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Receiving and reacting to notifications on mobile devices can be cumbersome. We propose MuscleIO, the use of electrical
muscle stimulation (EMS) for notification output and electromyography (EMG) for reacting to notifications. Our approach
provides a one-handed, eyes-free, and low-effort way of dealing with notifications. We built a prototype that interleaves
muscle input and muscle output signals using the same electrodes. EMS and EMG alternate such that the EMG input signal is
measured in the gaps of the EMS output signal, so voluntary muscle contraction is measured during muscle stimulation.
Notifications are represented as EMS signals and are accepted or refused either by a directional or a time-based EMG
response. A lab user study with 12 participants shows that the directional EMG response is superior to the time-based response
in terms of reaction time, error rate, and user preference. Furthermore, the directional approach is the fastest and the most
intuitive for users compared to a button-based smartwatch interface as a baseline.
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1

INTRODUCTION

Getting and reacting to notifications is part of our everyday life. Pielot et al. [29] found that mobile users typically
get an average of 63.5 notifications a day. Notifications are valued because they provide awareness about people
and events [11], however, they also lead to task interruptions and distract users from their main activity [3].
Notifications vary widely in their perceived importance [35]. To alleviate the cost of notifications the two main
strategies are to filter or delay notifications and to reduce the interaction effort per notification. Algorithms may
classify notifications regarding user-defined or learned importance ratings to present them later at opportune
moments depending on the context of the user [21, 46]. In this paper we focus on the latter strategy, i.e., to reduce
the effort of interacting with notifications.
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Reacting to notifications and getting more details typically requires an attention switch to the notification
device. We argue for a more casual [33] means of interaction with notifications that reduces the need for focusing
on a separate device and allows users to choose the level of engagement they are willing to invest in a particular
notification. This may also provide the benefit of being compatible to a wider range of different social situations,
for example by being less disturbing to others.

1.1

The Vision of Casual Notifications

Our vision for casual notifications, i.e., notifications that allow us to interact with notifications at different levels of
engagement, involves technologies that can play back haptic feedback to the muscles and that can simultaneously
sense muscle activity. We denote this use of human muscles for input and output as MuscleIO. It combines electrical
muscle stimulation (EMS) and electromyography (EMG). EMS and EMG can reuse the same locations for input
and output. EMS allows very subtle to very strong haptic feedback [39], which reduces the probability of missing
important notifications. Different EMS signal strengths and signal patterns potentially allow distinguishing
between multiple kinds of notifications or different levels of urgency. EMS output is soundless and, except for
limb movement at stronger EMS intensities, not observable by others. EMG measures muscle tension and can
be used as a quick response channel for notifications. Muscle tension as a response channel is not attention
grabbing and only requires a relatively low effort by the user. The response is eyes-free and hands-free and does
not require reaching for a separate interaction device.
Different levels of engagement may be realized as follows: The notification is played using a specific EMS
intensity or pattern. This may already provide enough information for the user to decide whether to dismiss
the notification or whether to continue to the next level. Depending on the type of notification, accepting or
refusing it may close a feedback loop and return a response to the sender. The request “should we go for lunch
now” may be encoded as an EMS pattern and accepted or refused using EMG. For other types of notifications,
refusing a notification may serve as a simple acknowledgment whereas accepting it may lead to more detailed
information. The user’s smartwatch may display a message or it may be read to the user via earpieces and voice
output. This step may be followed by another EMG-based response cycle. In this way it is possible to present
detailed notifications to the user without the need for another interaction device. Sensing the tension of a single
muscle is sufficient to generate a response.

1.2

Towards EMG/EMS Based Casual Notifications

Since the human body has over 200 muscles, the approach scales to a large number of input and output possibilities.
Each muscle could become an input/output device. In the future EMS and EMG electrodes may be integrated in
clothes [27], which allows reaching many different muscles. This could lead to new forms of notifications, such
as embodied notifications [38], but also increases the likelihood of misinterpretations.
We built a prototype that interleaves muscle input and muscle output signals using the same electrodes. EMS
and EMG alternate such that the EMG input signal is measured in the gaps of the EMS output signal, so voluntary
muscle contraction is measured during muscle stimulation. Thus the system can distinguish whether a muscle
tension is caused by EMS or by the user voluntary tensing the muscle. The system is implemented using an
off-the-shelf EMS device and an open source EMS toolkit [25].
We conducted a lab user study in which the participants interacted with EMS notifications in different ways:
through directional hand movement, hand movement patterns, and through a button-based smartwatch interface
as a baseline. We found that the directional EMG response is superior to the time-based pattern response in terms
of reaction time, error rate, and user preference. Furthermore, the directional approach is the fastest and the most
intuitive for users compared to the smartwatch interface.
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Contribution

This paper contributes an approach towards casual interactions in which notifications are played as haptic
feedback on particular muscles. The same muscles serve as input devices to create a feedback channel. Interaction
happens in an eyes-free and one-handed way with a minimal amount of attention and effort.
The main contributions of this paper are: (1) We propose and evaluate a new interaction technique for delivery
of and response to casual notifications using time-multiplexed EMG and EMS. (2) We compare three different
notification response strategies (single muscle activation with pattern response vs. two-muscle activation with
directional response vs. conventional smartwatch interface) and show that the directional response is faster than
the smartwatch interface. (3) We present a simple and generally usable hardware prototype with technical details
for reconstruction, including a new synchronization circuit. (4) We show that users were able to distinguish
different EMS intensities and that EMS intensity correlates with perceived notification urgency, which opens up
an interesting design space.

2

RELATED WORK

We discuss related work on notifications, muscle output via EMS, muscle input via EMG, and the combination of
EMS and EMG.

