021). Patients typically
work together with a haptically controlled robot device to per-
form a specific task, such as reaching, “based on the paradigm
“assistance-as-needed,” where human and robot cooperate
to successfully complete a task, minimizing the intervention
from the robotic device and maximizing that of the human”
(Rodriguez-Guerrero et al., 2017, p. 2). Despite their rele-
vance to a person’s motor control performance, factors such
as boredom, discomfort, excessive physical work demand,
lack of motivation, pain, and stress are typically addressed
only marginally in existing research — a shortcoming also
highlighted by Rodriguez-Guerrero et al. (2017). Drawing on
a controller that uses fuzzy logic based on electrocardiogra-
phy (ECG) and electrodermal activity (EDA) signals as well
as contextual performance information, Rodriguez-Guerrero
et al. (2017) simultaneously adapted the game difficulty and
haptic assistance in a virtual reality task involving “catching
falling drops” by manipulating the robot’s end effector (i.e.,
the device at the end of a robotic arm). This allows for mod-
ulating perceived skill with haptic assistance and perceived
challenge with game difficulty. To quantify and visualize the
relationship between perceived challenge and perceived skill,
the study also proposed a new metric.
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Machine learning has emerged as another form of intelli-
gent control (Siddique, 2013). One illustrative example for
supervised and unsupervised learning can be found in myo-
electric control (Mufoz et al., 2021), where muscle activity
generated by human hand movements is used to offer manip-
ulation commands (Oskoei & Hu, 2015). Oskoei and Hu
(2015) explained that myoelectric control enables individu-
als with motor disabilities to interact with electronic devices,
such as prostheses or video game consoles, provided that
the system maintains long-term stable performance. The
authors further noted that ensuring such stability is chal-
lenging because muscle activity may change over time, for
example, due to fatigue. Against this backdrop, they have
used both supervised and unsupervised adaptive schemes to
deal with fatigue-based changes in myoelectric signals and
change the SVM classification criteria to ensure stable per-
formance in long-term usage. Notably, while supervised and
unsupervised learning approaches have been successfully
applied across a variety of domains in physiological com-
puting, other types, such as reinforcement learning, remain
underexplored yet show promise for future research (Mufioz
etal., 2021).

Delivery and recipient

Once an adaptation decision has been made, it must be
determined how and where to deliver the corresponding adap-
tation. Thus, the last dimension of our morphological box
concerns the delivery of adaptations to the recipient(s). In
BAPs, the initiator and timing characteristics are fixed as
system-driven and in real time during interaction, respec-
tively, distinguishing these platforms from user-driven and
retrospective alternatives (Fan & Poole, 2006). The remain-
ing characteristics known in personalization (Fan & Poole,
2006) — form (i.e., what is adapted) and recipient (i.e., to
whom it is adapted) — define how adaptation delivery is
expressed in our morphological box.

Adaptation may take many forms (Labonte-Lemoyne
et al., 2018), such as the difficulty of the task (Labonte-
Lemoyne et al., 2018), the activation of features (Mufioz
et al., 2016), or the visual output (Maior et al., 2018), to
name but a few. For our morphological box, the “what facet”
(see also Fan and Poole (2006)) includes adaptations of the
access channel, content (e.g., tailoring recommendations,
modifying information complexity, or filtering stimuli such
as notifications), functionality (e.g., changing interaction
modalities or enabling or disabling features), and interface
(e.g., simplifying layout or adjusting visual density). The “to
whom facet” differentiates between adaptations targeted at
individual users and those directed at multiple users (similar
to Fan and Poole (2006)).
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Table 1 Morphological box for biosignal-adaptive platforms

Activity & Recording

Processing & Recognition

Human activity

Target element

CNS activity State
PNS activity Trait
Biosignal Relationship
Acoustic Many-to-many
Chemical Many-to-one
Electrical One-to-many
Kinematic One-to-one
Optical Recognition type
Thermal Bottom up
Top down
Hybrid

Strategy & Decision Delivery & Recipient

Control theoretic Form
Classical-On-off Access channel
Classical-PID Content
Modern-Adaptive Functionality
Modern-Intelligent Interface

Recipient

Individual

Multiple

In sum, our morphological box comprises four dimensions
and their underlying characteristics (see Table 1). This struc-
ture illustrates the potential solution space of BAPs from a
technical-functional perspective and can serve as an analyti-
cal tool for comparing configurations in existing research. In
the subsequent section, we apply this framework to catego-
rize relevant studies in the field of electronic markets.

Existing research on biosignal-adaptive
platforms

We conducted a systematic literature review to identify exist-
ing research on BAPs. The following subsections present the
underlying process and results.

Process of systematic literature review
We followed established guidelines for conducting system-

atic literature reviews (Vom Brocke et al., 2009). In the first
step, we determined our search strategy. The search string

combined search terms from different perspectives, informed
by prior reviews (i.e., Seitz et al. (2023) for recording and
adaptation; Thenoz et al. (2024) for the environment). The
overall search string is presented in Table 2.

Next, we selected databases and target outlets to conduct
the search. We included the Basket of Eight Outlets (via
EbSCOHost), Conferences in the IS and HCI field (i.e., via
AIS eLibrary and conference websites for IS conferences of
ICIS, ECIS, ACIS, AMCI, PACIS, WI Tagung, DESRIST,
and HICSS, as well as via ACM Library filtered for CHI
conference), and electronic markets-oriented outlets (i.e.,
Electronic Markets journal, Journal of Electronic Commerce
via Web of Science). We conducted our search in September
2025 and searched for peer-reviewed articles in the libraries
without date restrictions (i.e., all publications indexed up to
September 2025). We applied the following filter criteria:

1. The article studies systems that process biosignals as
input.

2. The article studies a form of platform, e-commerce, or
e-market application.

Table 2 Search string. Within each row, terms are OR-connected; across rows, components are AND-connected

Component Term

Recording

behavior* - bio* - brain - ECG * EDA - EEG - electro* - eye - facial - galvanic - gaze

GSR - heart © physio* * psychophysio* - skin - speech - voice

Adaptation adapt® - aware

targeting

capture

Environment

feedback

intervention - personali* © sensit* ° support™®

ad - advertising - auction - bidding - “big data” - CRM - “customer relationship manage-
ment” - “data analytics” - “digital business” - “digital service” - e-business * e-commerce
e-marketplace - e-procurement - e-services * e-shopping - “electronic business” - “elec-
tronic commerce” - “electronic data interchange” - “electronic marketplace” - “electronic
procurement” - “electronic services” « “electronic shopping” - “internet-based commerce”
m-commerce - market - “mobile commerce” - “online business” * “online commerce”
platform - recommendation - “recommendation agent” - “recommendation system”
“recommender system” - “social commerce” * “ubiquitous commerce” © u-commerce
“virtual commerce” © v-commerce - “web-based commerce” - streaming - trad*

(LI
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3. Thearticle studies systems that offer feedback on or adapt
based on biosignals, representing closed-loop, control-
theoretic BAPs as defined in our concept.

We illustrate our search process in Fig.2, following the
PRISMA framework (Page et al., 2021).

In total, our search yielded 2831 initial results across all
databases when searching for our key terms in abstracts and
keywords (275 hits on EBSCOhost, 1353 on AlSeL, 3 on
DESRIST, 1074 on ACMdL, and 126 on Web of Science).
After screening the titles and abstracts against the filter cri-
teria, we identified 157 articles for full-text review. Our final
sample consisted of three relevant articles. A backward-
forward search on these articles yielded no additional results.
Two factors can explain the large number of false-positive
articles. First, many identified articles do not represent a
closed-loop, control-theoretic BAP but instead use biosignals
as an analysis method to observe the impact of specific adap-
tations and personalizations in platforms (see e.g., Djamasbi
et al. (2011)). Second, many publications present systems
that do not target actual platforms or electronic markets. For
instance, several articles focused on generic support systems
but did not test them in market- or platform-like structures

(see, for instance, Nacke et al. (2011) for an exploration of
biosignal-adaptive game designs).

Results of systematic literature review

In the following, we apply our morphological box to review
the three identified articles and analyze their correspond-
ing BAPs across the defined dimensions and characteristics,
with each subsection summarizing existing research studies
in specific electronic market contexts.

