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Abstract

Recent advances in mobile, wearable and telecomunication technologies have encouraged the
growth of our desire for constant interconnectedness. Indeed, the ubiquity of electronic devices
in our lives is such that we not only rely on them to support our desires for human-human social
interaction, but also sometimes, fulfil these needs through interactions with virtual agents. As
such, whether it consists of an important phone call or a reminder from your mood tracking
app, our devices are constantly fighting to capture our attention, oftentimes causing significant
disruption in professional and social contexts, as well as having negative impact on our physical
and mental well-being.

This thesis argues that notification systems’ deficiencies are largely due to our lack of under-
standing of users’ notification experience in the wild, and that by focusing on users’ behavior
or relying on questionnaires, current notification research methodologies cannot capture the full
picture of smartphone users’ experience.

This thesis pursues two mutually reinforcing tracks that advance the notification research and
engineering state of the art:

First, it explores the use of psychology concepts and methodologies, and physiological signal
processing to the collection of information on users’ state and perception of notifications. This
is achieved by documenting the impact of notification perception on smartphone users’ electro-
dermal activity, heart rate, heart rate variability and wrist-motion. Based on these physiological
changes, a novel interaction-less notification perception prediction system is introduced and eval-
uated, expanding the breadth and depth of possible notification research methodologies.

Second, it presents two innovative methods allowing for an increase in out-of-the-lab self-
reports and physiological signals data collection capabilities. This is enabled by the introduction
and validation of a new gestural self-reporting interface, reducing the intrusiveness of subjective
data collection, and a wearable tightness estimation system based on the raw optical heart rate
signal.
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Résumé

Les progrès récents en technologies mobiles, portables et de télécommunication ont favorisé
la croissance de nos désirs d’interconnections sociales. En effet, l’omniprésence des appareils
électroniques dans nos vies est telle que nous comptons sur eux pour répondre à nos besoins so-
ciaux, mais aussi, parfois, pour satisfaire ces besoins par des interactions avec des agents virtuels.
Qu’il s’agisse d’un appel téléphonique important, d’un rappel qu’une rencontre aura lieu ou d’une
nouvelle mention “j’aime”, nos appareils se battent constamment pour capter notre attention, cau-
sant souvent des perturbations importantes dans les contextes professionnels et sociaux, et ayant
ultimement un impact négatif sur notre bien-être physique et mental.

Cette thèse soutient que les lacunes des systèmes de notification sont principalement at-
tribuable à un manque de compréhension de l’expérience utilisateurs en matière de notification.
Ce dernier est partiellement dû à l’utilisation de méthodologies de recherche qui ne sont pas en
mesure de capturer l’ensemble des facettes de l’expérience des notifications.

Cette thèse poursuit deux directions qui se renforcent mutuellement et qui contribuent à faire
avancer l’état de l’art de la recherche sur les notifications et en ingénierie:

D’abord, elle explore l’utilisation de concepts et méthodologies de recherche en psychologie,
et du traitement des signaux physiologiques pour la collecte d’informations sur l’état interne et
la perception des notifications par les utilisateurs. Pour ce faire, elle documente l’impact de
la perception des notifications sur certains signaux physiologiques ainsi que le mouvement du
poignet des utilisateurs de téléphones intélligents. Sur la base de ces changements physiologiques
et mouvements, un nouveau système de prédiction de la perception des notifications est présenté
et évalué.

Par la suite, cette thèse présente deux méthodes innovantes permettant d’augmenter les ca-
pacités de collecte de données physiologiques et l’utilisation de questionnaires en dehors du
laboratoire. Ceci est rendu possible par la présentation et la validation d’une nouvelle interface
gestuelle d’auto-administration de micro-enquêtes, réduisant le caractère intrusif de la collecte de
données subjectives, et d’un système portable d’estimation de la force de contact entre un capteur
de rythme cardiaque et la peau, permettant de mieux contrôller les conditions dans lesquelles les
signaux physiologiques sont acquis.
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Glossary

Authentication: Process through which a user identifies themselves securely to access a system (e.g.,

their smartphone). On smartphones, this is typically achieved using a personal identification number

(PIN), pattern, password, fingerprint sensor. More modern approaches based on facial identification

and iris scanning exist.

Electrodermal activity: A physiological measurement that captures changes in electrical properties of a

user’s skin (e.g., resistance, conductance, admittance, impedance).

Experience Sampling Methods (ESM): A research methodology that relies on the frequent presentation

of questionnaires as participants go about their daily activities. The presentation of a questionnaire

can be time triggered (e.g., every hour) or event triggered (e.g., based on geofences, smartphone

notification).

Haptic: Refers to the sense of touch.

Heart rate variability (HRV): Physiological measurement interested in the variability of the time be-

tween consecutive heart beats.

In situ: Refers to research conducted within a limited subset of ecologically valid conditions.

In-the-wild: Refers to research conducted in any and all contexts in which a system is intended to be

used.

Notification volume: Expression used in the notification research literature that refers to the number of

notifications received during a given period of time (e.g., daily notification volume).

Photoplethysmograph (PPG): Sensing approach that allows the measurement of blood volume changes

using light transmitted and reflected through human tissues. This is typically used in optical heart

rate and pulse oximetry sensors.

Physiological response: Change observed in one or more physiological signals (e.g., electrodermal ac-

tivity, heart rate) immediately following and typically resulting from the perception of a stimulus.

Psychophysiology: Refers to the a user’s physiological and psychological state, and how they influence

one another.

Unlock Journaling: A branch of experience sampling methods (ESM) that exclusively focuses on the

collection of subjective data from users during the smartphone unlocking and authentication pro-

cess.
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Chapter 1

Introduction

With the number of smartphones exceeding that of personal computers in many North American
households, people have never been as continuously interconnected as they are today. Working
from home, finding a colleague you have not spoken to in years or messaging a distant relative
can all be done from a hand-sized device, within minutes, 24/7. During the Covid-19 pandemic
more than ever, push notifications play a crucial role in ensuring that important communications
and virtual social events are brought to users’ attention in a timely manner.

While there is little doubt that notifications facilitate effective human-computer and computer-
mediated human-human interactions, their current pervasiveness is also known to have significant
negative effects on smartphone users’ workplace performance and mental well-being. Indeed,
the frequent interruptions have been shown to negatively impact productivity, attention and the
ability to focus [1]. In addition, the unpredictable outcome and presentation times of notifications
have been theorized to contribute to the reinforcement of problematic smartphone usage patterns,
frequently associated with significant disruption of users’ ability to engage in their usual daily
activities and social interactions [2, 3].

The ubiquitous nature of notifications and the early investigations of their impact on users
have motivated researchers to further study the factors that shape users’ notification experience.
To do so, two main methodologies are typically employed. The first relies on the background ob-
servation of notification interactions to study participants’ behaviour, while the second employs
self-reporting interfaces to gather insights into attitudinal components of users’ notification ex-
perience. Even though both of these methodologies enable the generation of meaningful findings
on usage habits and the impact of notifications on users’ mental state, they suffer from limitations
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that constrain the breadth and depth of the research questions they allow to explore. Most no-
tably, by focusing exclusively on users’ behavior, the first does not provide insights into whether
or how a notification was perceived. The second does provide insights into subjective compo-
nents of the notification experience, but does so using supplementary notifications associated
with questionnaires, which may further introduce biases in the collected data.

1.1 Scope

This thesis acknowledges that the experience of a notification is multifaceted and argues that with
a more thorough understanding of their users’ context and internal states, smartphone manufac-
turers and researchers could design communication technologies that are better adapted to their
users’ device usage. This should hopefully lead to more effective, less disruptive technologies
that contribute to a balanced digital life. Towards this objective, the current notification research
methodologies need to be expanded to consider users’ experience from different, more nuanced
perspectives than is currently possible using exclusively behavioral- and/or questionnaire-based
approaches. This thesis therefore proposes the application of concepts from psychology, ad-
vanced wearable sensing and most importantly, physiological signal processing, to the field of
human-computer interaction, and reports on original work that expands existing notification re-
search methodologies and aims to respond to the following broad questions:

• What, if any, are the effects of smartphone notifications on users’ physiological signals?

• Are these responses sufficiently reliable and granular to allow practical inferences to be
made about users’ perception of notifications?

• How can current technical challenges with regards to the collection of high quality physio-
logical signals in the wild be overcome?

• Considering the performance of psychophysiological inferences, what alternative methods
are available for our devices to reliably collect subjective information from a user? How
can such methods be adapted to minimize their intrusiveness?
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1.2 Overview

This thesis presents answers to the above-mentioned questions through the introduction of orig-
inal findings enabling, or enabled by the use of novel systems and interfaces. This overview
summarizes the content of each chapter.

Chapter 2 presents an overview of the existing relevant literature on the topics of notifica-
tions, notification perception, notification research methodologies and psychophysiology.

Chapter 3 introduces Sweatsponse, a novel smartphone notification perception prediction
system based on electrodermal activity. In addition to being the first method that allows the
post-stimulation confirmation of notification perception without user interaction, results from
this laboratory study demonstrate for the first time that smartphone notifications reliably induce
skin conductance responses, supporting years of psychological research on the topic.

Chapter 4 extends the work presented in Chapter 3 by evaluating the impact of notification
perception on heart rate, heart rate variability and wrist motion outside of laboratory conditions.
Beyond documenting additional physiological and behavioral responses in situ, their benefits to
notification perception prediction performance are quantified.

Chapter 5 presents a proof of concept for TightHR, a technique that allows estimating the
force applied between an optical heart rate sensor (PPG) and a user’s skin using PPG signal
properties. Such a contact force estimation enables the collection of data under repeatable and
reliable coupling conditions, which are anticipated to result in higher quality physiological signals
and richer psychophysiological inferences.

Chapter 6 extends the existing unlock journaling field with a new self-reporting mechanism
based on fingerprint sensor gestures with the intent to reduce the intrusiveness of existing self-
reporting interfaces. By comparing this technique with state of the art unlock journaling methods,
we demonstrate our approach’s reporting performance. It is the first method to adapt unlock jour-
naling to the increasingly used fingerprint authentication mechanism, reducing the intrusiveness
of self-reporting interfaces for users of this authentication method.

Chapter 7 discusses how the systems and findings introduced in this thesis advance the state
of the art in notification research and are envisioned to be impactful in other application domains.
A brief presentation of practical challenges associated with conducting in situ physiologically
informed notification research and how they were approached within the scope of this thesis is
made to serve as practical recommendations for researchers interested in following this promising
new research direction.
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Chapter 8 concludes the thesis by reiterating its main findings and presenting promising
future research directions enabled by its findings and systems.

Note: Chapters 3 to 7 consist of published or soon to be published manuscripts. A statement
on each co-author’s contribution is presented in their respective prefaces.

1.3 Summary of Contributions

All elements of this thesis are original scholarship and contribute to the advancement of the state
of the art in the fields of notification research, human-computer interaction and engineering.

This thesis makes the following methodological, fundamental and technical contributions:

• A novel notification research methodology combining physiological signal monitoring with
passive mobile interaction logging, allowing for the investigation of novel research ques-
tions related to notifications’ impact on smartphone users’ psychophysiological state in and
outside of laboratory contexts.

• Evidence that the perception of a notification in situ has a direct impact on smartphone
users’ electrodermal activity, heart rate, heart rate variability and wrist motion, demonstrat-
ing the promise of the proposed methodology and partially supporting existing research on
the arousing and interruptive nature of notifications.

• The introduction and evaluation of a technique that harnesses these newly discovered
changes in physiological signals to confirm whether a notification was perceived by a user
after its presentation, without the need for users to engage with the notification, notification
tray, application, smartphone or any other device (e.g., personal computer).

• The introduction and proof of concept of a novel technique that employs raw optical heart
rate signal properties to estimate the contact force between the sensor and a user’s skin.
Thanks to its reliance on a sensor that is already integrated in millions of consumer and
medical devices, this technique offers a unique opportunity to acquire coupling information
crucial to the collection of high quality physiological measurements without the need for
dedicated force sensing equipment.

• An extension of unlock journaling techniques adapted for fingerprint sensor authentication
users. A demonstration that the proposed interface performs at least as well as current state
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of the art unlock journaling methods while being perceived as significantly less intrusive,
highlighting the benefits of data collection instruments that are consistent with participants’
smartphone usage habits.
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Chapter 2

Background

This review chapter lays the foundation for this thesis by presenting prior research on notifica-
tions, notification perception, notification research methodologies and psychophysiology. Addi-
tional related work is introduced in later chapters when directly relevant to the topics discussed.

2.1 Notifications

2.1.1 Overview of Notifications

A push notification consists of a usually short stimulus and is intended to signal the presence
of potentially relevant information to the user of a system. On modern mobile technologies,
a notification consists of a vibrotactile, auditory and/or a visual alert delivered from the user’s
smartphone or other wearable system to attempt to capture the user’s attention. The content varies
based on its originating application, but can range anywhere from an urgent instant message or
email, to a game reminding its players that they have not played in the last week. As of the
writing of this thesis, smartphone operating systems do not include an intelligent notification
filtering system by default, implying that given the right system permissions, any application can
generate as many notifications as it wishes, at any time and for any reason. Users are left with the
responsibility to manually modify configurations of each application to prevent it from delivering
notifications, or to use their device’s ringer mode setting to globally select whether they wish to
be notified, and using what modality. Westermann et al. have found that only approximately
10% of users will actually modify application-specific notification settings [1]. This suggests
that most smartphone users are either receiving notifications from all installed applications, or no
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notifications at all due to the selection of “silent” as their device’s global ringer mode.
In a study on smartphone notifications involving 278 mobile phone users, Pielot et al. reported

that participants received a median number of 56 notifications per day [2]. This is aligned with
prior literature that reported participants being presented with 45 to 63 notifications per day on
average [3, 4] and a survey-based study that found that the majority of participants reported
receiving 20-50 or 50-100 notifications per day [5]. Contrary to popular belief, as of 2018, the
number of notifications delivered per day for average users did not vary significantly over the
previous five years [2]. It would be particularly interesting to see whether the shift to working
from home has modified that trend in the last year.

Beyond the daily number of alerts, the time at which they are presented and the application
that generated them might have a significant impact on users’ perception and receptivity. Pielot
et al. reported that the majority of notifications were presented between 6:00 and 24:00, with
very few alerts being delivered between 3:00 and 6:00 [4]. More than three quarters of their
participants’ notifications were coming from direct communication applications (personal and
group conversations, and emails), with the remainder originating from social media and other
applications (e.g., news, games). In their study, while approximately 65% of instant message
notifications were consumed within 30 minutes, those associated with emails, social networks
and other applications were attended in 15.47, 26.55 and 16.19% of cases respectively. This
is in agreement with findings presented by Shirazi et al. who noted that participants attribute
greater importance to notifications originating from messaging applications, events (e.g., calen-
dar) or that provide information about their context and social circle [3] than to other sources of
information.