2.1

Notifications and Acknowledgments

Notifications arise in static contexts, e.g., on a desktop [11] or in mobile contexts [29]. In this work we focus on
mobile notifications. A large-scale analysis was done by Shirazi et al. [35] to categorize such mobile notifications.
Notifications differ in their importance and relevance for the user: notifications from communication apps were
rated as most important. Different approaches have been investigated to reduce the effect of interrupting the
main task [29]. The effect of notifications on users has been investigated as well [30].
Notifications can be delivered via a range of modalities: visual, auditory, tactile, haptic, and thermal [34]. Also
the devices for notification delivery are various, including wearables like rings [34] and wristwatches [24, 32], and
common devices like desktop PCs and smartphones. As these devices become more and more popular, users tend
to have more than one of them. Guidelines and models for handling notifications in multi-device environments in
a smart way have been proposed in [44]. The embodied notifications [38] concept uses EMS as the output modality
and the user’s body as the output device. The concept aims at reducing the disruptiveness of notifications.
The design of subtle and unobtrusive notifications is another area of investigation. In Scatterwatch [32] notifications are displayed via light that is emitted underneath a smartwatch and reflected by the skin. Squeezeback [31]
encodes haptic notifications in a subtle way through a pneumatic compression wrist band. The pressures generated
through pneumatic inflation can be very low and at the threshold of detection.
Pasquero et al. [24] investigated eyes-free interaction with notifications through a wristwatch. The wristwatch
responds to eyes-free hand gestures with vibrotactile feedback. The hand gestures provide different levels of
control to the user. The gestures can be used to acknowledge notifications and to query additional information
about unchecked notifications. For example, the cover-and-hold gesture involves covering the watch face with the
palm of the other hand. In response the watch emits discrete tactile pulses at a rate of 3 pulses/s that correspond
to notification items, such as the number of unread email messages. The user stays in control, as the sequence of
tactile pulses ends as soon as the user removes the hand from the watch face. When the user increases pressure,
the delivery rate increases to 9 pulses/s. Pasquero et al. also discuss trading the level of detail with the required
interaction effort. They propose time-based access through performing the cover-and-hold gesture for different
amounts of time.
Whereas the majority of the existing work focuses on how to present notifications and the effect of notifications
on users, we focus on interacting with notifications in a casual way in a similar vein as Pasquero et al. [24].
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2.2

Muscle-Based Input and Output

Muscles are controlled via electrical signals from the nervous system and also provide electrical signals that
represent their state. These signals can be modified and measured through surface electrodes. Thus muscles can
be used as both actuators and sensors. Actuation is typically achieved via EMS and sensing of muscle activity via
EMG. In HCI, most work focuses on either EMS output or EMG input separately.
2.2.1 EMS Output in HCI. In recent years EMS feedback has gained popularity in HCI research [39]. It has
been used to control the hand [42], to create force feedback in mobile gaming contexts [17], to simulate object
properties and textures [28, 45], to extend the affordances of everyday objects [19], for pedestrian navigation [26],
and for optimizing running styles [9]. EmotionActuator [10] combines EEG sensing with EMS output. In this
experimental approach the emotional state of a person was measured, transmitted over a communication network,
and displayed as EMS gestures.
2.2.2 EMG Input in HCI. EMG has been used to detect gestures at different body locations. Saponas et al. [36]
investigated the recognition of finger gestures such as “pinching in air” or “pressing on surface”. They achieved
accuracies of 85% and 60%, respectively, across different sessions. A 2D grid of EMG electrodes on the forearm was
used for the recognition of 27 hand gestures [1] and achieved an average accuracy of 90% in within one session.
Combining EMG data with other sensors can increase the accuracy of wrist and finger gesture recognition [20, 47].
Sensor combinations involving EMG may even be integrated in smartwatches [20].
Commercial EMG devices like the Myo armband1 are applied in HCI research as well [4, 6, 14]. Alternative
recognition algorithms have increased the recognition accuracy from 68% to 95% [15].

2.3

Combining EMS and EMG

Using EMS and EMG together on separate electrodes was proposed by Lopes et al. [18] as an extended version of
their Pose-IO device. The proprioceptive interaction concept achieves eyes-free input and output of hand gestures.
Duente et al. [5] motivate the combination of EMS and EMG for learning movements in sports, interacting
with a system, and calibrating EMS grids. Biosync [22] is an implementation of EMS and EMG on the same
electrodes. The main goal is interpersonal kinesthetic communication through the sharing of movements. This
has been demonstrated by synchronizing the hand movements of one person with the hand movements of another
person. Knibbe et al. [16] use EMG to auto-calibrate EMS grids. Prior to being explored in HCI the combination
of EMS and EMG has been investigated in the area of functional electrical stimulation (FES) for rehabilitation
purposes [37, 43]. From the existing work in FES and HCI we differ in several respects. We transform a muscle
into an input and output channel for an interaction with a mobile system. We do no investigate in rehabilitation
as in FES [37, 43], we do not transfer motions from one person to another as in biosync, we explore the potential
of this new channel in a notification scenario. Also our hardware differs from existing work (discussed in section
4.4), as we try to use as many off the shelf components as possible, to enable other researchers easily rebuilding
our system.

3

ENCODING NOTIFICATIONS AND RESPONSES

As mentioned above, multiple modalities and devices may be employed to present notifications. For a given
modality there are different options of encoding a notification. For responding to a notification there are also
multiple options. The response may be generated at the output location or somewhere else. The modalities of the
output and feedback channels of a notification may differ.
MuscleIO uses the same location and the same modality – the muscle – to present notifications and responses.
In our initial implementation of the concept we chose the forearm as the location for the notification output.
1 https://www.myo.com/
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Fig. 1. The dorsal extension of the hand is a result of an EMS notification. The three evaluated types of notification responses
are: (a) time-based EMG response, (b) directional EMG response, and (c) smartwatch interface.