Study I: Cognitive load-adaptive product recommendations

A prominent environment of digital platforms concerns
the delivery of services and products through e-commerce.
Specifically, the fields of advertising and neuromarketing
have investigated integrating biosignals into digital plat-
forms. In this context, we found the study by Tadson et al.
(2023) that investigates cognitive load-adaptive product rec-
ommendations. Surface electrodes from EEG sensors (g.tec
Research: a 32-channel device, based on wireless and gel-
based active electrodes) are used to capture brain activity
(CNS), forming an electrical biosignal. The data is processed

Fig.2 Report of the search
process following the PRISMA " o . Records removed before
§ Records identified from: ety
ramework (Page et al., 2021) screening:
> |+ AlSelL (n=1,353) . _
= . =, » Duplicate records removed (n = 0)
< | + ACMdL: CHI (n=1,074) gt
c b —» + Records marked as ineligible by
¢ [REEESRSIUSS) automation tools (n = 0)
Z | - EBSCOhost: Basket of 8 (n = 275)
: _ * Records removed for other
+ Web of Science (n = 126) _
reasons (n =0)
v
< . Records excluded:
Records screened title & abstract: LA . Not fitting the topic (n = 2,674)
* n=2_831
[
Y
§ Records sought for retrieval: P f‘e:ﬁ'gs potietieVed:
o | =
Q| « —
by n=157
7 Records excluded:
1. No biosignals as input
Records assessed for eligibility: P 2. No form of platfo‘rm,.e-commerce,
V or e-market application
* n=157 3. Lacks closed-loop/ control-
theoretic basis
v
w - -
'g Records included in review:
E’ * n=3
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When applicable, 2 more
recommendations —[
(3 in total)
20 more products
(24 in total)
240 12

Submit

4 more attributes
(8 in total)

800

Based on your personal preferences,

1L this is one of the best products for you

1100

1250

Fig.3 Cognitive Load-Adaptive Product Recommendations as visualized by Tadson et al. (2023). Figure taken from the original source and used

for illustrative purposes to showcase the graphical user interface

by removing artifacts and filtering based on low-pass and
high-pass filtering and a notch filter, among others. The rarget
element is a cognitive state known as cognitive load. Hence,
a one-to-one relationship is assumed as one target element
is related to a single human activity. The recognition type is
top down.

Specifically, cognitive load is classified as low (0),
medium (1), or high (2) based on the average alpha-band
power output over six-second intervals. The band-power
thresholds for low and high cognitive load are calibrated
for each participant using EEG signals recorded during a
0-Back and a 2-Back task, respectively. Moreover, a sec-
ondary logic assigns the value “3” if at least two of the last
three cognitive load classifier values are “2” (i.e., confirming
high cognitive load). Only when the value “3” is detected
in the active time window (i.e., the first and last 12s are
suppressed to give the individuals the opportunity to read the
entire product comparison matrix and react to any recommen-
dations) does the system trigger the visual recommendation
on the product comparison matrix. The adaptation strategy
and decision employ a classical control-theoretic approach.
The form of delivery symbolizes a user interface representa-
tion and provides a green highlight across the entire product
row, as visualized in Fig. 3. The idea is to provide personal-
ized recommendations when consumers are actually facing
choice overload. Hence, the recipient is the individual. It is
worth noting, however, that the study does not compare the
actual impact on choice overload but rather proposes this
neuro-adaptive logic for validation.

Study IIl: Emotional arousal-adaptive adjustments
in auctions

The second example we found in our literature review refers
to the auction context. Specifically, Astor et al. (2013) inves-
tigated how auctions may be influenced when biosignals are
incorporated. The authors use a financial game context and

adapt the system in response to the affective states of market
participants playing an auction game. In the study, market
participants should become aware of their level of emotional
arousal and improve their ability to maintain low levels, a
form of emotion regulation, as excessive arousal can lead
to detrimental financial decisions. Specifically, heart activity
(PNS) is captured via a wireless ECG dry electrode chest-belt
with surface electrodes, forming an electrical biosignal. The
ECG data was processed by detecting the QRS complex to
compute the most characteristic peaks, so-called R peaks, in
the data, based on which heart rate is computed. The rarget
element is the trader’s emotional arousal level, an individual
state. As only heart activity is associated with the target ele-
ment, a one-to-one relationship is assumed. The recognition
type used is top down.

Specifically, in-game arousal values are determined from
heart rate in relation to the baseline period. Threshold values
for the arousal level were calibrated in trial sessions and nor-
malized on a scale from 1 to 5 (e.g., a value of 5 denotes the
highest level and is achieved when the current heart rate is
more than 15 percent higher than in the initial resting phase).
The adaptation strategy and decision component employ a
classical control-theoretic approach. The delivery form con-
sists of content adjustments, specifically a variance of price
estimates (i.e., the higher the individual emotional arousal of
the player, the more difficult the game becomes) as well as
a user interface adjustment in the form of a visual biofeed-
back element that continuously showcases a user’s emotional
arousal level. Biofeedback was offered in the form of an
“arousal meter” in the right top corner of the game screen
and based on the color of clouds (see also Fig. 4; the authors
only provide a black-and-white screenshot) that were also
shown on the screen (green, yellow, and red, with the lat-
ter color indicating the highest emotional arousal level). The
adaptation targets an individual recipient. On this basis, Astor
et al. (2013) were able to show how successful their game is
in eliciting arousal and rewarding its down-regulation.
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Fig. 4 Emotional arousal-adaptive adjustments in auctions as visual-
ized by Astor et al. (2013). Figure taken from the original source and
used for illustrative purposes to showcase the graphical user interface

Study lll: Experience-adaptive communication
and feedback in streaming

Our last identified example concerns the streaming environ-
ment. In particular, the Commons Sense system proposed
by Robinson et al. (2022) performs heart rate sharing as
a novel form of non-verbal communication and audience
feedback for streamers in a game-streaming context (in an
“Alien Shooter” scenario). In particular, the Commons Sense
system captures heart activity (PNS), specifically the blood
volume pulse (BVP) — the contractions of the heart in local
blood vessels — via the webcams of participants watch-
ing from home, forming an optical biosignal. This approach
was adopted due to its technical feasibility and minimal
setup requirements for participants, enabling heart rate mea-
surement with little effort. BVP was extracted by detecting
minor variations in forehead coloration, which were then
used to derive heart rate. The target element is not clearly
defined, but Robinson et al. (2022, p. 3) state: “There is a
pronounced opportunity in affective gaming to use the spec-
tators’ physiology for the sake of a rich overall experience,
enhancing viewer/streamer enjoyment, connectedness, and
engagement.” We therefore define the overall experience as
the target state. A one-to-one relationship is assumed, as one
single human activity is associated with the target element.
The recognition type refers to a top-down approach.
Specifically, before using the software, a calibration phase
must be conducted to verify that the webcam is function-
ing properly and that other necessary conditions are met for
consistent heart rate tracking (e.g., hair out of the face, a
well-lit environment, and the webcam pointed directly at the
face). Interestingly, this BAP combines data from the overall
audience (i.e., those watching a Twitch stream) into a single
metric: the mean heart rate among all spectators. The low and
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high thresholds for the heart rate were pre-tested during the
entire implementation process. In the pre-tests, the average
heart rate was generally between 40 beats per minute (bpm)
and 140 bpm, which is why these values were chosen to indi-
cate the low and high cases. On this basis, the following rule
was introduced: 40 bpm means that the heart rate does not
affect the game, while 140 bpm corresponds to a 100% effect
on the game.