All smartphone users do not interact with their notifications in the same manner. In a study
based on 3953 Android users, Weber et al. identified three main approaches to notification han-
dling [6]. The frequent cleaners attend to all notifications as soon as possible to keep the noti-
fication tray empty. The notification regulators tolerate a higher number of notifications in their
notification tray than frequent cleaners, but do not let the number get too high. Finally, the noti-

fication hoarders let notifications accumulate to more than two to three times that of notification

regulators. They remove each item once it has been attended to or clear all notifications in bulk
after an extended period of time before starting a new accumulation cycle. The authors note that
most smartphone users’ behavior is consistent with the first two categories and hypothesize that
notification hoarders have given up on taking control of their notifications.
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2.1.2 Notifications and Well-being

Interruptions caused by notifications are numerous and have been shown to have detrimental ef-
fects on mental well-being [7, 8], which impacts workplace performance (e.g., attention, produc-
tivity) [7]. Indeed, Iqbal and Bailey have shown that interruptions caused by emails result in sig-
nificant increases in users’ self-reported frustration levels [9]. Similarly, task interruptions have
been found to significantly increase the participants’ stress, perceived efforts and the time pres-
sure experienced while finishing a task [4, 10]. In a user study based on a controlled laboratory
task, Stothart et al. have shown that the perception of a smartphone notification increased risks of
making mistakes as much as actually reading the message or engaging in a phone call [11]. Simi-
larly and unsurprisingly, Bailey and Konstan have reported that the interruption of a primary task
would result in a longer completion time and more errors being committed by participants [12].
Kushlev et al. reported results from a study in which 221 subjects were asked to turn on all pos-
sible notifications from their devices for a week, followed by a week where notifications were set
to silent and phones placed out of direct access (e.g., pocket, bag) [7]. Their results suggested
that turning on all notifications resulted in significantly higher levels of inattention and hyperac-
tivity accompanied by lower levels of perceived productivity, social connectedness, mastery over
their environment, meaning in life and choice over their actions than during the week of limited
access. Interested in what specific properties of notifications were responsible for some of these
negative consequences, Yoon et al. identified three main categories of notification-related stress:
physical notification, message content and responsiveness stress. Of significant interest to this
thesis, physical notification stress, related to the notification stimuli themselves, the context in
which they are presented and the frequency of their presentation, was identified as one of the
most important stressors for their participants [13].

In addition to these immediate negative effects on well-being and task performance, smart-
phone notifications are thought to be playing a significant role in the reinforcement of problem-
atic smartphone usage patterns, a condition sharing many symptoms with traditional behavioral
addictions such as gambling, a condition with long-lasting consequences. While smartphone
addiction is not yet part of the Diagnostic and Statistical Manual of Mental Disorders (DSM-
5), Lin et al. proposed a set of criteria and evaluated their diagnostic accuracy. The behavioral
criteria that were found to allow the greatest diagnostic accuracy are: a continued inability to
resist the impulse to use the smartphone, symptoms of dysphoria, anxiety or irritability after a
period of withdrawal, using the smartphone for a period longer than intended, and persistent de-
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sire and/or unsuccessful attempts to quit or reduce smartphone use, heightened attention to using
or quitting smartphone use, persistent smartphone use despite recurrent physical or psychologi-
cal consequences. They also identified four functional criteria used in the diagnostic: excessive
use resulting in persistent or recurrent physical or psychological problems, use in a physically
hazardous situation (e.g., driving) or situations that have other negative impacts on daily life, use
that impairs social relationships or performance at school or work, and finally, use that is very
time-consuming or causes significant distress [14].

2.2 Notification Research

Due to their ubiquity and serious impact on mental well-being and workplace performance, no-
tifications have started receiving significant research attention. Current notification research typ-
ically relies on one or a combination of the two main notification research methodologies: the
passive approach, which relies on instrumenting participants’ smartphones and observing their
notification interactions and behavior, and the active approach, which instead probes participants
for their perception of their notification using self-reporting instruments. For a full discussion
of the two methodologies’ advantages and limitations, the reader is referred to Section 4.1.1 and
4.1.2 of Chapter 4.

2.3 Context-Aware Notification Systems

Concerns about the negative impact of push notifications have been shared within the research
community since their introduction in commercial devices. As such, a significant amount of
literature on techniques to attempt to reduce the interruption burden of notifications exists.This
section does not serve as an exhaustive review of existing context-aware notification systems. It
instead introduces the reader to representative examples of context-aware notification frameworks
relying on different sensing approaches and boasting various levels of system complexity.

Existing context-aware notification systems attempt to tackle the problem from two main
angles. The first focuses on delaying the presentation of smartphone notifications until a time
when the interruption burden will be minimized. Mehrotra et al. expanded on existing methods
relying solely on contextual data [15, 16], by integrating characteristics of the notification itself
(e.g., source application, application category, sender’s relationship to the recipient) to the noti-
fication management system’s prediction of whether it is an opportune moment to interrupt the
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user [17]. The five features that were found to be the strongest predictor of interruptibility were
the source application, notification category (e.g., messaging, email, social network), phone sta-
tus, user location and time of arrival. However, the reported performance of their predictors could
be improved, with a sensitivity varying between approximately 40 and 85% and specificity rang-
ing from 65 to 90%. Taking an approach less computationally heavy, and more robust, Fischer
et al. used the endings of calls and SMS as indicators of opportune moments to deliver notifica-
tions [18]. The rationale is that the ending of phone activities inherently consists of breakpoints
in the user’s action sequence. Those breakpoints have been shown to be moments when the in-
terruption burden is the lowest [12, 19–22]. Their results suggested that delivering notifications
at the end of a phone call or submission of an SMS, rather than randomly presenting the alerts,
resulted in significantly higher probability that they would be addressed immediately by users.
Nevertheless, the analysis of self-reported data on the perceived appropriateness and burden im-
posed by either approach revealed significant differences, outlining the frequent contradictions
between quantitative and qualitative measures.

The second angle on the use of intelligent notification systems employs contextual cues to
modify the device’s ringer mode and intensity with the objective to maximize perception, and
minimize the risks of causing unnecessary disruption. By doing so, instead of delaying the de-
livery of an alert, the system attempts to modify the properties of the notification such that it
is adapted to the user’s current context. Blum et al. proposed to predict perception of a haptic
stimulus by quantifying the amount of mechanical noise at the site of delivery using the built-in
accelerometer of a smartwatch [23]. They demonstrated that activities involving higher vibration
exposure (e.g., biking, running, etc.), required the presentation of more intense vibrations to be
perceptually equivalent to that of low vibration exposure activities. They proposed using these re-
sults in a system that would automatically adapt a vibrotactile signal’s intensity such that it would
be delivered at the minimal strength at which it would be perceived. Achieving similar ends for
auditory notifications and ringtones, Smart Volume,1 an Android application available on Google
Play store, allows the automatic adaptation of the device ringer’s volume based on ambient sound.
A number of applications already widely available allow simple contextual adaptation of devices’
ringer mode and volume based on smartphone position and ambient data. Smart Ring Control2

allows the control of the ringer mode based on device orientation (e.g., vertical, horizontal, face

1https://play.google.com/store/apps/details?id=com.gmail.at.mhassegawa.smartvolume
2https://play.google.com/store/apps/details?id=com.shumoapp.smartringcontrol
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up, face down). Other more general applications such as IFTTT3 (If this then that), Automate4,
and Tasker5 allow users to automate actions or change settings based on contextual triggers. For
example, a user can configure these applications such that upon their arrival at their workplace,
their ringer mode is set to “vibration only” and automatically changes to “do not disturb” during
meetings based on their calendar.

Of significant importance to this thesis, existing adaptive notification frameworks and appli-
cations have limited their input space to the immediate environment of the user, as quantified by
their device’s numerous sensors, including its device-specific user configuration and properties
of the notifications themselves. These inputs only offer indirect insights into the user’s inter-
nal state. In addition, by focusing exclusively on these contextual cues before the presentation
of a notification or signal, they do not have the ability to confirm whether the signal was per-
ceived. With recent advances in wearable physiological sensing technologies, it is anticipated
that including physiological signals, and inferred psychological states made from those signals
will significantly improve adaptive systems’ performance by not only accounting for the user’s
external context and the nature of the communication, but also the user’s internal state.

2.4 Psychophysiology

Psychophysiology is a broad discipline that investigates the complex relationship between peo-
ple’s psychological and physiological states. This field of research not only studies how users’
psychology influences their physiology, but also how changes in their physiology reflect them-
selves on their users’ internal state. A unique possibility offered by the psychophysiological
approach is the acquisition of information about users’ cognitive (e.g., attention, engagement,
perception) and affective state via the observation of changes in their physiological signals, as op-
posed to relying on self-reports. When doing so is possible, researchers can deploy significantly
less intrusive data collection protocols which reduce risks of biases introduced by questionnaires
and self-reporting interfaces.

In engineering and human-computer interactions, the psychophysiological approach is typ-
ically applied to the development of techniques and frameworks allowing for the adaptation of
systems based on their users’ physiological and ultimately psychological state. For example, the

3https://play.google.com/store/apps/details?id=com.ifttt.ifttt
4https://play.google.com/store/apps/details?id=com.llamalab.automate
5https://play.google.com/store/apps/details?id=net.dinglisch.android.taskerm
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field of affective computing is specifically interested in systems whose behavior is influenced,
influences or is otherwise cognizant of participants’ affective state. In its simplest form, this can
consist of the development of new techniques to recognize users’ emotions based on changes in
their physiology. However, more complex systems proposing the real time adaptation of video
games based on participants’ emotional experience have also been proposed [24].

Generality

Speci city

Marker Invariant

Outcome Concomitant

one-to-one

Many-to-one

Context-bound Context-free

Fig. 2.1 A recreation of Cacioppo’s major dimensions of psychophysiological rela-
tions and main classes.

While these systems have been relatively successful in controlled laboratory environments
and to some extent in situ, they remain affected by significant issues that limit their applicability
in real world settings [25]. One of the main challenges that this field of research faces is the
difficulty in making practically meaningful psychophysiological inferences in ecologically valid
scenarios [26]. Indeed, since the vast majority of the psychophysiological literature is based
on measurements achieved in controlled laboratory conditions, little is known about how partici-
pants’ living environment, social interactions and activities interact with psychological constructs
of interest. Further exacerbating these issues is the absence of clear guidelines or tools to assist
non-expert users in adequately positioning sensors on their body. This results in inconsistent
signal quality that negatively impacts system performance.

Assuming perfect data collection conditions, establishing practically meaningful psychophys-
iological inferences remains challenging. Indeed, changes in biosignals are often interrelated via
different physiological processes (e.g., respiratory sinus arrhythmia) which increases the com-
plexity of their interpretations. In addition, a given psychological or cognitive state may impact
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more than one physiological signal and vice versa. Figure 2.1 presents the major dimensions
and classes of psychophysiological relations [27]. The psychophysiological relation class that is
the most sought after in practical systems is the invariant, where one value, variation or pattern
of a signal corresponds to, and only to, a single psychological construct, in any context [26].
However, in practice, given a thorough knowledge of the context in which a subject is evolving,
outcome relations can also result in practically meaningful psychological inferences [28–30].

This thesis argues that affective and physiological computing approaches could be used to
meaningfully expand the breadth and depth of notification research questions by offering insights
into participants’ internal state with minimal reliance on self-reporting interfaces. It is anticipated
that knowing exactly when a notification is being presented will allow us to exclude contextual
confounds and focus our analysis on notification-induced physiological responses.
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Preface to Chapter 3:

This chapter introduces SweatSponse, a system that uses a wearable skin conductance sensor to
make predictions as to whether an auditory or vibrotactile notification that was just delivered was
perceived by smartphone users, without the need for them to explicitly engage with their device.
The objective of this system is to grant notification researchers and electronic devices with a better
awareness of their user’s perception, which in turn should allow for a more nuanced analysis of
participants’ experience. In addition, the perception feedback afforded by SweatSponse could
lead to a reduction in disruptiveness of smartphone notifications through the automatic adaptation
of alert presentation behavior.

More broadly, the user study presented not only shows the feasibility of the proposed physi-
ologically adaptive notification system in laboratory, but also reports the first evidence of phys-
iological responses to smartphone notifications. While notifications reliably induced skin con-
ductance responses, the responses were found to be significantly larger for vibrotactile than for
auditory notifications. In addition, unlike arbitrary stimuli employed in prior work, participants’
responses to their own notifications do not seem to, or minimally, habituate over time. This is
hypothesized to be due to the social relevance of the signal.
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Abstract

Today’s smartphone notification systems are incapable of determining whether a notification has
been successfully perceived without explicit interaction from the user. If the system incorrectly
assumes that a notification has not been perceived, it may repeat it redundantly, disrupting the user
and others (e.g., phone ringing). Or, if it incorrectly assumes that a notification was perceived,
and therefore fails to repeat it, the notification will be missed altogether (e.g., text message).
Results from a laboratory study confirm, for the first time, that both vibrotactile and auditory
smartphone notifications induce skin conductance responses (SCR), that the induced responses
differ from that of arbitrary stimuli, and that they could be employed to predict perception of
smartphone notifications after their presentation using wearable sensors.

3.1 Introduction

Although intelligent devices are increasingly embedded into our daily lives, in most cases, their
delivery of notifications operates in an open loop framework. This leads to inefficient and po-
tentially disruptive communication approaches, as seen in both synchronous and asynchronous
contexts. In the former (e.g., phone calls and videoconferencing), alerts are repeated until ac-
knowledged by being explicitly addressed or silenced. During the interval between the user’s
initial perception of the alert and then reaching their device, the continuous ringing has the po-
tential to cause unnecessary disruption of colleagues or nearby strangers. In the context of asyn-
chronous interactions (e.g., text messaging, email and instant messaging applications), a single
alert is delivered. The user is often never reminded of the event, which can delay the response to
potentially critical messages.

We believe that a notification should be presented at the minimal volume or vibration intensity
necessary for perception, and only be repeated as needed to reduce disruption to a user’s environ-
ment, whether social or professional. With recent advances in wearable technologies, especially
in the domain of wellness and physiological sensing, systems now have access to information
about their users’ internal states and context that we anticipate enables the possibility of closing
the loop on notification delivery.

In this paper, we report the first evidence of physiological responses to smartphone notifica-
tions and present supporting evidence that those responses could be used to improve the notifica-
tion experience if carefully integrated into a perception prediction system. Drawing from these
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Fig. 3.1 Overview of the proposed feedback loop. A notification is perceived by a
user. The user anticipates the potential rewarding social interaction, which induces
an SCR. SweatSponse captures the SCR using a wearable sensor, predicts whether it
was perceived and feeds the information back to the notification system.

findings, we introduce SweatSponse, a feedback loop relying on skin conductance responses
(SCR) that could allow systems to infer a user’s perception of a vibrotactile or auditory notifica-
tion following its presentation, without explicit intervention from the user. While it is still an early
prototype, we envision that in the future this feedback channel could allow a notification system
to adapt its communication behavior approach by silencing, repeating, or otherwise modifying
the sensory characteristics of a notification based on the user’s perception (See Figure 3.1).