Wearables like smartwatches are also worn at this location and present notifications at this place. However,
MuscleIO may be used with any other muscle that is accessible through surface electrodes, e.g. muscles on the
leg, or on the upper arm. Choosing a small muscle will mostly result in a small movement. Therefore choosing a
small muscle on the forearm is less observable in facts of privacy than choosing a big muscle e.g. the biceps or
triceps on the upper arm. So for displaying and interacting with notifications small muscles are preferable. On
the forearm there are many small muscles that are possible candidates for MuscleIO. We chose two antagonistic
muscles/muscles groups on the forearm that are easily to find, also for non experts. These muscles are responsible
for a palmar flexion and a dorsal extension of the hand. Other antagonistic muscles could also be used for
MuscleIO, e.g. muscles for radial abduction and ulnar abduction, or muscles for single finger movement.
In the following, we present our design of EMS output for notifications and two designs for EMG-based
responses to notifications. Also we inform more in detail about the chosen muscles.

3.1

Muscle-Based Notifications

EMS does not consume large amounts of energy and can create strong force feedback without additional actuation
devices. It is therefore suitable for generating mobile haptic notifications. EMS covers a wide range of feedback,
starting at a barely perceivable tactile sensation [13] that is too weak to cause a muscle contraction, and going up
to strong muscle contractions. This wide range can almost be understood as representing two separate modalities,
one tactile sensation that is perceived because of mechanoreceptors in the skin and one haptic sensation that is
perceived because of proprioception [18]. Furthermore, in comparison to other haptic output technologies, EMS
is completely silent. All of these properties are beneficial for notification delivery: Non-urgent notifications can
be presented at the detection threshold to be minimally disruptive. Urgent notifications can be made so strong
that it is unlikely that the receiver will miss them. And the playback of notifications via EMS is largely hidden
from others.
As the feedback location we chose the non-dominant forearm of the user, because this is mostly the arm at
which a smartwatch is worn. Moreover, this location leaves the dominant hand free for other tasks. We placed
the electrodes on the muscles for a dorsal extension of the hand and the fingers (musculus extensor digitorum,
musculus carpi ulnaris). These muscles work together and both cause an extension of the hand and the fingers
(“up” in Figure 1). They are typically easy to find [25] and easy to actuate voluntarily during responses and are
thus a good fit for exploring the MuscleIO concept.
We encoded the urgency of a notification as three different levels of EMS intensity: Level 1 (low intensity)
causes a tactile sensation that is barely perceptible. Level 3 (high intensity) actuates the muscle and causes a
movement of the hand. Level 2 (medium intensity) is defined as the arithmetic mean of the currents of levels 1 and
3. The low and high intensities have to be calibrated per user. When a notification is played, it stays active until
the user responds to it. We decided us to encode the information of urgency, because it is important for people to
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react to important notifications [30]. Also knowing the importance of a notification could help people to decide if
they should interrupt their current task and react to the notification or if they could ignore the notification.
By using different EMS intensity we also address the question if user could distinguish them. From our
experience with EMS, we believe that user can not easily distinguish EMS intensities. Therefore we chose only
three intensities. We believe that at least two EMS intensities are distinguishable: a low, and barely perceptible
and a strong, and muscle contracting intensity.

3.2

Muscle-Based Responses

We measure muscle-based responses through EMG. A major advantage of this approach is that it can share the
electrode infrastructure of EMS. We see four options for encoding the response of a user: (1) the chosen muscle
that the user tenses to respond, (2) a time-based tension pattern of a single muscle, (3) a time-based tension
pattern of multiple muscles, and (4) the degree of muscle tension.
For our initial exploration of MuscleIO we chose (1) and (2). Measuring a time-based pattern across multiple
muscles (3) is a straightforward extension of (2). Measuring the degree of muscle tension (4) is also possible [41]
but more challenging, because creating different muscle forces may be hard to memorize for users and a further
calibration step is necessary to capture different muscle contraction strengths.
For the time-based approach different muscle contraction patterns have to be found for encoding different
responses. We limited the possible responses to the acceptance and refusal of a notification (see Figure 1). To keep
the interaction simple, we limited the number of input possibilities to the minimum required to provide a choice
between “yes, I’d like to see more” and “no, I’m not interested”. For these two options the easiest pattern-based
encodings are:
The pattern for accepting a notification is a single muscle contraction. The pattern for refusing consists of two
muscle contractions, which are intersected by a short pause. More patterns (e.g., three muscle contractions) or a
more complicated encoding (like the Morse code with short and long contractions) are possible, but would also
increase the time that is needed for producing them and the mental load of the user. For this encoding a single
muscle and three electrodes suffice: two electrodes for EMS and one as an EMG reference. This setup constitutes
a minimalist setup of MuscleIO.
For the directional approach we extended the above setup with two additional electrodes, which interface
with the antagonist muscle (the musculus flexor carpi radialis) that creates a palmar flexion (“down” in Figure 1).
We used this second muscle for encoding refusal. So there is a movement in one direction (“up”) for accepting
and a second movement in the opposite direction for refusing (“down”). This mapping is plausible and also
ergonomically convenient.
The prototype that enables this interaction is presented in the next section.