The adaptation strategy and decision component employs
a classical control-theoretic approach. The delivery form
comprises both functionality and user interface adjustments
for the game being played. Functionality-wise, the diffi-
culty is adjusted by modifying the speed, damage, and attack
range of all enemies. The visual representations of the com-
bined average heart rate are mapped to three components: a
heart rate monitor (displayed in the upper-right corner of the
screen), a difficulty gauge (also displayed in the upper-right
corner indicating the effect of the audiences’ heart rate on
the game), and the environmental color intensity (a gradient
ranging from a green, bright backlight for low average heart
rate values to ared, dimmed backlight for high values). Addi-
tionally, an auditory representation enables the audience and
the streamer to hear the heartbeat audio of the heart rate mon-
itor. As those adjustments are directed to the streamer and
the audience, the recipients of the adaptation are multiple
people. Importantly, the Commons Sense designers imple-
mented a high level of interdependence between the streamer
and the audience, allowing spectators to choose whether the
gameplay should be cooperative or competitive. Audience
members could passively contribute by “just” sharing their
heart rate data or actively influence the game by regulating
their heart rate — either increasing it through physical activ-
ity or decreasing it through relaxation (e.g., deep breathing)
—to help or hinder the player’s progress. This design enables
varying levels of engagement and grants the audience a sense
of control over the gaming experience.

Avenues for future research

The following section outlines future research directions and
opportunities for the further development and application of
BAPs. Given the scarcity of BAP studies in electronic market
contexts — only three were identified in the previous section —
this discussion draws on the broader literature from NeurolS
and related fields to establish a robust foundation for addressing
technical, methodological, ethical, and societal challenges.

Technical and methodological challenges
Building on the groundwork of Muiioz et al. (2021) and

Schultz and Maedche (2023), we identified several chal-
lenges that define a future research agenda for BAPs.
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Sensor data quality and integration

Despite rapid advancements in sensor technology, acquir-
ing high-quality sensor data in real-world conditions remains
a major challenge. Key issues include artifacts stemming
from biological (e.g., sweat, eye blinks), environmental (e.g.,
signal interference, lighting conditions), and technical (e.g.,
sensor malfunction) factors that introduce noise into the data
(Islam et al., 2021); sensor calibration requirements (e.g., for
eye tracking); and the collection of baseline data required for
normalization (see also Schultz and Maedche (2023)).

An additional promising direction for future work lies
in integrating multiple sensor sources. Some systems rely
solely on a single source, such as heart rate or EEG, but
combining multiple markers can significantly enhance a sys-
tem’s ability to recognize user states accurately. Multimodal
integration enables a more comprehensive understanding of
affective and cognitive states, potentially leading to more
precise and effective adaptations. For example, Astor et al.
(2013, p. 271) observed that “the current calculation of
arousal is based on heart rate measurements solely[... and
a] combination of several parameters will produce a more
accurate and robust computation of arousal.” This need is
underscored by research in IS and electronic markets show-
ing that complex mental processes are never the product of a
single indicator. Instead, multiple indicators interact to pro-
duce a given mental process. This view is consistent with
Riedl etal. (2014), who argue that many constructs relevant to
IS research—such as attention, flow, or stress—emerge from
complex, multilevel interactions between affective, cogni-
tive, and physiological processes. They emphasize that such
constructs should not be understood as purely cognitive or
behavioral but rather as blended phenomena that manifest
simultaneously at biological, psychological, and social lev-
els. Accordingly, Riedl et al. (2014) stress the importance
of multilevel conceptualization and operationalization, not-
ing that valid measurement in NeurolS requires integrating
different types of indicators, including neurophysiological
signals, self-reports, and behavioral data. Only through such
complementary, multi-method approaches can researchers
ensure high reliability, validity, sensitivity, and diagnostic-
ity of measurements. This methodological pluralism, they
argue, is essential for uncovering the true nature of complex
user states and for advancing theory building in NeurolS, as
it captures the richness of human experience that no single
indicator can represent alone.

Machine learning issues and generative artificial intelligence

Machine learning poses a distinct challenge for BAP
development, as most approaches assume access to exten-
sive datasets for model construction (Muiioz et al., 2021).
In practice, psychophysiological variables can exhibit sub-
stantial inter- and intra-individual variability, hindering the
development of consistent, high-quality datasets for adap-

tive modeling (Mufioz et al., 2021). Moreover, Mufioz et
al. (2021) emphasize that many studies face difficulties
due to the absence of reliable ground truth for the vari-
ables analyzed (Saeed et al., 2018). For instance, even
after extensive research, uncertainty persists regarding which
feature-signal combinations are most indicative of emotion
changes (Muifioz et al., 2021; Shu et al., 2018).

Looking ahead, future research should examine how
emerging paradigms — particularly generative Al (GenAl)
— may help address some of these challenges while poten-
tially introducing new ones in the context of BAPs. Recent
work by Banh et al. (2025a,b) further emphasizes the
growing intersection between GenAl and NeurolS research,
providing insights that are directly relevant for BAPs. In
their two complementary studies, the authors demonstrate
that GenAl not only constitutes an object of investigation in
NeurolS — where it reshapes users’ cognitive, emotional,
and behavioral processes — but also serves as a powerful
methodological tool. Specifically, GenAl can support the
automation and personalization of experimental designs, data
analysis, and stimulus generation, thereby improving scala-
bility and responsiveness in biosignal-driven systems. At the
same time, their findings highlight emerging research chal-
lenges, including trust calibration, cognitive offloading, and
the ethical integration of GenAl into adaptive systems. Incor-
porating these insights into BAP research could accelerate the
development of intelligent, human-centered adaptive tech-
nologies that are both scientifically rigorous and ethically
aligned with user well-being.

Adaptation delivery and implementation support

Another key challenge involves making informed deci-
sions about adaptation delivery (Schultz & Maedche, 2023).
The design space is extensive (Feigh et al., 2012; Schultz
& Maedche, 2023), encompassing potential modifications to
channels, content, functionality, and user interfaces. Given
this breadth, systematically evaluating all possible config-
urations appears infeasible (Schultz & Maedche, 2023).
Therefore, structured frameworks for prioritizing adapta-
tion delivery options are essential to support researchers and
designers in the effective development of BAPs.

Moreover, moving from design to implementation requires
not only theoretical understanding, sensor availability, and
signal processing expertise but also robust software tools
to support the development (Mufioz et al., 2021). Exam-
ples such as NeuroPype! illustrate early progress, yet further
improvements are needed to integrate consumer-grade and
wearable sensors and to accommodate emerging media such
as mixed reality (Muiioz et al., 2021).

1 https://www.neuropype.io/
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Evaluation and real-world validation

Finally, evaluating BAPs is a complex and demand-
ing endeavor. As Schultz and Maedche (2023) emphasize,
user responses are highly individual and context-dependent,
which further complicates the evaluation process. Prior
research recommends decomposing adaptivity and evaluat-
ing it piecewise. This body of work proposes layered evalua-
tion frameworks and formative approaches that enable schol-
ars and practitioners to assess adaptive systems (Paramythis
et al., 2010). Importantly, such approaches do not preclude
integrated, summative evaluations. On the contrary, assessing
path dependencies and contextual constraints in field settings
is essential to achieving real-world impact, while formative
evaluations at each layer help improve system design. Nev-
ertheless, not all layers can be isolated in every system, and
their relative importance depends on the specific character-
istics of the system under study (Paramythis et al., 2010).

For instance, Paramythis et al. (2010) identify five lay-
ers that should be considered when evaluating an adpative
system: (a) collecting raw input data; (b) interpreting data,
whereby raw data are assigned meaning; (c) modeling the
current “world” state, which entails deriving new knowledge
(e.g., about users and context) and integrating it into sys-
tem models; (d) deciding upon adaptation, where the system
determines whether and how to adapt based on the cur-
rent “world” state; and (e) applying adaptation, referring
to the enactment of the selected adaptations in the user-
system interaction. To support scholars or practitioners in
selecting appropriate evaluation methods across these lay-
ers, Paramythis et al. (2010) also provide an overview and
discussion of evaluation goals, criteria, and methods for each
proposed layer.

Moreover, most existing studies rely on controlled lab-
oratory settings. To ensure real-world relevance, future
research should increasingly adopt longitudinal and field-
based designs. Such approaches will be essential for under-
standing how BAPs perform over time and across diverse
environments. Longitudinal studies can also shed light on
long-term impacts on user behavior, performance, and well-
being. Moreover, cultural and demographic differences must
be considered. Given that emotional expression and cogni-
tive processing differ across regions, future studies should
explore these influences and ensure that adaptive technolo-
gies are inclusive.