3.2 Related work

3.2.1 Determining Notification Perception

Two main approaches exist in determining a user’s perception of a notification or other vibro-
tactile or auditory stimulus. The first approach is the standard for today’s devices and relies on
explicit user interaction. Perception is assumed after a user manually acknowledges the item
in the notification tray or opens the application and/or conversation that generated the notifica-
tion [1–3]. In this active approach, depending on system-specific implementations, failure from
a user to acknowledge a notification in a timely manner can lead to the repeated rendering of an
alert (e.g., the continuous ringing of an incoming call). Their limitation is evident when a user
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perceives a notification, but is unable, or does not wish, to respond at that moment. In this case,
the system falsely interprets the lack of direct interaction with the application or notification tray
as a failure in alerting the user of a notification.

The second approach attempts to predict if a signal will be perceived prior to its delivery
based on user context attributes and properties of the stimulus. For example, Andersen et al. suc-
cessfully used users’ age, current activity and vibration intensity to predict the probability that a
vibrotactile signal would be perceived [4]. One of the limitations outlined by the authors was the
impractical reliance on a discrete activity recognition system. Blum et al. addressed this issue
by using aggregated continuous accelerometer measurements to represent the amount of haptic
noise prior to the delivery of the vibrotactile stimulus, instead of using discrete activity, to predict
the likelihood of perceiving the stimulus [5]. While these examples theoretically allow the adjust-
ment of stimulus properties to maximize perception, they are employed prior to the presentation
of the notification and as such cannot confirm that the stimulus was actually perceived.

To the best of the authors’ knowledge there currently exists no method that can automatically
confirm perception after the delivery of a stimulus that does not require users to interact with
their devices.

3.2.2 Skin Conductance Responses to Notifications

Since the middle of the twentieth century, electrodermal activity has been employed as a robust
indicator of a subject’s perception of novel, startling, aversive or otherwise significant stimuli [6].
In these contexts, a change in skin conductance in response to a specific event or stimulus is called
an event-related skin conductance responses (eSCR). An eSCR is characterized by a sharp in-
crease in skin conductance beginning one to four seconds after the presentation of a stimulus [7],
followed by a slow decrease until the baseline is reached.

Physiological responses to arbitrary auditory, visual, and vibrotractile stimuli have been stud-
ied extensively and these signals’ capacity to induce identifiable eSCR has been demonstrated on
hundreds of occasions. However, the relation between smartphone notifications and physiologi-
cal signals remains largely unexplored. We argue that notifications differ from arbitrary stimuli
since in addition to their sensory component, they are used to announce a social interaction. Prior
work has demonstrated a causal relationship between digital social interactions (i.e. subject of
notifications) and activation of dopaminergic reward circuits [8]. This kind of activation has been
correlated with heightened arousal states [9] that are known to influence electrodermal activ-
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ity [10]. This makes notifications an extremely promising candidate in robustly and repeatably
inducing eSCR.

In addition, smartphone notifications follow a variable-ratio reinforcement schedule [9], i.e.,
a variable delivery rate and uncertain outcome (e.g., positive message from a friend versus a
work-related email). This reinforcement schedule, also observed in gambling, is known for its
addictive behavior reinforcement. The uncertainty and unpredictability in delivery time and con-
tent, combined with our innate desire for social interactions, induces strong arousal states [9] that
are less likely to be subject to habituation. In the case of smartphone notifications, the hypoth-
esized relationship between the anticipated rewarding social interaction and the stimulus of the
notification is reinforced dozens of times per day [1]. As such, the difference between notifica-
tions and arbitrary stimuli should be outlined in their more complex habituation and conditioning
characteristics.

3.3 SweatSponse

The aim of Sweatsponse is to improve the notification experience by creating a perception feed-
back loop that enables a device to efficiently adapt its communication based on user perception
without requiring any explicit intervention (see Figure 3.1). This relies on Sweatsponse’s ability
to infer a user’s perception of a notification from the occurrence of an eSCR, or the lack thereof,
using a wearable skin conductance sensor. The proposed method is based on the tight temporal
coupling between the delivery of a known stimulus (in this case, a notification) and an anticipated
eSCR (1-4 s post-stimulus [7]) to avoid responses that could be induced by external non-relevant
stimuli. We believe accurate measurements are possible with recent wearable physiological sen-
sor technologies such as Empatica’s E41 and Thought Technology’s Triple Point Sensor (TPS)2

that offer long-term electrodermal activity recordings. From these measurements, we anticipate
perception can be inferred using features extracted by existing effective eSCR response modeling
and detection tools [11].

1Empatica E4
2Thought Technology TPS

https://www.empatica.com/research/e4/
http://thoughttechnology.com/index.php/tps-evu-package-t4500.html
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3.4 User study

The central objective of this project is to investigate whether skin conductance measurement
could be used to infer the perception of notifications without requiring explicit user interaction.
To achieve this goal, the following research questions first need to be answered:

• Q1 Can smartphone notifications provoke measurable event-related skin conductance re-
sponses (eSCR)?

• Q2 Are those eSCR correlated with the participants fear of missing out (FoMO)?

• Q3 Is prediction performance affected by the modality through which a stimulus was per-
ceived? E.g., does a notification delivered using an auditory alert provoke the same re-
sponse as a vibrotactile notification?

• Q4 Knowing that a notification was delivered, is it possible to predict, with meaningful per-
formance, whether it was perceived based on properties of the potentially induced eSCR?

3.4.1 Method

Subjects were greeted with an explanation of the experiment’s objectives and asked to read and
sign an institutionally approved consent form (REB# 83-0814). A pre-test questionnaire was used
to collect standard demographic information, the users’ usual notification settings and which of
their applications usually generated notifications. Participants were asked to complete the fear
of missing out (FoMO) scale, which attempts to quantify one’s anxiety in response to missing a
potentially rewarding social experience [12].

A TPS was attached to the participants’ non-dominant hand following the manufacturer’s
recommended placement instructions. The sensor streamed the participant’s skin conductance
measurements to an Android tablet for logging. For the purpose of the study, a notification
logging application was developed and installed on the participant’s Android smartphone. The
experiment application uses notification access permissions to log the time at which a notification
was presented and the application responsible for generating it. As observed in prior work, certain
Android packages spam the notification channel by continuously updating the notification tray’s
content without presenting a stimulus to the users [1]. To attenuate the impact of those events
on the results, consecutive events that were logged less than one second following an initial
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Fig. 3.2 (a) Overall experiment setup (b) Smartwatch graphical interface

notification by the same application were not considered for analysis.
Participants were instructed to use the buttons on a Pebble smartwatch, placed on the table,

to report perceived notifications, and indicate the modality through which each notification was
perceived(see Figure 3.2b). For example, if a notification was perceived because of the sound of
the device’s vibrations on the table, or because of an auditory notification, they would press the
”Sound” button. Due to the difficulty of matching the presentation time of a visual notification
(e.g., screen lighting up or blinking LED) and the often delayed perception of such an event while
engaging in non-smartphone based visual activities, the visual modality was not considered for
this study. As such, participants were instructed to not report visual notifications. For the duration
of the experiment, the phone’s ringer mode was set to the first non-silent mode (e.g., vibration,
vibration and sound, etc.) that the participant reported in the pre-test questionnaire as most likely
to be used during a normal day. To minimize risks of heightened stress states due to smartphone
separation [13] and avoid interference with sensor measurements, participants were allowed to
respond to incoming messages and look at notifications using their dominant hand only, but were
told to decline incoming calls.

To investigate the influence of user activity on the measured signals, measurements were
made under two experimental conditions:

• Inactive (IC): Participants were asked to watch a wildlife documentary [14]. The vol-
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ume was adjusted to ensure it was sufficient for the participants to comfortably understand
the documentary’s narration through the integrated speakers of a Lenovo G40 laptop. To
minimize perceived workload, participants were explicitly told that they would not be ques-
tioned about the documentary after the session. This condition was designed to allow for
the collection of skin conductance measurements with a minimum amount of motion ar-
tifacts and noise introduced by psychological processes. Furthermore, the task took the
subjects’ attention away from their smartphone and incoming notifications.

• Active (AC): Participant were asked to complete a collection of hexagonal paper mazes3

using a pen. The maze set contains 40 hexagonal mazes of increasing difficulty and was
assembled to ensure no possible completion within the duration of the experiment. Partic-
ipants were told that they had to complete as many mazes as possible during the session,
and that they could only move to the next maze once they completed the previous one.
This condition aimed at increasing the amount of motion artifacts as well as noise in the
physiological signals induced by the hypothesized higher mental demands of the task.

The presentation order of the two conditions was balanced across participants where each
condition was presented for 40 minutes. Following completion of each task, perceived workload
was sampled using a standard NASA-TLX pen and paper instrument [15].

Although it reduces the ecological validity of the findings, in addition to naturally occurring
notifications, an experimenter sent a message to the participant every 120 ± 20 seconds to ensure
sufficient data collection during the experiment. Messages were sent using each participant’s
favorite messaging application, e.g., Whatsapp, Signal, or text message, and did not require a
response.

The notification perception rate was anticipated to be artificially high in the quiet environment
of the lab. Since most machine learning approaches require a representative amount of negative
and positive samples, synthetic ”missed” notifications were introduced in the log file 15 seconds
before each notification perceived by the user (see Figure4.2). The introduction of “missed”
notifications is based on the assumption that if a notification was not perceived, it is impossible
for it to induce an eSCR, and is therefore equivalent to sampling the skin conductance signal’s
noise. “Missed” notifications were not introduced within 15 seconds of perception of a real
notification in order to avoid polluting the response to the synthetic (“missed”) notification with
that of actual notifications.

3SRL Maze Task

http://cim.mcgill.ca/~pefortin/research/SRLMazeTask_0_2.pdf
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Fig. 3.3 Sketch presenting a notification labeled as perceived by the user, preceded
by a synthetic “missed” notification that was never presented to the user.

3.4.2 Skin conductance analysis

All skin conductance signals were processed and analyzed post-experiment using Ledalab4 in
a Matlab environment. Traditionally, the skin conductance signal is decomposed into its tonic
component, a low frequency oscillation independent of specific events, and its phasic component,
characterized by abrupt changes in skin conductance level associated with discrete events [10].
Continuous decomposition analysis (CDA) was used to extract the phasic activity from the raw
skin conductance signal [11]. The maximum of the phasic activity (PhasicMax) was extracted
within a response window of one second after notification presentation to an additional six sec-
onds. Two seconds were added to Lockhart’s suggested 1-4 s average onset delay to include the
peak of the responses [7].

3.5 Hypotheses

Based on the prior literature on skin conductance responses, notifications and their social com-
ponents, the following hypotheses were made:

• H1 It is anticipated that despite the usually non-startling sensory properties of a smart-
phone notification, the anticipation of a potentially rewarding social interaction [9] will be
sufficient to trigger a measurable eSCR.

4Ledalab

http://www.ledalab.de/
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• H2 The difference in maximum phasic activity between perceived and missed notifications
will be correlated with the subject’s score on the Fear of Missing Out scale (FoMO) due to
the value associated with their social interactions.

• H3 Since the eSCR response to notifications is assumed to be more heavily influenced by
its conditioned social component than its sensory characteristics, vibrotactile and auditory
presentation of notifications will not have a significantly different impact on the maximum
phasic activity of the skin conductance signals.

• H4 Assuming an eSCR in response to a notification can be measured, a classifier will be
able to predict whether a notification was perceived from skin conductance measurements.

Predictor Estimated Coefficient Std. Error z value p-value

Intercept 0.015251 0.075648 0.202 0.840221
log2(PhasicMax) 0.375126 0.143005 2.623 0.008712
log2(PhasicMax):Age -0.023024 0.006689 -3.442 0.000577
log2(PhasicMax):Gender 0.035841 0.047386 0.756 0.449432
log2(PhasicMax):FoMO 0.114687 0.046617 2.460 0.013886

Null deviance 1624.2 on 1177 degrees of freedom.
Residual deviance 1588.8.8 on 1173 degrees of freedom

Table 3.1 Logistic regression analysis summary and Wald’s test output.

3.6 Results

3.6.1 Participants

A total of 17 subjects aged between 19 and 29 years (x = 24, 8 identified as females) participated
in the study and received CAD$ 15 per hour as compensation for their time for a total of CAD$
30. Participants were recruited from university mailing lists, classified ads, and the university
community’s social network groups. Only Android users older than 18 years of age, who reported
receiving at least 50 notifications per day, and who had not participated in a previous notification
perception study, were recruited. Considering that the physiological sensor has to be worn on
the non-dominant hand, and that smartwatches are almost always worn on the non-dominant
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wrist, only participants used to receiving notifications through their smartphone were eligible to
participate, minimizing risks of artificially modifying subjects’ notification perception habits by
changing the location of their wearable(s) during the study.

3.6.2 Experimental tasks

The two experimental conditions were initially selected to offer a controlled and semi-controlled
context for evaluation. Since they are not standardized tasks, a paired t-test was used to con-
firm our working hypothesis that the mean aggregated NASA task load index in the AC was
significantly greater than in the IC (tlxIC = 32.11, σIC = 17.06, tlxAC = 60.41, σAC = 17.03,
t(16)=-5.9554, p< .0001). Cohen’s effect size (d=1.66) suggests a very high practical difference
between the two tasks’ aggregated perceived workload.

3.6.3 Notifications

On average, participants received 26.2 (σnoti f = 8.3) notifications per experimental block, of
which 20 were initiated by the experimenter. Out of the 17 participants, 11 chose to set their
phone’s ringer mode to vibrations only, 5 to sound only and 1 to sound and vibration. Based
on the registered button presses, on average 93.4% (σperc = 5.48%) of notifications presented
were perceived when they were first delivered to the user, which supports the initial decision to
introduce synthetic ”missed” notifications in the log file to balance the dataset. In the absence
of more true missed notifications to do a formal comparison, skin conductance measurements
following both true and synthetic missed notifications seemed to follow random patterns, i.e.,
there was no evidence of repeatable event-related responses in either case.

3.6.4 Skin Conductance Measurements

Building on the data analysis approach used by Andersen et al. and Blum et al. [4, 5], a logistic
regression analysis was conducted to investigate the contribution of the maximum phasic activity
following the reception of a notification to the prediction of its perception. Based on prior work on
skin conductance activity, interactions between PhasicMax and the participants’ age and gender
were included as predictor variables [16]. To address Q2, interaction with self-reported fear of
missing out (FoMO) was also included in the model.

To attenuate the influence of inter-subject PhasicMax variations on the model’s coefficients,
the base-2 logarithm of the raw PhasicMax values was used [10]. Table 3.1 presents the logistic
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regression model employed for the analysis, its estimated regression coefficients and the output
of Wald’s test investigating the contribution of each predictor variable to the model’s fitness.

Q1 - Smartphone Notifications on Electrodermal Activity

Based on these results, we can conclude that the contribution of log2PhasicMax to the model’s fit-
ness is statistically significant. The estimated coefficient of 0.375 shows that a two-fold increase
in the measured PhasicMax following the delivery of a notification increases the probability that
the alert was perceived by exp(0.375) = 1.45 times.