4

PROTOTYPE

We provide the sources, including schematics, code and a part list, for a reconstruction of the prototype on our
project page2 . The prototype consists of the five main components shown in Figure 2. The user’s forearm is
connected to the system with at least three electrodes. Over these electrodes EMS output is applied and EMG
input is measured. The electrodes are also connected to the EMS/EMG synchronizer, which is the core of the
system. This unit does not generate EMS signals by itself, but uses an external EMS toolkit and EMS generator.
The EMS toolkit can cut off the provided EMS signals and adjust their intensity. For safety reasons the EMS signal
path is galvanically isolated from the rest of the system via photomos relays. The synchronizer also contains an
EMG unit to measure voluntary muscle contraction. It interfaces with the human body over its high impedance
2 https://hci.uni-hannover.de/research/muscleio
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Fig. 2. The system consists of five components: (1) The electrodes placed on the user’s skin, (2) the EMS/EMG synchronizer
that applies EMS and measures voluntary muscle contraction, (3) the EMS toolkit that provides controlled EMS, (4) the EMS
generator, and (5) an application that controls the synchronizer and the EMS toolkit.

Smartwatch

Toolkit

Arduino Uno
+ shield incl.
2 EMG sensors
EMS/TENS
signal generator
Electrodes

Fig. 3. The prototype consists of the following components: EMS/TENS signal generator (SEM43), Let Your Body Move
Toolkit, Arduino Uno with a shield, electrodes (one at elbow), and smartwatch.

inputs. The operation of the synchronizer is controlled by an application. It generates a notification by turning
on the EMS signal and adjusting its intensity. The application receives the user’s response from the synchronizer.
The prototype hardware is shown in Figure 3. The EMS/EMG synchronizer consists of an Arduino Uno with a
shield that performs the interleaving of EMS and EMG. It is connected with a Let Your Body Move Toolkit [25] .
The toolkit adjusts the intensity of the EMS signals of an SEM433 . The shield is connected to two Bitalino EMG
sensors4 and five electrodes on the user’s forearm. Two Electrodes are connected with each sensor. One electrode
is used as the EMG reference and placed on the elbow. The EMS Toolkit, the Arduino Uno, and the smartwatch
are controlled by a Java application, which generates the notifications and receives the responses.
A detailed description of the interleaving approach follows. We describe the steps that are needed to measure
the muscle activity during the stimulation. This includes the synchronization of the shield with the EMS signal,
the steps for discharging the electrodes, enabling the EMG sensor, and measuring the EMG values. Then, we
3 http://www.sanitas-online.de/web/_dokumente/GAs/therapie/752.907-0416_SEM43.pdf
4 http://bitalino.com/datasheets/EMG_Sensor_Datasheet.pdf
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discuss the data processing and the recognition of muscle activity. Finally, we focus on differences to the biosync
approach.

4.1

Synchronizing EMS and EMG

Over an antenna and inductive coupling the Arduino synchronizes with the EMS pulses. The circuit for the
detection is shown in Figure 4. The antenna consists of a wire that wraps the wire that carries the EMS signal.
The circuit generates a peak, when the EMS pulses alternate their polarity. This is the point when the maximum
energy is transferred inductively. We compare the signal that is received over the antenna to a constant reference
voltage of 0.455 V using an LM358N5 op-amp. If the received voltage of the antenna signal is higher than the
reference voltage the op-amp generates a high, otherwise a low output. This happens for each EMS pulse. The
high output of the op-amp triggers an interrupt on the Arduino Uno. The interrupt handler changes a boolean
flag and disables the interrupt until the next phase is processed. The change of the flag triggers the next steps in
the loop function, which are described below.
5V

Antenna

Op-Amp

10kΩ

5.1MΩ
UZ=5V

100kΩ

Interrupt Pin

Fig. 4. The antenna is a cable that is wound around the cable of the EMS generator. The voltage of the antenna signal is
compared to a reference voltage. If it is higher than the reference voltage an interrupt is generated. A Zener diode limits the
voltage range.

4.2

Discharging the Electrodes

Figure 5 shows the three different phases of the synchronization. In the first phase the EMS signal is active
(red spikes). Via the antenna sensor the system gets an interrupt when the positive EMS pulse ends and waits
until the negative EMS pulse ends (50 µs). In the second phase the system disconnects the EMS toolkit from
the electrodes and shorts the electrodes to quickly discharge them. The system then connects the EMG sensor
with the two electrodes and waits for 12 ms until the discharge has completed. At 25 Hz there are 28 ms left for
sampling the EMG data. As the discharge time needs to be as short as possible, we tested different ascending
values with several participants and different EMS intensities. Using our sensor and setup we needed at least
12 ms to discharge the electrodes completely. For other sensors this time might be shorter or longer. In the third
phase after discharging the electrodes the EMG signal is sampled for 25 ms. The collected raw data is transferred
to the control application for data processing. In the remaining 3 ms the system disconnects the EMG sensor
and reconnects the EMS Toolkit again. The synchronizer is then idle and waits for the next interrupt. When the
next EMS pulse is detected the first phase starts again. For switching we use AQY210EH6 photomos relays from
Panasonic.
Additionally for a faster discharge a 22 kΩ resistor is connected between the measurement clamps to permanently discharge the inputs of the EMG sensor. A disadvantage of this approach is that the measured signal
5 http://www.ti.com/lit/ds/symlink/lm158-n.pdf
6 http://pdf1.alldatasheet.com/datasheet-pdf/view/529433/PANASONIC/AQY210EHA.html
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Fig. 5. The three phases of MuscleIO. The upper graph shows the EMS signal running at 25 Hz and 50 µs spikes (in red). The
lower graph shows the amplified EMG signal measured during active EMS. The blue curve shows sensor values gathered
during voluntary muscle activity. The orange curve is measured during no voluntary contraction.

amplitude also decreases, because the two electrodes are short-circuited by the resistor. The more the resistor
size decreases the more the amplitude decreases. We tested different standard resistor values from 1 kΩ to 100 kΩ
and found an optimal value at 22 kΩ. Optimal means that the resistor value is high enough to not suppress a
noticeable oscillation, but also is low enough to enable a proper discharge and consequently a longer time for
sampling. For other sensors this resistance value might not be optimal. We found design considerations for the
described discharging technique in [40].