A recent contribution by Balapour and and Riedl (2025)
further underscores the importance of establishing ecologi-
cal validity in NeuroIS and biosignal-based research. They
demonstrate that results obtained under controlled labora-
tory conditions often suffer from limited generalizability if
the measurement setting, stimuli, or participant behavior dif-
fer substantially from real-world environments. Drawing on
an extensive review of 42 NeurolS studies, Balapour and and
Riedl (2025) show that only a minority adequately address the
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verisimilitude and veridicality of their designs — that is, the
extent to which experimental tasks, contexts, and responses
resemble and predict real-life phenomena. Their proposed
roadmap highlights strategies to enhance ecological validity,
such as using less intrusive measurement tools, employing
dynamic and contextually embedded tasks, and integrating
field-based or mixed reality approaches. For adaptive biosig-
nal systems, following these recommendations can ensure
that laboratory findings translate into robust, reliable perfor-
mance in real-world contexts.

Ethical and societal considerations

Ethical and sustainability-related topics remain less preva-
lent in electronic market research (Nahr & Heikkild, 2022),
despite repeated calls for more research from this per-
spective (see Alt and Klein (2011); Pucihar (2020)). Nahr
and Heikkild (2022) examined the diversity of research on
electronic markets, utilizing text mining and bibliometric
analysis, and demonstrated, among others, that this type of
research is still vastly underrepresented. Yet, as a prerequisite
for bioisignal-based technologies to become established in
electronic markets, both practice and academia must adhere
to certain standards and ethical norms. The unique prop-
erties of biosignals cannot only be utilized in BAPs for a
higher degree of individualization and utilization (Fan &
Poole, 2006), but also raise significant ethical and privacy
concerns, highlighting the need for responsible design (Fair-
clough, 2014; Yuste et al., 2017). As Karwatzki et al. (2022)
also noted, their study examined privacy risks only in the
context of innovative apps, leaving ample room for future
research to explore other settings such as social networking,
e-commerce, or any service offering personalized content
and recommendations. Building on Yuste et al. (2017), we
aim to demonstrate how the unique properties of biosignals
present novel challenges in this regard or exacerbate existing
concerns.

Privacy, consent, and data governance

The use of internet-connected technology based on biosig-
nals enables a person or organization to monitor or even
manipulate a human’s mental experiences, making solutions
for scenarios like targeted advertising or matching potential
partners much more powerful (Yuste et al., 2017). However,
research like Nieto-Reyes et al. (2017) demonstrate that it is
already possible to detect early signs of cognitive impairment
associated with Alzheimer’s disease by analyzing the mobil-
ity patterns of individuals who carry a smartphone while
moving freely.

Future research must therefore establish robust frame-
works for privacy, informed consent, and governance of
biosignals. To this end, scientists could build on existing
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frameworks that promote ethical and socially desirable sci-
ence and innovation (Yuste et al., 2017) and place them in
the context of BAPs. Due to the interdisciplinary and socio-
technical nature of the IS discipline, its researchers seem
particularly suited to such a task. An opt-out is proposed by
research as the default option for any neural data (Yuste et
al., 2017). It would require individuals to explicitly opt in to
the sharing of neural data from any device. Doing so would
embed a secure and safe process, with a consent process
clarifying by whom the data will be used, the purposes for
which it will be used, and over what period of time. Another
safeguard could be to strictly regulate the sale, commercial
transfer and use of neural data in order to “limit the possibility
of people giving up their neural data or having neural activity
written directly into their brains for financial reward — [such
regulation] may be analogous to legislation that prohibits the
sale of human organs, such as the 1984 US National Organ
Transplant Act” (Yuste et al., 2017, p. 161).

For the protection of human privacy, computational tech-
niques like federated learning and differential privacy are
also suggested (Yuste et al., 2017). In the IS literature, for
example, Adam et al. (2017) describe biosignal adaptation as
an important component of future stress-sensitive enterprise
systems. Importantly, in their paper, they also explicitly refer
to potential privacy issues, ethical acceptability, and some
initial solutions (e.g., local (pre)processing of sensor data
instead of transmission to online platforms). Moreover, data
can be tracked and audited using blockchain-based technolo-
gies, and ’smart contracts’ can enable transparent control over
data usage without a central authority (Yuste et al., 2017).
Finally, more transparency about what remains private and
what is shared would be made possible by open data formats
and open source code (Yuste et al., 2017). Future research
could build upon these ideas to explore potential ethical and
privacy issues of related solutions in greater depth.

Agency, identity, and neurorights

A further critical area of concern lies at the intersection
of neurotechnology and AI. On the positive side, advances
in both fields could revolutionize the treatment of many
diseases, such as brain injuries or paralysis, and improve
human life (Yuste et al., 2017). But the resulting technology
could also reinforce social inequalities and give organiza-
tions, hackers, public authorities, or other third parties new
forms to make use of and manipulate humans. It could also
radically change private mental life, individual agency, and
the understanding of humans as beings tied to their bodies.
For instance, Yuste et al. (2017, p. 162) stated that in the
study by Klein et al. (2016) “a man who had used a brain
stimulator to treat his depression for seven years reported in
a focus group that he began to wonder whether the way he
was interacting with others — for example, saying something
that, in retrospect, he thought was inappropriate — was due

to the device, his depression or whether it reflected something
deeper about himself.”

To address these concerns, scholars argue for the pro-
tection of individual identity (i.e., our physical and mental
integrity) and agency (i.e., our ability to determine our own
actions) as fundamental human rights (Yuste et al., 2017).
Proposed measures include (i) the inclusion of such ‘neuror-
ights’ in international treaties, (ii) international conventions
defining prohibited acts associated with neurotechnology and
machine intelligence, and (iii) the safeguarding of humans’
right to be educated about the potential cognitive and emo-
tional impacts of neurotechnologies (Yuste et al., 2017).

Augmentation and responsible design

We also emphasize that future solutions are likely to play
an important role in enhancing human-Al collaboration. By
continuously adapting to the user’s state, these systems can
facilitate more effective human-Al interactions, leading to
improved decision-making, problem-solving, and creative
processes. Research in this area should focus on developing
frameworks for seamless and symbiotic interactions, where
both humans and Al systems learn and adapt to each other
over time. These frameworks and related recommendations
should align with existing guidelines for human-Al interac-
tion (e.g., Amershi et al. (2019)).

At the same time, we also see the downsides that such
developments could have. For instance, unlocking enhanced
neurotechnologies could put pressure on humans to drasti-
cally increase their endurance, mental, or sensory abilities,
which would likely subsequently lead to a shift in social
norms, trigger issues of equal access, and pave the way
for novel forms of discrimination (Yuste et al., 2017).
Responsible design principles are therefore essential. The
aforementioned guidelines and frameworks must also con-
tain clear restrictions on use contexts. Since it is easy to
envision an arms race (e.g., to improve the mental capabil-
ities of soldiers), we also advocate strict regulation of such
technologies for military purposes (Yuste et al., 2017).

Conclusion

This article introduced BAPs that continuously sense, inter-
pret, and respond to users’ biosignals. They extend the
established personalization paradigm from behavioral and
contextual data toward a more fine-grained personalization,
leveraging real-time biosignal data. To conceptualize this
phenomenon, we present a conceptual framework and a mor-
phological box comprising four key dimensions: (i) activity
and recording, (ii) processing and recognition, (iii) strategy
and decision, and (iv) delivery and recipient. This frame-
work adopts a technical-functional perspective and structures
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the potential solution space for BAPs. It can be used to
characterize and analyze BAP configurations within the
broader discourse of personalization in IS research. Our sys-
tematic literature review revealed that, despite increasing
technological feasibility and real-world relevance, research
on BAPs in the context of electronic markets remains
scarce. Only a few studies address these systems in contexts
such as e-commerce, auctions, and streaming, underscor-
ing the field’s early stage and the need for future research.
While this article conceptually advances the understanding
of the potential solution space of the underlying technical-
functional building blocks of BAPs, it equally emphasizes
that their responsible design should depend on governance,
user empowerment, and ethical safeguards. These chal-
lenges provide a basis for researchers and practitioners to
systematically narrow the solution space defined by the mor-
phological box when designing and applying concrete BAP
solutions. Importantly, we explicitly reject any deterministic
assumption that biosignal-adaptive information technology
alone ensures user benefit; instead, achieving positive out-
comes will require following a socio-technical approach. The
morphological box also invites empirical validation across
diverse use cases, and our review may not fully capture
interdisciplinary work beyond the IS field. These limitations
highlight opportunities for future work to test and refine our
framework.