A second test on the residual deviance is used to evaluate how well the proposed model fits
the collected data [5]. Considering the probability that a χ2 test with 1173 degrees of freedom
would be greater than 1588.8 is < .00001% (p < .05), we must reject the null hypothesis that
our logistic regression model provides an adequate fit of the data. Although this test reveals poor
model fitness, it does not invalidate the significant contribution of PhasicMax, but rather, suggests
that other factors, not accounted for in the current model, could explain the variance of the data.
For example, the model could be enhanced by including stimulus-related properties, as proposed
by Andersen et al. and Blum et al. [4, 5].

A Spearman correlation test between the delivery time of a notification and its corresponding
PhasicMax was employed to validate our working hypothesis that from an electrodermal per-
spective, smartphone notifications are different from arbitrary auditory and vibrotactile stimuli
(see Section 3.2.2). As previously mentioned, we suggest that this is due to the social nature
of smartphone notifications, for which we would not expect habituation, or would only observe
habituation at a much slower rate than that of arbitrary stimuli (see Section 3.2.2). A very weak
negative monotonic relationship was observed between the two variables (r=-.06, p < .05 ),
indicating that the amplitude of responses showed a weak downward trend over the two-hour du-
ration of the experiment, thus providing support for our working hypothesis. Even though a very
small, yet significant, habituation was observed, the scale at which it was occurring far exceeds
the habituation time observed in the cases of arbitrary stimuli presentations [10]. In addition to
the relevance of the stimuli, there is a possibility that eSCR to smartphone notifications behaves
more similarly to that of defensive responses, which were shown to exhibit very little habituation
over time, than to orienting responses, which usually have fast habituation [10]. This defen-
sive interpretation would also be aligned with prior work that outlined the negative perception of
notifications and their properties as physical and psychological stressors [17]. However, a differ-
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ent experiment design explicitly comparing habituation to smartphone notifications and arbitrary
stimuli, delivered in the same time period, would be required to conclude that this hypothesis
holds.

The logistic regression analysis supports H1, stating that the perception of smartphone noti-
fications provoke event-related skin conductance responses, as reflected by the increased phasic
electrodermal activity.

Q2 - Fear of Missing Out on Physiological Response

The logistic regression analysis showed a statistically significant contribution of the interaction
between PhasicMax and FoMO on the model’s fitness. Further model analysis revealed that
FoMO scores below those observed during the study would cause a slope inversion. This in-
version could be interpreted as an illogical decrease in the probability that a notification was
perceived when larger skin conductance responses are observed. Based on the model’s lack of fit
to the data, its observed behavior and the reported statistically significant contribution of the in-
teraction term, we must conclude that the sample size used in this study was insufficient to allow
for analysis of the influence of fear of missing out on eSCR. Similar observations and conclusions
can be made regarding the statistically significant interaction between age and PhasicMax, as the
fitted model contradicts prior work that has repeatedly shown a negative monotonic correlation
between age and electrodermal activity [10, 16].

A moderate positive correlation was observed for the difference between the mean PhasicMax
of perceived and missed notifications, and subjects’ FoMO scores (r=0.604, t(15)=2.5114, p<
.05). This suggests that participants with high self-reported FoMO scores generally showed larger
PhasicMax difference between perceived and missed smartphone notifications than those with
lower scores.

It is conceivable that the model used the interaction terms to identify participants’ unique
response amplitude, which statistically had a significant positive effect on the model’s fitness. As
such, even though a positive correlation was observed between FoMO scores and the range of
amplitude of eSCR, the significant interaction term from the logistic regression analysis prevents
us from drawing any conclusion with regards to our second research question.
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Q3 - Perception Modality on Physiological Response

The finding that notifications indeed provoke eSCR allows us to consider our third research ques-
tion: how does perception modality influence these responses? Out of all the alerts that were
perceived, 73.0% were heard and 27.0% were felt tactually, either through direct contact with the
phone or by conduction of the vibrations through the table.

A Wilcoxon rank sum test revealed statistically significant difference between the PhasicMax
distribution location of notifications reported as “Sound‘” and “Vibration” (estimated difference
in distribution location of 0.25, W = 39245, p< .0001). Notifications perceived due to their tactual
properties provoked greater skin conductance responses than their auditory counterparts (medium
effect size, Cohen’s d = 0.509). To examine this difference in greater detail, a comparison be-
tween notifications perceived via sound was conducted for the cases where the auditory stimulus
is an unintentional consequence of the device’s vibration instead of a normal audio alert. A
Wilcoxon rank sum test shows that there exists a significant PhasicMax difference between these
two cases (estimated difference in distribution location of 0.207, W = 22602, p< .0001). Interest-
ingly, alerts perceived due to the sound of vibrations were accompanied by greater phasic activity
than their purely auditory counterparts (medium effect size, Cohen’s d=0.578). Since participants
were asked to indicate the modality that they believed allowed them to perceive the notification,
even in the cases where a vibrotactile stimulus was detected because of its sound, it is possible
that the haptic component contributed to an increase in phasic skin conductance activity.

Similarly, a comparison of the maximum phasic activity following the perception of a vi-
brotactile notification via its tactual or auditory component shows that vibrotactile notifications
perceived because of their haptic properties elicited greater responses than those reported to be
caused by the auditory artifacts of the vibrations (estimated difference in distribution location of
0.211, W = 20077, p< .0001, small effect size, Cohen’s d=0.38).

These results do not support our third hypothesis (H3) stating that the phasic component of the
skin conductance signal would not be significantly different between the cases where notifications
were perceived through the auditory and haptic channels. Instead, significant differences in the
amplitude of responses were observed, with notifications presented in vibration mode generally
eliciting larger eSCR than their auditory counterparts. Even though these results contradict our
research hypothesis, this presents an additional opportunity: the differences between modalities
suggest that a perception prediction system performance could benefit from knowing a device’s
current ringer mode when attempting to make perception predictions.
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Fig. 3.4 ROC curves generated from the proposed model for the inactive condition
(IC), active condition (AC) and aggregated (all data).

Q4 - Perception Prediction Performance

To investigate whether a perception prediction system based on skin conductance could assist in
a notification scenario, the device’s current ringer mode was included as a predictor variable to
the logistic regression model, and receiver operating characteristic (ROC) curves were generated
using leave one subject out cross-validation (see Figure 4.3).

To compare the effect of the user’s activity and perceived workload on the model’s perfor-
mance, three ROC curves are presented. The first represents the general SweatSponse perfor-
mance and was created using all of the held-out subject’s data as the test set independently from
the experimental condition. The second and third ROC curves were generated using only the
held-out test data collected during the inactive (IC) and active (AC) experimental conditions,
respectively.

The difference between the area under the curve (AUC) for combined experimental condi-
tions and that of a random binary predictor is statistically significant as revealed by pROC’s
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”Bootstrap” method (AUCALL = .0.573, AUCRDM = .50, D=4.37, n.boot=2000, boot.stratified=1,
p < .0001). Hence, the overall performance of SweatSponse is statistically significantly better
than randomly predicting perception.

The observable difference in AUC between the data from the IC and AC conditions was
found to be statistically significant (AUCIC = .61, AUCAC = .53, D=2.1965, n.boot=2000,
boot.stratified=1, p < .05). This suggests that there is a significant drop in performance as
the perceived workload and user activity increases.

When selecting a general threshold that minimizes the distance between the ROC curve and
the [0,1] coordinate on the ROC plot, an accuracy of 0.61, recall value of 0.75 and specificity
of 0.38 are obtained. By interpreting these results and the ROC curves, one can conclude that
the prediction performance of the system performs better than a random binary classifier, but has
room for improvement. It correctly inferred perception in 75% of the cases where a notification
was indeed perceived by participants, at the expense of only correctly identifying 38% of missed
notifications as such. In its current state and using this threshold, it is anticipated that the pro-
posed system could potentially enhance users’ notification experience by automating non-critical
actions such as reducing the intensity of a notification once it was perceived. By automatically
reducing notification intensity, as opposed to completely silencing it, SweatSponse could reduce
the risks of negatively impacting the effectiveness of the notification system due to false predic-
tions.

The comparison of ROC curves and logistic regression analysis suggest that the perception
of smartphone notifications do indeed produce measurable event-related skin conductance re-
sponses, as quantified by the maximum of skin conductance phasic activity (H1), and that those
responses could allow a system to obtain perception feedback. However promising these results,
more empirical data, specifically considering the user experience with such a system, would be
required to conclude that it offers a superior notification experience in practice (H4).

3.7 Limitations

3.7.1 Experiment

While the results of this study are promising, it must be noted that the participants were drawn
from a young adult population, who were all Android users, and who lived in a North American
cultural context at the time of the experiment.
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This study was conducted in a laboratory setting over a two-hour period. It is possible that
the time of the day at which participants completed the procedure influenced their physiological
responses, due to prior expectations of a message’s origins. For example, if a subject usually
receives work-related emails during the time frame in which they participated in the study, they
may not experience the same response as if they were participating at a later time when they
usually expect their partner’s call.

Furthermore, it is possible that the high notification frequency induced frustration or other
negative emotional states that may have influenced physiological measurements [10]. We hypoth-
esize that the observed weak habituation could be a consequence of this phenomena, combined
with the knowledge that most notifications were in fact originating from an experimenter. It is
expected that under regular, non-experimental conditions, the effect of smartphone notifications
on eSCR would, if anything, be even more pronounced.

To maximize performance and external validity of SweatSponse, more data should be col-
lected in the wild, allowing the measurement of eSCR in response to naturally occurring noti-
fications, as opposed to those acquired under laboratory conditions. Nevertheless, the chosen
tasks, i.e., watching a documentary and completing a set of paper mazes, are representative of
everyday activities such as watching television, engaging in desk work and attending a meeting
or presentation.

3.7.2 System

SweatSponse cannot avoid limitations inherent to the skin conductance measurements. Due to
the 1-4 second latency in the response following a stimulus presentation [7], we would advise
against using eSCR for the detection of frequent events (less than 5 seconds inter-stimulus in-
tervals) and especially to detect time- and safety-critical events. Further work would be needed
to validate whether other behavioral or physiological signals could reliably be used for the cases
where multiple stimuli are being delivered in rapid sequence. Indeed, prior work on smartphone
separation showed that participants exhibited significantly greater stress levels, reflected by an in-
crease in stress-specific gestures, when they could not access their own smartphone or could only
use a stranger’s system than when they were allowed to quickly access their own device [13]. It is
possible that stress-related markers in motion patterns could be used as indicators of smartphone
notification perception even when users are not separated from their device.

In addition, some environmental contexts could interfere with the function of SweatSponse
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by not satisfying minimal conditions required for the electrical measurement of skin conduc-
tance. For example, even though they should be tightly coupled to the skin, existing SCR sensing
wearables often expose the electrodes to the elements (e.g., rain or snow), which can negatively
impact measurement accuracy. Furthermore, while this experiment was conducted in a static
environment, certain physical activities could introduce a greater level of motion artifacts to the
measurements than existing automated signal correction techniques can process reliably. This is
particularly problematic, since the contexts in which the quality of measurements are the worst
are the same as those in which notifications are most likely to be missed [5].

3.8 Future Applications

In the future, we expect that physiological measurement devices will increase in accuracy and be
embedded in mainstream wearable technologies, which will improve SweatSponse’s perception
detection and viability for day-to-day use.

We now present a possible application of SweatSponse in notification systems that we antici-
pate could be realized with further development. Instead of users manually adjusting the volume
or intensity of their notifications, Sweatsponse could allow the introduction of ”scaling” notifi-
cations. A ”scaling” notification would start at the minimum intensity at which it is likely to be
perceived, using methods such as the one proposed by Blum et al. [5]. It would then gradually
ramp up in volume and/or vibration intensity until SweatSponse reports a high probability of
perception at which point, the alert intensity could be reduced or stopped. Scaling could also
involve a change in modality. For example, if the notification is being delivered initially through
vibration, the intensity could be increased until its maximum value, and then switched to more
salient auditory alerts in the prolonged absence of responses. This would be particularly valuable
when the user is attempting to locate their phone that was last left in vibration or silent mode.

3.9 Conclusion

From the results of the presented laboratory study, we conclude for the first time that smartphone
notifications reliably induce skin conductance responses. Furthermore, given their strong associ-
ation with potential social interaction, smartphone notifications differ from arbitrary vibrations,
sound, and light feedback used in prior studies employing electrodermal measurements. This is
reflected in the comparatively marginal habituation observed over the duration of the study. Based
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on these results, this work introduces SweatSponse, the first method that allows for prediction of
perception of a notification after its presentation, without the need for users to engage with their
device. Preliminary performance assessments indicate that the system presents a promising ap-
proach to perception prediction of smartphone notifications.

3.10 Acknowledgements

The authors wish to thank all colleagues from the Shared Reality Lab for their valuable help, and
Prof. Stefanie Blain-Moraes for lending us Thought Technology TPS sensors without which this
study would not have been possible.

This work was funded by a McGill Engineering Doctoral Award (MEDA), and a McGill
TechAccelR innovation Grant. Icons used in Figure 1 were made by Pixel perfect, Smashicons
and Freepik from Flaticon.