4.3

EMG Data Processing

The transmitted EMG data (containing 120 values for one reading-period per sensor) has to be investigated
for muscle activity. A plot of the raw data of about 40 EMS periods is shown in Figure 6. Over time all curves
converge to a value of about 1.65 V. This is the reference voltage of the used sensor. It is also the voltage that is
returned by the sensor if there is no muscle activity. The curves converge because of the sensitivity of the sensor,
which is related to the large amplification gain of the sensor (g = 1000). Small voltage differences between the
two electrodes and voltages that occur when the sensor is connected create overshoots. After an overshoot the
sensor needs some time to return to a normal state. Similar effects were also reported by Knibbe et al. [16]: Of
the 220 ms period for reading an electrode pair 200 ms are needed for signal stabilization and only the last 20 ms
are used for data acquisition. With our approach we are able to read EMG values during EMS in a 25 ms period.
Figure 6 shows that the measured signal curves differ only slightly depending on whether the user performs a
voluntary muscle contraction (orange curve) or not. The progression of the curve is not identical from period
to period, but there are slight and non-constant shifts on the time axis. The curve progression also depends
on the user and the EMS intensity. For these reasons a simple sum of squares difference comparison of the
two curves is not suitable to detect a muscle contraction. Instead, we compute a running average curve A, a
smoothed version of the previously measured data curves. Every new data curve M contains 120 values and
updates the running average curve as follows: Ai := 0.95 Ai + 0.05 Mi , i ∈ [0, 119]. A voluntary muscle contraction
results in a difference between a M and A. As muscle contraction creates oscillations in the signal (Figure 6)
we compute the derivatives of both M and A. The stronger the oscillations, the higher the sum of the absolute
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 2, No. 2, Article 64. Publication date: June 2018.
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Fig. 6. Raw data of about 40 measured periods. The lower the brightness of the curves, the newer the measurement. The
orange curve shows the signal that is received when the user contracts the muscle. The yellow curve is the measurement
from the previous interval, when there was no voluntary contraction.

differences. Thus for each new data curve we calculate the divergence from the running average curve. Therefore
we sum the absolute derivatives of each point from one curve and calculate the difference between both sums:
Í118
Í118
D = i=0
|Mi+1 − Mi | − i=0
|Ai+1 − Ai |. Corresponding to A, a running difference is calculated in the same way
using these differences D. If the current difference is greater than a threshold of six times the running difference,
a muscle activity is reported.

4.4

Differences to Prior Work

Biosync [22] is most closely related to our work. It differs in several ways. Whereas biosync was designed from
custom components we built a modular system from standard components. The EMG sensor, the electrodes,
and the EMS generator are commonly available. We use a medically certified stimulator that provides biphasic
(alternating) EMS peaks, which reduces the risk of skin irritations [12]. A slight disadvantage of our system
is a lower maximum EMS frequency of 50 Hz in contrast to 100 Hz in biosync. However, we found 50 Hz to be
sufficient in practice. In our system the self-adhesive electrodes are all the same size (4 cm × 4 cm) and the same
electrodes are used for stimulation and measurement. The EMG reference electrode is not used to transfer EMS
signals, so it can be placed anywhere on the forearm and does not need to be placed exactly on a muscle. This is
advantageous for scalability, because each new channel or interfaced muscle only needs two additional electrodes,
in contrast to three in the biosync system. In contrast to existing work from the area of FES e.g. [37] we differ
as our system is small and could be used mobile. On the contrary our system is not as precise or powerful as
stationary FES systems. But for our use case it is not necessary to measure a clean well filtered EMG signal.The
system only needs to distinguish, whether there is a contraction or whether there is no contraction. For further
approaches it might also be sufficient to distinguish only multiple levels of contraction, e.g. full contraction, less
contraction, or no contraction.

5

USER STUDY

We conducted a lab user study to compare notification responses via EMG and via a conventional smartwatch
interface. In each case the notification output itself is delivered via EMS. Only the response method varies. We
decided to investigate muscle-based notification responses in a lab study first in order to better isolate the relevant
effects although the investigation of muscle-based notifications in the wild is planned as future work.
We hypothesize that MuscleIO as a feedback modality for responding to notifications is faster and preferred by
users compared to a smartwatch interface for the same purpose.
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Table 1. Independent variables and their levels. Each condition (mode × intensity × request) was repeated 10 times per
participant, resulting in a total of 180 responses per participant.

5.1

Independent Variable

Levels

Response mode
EMS intensity
Response request

Direction, Pattern, Smartwatch
low, medium, high
refuse, accept

Design

The three independent variables considered in the study are the response mode (hand direction measured via
EMG, time-based hand movement pattern measured via EMG, and a smartwatch GUI), the EMS intensity (low,
medium, high), and the requested response (refuse, accept) as shown in Table 1. For each condition we measured
the response time and error rate and asked for a subjective estimate of the urgency of the notification as well as
the perceived comfort of the EMS signal.
The study had a within-group design. Each user repeated every combination of the independent variables
10 times, resulting in 180 notifications per participant. The three response modes were presented in blocks
of 60 notifications (3 × 2 × 10). Their order was counterbalanced. The three different EMS intensities and the
refuse/accept requests were randomized within each block.