In conclusion, realizing BAPs will require interdisci-
plinary collaboration across domains, including computer
scientists, social scientists, engineers, humanities scholars,
neuroscientists, and policymakers, to ensure that biosignal-
driven personalization enhances, rather than constrains,
human agency and equality. By positioning BAPs as socio-
technical systems embedded in broader economic and ethical
contexts, we invite future research to balance innovation with
reflection — advancing not only what such platforms can do,
but also what they should do in the future of electronic mar-
kets.

Funding Open Access funding enabled and organized by Projekt
DEAL.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, you will need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

@ Springer

References

Adam, M. T., Gimpel, H., Maedche, A., & Riedl, R. (2017). Design
blueprint for stress-sensitive adaptive enterprise systems. Business
& Information Systems Engineering, 59,277-291. https://doi.org/
10.1007/s12599-016-0451-3

Akerkar, R. (2026). The best of both worlds: Neuro-symbolic Al In
Artificial intelligence: Transcending traditional paradigms (pp.
359-391). Cham: Springer Nature Switzerland. https://doi.org/10.
1007/978-3-031-91084-5_9

Alt,R., &Klein, S. (2011). Twenty years of electronic markets research—
looking backwards towards the future. Electronic Markets, 21(1),
41-51. https://doi.org/10.1007/s12525-011-0057-z

Amershi, S., Weld, D., Vorvoreanu, M., Fourney, A., Nushi, B., Collis-
son, P., & Horvitz, E. (2019). Guidelines for human-Al interaction.
In Proceedings of the 2019 CHI Conference on Human Factors in
Computing Systems (pp. 1-13). New York, NY, USA: Associa-
tion for Computing Machinery. https://doi.org/10.1145/3290605.
3300233

Arora, N., Ensslen, D., Fiedler, L., Liu, W.W., Robinson, K., Stein,
E., & Schiiler, G. (2021). The value of getting personalization
right—or wrong—is multiplying. McKinsey Report. https://www.
mckinsey.com/capabilities/growth-marketing-and-sales/our-
insights/the-value- of- getting-personalization-right-or-wrong-is-
multiplying

Astor, P.J., Adam, M. T., Jer¢i¢é, P., Schaaff, K., & Weinhardt, C. (2013).
Integrating biosignals into information systems: A NeurolS tool for
improving emotion regulation. Journal of Management Informa-
tion Systems, 30(3), 247-278. https://doi.org/10.2753/MIS0742-
1222300309

Balapour, A., & Riedl, R. (2025). Ecological validity in NeurolS
research: Theory, evidence, and a roadmap for future studies. Jour-
nal of the Association for Information Systems, 26(1), 9-65. https://
doi.org/10.17705/1jais.00904

Banh, L., Stangl, F.J., Strobel, G., & Riedl, R. (2025a). Exploring the
NeurolS potential for generative artificial intelligence: Findings
from a literature review. F.D. Davis, R. Riedl, J. vom Brocke, P.-M.
Léger, A.B. Randolph, & G.R. Mueller-Putz (Eds.), Information
Systems and Neuroscience (pp. 1-17). Cham: Springer. https://doi.
org/10.1007/978-3-032-00815-2_2

Banh, L., Stangl, FJ., Strobel, G., & Riedl, R. (2025b). The role
of generative artificial intelligence in the NeurolS research pro-
cess: Applications and opportunities. ED. Davis, R. Riedl, J.
vom Brocke, P.-M. Léger, A.B. Randolph, & G.R. Mueller-Putz
(Eds.), Information Systems and Neuroscience (pp. 1-20). Cham:
Springer. https://doi.org/10.1007/978-3-032-00815-2_3

Bian, S., Liu, M., Zhou, B., & Lukowicz, P. (2022). The state-of-the-
art sensing techniques in human activity recognition: A survey.
Sensors, 22(12), 4596. https://doi.org/10.3390/522124596

Branthdme, M., & Lallé, S. (2025). Impact of adaptive feedback
on learning programming with a serious game in high schools’
classes. In Proceedings of the 33rd ACM Conference on User Mod-
eling, Adaptation and Personalization, (pp. 104—113). New York,
NY, USA: Association for Computing Machinery. https://doi.org/
10.1145/3699682.3728326

Cacioppo, J.T., Tassinary, L.G., & Berntson, G. (eds.). (2007). Hand-
book of psychophysiology. Cambridge university press. https://doi.
org/10.1017/CB0O9780511546396

Chandra, S., Verma, S., Lim, W. M., Kumar, S., & Donthu, N. (2022).
Personalization in personalized marketing: Trends and ways for-
ward. Psychology & Marketing, 39(8), 1529-1562. https://doi.org/
10.1002/mar.21670

Djamasbi, S., Siegel, M., Skorinko, J., & Tullis, T. (2011). Online view-
ing and aesthetic preferences of generation Y and the baby boom
generation: Testing user web site experience through eye tracking.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s12599-016-0451-3
https://doi.org/10.1007/s12599-016-0451-3
https://doi.org/10.1007/978-3-031-91084-5_9
https://doi.org/10.1007/978-3-031-91084-5_9
https://doi.org/10.1007/s12525-011-0057-z
https://doi.org/10.1145/3290605.3300233
https://doi.org/10.1145/3290605.3300233
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/the-value-of-getting-personalization-right-or-wrong-is-multiplying
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/the-value-of-getting-personalization-right-or-wrong-is-multiplying
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/the-value-of-getting-personalization-right-or-wrong-is-multiplying
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/the-value-of-getting-personalization-right-or-wrong-is-multiplying
https://doi.org/10.2753/MIS0742-1222300309
https://doi.org/10.2753/MIS0742-1222300309
https://doi.org/10.17705/1jais.00904
https://doi.org/10.17705/1jais.00904
https://doi.org/10.1007/978-3-032-00815-2_2
https://doi.org/10.1007/978-3-032-00815-2_2
https://doi.org/10.1007/978-3-032-00815-2_3
https://doi.org/10.3390/s22124596
https://doi.org/10.1145/3699682.3728326
https://doi.org/10.1145/3699682.3728326
https://doi.org/10.1017/CBO9780511546396
https://doi.org/10.1017/CBO9780511546396
https://doi.org/10.1002/mar.21670
https://doi.org/10.1002/mar.21670

Electronic Markets (2026) 36:38

Page150f17 38

International Journal of Electronic Commerce, 15(4), 121-158.
https://doi.org/10.2753/JEC1086-4415150404

Edelman, B. J., Zhang, S., Schalk, G., Brunner, P., Miiller-Putz,
G., Guan, C., & He, B. (2025). Non-invasive brain-computer
interfaces: State of the art and trends. /[EEE Reviews in Biomedi-
cal Engineering, 18,26-49. https://doi.org/10.1109/RBME.2024.
3449790

Fairclough, S. (2014). Physiological data must remain confidential.
Nature, 505(7483), 263. https://doi.org/10.1038/505263a

Fan, H., & Poole, M. S. (2006). What is personalization? Perspectives
on the design and implementation of personalization in informa-
tion systems. Journal of Organizational Computing and Electronic
Commerce, 16(3-4), 179-202. https://doi.org/10.1080/10919392.
2006.9681199

Feigh, K. M., Dorneich, M. C., & Hayes, C. C. (2012). Toward a char-
acterization of adaptive systems: A framework for researchers and
system designers. Human Factors: The Journal of the Human Fac-
tors and Ergonomics Society, 54(6), 1008—1024. https://doi.org/
10.1177/0018720812443983

Findlater, L., & McGrenere, J. (2004). A comparison of static, adaptive,
and adaptable menus. In Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems, (pp. 89-96). New York,
NY, USA: Association for Computing Machinery. https://doi.org/
10.1145/985692.985704