References

[1] M. Pielot, R. de Oliveira, H. Kwak, and N. Oliver, “Didn’T You See My
Message?: Predicting Attentiveness to Mobile Instant Messages,” in Proceedings of
the 32Nd Annual ACM Conference on Human Factors in Computing Systems, ser.
CHI ’14. New York, NY, USA: ACM, 2014, pp. 3319–3328. [Online]. Available:
http://doi.acm.org/10.1145/2556288.2556973

[2] Y.-J. Chang and J. C. Tang, “Investigating Mobile Users’ Ringer Mode Usage and
Attentiveness and Responsiveness to Communication,” in Proceedings of the 17th
International Conference on Human-Computer Interaction with Mobile Devices and
Services, ser. MobileHCI ’15. New York, NY, USA: ACM, 2015, pp. 6–15. [Online].
Available: http://doi.acm.org/10.1145/2785830.2785852

[3] A. Sahami Shirazi, N. Henze, T. Dingler, M. Pielot, D. Weber, and A. Schmidt, “Large-
scale Assessment of Mobile Notifications,” in Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems, ser. CHI ’14. New York, NY, USA: ACM, 2014,
pp. 3055–3064. [Online]. Available: http://doi.acm.org/10.1145/2556288.2557189

[4] H. J. Andersen, A. Morrison, and L. Knudsen, “Modeling Vibrotactile Detection by Logistic
Regression,” in Proceedings of the 7th Nordic Conference on Human-Computer Interaction:
Making Sense Through Design, ser. NordiCHI ’12. New York, NY, USA: ACM, 2012,
pp. 500–503. [Online]. Available: http://doi.acm.org/10.1145/2399016.2399092

https://www.flaticon.com/authors/pixel-perfect
https://www.flaticon.com/authors/smashicons
https://www.flaticon.com/authors/freepik
https:/www.flaticon.com
http://doi.acm.org/10.1145/2556288.2556973
http://doi.acm.org/10.1145/2785830.2785852
http://doi.acm.org/10.1145/2556288.2557189
http://doi.acm.org/10.1145/2399016.2399092


40 References

[5] J. R. Blum, I. Frissen, and J. R. Cooperstock, “Improving Haptic Feedback on
Wearable Devices through Accelerometer Measurements,” in Proceedings of the 28th
Annual ACM Symposium on User Interface Software & Technology (UIST ’15).
New York, New York, USA: ACM Press, 2015, pp. 31–36. [Online]. Available:
http://dl.acm.org/citation.cfm?doid=2807442.2807474

[6] J. T. Cacioppo, L. G. Tassinary, and G. Berntson, Handbook of Psychophysiology.
Cambridge University Press, 2007. [Online]. Available: http://ebooks.cambridge.org/ref/
id/CBO9780511546396

[7] R. A. Lockhart, “Interrelations Between Amplitude, Latency, Rise Time, and the Edelberg
Recovery Measure of the Galvanic Skin Response,” Psychophysiology, vol. 9, no. 4, pp.
437–442, 1972. [Online]. Available: http://dx.doi.org/10.1111/j.1469-8986.1972.tb01791.x

[8] S. Krach, F. M. Paulus, M. Bodden, and T. Kircher, “The Rewarding Nature of Social
Interactions,” Frontiers in Behavioral Neuroscience, vol. 4, p. 22, May 2010. [Online].
Available: http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2889690/

[9] S. P. L. Veissière and M. Stendel, “Hypernatural Monitoring: A Social Rehearsal Account
of Smartphone Addiction,” Frontiers in Psychology, vol. 9, p. 141, 2018. [Online].
Available: https://www.frontiersin.org/article/10.3389/fpsyg.2018.00141

[10] W. Boucsein, “Electrodermal activity,” New York, 2012. [Online]. Available: http:
//site.ebrary.com/id/10517958

[11] M. Benedek and C. Kaernbach, “A continuous measure of phasic electrodermal activity,”
Journal of Neuroscience Methods, vol. 190, no. 1, pp. 80–91, 2010. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/S0165027010002335

[12] A. K. Przybylski, K. Murayama, C. R. DeHaan, and V. Gladwell, “Motivational, emotional,
and behavioral correlates of fear of missing out,” Computers in Human Behavior, vol. 29,
no. 4, pp. 1841–1848, 2013. [Online]. Available: http://www.sciencedirect.com/science/
article/pii/S0747563213000800
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Preface to Chapter 4:

Chapter 3 demonstrated the feasibility of using skin conductance measurements as a means to
better understand users’ perception of smartphone notifications. In this chapter, we expand on
that work by reporting on an in situ user study investigating the impact of notification perception
on skin conductance, heart rate, heart rate variability and wrist-motion. In addition, we explore
how the different sensing channels contribute to the notification perception prediction system’s
classification performance.

This chapter presents the first evidence of physiological responses to smartphone notifica-
tions outside of laboratory conditions. More specifically, perceiving a notification resulted in a
decrease in heart rate and heart rate variability. Changes in wrist-motion patterns were observed,
even in cases where the notification was not addressed within the accelerometer measurement
period, outlining the profoundly disruptive nature of notifications on users’ primary tasks. Fi-
nally, the inclusion of supplementary physiological signals allowed for a significant increase in
perception classification performance, with heart rate and heart variability features being identi-
fied as the strongest predictors. Together, these different contributions are proof that the proposed
physiologically informed notification research approach can, and does reveal insights that were
beyond the scope of traditional notification research methodologies.

Contributions of Authors:

Pascal E. Fortin was the primary author and contributor to the TechAccelR innovation award
partially funding this work, was responsible for the ideation, design and implementation of the
technical framework required for data collection, data analysis and paper writing. Prof. Jeremy
R. Cooperstock edited the manuscript, contributed to the TechAccelR innovation award and su-
pervised the research.
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Abstract

Current smartphone notification research relies on direct notification interactions and subjective
self-reports as means to study users’ experience and behavior. In this work, we instead employ a
research methodology based on interaction-less physiological and behavioral monitoring before
and after the presentation of each notification. We illustrate the richness of this approach by pre-
senting the first reports of the impact of notification presentation on users’ heart rate, heart rate
variability and wrist motion in situ. Results from a prior laboratory study reporting an increase
in electrodermal activity following the presentation of a notification were successfully replicated.
Beyond documenting physiological changes induced by notifications in situ, we demonstrate
that the physiological responses collected allow for a device to infer with up to 81.8% accuracy
whether a notification was perceived by its user without the need for user action (e.g., notifica-
tion tray or application interactions), a source of information that is unavailable using traditional
notification research methodologies. Based on classification models’ performance, we further
claim that such perception confirmation technology could be deployed on today’s commercially
available smartwatches and fitness trackers.

4.1 Introduction

Interruptions caused by smartphone notifications are not only numerous, but were also shown to
have detrimental effects on mental well-being [1, 2], which projects on workplace performance
(e.g., attention, productivity) [1]. Indeed, Stothart et al. have shown that the perception of a no-
tification increased risks of making errors as much as actually reading a message or engaging
in a phone call [3]. Kushlev et al. reported on a study during which 221 subjects were asked
to turn on all possible notifications from their devices for a week, followed by a week where
notifications were set to silent and phones placed out of direct access (e.g., pocket, bag) [1].
Their results suggested that turning on all notifications resulted in significantly higher levels of
inattention and hyperactivity accompanied by lower levels of perceived productivity, social con-
nectedness, mastery over their environment, meaning in life and choice over their actions than
in the week of reduced access. Interested in what specific properties of notifications were re-
sponsible for some of these negative consequences, Yoon et al. identified three main categories
of notification-related stress: the physical notification, itself, the associated message content and
finally the social expectations associated with responsiveness. Of significant interest to this re-
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search, physical notification stress related to the notification stimuli themselves, the context in
which they are presented and the frequency of their presentation, was identified as one of the
most important stressors for their participants [4].

The prior literature typically relied on one or a combination of the two main notification re-
search methodological trends: the passive approach, which relies on instrumenting participants’
smartphones and observing their notification interactions and behavior, and the active approach,
which instead probes participants for their perception of notification using self-reporting instru-
ments. The following sections discuss examples of these two methodological approaches by
bringing to light their advantages and limitations.

4.1.1 Passive Notification Research

Passive notification research methods rely on the background observation of participants’ notifi-
cation interactions. Typically, research based on this approach uses a mobile application to log
notification events (i.e., presentation, update, removal), their content, contact(s) when applica-
ble, and the application that generated the alert. Additional information can also be collected
to explore specific topics (e.g., wifi network, screen lock state, user activity). Using only no-
tification logging limits the type of research questions that can be explored to purely objective
and behavioral ones, e.g., what is a typical daily notification volume? [5], how do people inter-
act with notifications in the notification tray? [6], what types of applications are generating the
largest amount of notifications? [7], or what is the best moment to present a notification if trying
to maximize engagement time? [8].

Excellent examples of this technique were presented by Weber et al. and Okoshi et al., who
deployed their data collection instruments to 3,953 and 687,840 participants respectively [6, 8].
Harnessing the scale of their user base, Weber et al. were able to identify notification handling
“personas” that showed distinct notification accumulation and interaction patterns [6]. Okoshi et
al., on the other hand, studied when the presentation of a notification had the highest probability
of leading to deep user engagement, i.e., not only make the user open the application, but also
keep them on the platform. To do so, they manipulated the point at which they notified users using
an attention- and engagement-aware system that delivered the signals based on sensor readings,
device state and user actions [8]. While not all projects employing passive notification logging
decide to do so (e.g., [5, 7, 9]), making the data collection application freely available on public
application repositories [6] or as part of an existing application [8] significantly broadens the



46 Physiological and Behavioral Responses to Smartphone Notifications

reach and potential scale of the research. In addition to the possibility of reaching to a large
audience, the passive approach does not require participants to explicitly engage with subjective
data collection instruments, which reduces participation burden and risks of introducing biases in
the data. That is further strengthened by the long data collection period afforded by the passive
methodology, which may even lead participants to forget that they are taking part in a study.

This approach has demonstrated its benefits. For example, following this research methodol-
ogy, Weber et al. were able to demonstrate that three main user types exist with regards to no-
tification handling and notification tray interactions, and were able to make literature-informed
hypotheses on the factors that drive participants’ behavior [6]. However, this methodology also
suffers from a serious limitation. Indeed, a purely passive approach offers no insights into attitu-
dinal components of the notification experience and the reasons behind the observed behaviors.
Referring again to Weber et al., the authors lacked the means to probe the participants of their
study to determine the validity of their hypotheses.

4.1.2 Active Notification Research

Filling this methodological gap, active notification research relies on the presentation of time-
or event-triggered questionnaires pertaining to the participants’ experience of one or more no-
tifications. Questionnaires can be presented as frequently as after each notification to reduce
retrospective bias, or at fixed time intervals to reduce the experiment participation burden. In the
case where questionnaires are presented at a later time, they can be accompanied by a reminder
of notifications’ content to make sure the participant recalls the context of the interaction [6].
One distinctive advantage of this methodology over the passive alternative is that it allows the
exploration of attitudinal research questions such as the subjective workload imposed by notifi-
cations [10], their perceived disruption [11] and participants’ interruptibility [12]. It can also be
useful in cases where a research question’s variables of interest cannot be measured automatically
in a reliable manner, e.g., number of people around the participant, whether they consider their
current location a public or private space or the activity in which they are currently engaged [13].

A significant limitation of the active notification research methodology is the supplementary
burden it imposes on participants. Indeed, the frequency at which participants are polled about
their experience adds to the preexisting interruption burden by increasing the total number of
notifications they are presented with. Reducing the questionnaire presentation frequency reduces
the bias introduced by the measurement tools themselves. However, this also reduces the granu-
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larity of the data and risks an increase in retrospective bias, which further impacts the quality of
the data. Another component to consider is the self-reporting interface itself. Considering a par-
ticipant may have to interact frequently with the interface, how optimized it is for such reporting
and where it is embedded in the user’s mobile interaction can impact the quantity of collected data
as well as the degree to which it will be perceived as intrusive [14, 15]. Poor instrument design
and embedding risks the introduction of biases by inducing negative affect and annoyance.

Both passive and active notification research approaches can take advantage of large scale ap-
plication deployments. However, designing, deploying and supporting applications at that scale
requires significant mobile development experience and resources. One difficulty researchers in-
terested in using this approach may encounter is ensuring cross-manufacturer compatibility of
their Android application. In the authors’ experience, certain manufacturers (i.e., Xiaomi, OPPO
and VIVO) employ aggressive power saving features that can interrupt foreground services, re-
quired for ongoing data collection, from operating smoothly. Android One and Google Pixel
devices have been found to be the most reliable for such data collection. While the authors do not
have experience designing notification logging applications for iOS, it seems to be possible [16]
and we hypothesize that with sufficient development experience, the hardware and software ho-
mogeneity should make the task easier.

4.1.3 Notifications Psychophysiology

Smartphone notifications are a signal that frequently precede digital social interactions. Prior
work has identified a causal relationship between digital social interactions and heightened arousal
states [17] that are known to significantly influence electrodermal activity, heart rate and heart rate
variability [18–20]. In addition, smartphone notifications follow a variable-ratio reinforcement
schedule [17], i.e., a variable delivery rate and uncertain outcome. This reinforcement schedule,
also observed in gambling, is known for its addictive behavior reinforcement. The uncertainty
and unpredictability in delivery time and content, combined with our innate desire for social in-
teractions, induces strong arousal states that are less likely to be subject to habituation [9]. In
the case of smartphone notifications, the hypothesized relationship between the anticipated re-
warding social interaction and the stimulus of the notification is reinforced dozens of times per
day. Based on this prior literature, it is anticipated that perceiving a notification will provoke
significant changes in physiological signals.

Changes in heart rate (HR) following the presentation of stimuli were extensively studied in
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the psychology community, but never in response to the participants’ perception of their own
notifications outside of the laboratory. Increases in HR are frequently associated with high psy-
chological arousal states [19, 21], rejection of the environment, painful [22], and stressful or
otherwise unpleasant stimuli [23]. On the other hand, a deceleration of HR is thought to be cor-
related with increased sensory sensitivity [24], e.g., to a stimulus that draws one’s attention, and
less arousing experiences [19]. The impact of participants’ perception of their own notifications
on heart rate remains unclear considering the marked contrast between the positive anticipation
of potentially rewarding social interactions and their alerts’ negative, stressful and interrupting
nature [4]. Further increasing analysis complexity, theories supporting the possible simultaneous
observation of activational and inhibitory heart rate responses to stimulation were presented [24],
suggesting that they could cancel out each other’s physiological impact resulting in a null heart
rate change.

Similarly, changes in heart rate variability (HRV) have been measured in response to a va-
riety of arbitrary stimuli, but never to participants’ perception of their own notifications. Of
particular interest, HRV is known to offer unique insights into participants’ autonomic nervous
system activity, comprising both the sympathetic nervous system, responsible for the well known
fight or flight response, and the parasympathetic nervous system, associated with the digestion,
reproduction and resting functions [25]. Decreases in HRV have been reported in response to
increases in task demand [26], cognitive load [27], psychological stress level [20, 28] and emo-
tional arousal [19]. Considering the wealth of information it can reveal on participants’ internal
state, HRV is a promising measurement to consider in the analysis of participants’ responses to
smartphone notifications.

Skin conductance measurements are frequently used to index emotional arousal and stress in
laboratory and in situ conditions [29, 30]. In addition, the perception of a relevant stimulus is
frequently accompanied by an event-related skin conductance response (ER-SCR) [18]. An ER-
SCR can be described as an abrupt increase in skin conductance starting one to four seconds after
the presentation of a stimulus, followed by a comparatively slower return to baseline levels [31].
In a laboratory study, Fortin et al. demonstrated that participants perceiving their own smartphone

notifications exhibited significantly larger maximum phasic activity after the presentation of an
alert, than before its presentation [9]. The authors argued that the social component and rele-
vance of notifications significantly differentiated them from the impersonal “notifications” (e.g.,
arbitrary sounds, vibrations, electric shock, flashes of lights or fake notifications) frequently used
in the psychology and HCI literature. Even though the authors claim that their work was the first
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report of physiological responses to participants’ own notifications, major limitations are that the
study took place in laboratory context and under specific experimental task conditions, signif-
icantly reducing the ecological validity of their findings. Furthermore, participants were asked
to press a button to confirm notification perception, which may have introduced physiological
responses associated with demand characteristics. As such, it is uncertain whether their results
would hold in situ, where electrodermal activity measurements are known to be extremely noisy.

4.2 Proposed Approach

In this work, we propose a novel notification research methodology that extends the passive no-
tification research approach with in situ physiological sensing. Indeed, quantifying changes in
physiological signals resulting from the perception of a notification would offer a more complete
picture of the user’s internal state, a component that has not yet been explored in the notification
research literature. We anticipate that the proposed approach will open the door to the investiga-
tion of new behavioral and attitudinal research questions, while minimally burdening participants
with questionnaires during data collection. Inspired by the work of Fortin et al., we propose an
in situ investigation of notification perception which should significantly enhance the ecologi-
cal validity of the findings. Furthermore, whereas Fortin et al. employed only skin conductance
measurements and limited their investigation to post-notification maximum phasic activity, we
expand the sensing modalities and report on changes in heart rate and heart rate variability. In
addition to physiological signals, we also assess whether the perception of a smartphone noti-
fication has a significant impact on how users are physically carrying out their main activity as
reflected by changes in their wrist motion patterns.