5.2

Participants

We invited 13 participants (10 male, 3 female) with a mean age of 22.9 years (SD 2.2). Eleven of the participants
were students at our institution and one was a teacher. All except of one participant were right-handed. Only one
participant regularly uses a smartwatch. Two participants had experience with EMS/EMG from other studies.
One participant was excluded from the evaluation, because we could not find the relevant muscle on the forearm
(musculus extensor digitorum) for the stimulation. The 12 remaining participants generated a total of 2160
notification responses.

5.3

Procedure

The study took about 60 minutes per participant, including calibration and questionnaires. As shown in Figure 7
we placed the participants in front of a PC monitor. They were equipped with the electrodes and the smartwatch on
the non-dominant forearm. The MuscleIO concept was explained to the participants and they had the opportunity
to experience a few example notifications to get familiar with the feeling of EMS output. They then tested the
three different response modes for a few times, before the actual study started.
The participants started with one of the response mode blocks. Each notification in all blocks followed the
same procedure. The participants first saw a waiting screen (Figure 8). The EMS signal was activated to simulate
a notification. After a random delay between 1.5 and 3.5 s the screen showed the instruction to either refuse (in
red font color) or accept (in green font color) the notification. The EMS output stayed active until the system
recognized the user’s response. The users got feedback from the experimenter, in case they gave another response
than the one asked for. After each notification the users gave their subjective estimate of both the perceived
urgency and comfort of the EMS notification via two GUI sliders. In order to investigate the differences between
the EMS intensities. We used visual analogue scales [8] with 1000 gradations for the rating of these parameters
(Figure 8). A confirmation button served to conclude the current trial and start the random delay of the next one.
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Fig. 7. Study setup. The participants sat in front of a monitor, on which an application guided them through the tasks.

5.4

Tasks and Stimuli

We compared the three different EMS intensities to communicate the urgency of a notification. Before the study
each intensity needs to be calibrated per user. The low intensity is chosen to be slightly above the detection
threshold. The high intensity is chosen as the highest one that is still comfortable. This intensity typically creates
a muscle contraction in contrast to the low intensity, which is only perceived as a weak tactile stimulus. The
electrical current of the medium intensity is set as the arithmetic mean of the low and the high intensities. We
used an oscilloscope and 1 Ω resistance for the calibration of these three EMS intensities.
For the study the EMS Toolkit and the prototype are connected to a laptop via USB. The smartwatch (a
Motorola moto360) is connected to the laptop via Wi-Fi. As our prototype uses to time-multiplex EMG and EMS
at a maximum frequency of 50 Hz we chose a lower frequency of 25 Hz to extend the time available for EMG
measurements. The larger number of samples increases the EMG detection probability. The EMS pulse width was
set to 50 µs.

Fig. 8. The different study screens: (1) In each trial the participant had to wait, (2) until the response request was presented.
Then the participant acknowledged the notification in the current response mode. (3) Finally the participant rated the
comfort and urgency of the notification.
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Fig. 9. The Direction method performed best. Smartwatch is close in performance to Pattern. Red triangles show the mean
values.

6

RESULTS

We report the response times and error rates for the different conditions. Moreover, we gathered qualitative
feedback about estimated notification urgency, perceived comfort of the EMS signal, and preferences of the
different response modes.

6.1

Response Times

We measured the response time from the moment when the visual feedback appears with the instruction of accept/
refuse the notification to the point when we detect the EMG movement or the button input of the smartwatch.
As shown in Figure 9 the direction-based EMG mode is much faster than the other two. At 809 ms (SD: 308 ms)
direction-based EMG (Direction) is 41% lower than pattern-based EMG (Pattern) at 1370 ms (SD: 316 ms) and
43% lower than the smartwatch interface (Smartwatch) at 1414 ms (SD: 260 ms). The response times for Pattern
and Smartwatch are very close. A Friedman Test of differences among repeated measures shows that the main
effect of response mode on response time was statistically significant (χ 2 = 85.44, p = 2.79 × 10−19 ). Conover
Friedman Post-hoc Tests with Bonferroni correction show that there is no significant difference between Pattern
and Smartwatch (p = 0.77), but between Direction and Smartwatch (p = 5.46 × 10−10 ) and between Direction and
Pattern (p = 4.26 × 10−9 ).
We also found differences in the reaction time for the two response requests (accept or refuse), shown in
Figure 10. A Wilcoxon Signed-Ranks Test shows that these differences were not significant (Z = −1.94, p = 0.052).
The response time for a refuse was lower in all response modes. For the EMG conditions this observation is
expected. In the Pattern condition a refuse is 227 ms faster than an accept. The system waits 200 ms delayed for a
second EMG peak on the sensor within 600 ms to detect a refuse. If the user accepts the notification the system
waits until the time threshold expires. So doing a quick refuse can be faster than doing an accept, because the
system reacts immediately.
In the Direction condition a refuse is 105 ms faster than an accept. In this condition accept and refuse are
encoded with two different muscles. The EMS output is applied to the muscle that is simultaneously used to
measure an accept via EMG. Thus, this muscle is tense while the antagonist muscle is relaxed. The sensor on the
relaxed muscle does not need to synchronize with EMS and can therefore measure voluntary muscle contractions
faster. Second, the sensor is not connected to any discharge circuitry and therefore more sensitive to muscle
contractions. Third and potentially most importantly, the refuse movement is easier to do for the user, because
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for the accept movement the user has to exceed the EMS contraction, i.e., cause a stronger voluntary muscle
contraction in the same direction as that already caused by EMS.
The difference for the Smartwatch condition was much smaller with only 72 ms. We attribute the difference to
a confounding variable in our study design. We presented to the user the refuse request in red and the accept
request in green, as shown in Figure 8. Investigations in measuring the reaction time for red and green stimuli
show significant differences in young males [2]. Moreover, red stimuli seem to increase the muscle force [7].
Both effects could explain why on the smartwatch the response time for a refuse (in red) was lower than for an
accept (in green). These effects should affect the EMG conditions in the same way, because the monitor output
was independent of the response mode.
Accept

Refuse

Reaction time [ms]

3000
2500
2000
1500
1000
500
Direction

Pattern

Condition

Smartwatch

Fig. 10. Reaction times for the three response modes and for the response request. The mean time for refuse is always smaller
than the mean time for accept (red triangles).