Gouthier, M.H., & Kern, N. (2021). Erratum zu: Hyperpersonalisierung-
Hochpersonalisierte Kundenansprache durch den Einsatz Kiin-
stlicher Intelligenz. In M. Bruhn, & K. Hadwich (eds.), Kiinstliche
Intelligenz im Dienstleistungsmanagement. Springer Gabler,
Wiesbaden. https://doi.org/10.1007/978-3-658-34326-2_5

Henriksen, A., Haugen Mikalsen, M., Woldaregay, A. Z., Muzny, M.,
Hartvigsen, G., Hopstock, L. A., & Grimsgaard, S. (2018). Using
fitness trackers and smartwatches to measure physical activity in
research: Analysis of consumer wrist-worn wearables. Journal of
Medical Internet Research, 20(3), e110. https://doi.org/10.2196/
jmir.9157

Islam, M.K., Rastegarnia, A., & Sanei, S. (2021). Signal artifacts and
techniques for artifacts and noise removal. In M.A.R. Ahad, &
M.U. Ahmed (Eds.), Signal Processing Techniques for Computa-
tional Health Informatics (pp. 23-79). Cham: Springer Interna-
tional Publishing. https://doi.org/10.1007/978-3-030-54932-9_2

Jensen, M., Meservy, T., Fadel, K., & Crane, C. (2024). Experts vs.
peers: The role of situational characteristics in opinion seeking
on electronic networks of practice. AIS Transactions on Human-
Computer Interaction, 16(1), 28-56. https://doi.org/10.17705/
1thci.00199

Johnson, R. R., Popovic, D. P, Olmstead, R. E., Stikic, M., Leven-
dowski, D.J., & Berka, C. (2011). Drowsiness/alertness algorithm
development and validation using synchronized EEG and cogni-
tive performance to individualize a generalized model. Biological
Psychology, 87(2), 241-250. https://doi.org/10.1016/j.biopsycho.
2011.03.003

Kaptein, M., & Parvinen, P. (2015). Advancing E-Commerce per-
sonalization: Process framework and case study. International
Journal of Electronic Commerce, 19(3), 7-33. https://www.jstor.
org/stable/24695863

Karwatzki, S., Trenz, M., & Veit, D. (2022). The multidimensional
nature of privacy risks: Conceptualisation, measurement and
implications for digital services. Information Systems Journal,
32(6), 1126-1157. https://doi.org/10.1111/isj.12386

Klein, E., Goering, S., Gagne, J., Shea, C. V., Franklin, R., Zorowitz,
S., & Widge, A. S. (2016). Brain-computer interface-based control
of closed-loop brain stimulation: Attitudes and ethical considera-
tions. Brain-Computer Interfaces, 3(3), 140-148. https://doi.org/
10.1080/2326263X.2016.1207497

Kley, F., Lerch, C., & Dallinger, D. (2011). New business models for
electric cars—A holistic approach. Energy Policy, 39(6), 3392—
3403. https://doi.org/10.1016/j.enpol.2011.03.036

Knaeble, M., Nadj, M., Germann, L., & Maedche, A. (2023). Tools of
trade of the next blue-collar job? Antecedents, design features, and
outcomes of interactive labeling systems. European Conference on
Information Systems. https://aisel.aisnet.org/ecis2023_rp/373/

Labonte-Lemoyne, E., Courtemanche, F., Louis, V., Fredette, M., Séné-
cal, S., & Léger, P.- M. (2018). Dynamic threshold selection for
a biocybernetic loop in an adaptive video game context. Frontiers
in Human Neuroscience, 12, 282. https://doi.org/10.3389/fnhum.
2018.00282

Lambillotte, L., & Poncin, I. (2023). Customers facing companies’ con-
tent personalisation attempts: Paradoxical tensions, strategies and
managerial insights. Journal of Marketing Management, 39(3-4),
213-243. https://doi.org/10.1080/0267257X.2022.2105384

Lenovo (2024). Smart features. https://support.lenovo.com/de/de/
solutions/ht511536-smart-features

Maier, M., Elsner, D., Marouane, C., Zehnle, M., & Fuchs, C. (2019).
DeepFlow: Detecting optimal user experience from physiological
data using deep neural networks. In Proceedings of the Twenty-
Eighth International Joint Conference on Artificial Intelligence
(pp. 1415-1421). https://doi.org/10.24963/ijcai.2019/196

Maior, H. A., Wilson, M. L., & Sharples, S. (2018). Workload alerts—
Using physiological measures of mental workload to provide
feedback during tasks. ACM Transactions on Computer-Human
Interaction, 25(2), 1-30. https://doi.org/10.1145/3173380

Makeig, S., Kothe, C., Mullen, T., Bigdely-Shamlo, N., Zhang, Z.,
& Kreutz-Delgado, K. (2012). Evolving signal processing for
brain—computer interfaces. Proceedings of the IEEE, 100(Special
Centennial Issue), 1567-1584, https://doi.org/10.1109/JPROC.
2012.2185009

Meier, M., Mason, C., Porzel, R., Putze, F.,, & Schultz, T. (2018).
Synchronized multimodal recording of a table setting dataset.
IROS 2018: Workshop on Latest Advances in Big Activity Data
Sources for Robotics & New Challenges. Madrid, Spain. https://
www.csl.uni-bremen.de/cms/publications/bibtexbrowser.php?
key=meier_iros_2018&bib=csl_all_publications.bib

Muiioz, J., Gongalves, A., Vieira, T., Cr6, D., Chisik, Y., & Bermudez i
Badia, S. (2016). Space connection - A multiplayer collaborative
biofeedback game to promote empathy in teenagers: A feasibil-
ity study. In Proceedings of the 3rd International Conference on
Physiological Computing Systems (Vol. 1, pp. 88-97). https://doi.
org/10.5220/0005948400880097

Muiioz, J. E., Quintero, L., Stephens, C. L., & Pope, A. (2021). Taxon-
omy of physiologically adaptive systems and design framework.
In R. A. Sottilare, & J. Schwarz (Eds.), Adaptive Instructional
Systems. Design and Evaluation. HCII 2021. Lecture Notes in
Computer Science (Vol. 12792, pp. 559-576). Berlin, Heidelberg:
Springer-Verlag. https://doi.org/10.1007/978-3-030-77857-6_40

Miinzner, S., Schmidt, P., Reiss, A., Hanselmann, M., Stiefelhagen, R.,
& Diirichen, R. (2017). CNN-based sensor fusion techniques for
multimodal human activity recognition. In Proceedings of the 2017
ACM International Symposium on Wearable Computers (pp. 158—
165). New York, NY, USA: Association for Computing Machinery.
https://doi.org/10.1145/3123021.3123046

Nacke, L. E., Kalyn, M., Lough, C., & Mandryk, R. L. (2011). Biofeed-
back game design: Using direct and indirect physiological control
to enhance game interaction. In Proceedings of the SIGCHI Con-
ference on Human Factors in Computing Systems, (pp. 103-112).
New York, NY, USA: Association for Computing Machinery.
https://doi.org/10.1145/1978942.1978958

Nahr, N., & Heikkild, M. (2022). Uncovering the identity of elec-
tronic markets research through text mining techniques. Electronic
Markets, 32(3), 1257-1277. https://doi.org/10.1007/s12525-022-
00560-0