This paper makes the following contributions:

1. A successful in situ replication and expansion of the laboratory results presented by Fortin
et al. [9] reporting increased electrodermal activity following the presentation of a notifi-
cation.

2. Evidence that heart rate and some of the most popular heart rate variability features signif-
icantly decrease after the perception of a smartphone notification.

3. Evidence that the perception of a notification disrupts activity execution to an extent that
significantly alters the user’s motion patterns while conducting a task, even when the user
does not immediately attend to the notification.
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4. An extension of the interaction-less notification perception prediction system presented by
Fortin et al., integrating the supplementary physiological and motion signals to achieve a
perception prediction accuracy of up to 81.8%.

5. Among the physiological and behavioral sensing channels considered in this work, the
identification of heart rate and heart rate variability as the strongest predictors of notifica-
tion perception, followed by wrist-motion and electrodermal activity.

4.3 Experiment

The central objective of this work is to investigate in situ the impact of notification perception
on users’ physiology and wrist motion. A secondary objective consists of the refinement of the
interaction-less notification perception prediction framework presented by Fortin et al. [9]. To
achieve these goals, the following research questions need to be answered:

• RQ1 How does the presentation of a notification influences a user’s

– RQ1.1 heart rate?

– RQ1.2 heart rate variability?

– RQ1.3 electrodermal activity (replication and extension of [9])?

• RQ2 Does perceiving a notification disrupt users’ activity to an extent that can be detected
from wrist-based accelerometer measurements?

• RQ3 Can the collected physiological and motion signals be used to improve the current
state of the art in terms of interaction-less notification perception prediction?

4.3.1 Protocol

Preparation

Due to constraints imposed by the Covid-19 pandemic, an equipment package containing partic-
ipant instructions and a Shimmer3 GSR+ physiological sensor was delivered to the participants’
residence on the day before data collection. A video call was held to walk them through the
process of putting on the sensor, as well as downloading, installing and using the data collection
application. The participants therefore had remotely supervised practical experience in wearing
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the sensor appropriately, operating and troubleshooting the data collection application. During
that first meeting, they were also asked to read and digitally sign an institutionally approved con-
sent form (REB# 83-0814), and to complete the pre-experiment questionnaire (Section 4.3.2).

Data Collection

Participants were instructed to use the data collection system for a duration of 8 waking hours,
spent in their residence, during which they would be engaging in their regular activities. These
hours did not have to be consecutive, but the data collection had to be performed during a single
calendar day. Furthermore, participants were told that they had to have their smartphone with
them at all time to prevent connection interruptions with the sensor. During data collection,
their device’s ringer mode had to be set to a non-silent mode, i.e., sound, vibration or sound
and vibration, to ensure they would perceive their incoming notifications. As they had their
smartphone with them at all time, and its ringer was non-silent, all presented notifications were
assumed to be perceived by participants. Participants had to pause data collection and remove
the sensor when engaging in activities that involved liquids or that could otherwise damage the
device, e.g., hand washing, laundry, cooking, eating. Beyond these requirements, participants
were instructed to use their smartphone as they would on any regular day. In addition to wearing
the physiological sensor, participants were asked to keep a log of activities they were engaging
in during the day, and when they were in social settings, e.g., in a video call, with a roommate,
parent, child or partner. The log was completed by pen with entries every half hour from 7 am
to 11 pm. At the end of the data collection period, participants used the application to compress
and upload their data to a cloud storage service. A post-experiment questionnaire was then self-
administered (Section 4.3.2).

The equipment and daily activity log were retrieved from the participants’ residence by an
experimenter on the following day.

4.3.2 Data Collection and Measurements

Mobile Application

Inspired by prior notification research [5–7, 9, 32], an Android application was designed to collect
information on notification presentation, interactions and to log physiological sensor data. The
application saved the data to the device’s internal memory to avoid excessive data plan usage.
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Table 4.1 Features collected or extracted for each notification presented. Refer to
Section 4.3.2 for details on how features were extracted and aggregated.

Information Source Features

Notification
Presentation time, removal time, active time, reason for removal,

source application, presentation screen-lock state, removal

screen-lock state

Photoplethysmograph

Heart rate, Inter-beat Interval (IBI), Root mean square of the NN

intervals standard deviation (RMSSD), NN interval standard

deviation (SDNN), percentage of successive NN intervals that

differ by more than 50 and 20 ms (PNN50, PNN20), mean

absolute deviation of heart rate (MADHR), Standard deviation

along the two principal axes of the ellipsis fit on the poincaré plot

of the NN intervals (SD1, SD2), surface of the ellipsis (S),

S D1/S D2 (S D12)

Electrodermal Activity
Number of SCR (nSCR), SCR latency, Sum of SCR

amplitudes (AmpSum), mean SCR amplitude (SCR), Integral of

SCRs (ISCR), Maximum Phasic Activity (MaxPhasic), Tonic level

Accelerometer
Mean, standard deviation (STD), mean crossing rate (MCR), area

under the curve (AUC), skewness, kurtosis, root mean square (RMS),

maximum (MAX), entropy
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Since Android’s notification channel is used by a number of processes that do not produce alerts,
notification events were filtered [5, 7, 9]. A notification was considered valid if:

1. it originated from an application that produces alert-generating notifications, as defined by
Iqbal and Bailey [33], thus excluding, e.g., Google maps, Spotify, Android Downloads.

2. a notification from the same application and with the same unique key was not presented
in the last 500 ms.

Table 4.1 enumerates the features that were extracted from incoming notifications.

Sensor Data Acquisition and Processing

Participants were instructed to wear the Shimmer3 GSR+ wearable sensor1 on their non-dominant
wrist, and to slide it up their arm so as to avoid collision with the electrode connectors when mov-
ing their wrist. Manufacturer-provided velcro-mounted reusable Ag/AgCl dry electrodes were
installed on the inside of the proximal phalanxes of the middle and ring fingers. The PPG sensor
was secured on the inside of the proximal phalanx of the index finger. The proximal location was
chosen to ensure participants were able to engage in their regular activities with minimal physi-
cal encumbrance [34]. All raw sensor data were collected, streamed to the participant’s Android
device and logged to its internal memory at a fixed rate of 64 Hz.

PPG signals were first band-pass filtered (zero lag filtering, 4th order Chebyshev II, 0.5-
4 Hz [35]) to remove signal offset and high-frequency artefacts. Heart rate and the most fre-
quently encountered time domain and non-linear heart rate variability features (Table 4.1) were
extracted from a 60 s window before and after each notification using Heartpy’s built-in process-
ing function [25, 36]. Frequency domain features (e.g., VLF, LF, HF) were not considered in
this study due to their questionable validity in measurements sessions that are shorter than one
minute [25].

Traditionally, the skin conductance signal is decomposed into its tonic component, a low
frequency oscillation independent of specific events, and its phasic component, characterized by
abrupt changes in skin conductance level [18]. The phasic and tonic components of the skin
conductance signal were extracted using Ledalab’s Continuous Decomposition Analysis (CDA)
in a Matlab R2020b environment [37] after being downsampled to 16 Hz and segmented in one

1Shimmer3 GSR+, Shimmer Engineering

https://www.shimmersensing.com/products/shimmer3-wireless-gsr-sensor
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hour segments for computational efficiency reasons. All CDA-specific electrodermal activity
features available in Ledalab (Table 4.1) were extracted from a 4 s window starting 1 s after
notification presentation [31]. To serve as a notification-specific baseline, features were also
extracted from a 4 s window beginning 5 s before the presentation of each notification.

Accelerometer measurements were first low-pass filtered (zero lag filtering, 8th order But-
terworth, 10Hz) to only retain information pertinent to the participants’ wrist motion [38]. The
three measured axes were then aggregated by computing the norm of the acceleration vector. A
set of simple descriptive features frequently used in activity change detection was extracted from
the acceleration magnitude signal [39] (Table 4.1) within a 15 s window before and after each
notification presentation.

To ensure comparability across notifications between participants and highlight relative changes
caused by the presentation of notifications, the percentage change between all pre- and post-
notification feature values was computed and was used for subsequent reporting and analysis.

Questionnaires

A pre-experiment questionnaire was used to collect demographic information (i.e., age, gender,
occupation) and participants’ notification setting preferences. The questionnaire used the short
version of the smartphone addiction scale (SAS-SV) to quantify the participants’ experience of
problematic smartphone usage symptoms [40]. In addition, the revised Self-Consciousness Scale
(SCS-R) was employed to evaluate the participants’ public and private self-consciousness as well
as their experience of social anxiety [41].

The post-experiment questionnaire focused on how the data collection day compared to a
typical pre-Covid and Covid day with regards to the number of notifications received and amount
of physical activity.

4.3.3 Participants and Compensation

Participants were recruited from university classified ads and social media groups. They were
given a base compensation of CAD$ 5 for their time. A bonus CAD$ 30 was offered if they
complied with the full data collection protocol, i.e., pre-experiment questionnaire, 8 hours of
sensor data, post-experiment questionnaire and the activity log.
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4.3.4 Hypotheses

Based on the prior literature on physiological responses to the perception of stimuli and notifica-
tions, the following hypotheses were made:

• H1.1 In response to a notification, the participant’s heart rate is expected to increase [19,
21], consistent with a heightened arousal state associated with the anticipated social inter-
action announced by a notification [9, 17].

• H1.2 Participants’ heart rate variability should decrease in response to the perception of a
notification, consistent with the experience of a physiologically stressful or arousing stim-
ulus [19, 20, 28].

• H1.3 Notification perception should result in more phasic electrodermal activity (nSCR)
and larger responses (AmpSum, SCR, ISCR, MaxPhasic), aligned with prior laboratory
investigations [9]. In addition, the response should occur within the physiologically valid
time window (1 and 4 s post-notification [31]).

• H2 It is anticipated that participants’ wrist motion patterns will significantly vary after the
presentation of an alert, even in cases where participants do not immediately interact with
their device. This effect is hypothesized to be co-occurring with the reduced primary task
performance reported by prior work based on laboratory studies [3].

• H3 Since successful interaction-less notification perception prediction was previously achieved
using electrodermal activity alone [9], we anticipate that the inclusion of supplementary
physiological and behavioral signals will significantly increase perception classification
performance.

4.4 Results and Discussion

4.4.1 Participants and Notifications

Despite initially recruiting 9 participants, the data from 3 had to be rejected due to unforeseen in-
compatibility between their smartphone, the data collection application and the Shimmer3 GSR+
sensor. Of the remaining 6 participants, 4 identified as female and 2 as male. Participants re-
ported being between 21 and 28 years old (x = 24.6, σ = 2.5). Their primary occupations were:
researcher at a local university (1), undergraduate or graduate student (4) and retail worker (1).
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Fig. 4.1 (a) Participants’ self reported most frequently used ringer modes. (b) No-
tification active time cumulative frequency distribution

As per Fig. 4.1a, participants reported most frequently using their smartphone in silent mode
(4/6), followed by sound (1/6) or vibration only (1/6) during their daily life. The least frequently
used ringer mode was vibration and sound. As such, participants who most often use their device
in silent mode had to modify their usual usage pattern for the study, negatively impacting the
external validity of the findings presented in this work.

Participants received a median volume of 82 notifications during the 8 hours of data collection
(min=40, max=406), significantly above the level reported in prior work, which ranged from 45
to 63 daily notifications [5, 7, 42]. It should be noted that one participant received a particularly
high number of notifications (406). To attenuate the impact of that participant’s data on the overall
data set, we made the decision to uniformly randomly downsample that participant’s data to the
median daily notification volume of 82. After this manipulation, a total of 441 notifications were
considered for analysis.

Based on the difference between presentation and removal times, notifications were attended
to at a rate similar to that reported in the literature [5, 7, 42]. Indeed, 50% of presented notifica-
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tions were active for slightly less than 1 minute, 75% less than 7.8 minutes and a total of 90.2% of
notifications spent less than 30 minutes in the notification tray (Figure 4.1b) [7]. The remaining
9.8% of notifications were cleared after 30 minutes, or remained active until the end of the study.
Unsurprisingly, a Mann-Whitney U test revealed that notifications presented while the screen was
unlocked (60.5% of notifications) were removed significantly faster than those presented from a
locked screen (z=-2.86, ranksum=35912.5, p=.004), with median active times of 31.4 seconds
and 61.7 seconds respectively.

Considering the limited number of participants, questionnaire elements pertaining to smart-
phone addiction symptoms (SAS-SV), self-consciousness (SCS-R) and how the data collection
days compared to others are not reported in this paper.

4.4.2 RQ1-Physiological Impact of notification perception

The histogram of each physiological feature was visually inspected and approximately matched
that of a normal distribution. A series of one-tailed t-tests were used to compare the distribution
of the percentage change for each feature against a mean value of zero. The direction of each
test’s tail was determined such as to match the research hypotheses presented in Section 4.3.4.
Considering the number of statistical tests used, all p-values were corrected using the Bonferroni-
Holm method for multiple comparisons within each research question to attenuate the probability
of Type I errors. To facilitate interpretation of results, the 95% confidence interval on the true
distribution mean is presented for each feature’s percentage change along with Cohen’s d measure
of effect size.

RQ1.1 - Heart rate

The observed data did not support our hypothesis that perception of notifications would result in
increased heart rate, despite the rationale that such perception would result in increased arousal
levels [9, 17], which, in turn, are known to be correlated with cardiac output [19, 21, 29] (t(407)=-
2.446885, p=0.992584, ci=[-4.68, -0.51], Cohen’s d=-0.12).

Contrary to that assumption, the negative upper and lower bounds of the confidence interval of
the true distribution mean suggest that heart rate may have significantly decreased. A one-tailed
t-test allowed us to confirm that theory (t(407)=-2.446885, p=0.007, Cohen’s d=-0.12). The ob-
served small yet significant decrease in heart rate would be consistent with inhibitional cardiovas-
cular responses that typically accompany increased sensory sensitivity [21, 24], and less arousing
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experiences [19]. While the first seems fairly intuitive considering the relevance of notifications
for smartphone users, the second contradicts findings that had predicted and shown increases in
arousal after the presentation of a notification [9, 17]. Based on prior work that studied heart
rate changes as a sign of orienting and defense reflexes, it is possible that this disagreement
could be a consequence of co-occurring opposed activational and inhibitional cardiovascular re-
sponses. Such response pattern could be caused by conflicting negative and positive notification
experience components, the context in which the signal is presented as well as differences in par-
ticipants’ coping mechanisms [21, 24]. Furthermore, the discrepancy between the expected and
measured changes might be due to the fact that most of the literature on the topic was based on
evidence acquired in controlled laboratory studies versus in-the-wild measurements. Both envi-
ronments present participants with significantly different sensory, social and activity contexts that
may introduce variations in physiological baseline levels and response patterns. Further discus-
sion of the observed heart rate deceleration, considering changes in other physiological signals is
presented in Section 4.4.2.

