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Abstract
We are exploring the concept of expressive biofeedback,
leveraging state-of-the-art wearable technologies to intro-
duce a host of new social cues into communication contexts
using sensed physiological data. While we traditionally at-
tune and adjust our behaviors and perceptions during social
interactions according to behavioral cues such as body lan-
guage and facial expressions, physiological data can help
us achieve a deeper understanding of each other by pre-
senting the underlying meaning and processes of our in-
teractions. Heart rate, skin conductance, and brain activity,
which are typically unobservable, can now be unobtrusively
sensed and displayed to interaction partners in a variety of
ways at different times before, during, or after communica-
tion. This position paper discusses the design considera-
tions, challenges, and opportunities that arise in developing
an expressive biofeedback system that incorporates sensed
physiological data to improve social interactions.
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Introduction
Our bodies react automatically as we interact with other
people. Our heart rate can rise and fall with fluctuations in



our emotional and cognitive states, our skin can become
more conductive as our engagement levels increase, and
our brain activity changes with our cognitive processing
[5, 6]. However, these physiological changes are not readily
observable to the human eye. Instead, as we interact, we
must rely on behavioral cues that we can observe in others,
such as body language, facial expressions, and voice tone
and pitch. If we were made aware of physiological changes
in addition to behavioral changes that occur in ourselves
and others, we may be able to better sense the feelings,
engagement, and mutual understanding experienced by
one another during an interaction. As more and more peo-
ple integrate mobile and wearable technologies into their
everyday lives, we have the opportunity to enrich our in-
teractions by bringing to light physiological changes using
these technologies, which we can then gauge and display
as new social cues.

Wearable devices, such as smartwatches and headsets,
now have the ability to sense our physiological states. Smart-
watches like the Apple Watch and Moto 360 are able to
monitor heart rate. The Embrace Watch and E4 Wristband
from empatica include heart rate monitoring as well as elec-
trodermal activity (EDA) sensors. Brain activity can also be
measured in electroencephalogram (EEG) headsets, which
are now available in consumer-grade products such as the
NeuroSky MindWave, Muse, and Emotiv EPOC headbands.
These devices allow for the physiological sensing that can
be used to deliver feedback in everyday interactions.

We propose designing an expressive biofeedback system
for improving social interactions in face-to-face situations
using the aforementioned sensing devices. This system
will gather heart rate, skin conductance, and EEG data
and present visualizations of those data to users to allow
them to follow the physiological changes occurring in them-
selves and others throughout their interactions, and engage
in behaviors that improve their interactions accordingly. This

position paper highlights related work in this domain and
describes some of the design considerations that we will
explore in creating an expressive biofeedback system.

Related Work
Physiological sensing has been used extensively for indi-
vidual monitoring, such as for physical health, stress, and
well-being [1, 10]. In a technique called biofeedback, the
sensed data is displayed in a visualization for users to track
their physiological state and, over time, learn to control it
[7]. For example, biofeedback has been used to help users
control their heart rate through breathing techniques and
has shown potential for treating disorders such as clinical
depression and posttraumatic stress disorder [12].

More recently, biofeedback has been applied to social sit-
uations. Synder and colleagues (2015), for example, ex-
plored biofeedback in the form of an ambient display called
MoodLight [8]. The MoodLight system changes the color
and intensity of the lights in a room according to the level
of arousal and synchrony in the changes in arousal of the
occupants of the room, respectively. Participants can exper-
iment with the system by coordinating with each other and
controlling their stress levels. Tan and colleagues (2014)
developed a biofeedback system to support collaborative
work via video conferencing [9]. This system, which dis-
played the skin conductance, blood pressure, and respi-
ratory rates of a worker receiving instructions for building
a K’Nex device (a toy construction system) was effective
in reducing the stress and perceived workload for both the
worker and an instructor who saw the feedback.