@ Springer


https://doi.org/10.2753/JEC1086-4415150404
https://doi.org/10.1109/RBME.2024.3449790
https://doi.org/10.1109/RBME.2024.3449790
https://doi.org/10.1038/505263a
https://doi.org/10.1080/10919392.2006.9681199
https://doi.org/10.1080/10919392.2006.9681199
https://doi.org/10.1177/0018720812443983
https://doi.org/10.1177/0018720812443983
https://doi.org/10.1145/985692.985704
https://doi.org/10.1145/985692.985704
https://doi.org/10.1007/978-3-658-34326-2_5
https://doi.org/10.2196/jmir.9157
https://doi.org/10.2196/jmir.9157
https://doi.org/10.1007/978-3-030-54932-9_2
https://doi.org/10.17705/1thci.00199
https://doi.org/10.17705/1thci.00199
https://doi.org/10.1016/j.biopsycho.2011.03.003
https://doi.org/10.1016/j.biopsycho.2011.03.003
https://www.jstor.org/stable/24695863
https://www.jstor.org/stable/24695863
https://doi.org/10.1111/isj.12386
https://doi.org/10.1080/2326263X.2016.1207497
https://doi.org/10.1080/2326263X.2016.1207497
https://doi.org/10.1016/j.enpol.2011.03.036
https://aisel.aisnet.org/ecis2023_rp/373/
https://doi.org/10.3389/fnhum.2018.00282
https://doi.org/10.3389/fnhum.2018.00282
https://doi.org/10.1080/0267257X.2022.2105384
https://support.lenovo.com/de/de/solutions/ht511536-smart-features
https://support.lenovo.com/de/de/solutions/ht511536-smart-features
https://doi.org/10.24963/ijcai.2019/196
https://doi.org/10.1145/3173380
https://doi.org/10.1109/JPROC.2012.2185009
https://doi.org/10.1109/JPROC.2012.2185009
https://www.csl.uni-bremen.de/cms/publications/bibtexbrowser.php?key=meier_iros_2018&bib=csl_all_publications.bib
https://www.csl.uni-bremen.de/cms/publications/bibtexbrowser.php?key=meier_iros_2018&bib=csl_all_publications.bib
https://www.csl.uni-bremen.de/cms/publications/bibtexbrowser.php?key=meier_iros_2018&bib=csl_all_publications.bib
https://doi.org/10.5220/0005948400880097
https://doi.org/10.5220/0005948400880097
https://doi.org/10.1007/978-3-030-77857-6_40
https://doi.org/10.1145/3123021.3123046
https://doi.org/10.1145/1978942.1978958
https://doi.org/10.1007/s12525-022-00560-0
https://doi.org/10.1007/s12525-022-00560-0

38 Page160f 17

Electronic Markets (2026) 36:38

Nieto-Reyes, A., Duque, R., Montaiia, J. L., & Lage, C. (2017). Clas-
sification of Alzheimer’s patients through ubiquitous computing.
Sensors, 17(7), 1679. https://doi.org/10.3390/s17071679

Oh, Y., & Yang, S. (2010). Defining exergames & exergaming. In Pro-
ceedings of Meaningful Play, (pp. 1-17). https://meaningfulplay.
msu.edu/proceedings2010/mp2010_paper_63.pdf

Oskoei, M. A., & Hu, H. (2015). Adaptive myoelectric control applied
to video game. Biomedical Signal Processing and Control, 18,
153-160. https://doi.org/10.1016/j.bspc.2014.11.002

Oura Health Oy (2024). Oura rings. https://ouraring.com/de

Oxford Review (2024). The difference between a state and
a trait. https://oxford-review.com/oxford-review-encyclopaedia-
terms/the-difference-between-an-state-and-a-trait/

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, 1., Hoffmann,
T. C., Mulrow, C. D., & Moher, D. (2021). The PRISMA 2020
statement: An updated guideline for reporting systematic reviews.
BMJ, 372(n71), 1-9. https://doi.org/10.1136/bmj.n71

Paramythis, A., Weibelzahl, S., & Masthoff, J. (2010). Layered evalu-
ation of interactive adaptive systems: Framework and formative
methods. User Modeling and User-Adapted Interaction, 20(5),
383-453. https://doi.org/10.1007/s11257-010-9082-4

Pucihar, A. (2020). The digital transformation journey: Content analysis
of electronic markets articles and bled econference proceedings
from 2012 to 2019. Electronic Markets, 30(1), 29-37. https://doi.
org/10.1007/s12525-020-00406-7

Raol, J.R., & Ayyagari, R. (2019). Control systems: Classical, modern,
and Al-based approaches. CRC press. https://doi.org/10.1201/
9781351170802

Riedl, R., & Léger, P.-M. (2016). Fundamentals of NeurolS: Informa-
tion systems and the brain. Springer. https://doi.org/10.1007/978-
3-662-45091-8

Riedl, R., Davis, E. D., & Hevner, A. R. (2014). Towards a NeurolS
research methodology: Intensifying the discussion on methods,
tools, and measurement. Journal of the Association for Information
Systems, 15(10), 1-35. https://doi.org/10.17705/1jais.00377

Riedl, R., Fischer, T., Léger, P.- M., & Davis, ED. (2020). A decade
of NeurolS research: Progress, challenges, and future directions.
ACM SIGMIS Database: the DATABASE for Advances in Infor-
mation Systems, 51(3), 13-54. https://doi.org/10.1145/3410977.
3410980

Rissler, R., Nadj, M., Li, M. X., Loewe, N., Knierim, M. T., & Maed-
che, A. (2023). To be or not to be in flow at work: Physiological
classification of flow using machine learning. IEEE Transactions
on Affective Computing, 14(1), 463—474. https://doi.org/10.1109/
TAFFC.2020.3045269

Robinson, R.B., Rheeder, R., Klarkowski, M., & Mandryk, R.L. (2022).
“Chat has no chill”: A novel physiological interaction for engaging
live streaming audiences. In Proceedings of the 2022 CHI Confer-
ence on Human Factors in Computing Systems. New York, NY,
USA: Association for Computing Machinery. https://doi.org/10.
1145/3491102.3501934

Roddiger, T., Clarke, C., Breitling, P, Schneegans, T., Zhao, H.,
Gellersen, H., & Beigl, M. (2022). Sensing with earables. Proceed-
ings of the ACM on Interactive, Mobile, Wearable and Ubiquitous
Technologies, 6(3), 1-57. https://doi.org/10.1145/3550314

Rodriguez-Guerrero, C., Knaepen, K., Fraile-Marinero, J. C., Perez-
Turiel, J., Gonzalez-de Garibay, V., & Lefeber, D. (2017).
Improving challenge/skill ratio in a multimodal interface by simul-
taneously adapting game difficulty and haptic assistance through
psychophysiological and performance feedback. Frontiers in Neu-
roscience, 11, 242. https://doi.org/10.3389/fnins.2017.00242

Rydzik, £, Wasacz, W., Ambrozy, T., Javdaneh, N., Brydak, K., &
Kopariska, M. (2023). The use of neurofeedback in sports training:
Systematic review. Brain Sciences, 13(4), 660. https://doi.org/10.
3390/brainscil 3040660

@ Springer

Saeed, A., Ozcelebi, T., Lukkien, J., van Erp, J. B., & Trajanovski,
S. (2018). Model adaptation and personalization for physiologi-
cal stress detection. In 2018 IEEE 5th International Conference
on Data Science and Advanced Analytics (DSAA) (pp. 209-216).
https://doi.org/10.1109/DSAA.2018.00031

Schultz, T., Amma, C., Wand, M., Heger, D., & Putze, F. (2013).
Human-machine interfaces based on biosignals. ar- Automa-
tisierungstechnik, 61(11), 760-769. https://doi.org/10.1524/auto.
2013.1061

Schultz, T., & Maedche, A. (2023). Biosignals meet adaptive systems.
SN Applied Sciences, 5(9), 234. https://doi.org/10.1007/s42452-
023-05412-w

Seitz, J., Krisam, C., & Benke, I. (2023). A state-of-the-art overview
on biosignal-based user-adaptive video conferencing systems.
Wirtschaftsinformatik 2023 Proceedings, 27. https://aisel.aisnet.
org/wi2023/27

Shu, L., Xie, J., Yang, M., Li, Z., Li, Z., Liao, D., & Yang, X. (2018).
A review of emotion recognition using physiological signals. Sen-
sors,18(7), 2074. https://doi.org/10.3390/s18072074

Siddique, N.H. (2013). Intelligent control - A hybrid approach based
on fuzzy logic, neural networks and genetic algorithms. Stud-
ies in Computational Intelligence. https://doi.org/10.1007/978-3-
319-02135-5

Sinclair, J., Hingston, P., Masek, M., & Nosaka, K. (2010). Testing
an exergame for effectiveness and attractiveness. In International
IEEE Consumer Electronics Society’s Games Innovations Confer-
ence, (pp. 1-8). https://doi.org/10.1109/ICEGIC.2010.5716909