Independently of its interpretation, the fact that a small yet significant heart rate deceleration
was observed in response to the presentation of a notification warrants further investigation and
shows that heart rate measurements could potentially be used to further understand users’ per-
ception of notifications. It is also indicative of a promising predictor of notification perception
(Section 4.4.4).

RQ1.2 - Heart Rate Variability

With the body of literature documenting the negative impact of notifications, we hypothesized
that heart rate variability features would respond to notifications similarly to physiologically
stressful and arousing stimuli. This would typically result in a decrease in heart variability
(RMSSD, SDNN, MADHR, PNN20, PNN50, SD1, SD2, S and SD12). Percentage changes for
MADHR, SDNN and PNN20 were found to be statistically significantly lower than 0, partially
supporting our research hypothesis. It should be noted that with the exception of the inter-beat
interval (IBI) and S, the lower and upper bounds of the 95% confidence interval of the true distri-
bution mean for all features were found to be inferior to 0 with small to medium effect sizes. This
hints at the possibility that statistical significance might be attained with a larger sample size.

These changes in heart rate variability points towards a decrease in parasympathetic nervous
system activity, commonly associated with digestion, energy conservation and the promotion of
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Table 4.2 Results from the Bonferroni-Holm-corrected one-tailed t-tests investigat-
ing whether mean percentage change in heart rate variability features between before
and after the presentation of a notification differ from zero. Confidence intervals are
the lower and upper bounds of the true distribution mean at alpha .05 (%∆).

Feature 95% CI Mean Cohen’s d df t stat p Adj.p

%∆ MADHR -198 -46.2 -0.16 407 -3.161129 .001 .008

%∆ SDNN -266 -42.0 -0.13 407 -2.718062 .003 .031

%∆ PNN20 -2.81 -0.34 -0.13 388 -2.515147 .006 .049

%∆ SD1 -195 -20.5 -0.12 388 -2.427633 .007 .054

%∆ SD12 -6.45 -0.56 -0.12 385 -2.341825 .010 .059

%∆ RMSSD -250 -6.78 -0.11 388 -2.075531 .019 .135

%∆ SD2 -182 -1.16 -0.10 388 -1.991300 .024 .141

%∆ S -58e+3 2.9e+3 -0.09 388 -1.773434 .038 .192

%∆ IBI -3.84 0.22 -0.09 407 -1.749911 .040 .162

%∆ PNN50 -2.21 -0.75 -0.05 388 -0.972425 .166 .497

rest [43]. In addition, while it is impossible to isolate the underlying reason(s) of the observed
decrease in heart rate variability outside of laboratory conditions, similar changes have been ob-
served in response to increases in task demand [26], cognitive load [27], psychological stress
level [20] and emotional arousal [19]. Without further contextual control, these observations par-
tially support the existing literature on the arousing nature of notifications [9, 17], their negative
impact on attention [3], and their identification as significant stressors [4]. However, considering
the lack of global agreement between the considered features, further research would be required
to confirm any such relationship outside of laboratory conditions with certainty.

RQ1.3 - Electrodermal Activity

As previously mentioned, Fortin et al. already demonstrated that the perception of their own
smartphone notification caused participants to exhibit significantly larger maximum phasic skin
conductance activity [9]. Based on that observation, they suggested that the perception of a no-
tification results in a heightened arousal state. However, their work was conducted in laboratory
conditions, which significantly limits the generalizability of their results. As such, we attempted
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to replicate their findings under more realistic conditions and were interested in expanding the
investigation to additional SCR characteristics beyond the maximum phasic activity.

Considering adjusted p-values, all features except SCR and the Tonic skin conductance level
were found to statistically significantly increase between the pre- and post-stimulation measure-
ments (Table 4.3). Our results successfully replicate the findings presented by Fortin et al. by
showing that all phasic electrodermal activity features, with the exception of the mean SCR am-
plitude (SCR), statistically significantly increase after the presentation of a notification. Indeed,
the considered features increased by 0.6 to 18% of their pre-stimulation levels on average. Such
an increase in the number of SCR (nSCR) and their amplitude (PhasicMax, ISCR, AmpSum) is
typically associated with sympathetic nervous system activation and a heightened arousal state
in the psychophysiology and human-computer interaction literature [18, 21, 30]. However, due
to the uncontrolled nature of the study, the observed increase in phasic EDA could potentially
be attributed to other events occurring at approximately the same time as the presentation of a
notification (e.g., door slamming, change in temperature). While it is important to acknowledge
that possibility, we argue that it is highly improbable that such an event took place sufficiently
frequently, and at exactly the right time, to significantly shift the distribution means. We there-
fore claim that the skin conductance features considered in this work support the hypothesis that
notifications induce high arousal states [9, 17].

Table 4.3 Results from statistical analysis investigating whether mean percentage
change in skin conductance features between before and after the presentation of
a notification are greater than zero. Confidence intervals are the lower and upper
bounds of the true distribution mean in percentage change (%∆).

Feature 95% CI Mean Cohen’s d df t stat p Adj.p

%∆ Latency 866 925 3.41 308 59.85732 .001 <.001
%∆ ISCR 1.99 11.7 0.15 363 2.772188 .003 .018
%∆ nSCR 2.49 17.9 0.14 363 2.602344 .005 .024
%∆ PhasicMax 1.09 9.45 0.13 363 2.480880 .007 .027
%∆ AmpSum 0.62 7.16 0.12 363 2.340251 .010 .030
%∆ SCR -0.08 0.22 0.05 363 0.912958 .181 .362
%∆ Tonic -0.70 1.66 0.04 363 0.790695 .215 .215

In addition to successfully replicating the findings presented by Fortin et al. outside of the
laboratory, these results reinforce the notion that features extracted from skin conductance mea-
surements could constitute reliable notification perception predictors.
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Physiological Signals Reconciliation

The most impactful benefit of measuring and analysing multiple physiological signal channels is
the researcher’s ability to combine the findings and identify conflicting and reinforcing response
patterns.

For example, in the current study, only certain HRV features were found to significantly
decrease, consistent with the hypothesized increase in arousal and stress [17, 19, 20]. Sim-
ilarly, phasic electrodermal activity features, typically used to assess the experience of stress
and arousal [29, 30] in and outside of the laboratory were found to significantly increase post-
notification. On the other hand, by decelerating, the heart rate went completely against that initial
arousal hypothesis. Considering the lack of general agreement between the different physiolog-
ical channels, our results do not allow us to claim that the perception of a notification causes an
increase in arousal outside of the laboratory. That being said, given the partial support of that
hypothesis by two out of the three signals and prior laboratory evidence, we argue that the effect
remains extremely plausible and should be further investigated.

This exercise also applies to the reported heart rate deceleration. The observed decrease in
heart rate variability features is generally consistent with a reduction in parasympathetic (PNS)
tone [25]. Without consideration for sympathetic nervous system (SNS) activity, this would typ-
ically result in an increase in heart rate [21]. In addition, SD12, often employed as an indicator
of balance between PNS and SNS activity decreased, suggesting a relative increase in sympa-
thetic tone [25]. That heightened SNS activity is further supported by a significant increase in
phasic skin conductance activity [18]. Together, the decrease in parasympathetic and increase in
sympathetic tone should have resulted in an elevated heart rate.

A possible explanation for the heart rate deceleration could be that the perception of a notifi-
cation has an effect on respiratory rate (e.g., breath holding, sudden exhalation), a physiological
signal that was not controlled for in this work. In such a case, the altered respiration patterns
would have a direct impact on heart rate, a phenomenon known as respiratory sinus arrhythmia.
Indeed, enforced by this mechanism, heart rate accelerates during inhalation and decelerates dur-
ing exhalation [44]. Holding one’s breath after the perception of a notification would typically
result in a deceleration of heart rate [44]. However, it is impossible to validate this hypothe-
sis without accurate respiratory rate measurements. Finally, the observed heart rate deceleration
could simply be part of the orienting reflex [24]. In such a case, the deceleration associated with
the orienting reflex could overtake a weak heart rate increase that would have been associated
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with a heightened arousal state. In absence of a conclusive interpretation, the signal can be used
most reliably as an indicator that a notification was detected, without offering further insights on
how it impacted the participant’s internal state.

4.4.3 RQ2-Activity disruption

Prior literature has shown that the presentation of a notification significantly disrupts users while
they are engaged in a primary activity. Researchers typically demonstrate such effects by closely
monitoring participants’ behavior while they are engaged in controlled tasks [3], or by using
experience sampling methods to determine the degree to which notifications were interrupting.
As per our second research question, we were instead interested in objectively measuring how a
notification’s interruption manifests itself through changes in users’ wrist motion following the
presentation of the notification, independently of whether the alert is acted on.

The normality of all features’ distribution was first confirmed by visually inspecting their
histograms. A series of two-tailed t-tests were used to investigate whether the mean percentage
changes of each feature differed from zero. The two-tailed version of the test was chosen as it is
impossible to predict, without knowing what activities participants are engaged in, the direction in
which each feature would vary. All p-values were corrected using the Bonferroni-Holm method
for multiple comparisons to attenuate the probability of false positives. To facilitate interpretation
of the results, the confidence interval of the true distribution mean for each feature’s percentage
change is presented alongside Cohen’s d standardized measure of effect size.

After correcting p-values, the percentage change of the mean crossing rate, kurtosis and stan-
dard deviation of the wrist’s acceleration magnitude were found to have statistically significantly
varied after the presentation of a notification (Table 4.4). The observed medium negative effect
sizes, as well as the negative confidence interval bounds for the mean of most features, suggest
a decrease in overall amount of wrist motion following the presentation of a notification. These
observations would be consistent with a disruption of users’ primary activity to reallocate their
attention towards the notification or hold their device in a static pose while attending to the alert.

By considering only accelerometer measurements occurring around notification presentation,
it is impossible to determine whether the observed changes in motions were caused by users
attending to their notification or more subtle variations in motion introduced by a disruption of
users’ primary activity. We therefore apply the same statistical testing approach only for notifi-
cations that were cleared after the 15 s period during which accelerometer measurements were
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Table 4.4 Results from statistical analysis investigating whether percentage change
in accelerometer features between before and after the presentation of a notification
differ from zero. Confidence intervals are the lower and upper bounds of the true
distribution mean at alpha .05 (%∆).

Feature 95% CI Mean Cohen’s d df t stat p Adj.p

%∆ mean crossing rate -113 -56.3 -0.28 440 -5.877802 .0001 <.0001
%∆ kurtosis -68.6 -32.9 -0.27 440 -5.578155 .0001 <.0001
%∆ standard deviation -9.65 -3.16 -0.18 440 -3.883376 .0001 .0008
%∆ max -3.15 -0.437 -0.12 440 -2.597415 .010 .058
%∆ area under the curve -1.57 -0.093 -0.11 440 -2.212221 .027 .137
%∆ root mean square -1.38 -0.062 -0.10 440 -2.149240 .032 .129
%∆ mean -1.38 -0.045 -0.10 440 -2.098835 .036 .096
%∆ entropy -0.028 -0.000 -0.07 440 -1.454448 .147 .293
%∆ skewness -79.4 120 -0.07 440 0.400298 .689 .689

acquired. The rationale is that if a notification was cleared beyond the measurement period, the
accelerometer signal is unlikely to capture the motion associated with the consumption of the
alert. In that second analysis, the percentage change of the mean crossing rate (t(263)=4.866539,
Adj. p=<.0001, ci = [58.4, 138], Cohen’s d=0.30) and kurtosis (t(263)=4.285884, Adj. p<.0001,
ci = [30.3, 81.8], Cohen’s d=0.26) of the wrist’s acceleration magnitude were also found to sta-
tistically significantly vary. Interestingly, even though almost the same features were found to
change significantly after the presentation of a notification, the direction in which they varied is
opposite to previous observations. This indicates an increase in extreme acceleration values and
a different change in motion patterns following the presentation of a notification, instead of a
decrease as was observed when notifications were immediately attended to.

Knowing changes in wrist motions occur even when notifications are not attended to within
the measurement period, we investigate the reasons behind the previously observed decrease in
wrist activity. The same statistical testing pipeline was applied to the comparison of wrist mo-
tion in the 15 seconds leading to and following the removal of each notification, as opposed
to its presentation. By focusing on the removal of notifications, these measurements are repre-
sentative of actions associated with attending to a notification. As expected, the acceleration’s
magnitude mean crossing rate (t(221)=-4.107649, Adj. p<.0001, ci = [-218, -76.8], Cohen’s
d=-0.28), and kurtosis (t(221)=-4.745734, Adj. p<.0001, ci = [-95.2, -39.3], Cohen’s d=-0.32)
were found to significantly decrease after the removal of a notification. This supports the theory
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that the decrease in wrist activity observed after the perception of a notification can most likely
be attributed to actions associated with attending to a notification, the smartphone or the same
application accessed from another device.

Confirming our research hypothesis, we successfully identified two features: kurtosis and
mean crossing rate, that were found to be associated with changes in wrist motion patterns after
the presentation of a notification and that are independent of whether participants attended to
their notification immediately after its presentation. While it is difficult to interpret the meaning
of these changes without knowing more about the activities during which they were observed, the
fact that they exist is indicative of a disruption of how the participant was executing their primary
task after the presentation of a notification. Knowledge that the perception of a notification
interrupts smartphone users is not new. However, these are the first reports of the manifestation
of this disruption on users’ motion in situ, without control over participants’ activities or reliance
on subjective self-reports.

4.4.4 RQ3 - Notification Perception Prediction

Knowledge that a notification was perceived by a user can be used to better contextualize their
notification experience, but also to provide technology with the means to adapt its information
presentation strategies based on users’ perception [9]. Extending the notification perception clas-
sifier presented by Fortin et al. relying solely on the maximum phasic activity collected in labo-
ratory conditions, we evaluate which of the sensing channels (i.e., EDA, PPG or accelerometer)
offers the best predictors to determine whether a notification was perceived in situ.

Leave one subject out (LOSO) cross-validation would typically be used to evaluate user-
independent perception prediction model performance. However, the current data set is not suf-
ficiently large to apply this technique. We instead opt to hold out 10% of the data as a test set
(uniformly randomly sampled), and use 10-fold cross-validation within the remaining 90% to
train and optimize hyperparameters of the following notification perception prediction models:

• MEDA: Skin conductance features only

• MHR/V : Heart rate and heart rate variability features only

• MACC: Accelerometer-based features only

• MALL: All extracted features
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• M0<MeanCI: Only features where the 95% confidence interval on the true distribution mean
excludes 0.

Each model was trained individually using Matlab’s optimizable ensemble method, allowing
for the automatic determination of the best performing ensemble method among Bagging, Gen-
tleBoost, LogitBoost, AdaBoost and RUSBoost. Hyperparameter optimization was achieved for
each model using Matlab’s Bayesian optimization functions.