Neurofeedback, or biofeedback for controlling brain activity,
may also have the potential to impact social interactions.
Neurofeedback has been used to treat those with disorders
associated with impairment in social interaction, includ-
ing autism and Asperger’s syndrome. As a treatment for
these disorders, neurofeedback training focuses on help-



ing patients control EEG frequency band activity, where
bands include delta, theta, alpha, beta, and gamma waves.
Neurofeedback training for autism and Asperger’s focus on
decreasing theta band activity and increasing beta band
activity [2, 3, 11]. While the underlying mechanisms for the
effectiveness of this type of training are unknown, Koui-
jzer and colleagues (2009) suggest that they may lie in the
theta/beta changes possibly increasing activation in the de-
fault mode network (DMN) [4]. The DMN has been related
to Theory of Mind, the ability to attribute mental states to
the self and to others; therefore, increased activation in the
DMN may improve social interaction. Neurofeedback has
not yet been used in social contexts, but by making interac-
tion partners aware of their EEG band activity, especially in
the theta and beta frequencies, we may be able to see im-
provements in social interactions between healthy adults as
well.

Designing Biofeedback for Social Interactions
We are currently building a system to display biofeedback
to conversation partners as they converse. Our goal for this
system is to enhance and improve social interactions by
introducing physiological data as a new way in which peo-
ple can express themselves and understand each other.
With expressive biofeedback, we aim to have users reflect
on one another’s behaviors by recognizing their underlying
emotional and cognitive states, and by suggesting posi-
tive social behaviors. In creating and testing an expressive
biofeedback system, there are several design considera-
tions to explore:

Presenting the Data
First, we need to determine how to present the data such
that it can be most useful as new social cues. That is, users
should be able to properly understand, trust, and act ac-
cording to the data in social interactions. For instance, dis-
playing frequencies from brain activity in a graph format
may appear more scientific and therefore more trustworthy

to users than an abstract format like the intensity of a light,
which users might dismiss. On the other hand, a concrete
visualization such as a line or bar graph shown on a screen
may reframe the experience for the users–that is, the in-
teraction may become too formal and obtrusive. An ab-
stract representation, such as light intensity, color, sounds,
or smells in the room, could offer a less jarring interaction
experience. We will explore and develop different concrete
and abstract ways of representing the physiological data.

Types of Data
While we can obtain raw physiological data from our sens-
ing instruments, we need to determine whether it is the right
type of data to present to users. Raw physiological data,
such as EEG band activity, may be harder to interpret than
higher level information inferred from the data, such as the
apparent emotional state or level of attention. Displaying
emoticons according to meanings associated with activity in
each EEG band may be more recognizable to users. Users
may be more receptive when they see “sleepy” emoticons
representing high theta activity, which is associated with
drowsiness, and “thinking” emoticons for beta activity, which
is associated with active thinking and attention. We will
compare the effects of displaying the raw sensor data (e.g.,
raw EEG data) and inferred data from the sensors (e.g.,
attention) on the interaction. Figure 1 shows example vi-
sualizations for comparing types of data from sensed brain
activity.

Cognitive Load
We also need to consider the cognitive load that comes
with processing new social cues in addition to existing
ones. Brain activity, in particular, can be difficult to follow
due to its complexity. EEG data can come from several
frequency bands, including delta, theta, alpha, beta and
gamma bands. Having to interpret each of these different
bands, when EEG data is already a novel and unfamiliar el-
ement in typical social situations, may end up being more



Design Issues Parameters
Presenting the data concrete vs. abstract format

Types of data raw sensor data vs. inferred data from sensors
Cognitive load continuous vs. intermittent feedback

Data interpretations subjective interpretations vs. actual meaning
Types of tasks conversational vs collaborative tasks

Privacy public vs. private feedback
Feedback and reinforcement direct vs. subtle feedback

Table 1: Design parameters for social biofeedback

(a) Line graph visualization of EEG data, where all of the different frequency bands are displayed with a description
when highlighted.

(b) Emoticon visualization, where emoticons are associated with activity in various EEG bands. In this case, the
“thinking” emoticon is highlighted, meaning a user would have high activity in either low beta bands or gamma bands,
which are involved in active thinking and cognitive processing.