A Friedman Test shows that the different EMS intensities did not influence the reaction time (χ 2 = 1.36,
p = 0.51). This is most likely caused by the study design in which the EMS signal was played first, with sufficient
time for being detected, and the participants were instructed via visual feedback to answer after a random delay.
As intended, the study measured the time for the decision (visual accept or reject command) and the duration of
the response interaction, but not the salience of the notification signal.

6.2

Error Rates

The error rates are shown in Figure 11. There was only one wrong click in the Smartwatch condition, which
has the lowest error rate at 0.14%. Direction has an error rate of 3.9% and Pattern of 20.8%. A Friedman Test of
differences among repeated measures shows that the main effect of response mode on error rate was statistically
significant (χ 2 = 66.11, p = 4.42 × 10−15 ). EMS intensity (χ 2 = 0.35, p = 0.83) and response request (Z = −0.71,
p = 0.48) do not have significant effects on error rate. There is an interaction effect of response mode and EMS
intensity (χ 2 = 77.12, p = 1.85 × 10−13 ) and an interaction effect of mode, intensity, and request (χ 2 = 88.55,
p = 1.12 × 10−11 ). Post-hoc Conover Friedman Tests with Bonferroni correction show significant pairwise
differences between all response modes. The Direction condition shows equal of error rates of 3.9% for accept
and refuse. For pattern, the error rates were much higher at 22.8% for accept and 18.9% for reject. Error rates of
this magnitude show that it was hard for the user to create the time-based pattern.
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Fig. 11. Error rates of the different response conditions. Smartwatch had only 1 false response overall.

6.3

Synchronized EMS and EMG at the Same Muscle

The presented results indicate that the proposed interleaving of EMG and EMS works reasonably well. The
quality of the EMG input while EMS is active does not deteriorate, with respect to error rate and reaction time.
Compared to an EMG-only input EMG + EMS is at the same level, if we consider the results of the notification
study. First, the error rates for accepting (EMG + EMS, Err = 4.9%) and refusing (EMG only, Err = 4.9%) in the
Direction condition in Figure 11 indicate that using EMS and EMG simultaneously does not influence the success
rate negatively, compared to use EMG alone. Second, the different reaction times for accepting (EMG + EMS) and
refusing (EMG only), again for the Direction condition, shown in Figure 10 do not reveal that EMG interleaved
with EMS is much slower. Refuse is faster than accept in all conditions. In the Direction condition the difference
is 105 ms, in contrast in the Smartwatch baseline the difference is about 72 ms. Hence the effect of applying EMS
during EMG on the reaction time is low.
This shows that MuscleIO has a reasonable response time and acceptance rate and can be used in scenarios in
which EMS and EMG are active simultaneously.

6.4

Urgency & Comfort

We also analyzed the urgency and comfort ratings (Figure 12) and found that they correlate negatively (r =
−0.78, p < 0.001). This means that a high-comfort EMS signal is felt as less urgent than a low-comfort EMS signal,
and vice versa. Across all conditions EMS intensity and urgency correlate positively (r = 0.77, p < 0.001) and
EMS intensity and comfort correlate negatively (r = −0.80, p < 0.001).
A Friedman Test shows that the main effect of EMS intensity on urgency was statistically significant (χ 2 =
100.00, p = 1.93 × 10−22 ). The main effect of EMS intensity on comfort was statistically significant as well
(χ 2 = 128.94, p = 1.00 × 10−28 ). Response mode and request type do not have significant effects on urgency or
comfort. Post-hoc Conover Friedman Tests with Bonferroni correction show significant differences in estimated
urgency for all pairs of EMS intensities. This shows that the participants were able to distinguish the three
intensities. Post-hoc tests also show significant differences of comfort for all pairs of EMS intensities.
Given these results, EMS intensity is suitable for expressing the urgency of a notification. So, to communicate
important notifications a higher EMS intensity could be beneficial. The lower comfort feeling of an important
notification underlines this characteristic. The user will likely be more engaged to react to those notifications.
We also report here the calibrated EMS intensities. The three intensity values were calibrated at the beginning
of the study and were kept constant for the rest of the study. The average amplitude currents are shown in
Table 2.
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visual analogue scale
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Comfort

1000

Urgency

750
500
250
0
Low

Medium

High

EMS intensity

Fig. 12. Urgency and comfort ratings for the different EMS intensities. The participants rated the comfort and urgency after
each trial. 1000 relates to a high urgency or comfort, respectively.
Table 2. Stimulation current amplitude in mA. The pulse width of 50 µs and the frequency of 25 Hz were kept constant during
the study.

Intensity

Median

Mean

Std. Dev.