Statista (2024). Customer experience personalization and opti-
mization software and services revenue worldwide from
2020 to 2026. https://www.statista.com/statistics/1333448/cx-
personalization-optimization-revenue-worldwide/

Tadson, B., Boasen, J., Courtemanche, F., Beauchemin, N., Karran, A.-
J., Léger, P.-M., & Sénécal, S. (2023). Neuro-adaptive interface
system to evaluate product recommendations in the context of E-
commerce. A. Gerber and R. Baskerville (Eds.), Design Science
Research for a New Society: Society 5.0, (Vol. 13873, pp. 50-68).
Cham: Springer Nature Switzerland. https://doi.org/10.1007/978-
3-031-32808-4_4

Tanaka, H., Negoro, H., Iwasaka, H., & Nakamura, S. (2017). Embod-
ied conversational agents for multimodal automated social skills
training in people with autism spectrum disorders. PLOS ONE,
12(8), e0182151. https://doi.org/10.1371/journal.pone.0182151

Thenoz, E., Juteau, S., & Rowe, F. (2024). E-commerce transforma-
tion: A literature review from an institutional and organizational
perspective. Electronic Markets, 34, 59. https://doi.org/10.1007/
$12525-024-00740-0

Tong, S., Luo, X., & Xu, B. (2020). Personalized mobile marketing
strategies. Journal of the Academy of Marketing Science, 48(1),
64-78. https://doi.org/10.1007/s11747-019-00693-3

Vempati, S., Malayil, K.T., Sruthi, V., & Repakula, S. (2020). Enabling
hyper-personalisation: Automated ad creative generation and rank-
ing for fashion e-commerce. In N. Dokoohaki (Ed.), Fashion
Recommender Systems (pp. 25-48). Springer. https://doi.org/10.
1007/978-3-030-55218-3_2

vom Brocke, J., Simons, A., Niehaves, B., Riemer, K., Plattfaut, R., &
Cleven, A. (2009). Reconstructing the giant: On the importance
of rigour in documenting the literature search process. In Euro-
pean Conference on Information Systems. https://aisel.aisnet.org/
ecis2009/161

vom Brocke, J., Hevner, A., Léger, P. M., Walla, P., & Riedl, R. (2020).
Advancing a NeurolS research agenda with four areas of societal
contributions. European Journal of Information Systems, 29(1),
9-24. https://doi.org/10.1080/0960085X.2019.1708218

Wang, C., He, W, Pierson, T. J., & Kotz, D. (2024). Moat: Adaptive
inside/outside detection system for smart homes. Proceedings of


https://doi.org/10.3390/s17071679
https://meaningfulplay.msu.edu/proceedings2010/mp2010_paper_63.pdf
https://meaningfulplay.msu.edu/proceedings2010/mp2010_paper_63.pdf
https://doi.org/10.1016/j.bspc.2014.11.002
https://ouraring.com/de
https://oxford-review.com/oxford-review-encyclopaedia-terms/the-difference-between-an-state-and-a-trait/
https://oxford-review.com/oxford-review-encyclopaedia-terms/the-difference-between-an-state-and-a-trait/
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1007/s11257-010-9082-4
https://doi.org/10.1007/s12525-020-00406-7
https://doi.org/10.1007/s12525-020-00406-7
https://doi.org/10.1201/9781351170802
https://doi.org/10.1201/9781351170802
https://doi.org/10.1007/978-3-662-45091-8
https://doi.org/10.1007/978-3-662-45091-8
https://doi.org/10.17705/1jais.00377
https://doi.org/10.1145/3410977.3410980
https://doi.org/10.1145/3410977.3410980
https://doi.org/10.1109/TAFFC.2020.3045269
https://doi.org/10.1109/TAFFC.2020.3045269
https://doi.org/10.1145/3491102.3501934
https://doi.org/10.1145/3491102.3501934
https://doi.org/10.1145/3550314
https://doi.org/10.3389/fnins.2017.00242
https://doi.org/10.3390/brainsci13040660
https://doi.org/10.3390/brainsci13040660
https://doi.org/10.1109/DSAA.2018.00031
https://doi.org/10.1524/auto.2013.1061
https://doi.org/10.1524/auto.2013.1061
https://doi.org/10.1007/s42452-023-05412-w
https://doi.org/10.1007/s42452-023-05412-w
https://aisel.aisnet.org/wi2023/27
https://aisel.aisnet.org/wi2023/27
https://doi.org/10.3390/s18072074
https://doi.org/10.1007/978-3-319-02135-5
https://doi.org/10.1007/978-3-319-02135-5
https://doi.org/10.1109/ICEGIC.2010.5716909
https://www.statista.com/statistics/1333448/cx-personalization-optimization-revenue-worldwide/
https://www.statista.com/statistics/1333448/cx-personalization-optimization-revenue-worldwide/
https://doi.org/10.1007/978-3-031-32808-4_4
https://doi.org/10.1007/978-3-031-32808-4_4
https://doi.org/10.1371/journal.pone.0182151
https://doi.org/10.1007/s12525-024-00740-0
https://doi.org/10.1007/s12525-024-00740-0
https://doi.org/10.1007/s11747-019-00693-3
https://doi.org/10.1007/978-3-030-55218-3_2
https://doi.org/10.1007/978-3-030-55218-3_2
https://aisel.aisnet.org/ecis2009/161
https://aisel.aisnet.org/ecis2009/161
https://doi.org/10.1080/0960085X.2019.1708218

Electronic Markets (2026) 36:38

Page170f17 38

the ACM on Interactive, Mobile, Wearable and Ubiquitous Tech-
nologies, 8(4), 1-31. https://doi.org/10.1145/3699751

Wissema, J. G. (1976). Morphological analysis: Its application to a
company tf investigation. Futures, 8(2), 146—153. https://doi.org/
10.1016/0016-3287(76)90064- 1

Yang, X., Cao, R., Zhou, M., & Xie, L. (2020). Temporal-frequency
attention-based human activity recognition using commercial
WiFi devices. IEEE Access, 8, 137758-137769. https://doi.org/
10.1109/ACCESS.2020.3012021

Yogev, D., Goldberg, T., Arami, A., Tejman-Yarden, S., Winkler, T., &
Maoz, B. (2023). Current state of the art and future directions
for implantable sensors in medical technology: Clinical needs
and engineering challenges. APL Bioengineering,7(3), 031506.
https://doi.org/10.1063/5.0152290

Yuste, R., Goering, S., y Arcas, B.A., Bi, G., Carmena, J.M., Carter,
A., & Wolpaw, J.R. (2017). Four ethical priorities for neurotech-
nologies and Al. Nature, 551(7679), 159-163. https://doi.org/10.
1038/551159a

Zhang, T., Agarwal, R., & Lucas, H. C. (2011). The value of IT-enabled
retailer learning: Personalized product recommendations and cus-
tomer store loyalty in electronic markets. MIS Quarterly,35(4),
859-881. https://doi.org/10.2307/41409964

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1145/3699751
https://doi.org/10.1016/0016-3287(76)90064-1
https://doi.org/10.1016/0016-3287(76)90064-1
https://doi.org/10.1109/ACCESS.2020.3012021
https://doi.org/10.1109/ACCESS.2020.3012021
https://doi.org/10.1063/5.0152290
https://doi.org/10.1038/551159a
https://doi.org/10.1038/551159a
https://doi.org/10.2307/41409964

	Biosignal-adaptive platforms
	Abstract
	Introduction
	Adaptive systems and personalization
	A morphological box for biosignal-adaptive platforms
	Activity and recording
	Processing and recognition
	Strategy and decision
	Delivery and recipient

	Existing research on biosignal-adaptive platforms
	Process of systematic literature review
	Results of systematic literature review
	Study I: Cognitive load-adaptive product recommendations
	Study II: Emotional arousal-adaptive adjustments  in auctions
	Study III: Experience-adaptive communication  and feedback in streaming


	Avenues for future research
	Technical and methodological challenges
	Ethical and societal considerations

	Conclusion
	References