Figure 1: Example visualizations for brain activity according to types of data (raw EEG data or inferred emotional state).



distracting than supportive. In addition to pre-interaction
training for the biofeedback and how it is presented, we
need to consider when and how often to deliver the feed-
back. We will compare the effects of continuous, real-time
feedback and intermittent feedback (as well as the effects of
concrete versus abstract data presentations) on inhibiting or
encouraging the quality and “flow” of the interaction.

Data Interpretations
We need to understand what people’s subjective interpre-
tations are for the different types of sensed data, and how
those interpretations align (or fail to align) with the actual
meaning of the data. For example, though both heart rate
and brain activity can be used to sense engagement, par-
ticipants may view their own or interaction partners’ level of
engagement differently according to the different sources of
data. Since the heart is often metaphorically and symboli-
cally associated with feelings of love and caring, while the
brain is associated with thinking, participants may perceive
engagement as more emotional when based on heart rate
variability, but as more cognitive when based on brain ac-
tivity data. In actuality, emotional and cognitive processing
can be determined from either sensors. After users inter-
act with each other supported by our biofeedback system,
we will rely on surveys and interviews to gauge their under-
standing of what the physiological data they saw mean to
them.

Types of Tasks
Different types of biofeedback may be suited for different
types of social situations. Biofeedback related to stress and
emotions may be more useful in tasks like advice giving,
where one must consider the state of the person they are
giving advice to or receiving advice from. Cognitive pro-
cessing may be more useful in job interviews or cooperative
work, where participants are probably more interested in
each other’s thought processes than emotional states. We
plan on testing biofeedback given during a variety of tasks.

These will include conversational tasks, such as unstruc-
tured conversations and job interviews, as well as collabo-
rative tasks such as decision making and negotiation.

Privacy
Since biofeedback involves displaying personal information
that is not typically public, we need to consider who should
have access to the feedback. Participants may not be com-
fortable showing each other their level of arousal from skin
conductance, or their level of focus from brain activity, espe-
cially if they are not familiar with how to control these physi-
ological states. Participants may also be more self-reflective
when they only see personal feedback, as they will not have
to consider another person’s biofeedback. However, pub-
licly displaying the information may allow for participants to
better synchronize with and understand each other. We will
investigate the effects of biofeedback that is only visible to
oneself with biofeedback that is visible to each other in an
interaction. These empirical studies will compare the impact
of biofeedback displayed on personal screens or devices,
as compared to shared screens or devices, as well as the
effects of individual versus aggregated biofeedback.

Feedback and Reinforcement
The goal of our expressive biofeedback system is to im-
prove social interactions. Therefore, we need to consider
how to suggest positive social behavior to users according
to their physiology. For example, users may not be respon-
sive when directly told on a screen to pay attention because
sensors have detected that their beta band activity is too
low. Users might be more receptive to a more subtle felt
vibration as a less condescending reminder. At the same
time, a vibration may not be as effective in encouraging
behavioral change as a clearly stated message. We also
need to consider how to reinforce positive social behavior.
For instance, users could playfully interact with the Mood-
Light system to change the color of the room [8]. Patients
in neurofeedback therapy would be able to advance a video



forward as long as they stayed focused [2]. For our expres-
sive biofeedback system, we might consider having the
system “intervene” when users are not paying attention–
for example, by sounding an alarm, dimming or closing the
lights, or publicly displaying an inattentive user’s physiolog-
ical data–and testing users’ reception of and responses to
such “nudges” to re-engage.

Conclusion
Expressive biofeedback may have the potential to enrich
our interactions by providing new social cues. Using new
wearable technologies, we are now able to sense and dis-
play our physiological states in our everyday conversations.
We have already started building our proposed expressive
biofeedback system, in which we will incorporate heart rate,
skin conductance, and brain activity. In designing and test-
ing this system, we will explore how biosignals might sup-
port our social interactions by helping us understand each
other better through the communication and display of our
physiological states.
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