39.5
66.9
95.0

39.1
65.9
92.8

7.2
11.8
17.6

Low
Middle
High

At the end of the study we asked the participants to rate each of the three response modes. Figure 13 shows
the responses of the participants. Overall, Pattern was rated worst and Direction was rated best. 11 of the 12
participants stated that Direction is intuitive, which is even more positive than the rating for the Smartwatch.
Pattern was judged as exhausting by the half of the participants, whereas only two participants found Direction
and one participant found Smartwatch to be exhausting. When asked to order the response modes by decreasing
preference, 11 participants gave the same order of Direction→Smartwatch→Pattern and one participant answered
Smartwatch→Direction→Pattern. We conclude that Direction is generally preferred to Pattern.
We saw some habituation effects of EMS. The user rating for comfort increases by about 9% over all EMS
intensities. The urgency rating decreases by about 8% across EMS intensities. So the EMS intensity could be
increased at this rate to achieve the same notification urgency after a longer period of frequent notifications.
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Fig. 13. Ratings of the response modes on 5-point Likert scales.
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DISCUSSION

The results of the user study support our hypothesis that MuscleIO as a feedback modality for responding to
notifications is faster and preferred by users compared to a smartwatch interface for the same purpose. These
findings are contrary to the results by Kerber et al. [14], who found out that the EMG interaction with the Myo
device (M=2.55 s, SD=0.98 s) was significantly slower than the touch interaction with a smartwatch (M=1.77 s,
SD=0.4 s). We believe that the contrary results are related to the different used EMG hardware. E.g. the recognition
accuracy of the Myo device is only at 68% [15], this could slow down the interaction, if a gesture is repeatedly
not recognized or falsely recognized. In contrast the results for the smartwatch interaction differ not strongly.
Our measured mean time was 1.41 s compared to the above mentioned 1.77 s of Kerber et al.
We did not focus on the detectability of EMS notifications, but it has been shown before that EMS can be
made quite attention grabbing [17, 19]. We also did not focus on muscle-based notification responses in the wild,
although this is planned as future work.
For the time-based encoding, the threshold times may be too low or too high for some users. This is similar to
the “double click” problem with the desktop mouse. In the current setting, the second muscle contraction has to
occur in an interval of 200-800 ms after the first muscle contraction. We used two thresholds for the detection of
the time pattern. The first threshold of T1 = 200 ms serves as a short delay for relaxing the muscle after the first
contraction. After that delay the system waits for T2 = 600 ms for a second muscle contraction. If the user does
not relax the muscle fast enough (tr el ax > T1 ) a single muscle contraction could create a “double click” and the
response would falsely be recognized as a refuse. Wrong timing could also be the cause of a falsely recognized
accept, because the user did not perform the second muscle contraction in the time window. A longer time
window could increase the success rate for reject, but would also increase the time until a response is recognized
as accept.
We saw EMS habituation effects in our study. The perceived notification urgency decreased during the course
of the study. In daily notification scenarios this habituation effect will probably not be as strong as presented here,
because the frequency of notifications is likely to be lower than in our study, in which each user responded to 180
EMS notifications within about one hour. Over the course of a day a user gets on average 63.5 notifications [29],
which is about 2.6 notifications per hour.

8

LIMITATIONS

Our results are limited by the fact that we did not evaluate the system in the wild. When MuscleIO is used in the
wild it could be that notifications with a low EMS intensity are missed or the perception time increases [23]. But
this is a limitation that affects all tactile stimuli. Also an in the wild study could focus on perception time of EMS
based notifications that we did not investigate in this study. In this future study the error rates might also be
higher, because of movements that the user makes when performing a task. But the system could monitor the
muscle and only play a notification if the muscle is not used by the user.
Further does our system not solve the problem of an increasing number of notifications, but it can convey the
user how important a notification is. Based on this information the user could react to or ignore the notification.
The classification if a notification is urgent or important is not done by our system, but in the related work
notification types are categorized with importance levels [35].
Our interaction could also be extended through additional response methods, that we did not investigate: An
other time based response could be encoded by doing a muscle contraction for a short or a long period or a force
based response could be encoded by doing a heavy muscle contraction or a weak contraction.
At the moment the maximum EMS frequency is limited by the chosen EMG sensor. The usage of a custom
sensor can overcome this limitation with the disadvantage of investigating time and effort in the design and
engineering of such a component. Also there is some calibration effort for both EMS and EMG. Other work
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focuses on reducing the time for calibration and even on completely waiving a calibration step by using electrode
grids [1, 16]. Currently the system interfaces with the user via self-adhesive electrodes. A further integration
of the technology in smartwatches [20] and clothing [16, 27] should be possible. The latter seems especially
attractive.

9

CONCLUSION & FUTURE WORK

The combination of EMS and EMG for presenting and reacting to notifications is promising. EMS covers a wide
range of feedback intensities, which can be mapped to perceived notification urgency, EMS is a completely silent
output technology, EMS and EMG can share electrodes and do not require a separate output device, and they
allow the presentation and response to notifications largely hidden from others. The interaction methods we
presented constitute building blocks towards casual notifications, in which users may access multiple levels of
detail depending on their level of engagement.
We showed that EMS and EMG can be used to transform a muscle into a notification output and response
device. We investigated two different notification response designs and evaluated them. The results show that
the directional EMG design is faster than two-handed interaction with a smartwatch. Moreover, the error rate
of the directional response approach at 3.9% is acceptable when considering the relatively brief training period.
The moderate performance of the pattern-based approach suggests that it is more promising to involve multiple
muscles than to encode more elaborate patterns on a single muscle.
As future work we plan to investigate different EMS parameters, like pulse width, frequency, and dynamic
intensity profiles, to encode different notifications. We also plan to look at simultaneous EMG input from multiple
muscles. Moreover, we aim to conduct a field study to investigate factors that influence MuscleIO performance in
the wild over longer time periods and in different real-world contexts.
Our approach simplifies research that involves a combination of EMG and EMS. For this reason, the partlist,
schematics ,and the source code of the MuscleIO system are available on the MuscleIO project page7 .
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