The implementation of any machine learning solution requires a representative number of
positive (perceived) and negative (missed) notifications to adequately model the data. Since par-
ticipants were instructed to put their device in a non-silent ringer mode and keep it physically
close to them during data collection, all presented notifications are assumed to be perceived. Fol-
lowing the approach proposed by Fortin et al., synthetic “missed” notifications were introduced
in the log file 60 s before each actual notification presentation (Figure 4.2). The introduction
of “missed” notifications is based on the assumption that if a notification was never presented
(i.e., not perceived), it is impossible for it to induce physiological and behavioral changes, and is
therefore equivalent to sampling the noise of the different signals.The 60 s interval was chosen as
it is the smallest period that ensures no post-notification measurement overlap between the syn-
thetic and real notification, yet is sufficiently close to ensure contextual similarity (Figure 4.2).
It is possible that the measurement periods of a synthetic and the previous real notification over-
lapped. However, we believe this scenario could also occur with consecutive notifications in real
life and therefore did not reject or otherwise modify synthetic notifications when these occurred.

We first consider the models’ overall performance by inspecting their receiver operating char-
acteristic (ROC) curves (Figure 4.3). ROC curves are effective at representing a model’s perfor-
mance by considering a wide range of classification thresholds. A model that performs perfectly

Fig. 4.2 Schematic representation of time windows in which features and their base-
lines were computed for presented (green) and synthetic notifications (red).
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Fig. 4.3 Receiver Operating Characteristic (ROC) curve obtained by predicting data
from the test set for the five trained models

would reach the upper left corner with a true positive rate of 1 and a false positive rate of zero.
On the other hand, a random binary predictor would have a ROC curve that traverses the plot
on its diagonal. Visually, all models seem to perform well above chance level. However, MEDA

and MACC are significantly closer to the plot’s center line than M0<MeanCI , MALL and MHR/V with
areas under the curve of 0.726 and 0.736 respectively. A statistical comparison of the ROC
curves’ AUC was achieved using the bootstrap method (R 4.0.4, pROC 1.17.0.1, n.boot=2000,
boot.stratified=1) (Table 4.5). These results highlighted the absence of meaningful difference in
performance between M0<MeanCI , MALL and MHR/V , as well as between MEDA and MACC. How-
ever, visually and statistically significant differences were found between all elements of these
two groups of models. These results suggest that PPG-based heart rate and heart rate variability
features offer the strongest predictors of notification perception among the considered sensing
channels. Interestingly, the absence of a difference in AUC between M0<MeanCI , MALL and MHR/V

leads to the conclusion that EDA- and accelerometer-based features provide little information
that is not already present in HR and HRV features.

To further explore and compare models, an optimal cutpoint was selected so as to minimize
the distance between the ROC curve and the (0,1) coordinate. It is important to mention that these
classification thresholds were selected to depict the general system performance. Specific appli-
cations may benefit from using different thresholds, for example to minimize the false positive
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Table 4.5 Results from the statistical comparison of ROC curves’ area under the
curve using the bootstrap method (n.boot=2000, boot.stratified=1).

Models Compared D-stat p

MALL - M0<meanCI 0.1501 .881

MALL - MHR/V 0.6563 .512

MALL - MACC 3.0510 .002

MALL - MEDA 3.7020 <.001

M0<meanCI - MHR/V 0.4825 .670

M0<meanCI - MACC 3.0949 .002

M0<meanCI - MEDA 3.3014 <.001

MHR/V - MACC 2.4176 .015

MHR/V - MEDA 2.6379 .008

MACC - MEDA 0.1424 .887

rate in safety critical scenarios.
Models’ accuracy, sensitivity, specificity, positive predictive value (PPV) and negative predic-

tive value (NPV) support the observations made from the ROC curves and their AUC (Table 4.6).
PPG-extracted heart rate and heart rate variability features were found to be the strongest notifica-
tion perception predictors, yielding an overall model accuracy of 76.1%, 4.5% and 10.2% above
accelerometer- and EDA-based features respectively. Electrodermal activity and wrist-motions
were again found to be the least informative signals when attempting to classify notification per-
ception.

Table 4.6 Trained models classification performance.

Model Accuracy Sensitivity Specificity PPV NPV AUC

M0<MeanCI 0.818 0.841 0.796 0.804 0.833 0.900

MALL 0.773 0.886 0.659 0.722 0.853 0.904

MHR/V 0.761 0.818 0.705 0.735 0.795 0.884

MACC 0.716 0.818 0.614 0.679 0.771 0.736

MEDA 0.659 0.750 0.568 0.635 0.694 0.726
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Fortin et al. previously reported an overall classification accuracy of 61% using a notification
perception prediction model based exclusively on the maximum phasic activity (PhasicMax) of
the skin conductance signal. Through the inclusion and combination of additional physiological
and behavioral signals (MALL and M0<meanCI), we report overall model accuracies of 77.3 and
81.2% respectively. While the models presented in this work seem to significantly outperform
the one presented by Fortin et al., it is important to note that significantly different data collection
conditions, sample size and cross validation techniques were used to produce these results. As
such, we refrain from drawing conclusions from the comparison of their respective classification
performance metrics.

Using only EDA features, our model reached a classification accuracy of 65.9%, marginally
above that reported in the literature. It must be noted that the two models were trained from
data collected in significantly different conditions and were not evaluated using the same cross-
validation technique (LOSO CV vs 10% hold out). On the one hand, an increase in performance
is expected when a model is trained and evaluated from samples originating from a same sub-
ject. On the other hand, a decrease in classification accuracy is typically observed when taking a
system outside of laboratory conditions. This is typically due to an increase in noise and motion
artefacts contaminating the sensor data. Considering the possible influence of these methodolog-
ical discrepancies, we believe the difference in model performance is not sufficiently large to
claim that the inclusion of more EDA-related features is beneficial to the notification perception
prediction problem. We instead find it extremely promising for the proposed technique that above
chance classification performance was observed both in and outside of laboratory conditions.

The results presented in this work have serious implications for future applications of the
proposed notification perception confirmation technique in both notification research and end-
user applications. The fact that electrodermal activity was found to be the worst signal to predict
notification perception is particularly interesting, as it is also the only signal to require the use
of a dedicated physiological sensor such as the Shimmer3 GSR+. Indeed, most commercially
available smartwatches and fitness trackers are already equipped with an optical heart rate sensor
and accelerometer. We therefore trained a supplementary model, MHR/V+ACC, using only HR,
HRV and accelerometer-based features, to explore how such notification perception classification
technique could perform given today’s device constraints. An overall classification accuracy of
0.773, sensitivity of 0.818, specificity of 0.727 and area under the ROC curve of 0.909 were
observed. Promisingly, this last model performs practically as well as MALL, with a slightly lower
sensitivity and higher specificity.
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Through the evaluation and comparison of the different models’ performance, we demon-
strated the value of expanding sensing channels beyond electrodermal activity and confirmed our
research hypothesis stating that the inclusion of heart rate, heart rate variability and accelerom-
eter features would be beneficial to notification perception classification performance. In fact,
we discovered that EDA measurements are not required at all to reach optimal classification
performance. This suggests that it could technically be possible to deploy a notification percep-
tion classification system using optical heart rate sensors and accelerometers already available in
commercially available smartwatches and fitness trackers.

Despite discovering that the EDA signal is not required to reach the best perception classifi-
cation performance, researchers should not refrain from collecting it if they have the opportunity
to do so. Indeed, the notification experience goes far beyond binary perception classification.
Collecting EDA in addition to heart rate, heart rate variability and wrist-motion measurements
provides complementary insights as they are known to capture different perspectives of the par-
ticipants’ autonomic nervous system, behavior and psychophysiological state (Section 4.4.2).

4.5 Limitations

While this paper presents novel findings on the physiological impact of notifications, it suffers
from limitations that need to be acknowledged and addressed in future work.

Data collection for this study was executed amidst a global pandemic. As such, even though
the measurements were made in situ, the fact that participants spent most of their day at home is
not representative of a “normal”, as in pre-COVID, daily amount of physical activity. This may
have allowed the collection of cleaner signals than otherwise would have been possible. Public
health measures and the negative affects caused by the pandemic itself may have also significantly
impacted participants’ psychological state. Indeed, a recent study by Varma et al. reported that a
large proportion of young adults were experiencing severe stress, anxiety, depression and general
psychological distress since the beginning of the pandemic [45]. This may have changed baseline
levels of physiological signals as well as participants’ response patterns and behaviors. Beyond
its impact on the generalizability of the findings, the pandemic and the public health measures in
place also significantly impacted the participant recruitment and experiment execution process.
While this is beyond the scope of this work, we hypothesize that prospective participants were
much less likely to inquire about participating in the study than for similar experiments in previ-
ous years, potentially due to an increase in perceived risks of virus propagation. In addition, the
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city where the study took place was under an 8 pm to 5 am curfew, which extended the end-to-end
study duration to 3 days, with only one day used for data collection. This may have negatively
influenced the perceived value of the monetary compensation for participants, further impeding
the recruitment process. As such, this paper reports on physiological data collected from only 6
individuals. Even though we believe we have collected a sufficient amount of notifications to con-
duct meaningful statistical analyses, the results cannot be generalized to the global population.
This is particularly true given the limited age range of participants.

Measurements were collected over a period of approximately 8 hours. The decision to collect
data over a single versus multiple days or weeks stemmed from the complexity for participants
to repeatedly adequately position the physiological sensor, as well as limitations of the sensor’s
battery life and smartphones’ storage capacity. The short duration of the study means that the re-
sults cannot capture physiological changes happening across all of representative daily activities
or the impact of psychological states experienced over longer time frames (i.e., weeks, months,
years). Different activities come with varying levels of user engagement and cognitive load that
directly impact participants’ physiological state [18]. In this work user activities were collected
using a daily activity log, but were not analyzed because breaking down physiological responses
between different activities would have been slicing the data too thin to conduct a meaningful
analysis. Despite the small sample size, we believe the amount of notifications collected is suffi-
cient to demonstrate the potential benefits brought forward by the proposed notification research
methodology.

Even though they were instructed to set their smartphone to a non-silent ringer mode and
to keep it close to them at all time, it is possible that some notifications were not perceived by
participants. For example, they may have been fully immersed in a primary activity and not
feel or hear a notification. Alternatively, listening to music, watching a video or engaging in
other sensory activities might have masked the signals. Regardless of the reason, false positive
notifications are a possibility and they directly reduce the power of our analyses and classification
models by introducing data points where no practically meaningful or even completely opposite
changes in physiological changes occurred. That being said, we believe that this is a small price to
pay in comparison to the risk of contaminating physiological signals with experimentally induced
responses, i.e., press of a button when a notification is perceived.

Finally, being the first researchers to study the physiological impact of notifications in situ,
we made the conscious decision to report on a large number of physiological features with the
intent to document the observed responses as broadly as possible and to offer a reference point
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for future physiologicals-based notification research. Typically, psychology, affective and physi-
ological computing researchers would only measure and report on features that are known to be
strong indices of the psychological construct they are investigating. Due to the large numbers of
statistical tests used, we applied the Bonferroni-Holm method to attenuate risks of type I errors.
In doing so, it is possible that type II errors were introduced. We therefore strongly encourage
readers interested in employing these findings to inform their own research to carefully consider
the 95% confidence interval on the true distribution mean and Cohen’s d for each feature to better
understand the magnitude of the effect and its variability.

4.6 Conclusion

This paper introduced a novel notification research methodology combining application-based
notification logging with the passive collection of physiological signals. In an full day in situ

study, this methodology was employed to demonstrate for the first time that the perception of
smartphone notifications causes a deceleration of heart rate and a decrease in heart rate vari-
ability features. In addition, we were able to fully replicate the previously reported increase in
phasic electrodermal activity following the presentation of a notification [9] outside of laboratory
conditions. Beyond physiological signals, we reported the first evidence of the impact of notifi-
cation disruption on users’ wrist motion, without control over participants’ activities or reliance
on subjective self-reports typically used in the literature.

The notification perception classification system previously introduced by Fortin et al. was
extended with heart rate, heart rate variability and wrist-motion measurements. In doing so,
the performance benefits of supplementary physiological and behavioral channels were demon-
strated and PPG-based features were identified as the single best channel to consider for this
classification problem. Even though it has not yet been validated, these findings suggest that
such perception confirmation system could potentially be deployed using today’s commercially
available smartwatches and fitness trackers, which are largely equipped with optical heart rate
sensors and accelerometers.
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Preface to Chapter 5:

As outlined in previous chapters, a major impediment to the collection of physiological signals
in situ and the deployment of the systems based on physiological signals, such as SweatSponse,
is the complexity of collecting high quality biosignals in uncontrolled environments. Indeed,
many factors are known to influence the quality of contact-based physiological measurements
including how tightly a sensor is pressed against the skin, and its position on the body. For
optimal performance, such devices need to be firmly coupled, yet also remain comfortable when
worn for extended periods of time.

This chapter presents design considerations and a proof of concept for a novel technique that
enables wearables equipped with an optical heart rate sensor to estimate the contact force between
the sensor and its user’s skin. Initial tests indicate that the proposed method can estimate contact
force as accurately as a force sensitive resistor (FSR), without the increased system complexity
that typically accompanies discrete force sensing hardware.

Considering the wide availability of optical heart rate sensors in consumer and medical de-
vices, the proposed force estimation technique has the potential to significantly enhance physi-
ological signal quality by tightly monitoring coupling properties known to negatively influence
measurements.

Contributions of Authors:

Pascal E. Fortin was the primary author of this paper, was responsible for the ideation, design and
execution of the data collection apparatus, experiment and data analysis. Jeffrey R. Blum was
co-author, he contributed to the ideation, experiment design and paper editing. Antoine Weill–
Duflos edited the manuscript. Prof. Jeremy R. Cooperstock was co-author and supervised the
research.
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Abstract

Commercial smartwatches and fitness trackers are integrating increasingly advanced physiologi-
cal sensors. For optimal performance, such devices need to be firmly coupled to the body, yet also
remain comfortable when worn for extended periods of time. Existing solutions for measuring
the contact force in order to ensure it is in an optimal tightness range typically depend on direct
force measurement, but this adds hardware, and therefore cost, to the devices. This paper presents
a novel method for estimating contact force by using only an optical heart rate sensor, as already
found in many wearable devices. Initial tests indicate that the proposed method can estimate
contact force with a mean absolute error of 0.36N, on par with FSRs. This new approach has the
potential to expand the utility of existing sensors for both researchers and end-users, with antic-
ipated applications not only in optimizing physiological sensing, but also in haptic information
delivery.

5.1 Introduction

Modern wearables are equipped with an array of sensing hardware. Yet, if a device is not worn
adequately tightly, sensor performance can deteriorate enough to become unusable. Both end-
users, who desire the best value out of their devices’ physiological sensing, as well as scientists,
who need repeatable data collection conditions, stand to gain from consistent wearable tightness.
However, without objective guidance, relying on either of these user groups to choose a subjective
“reasonable” strap tightness for coupling is unlikely to yield optimal results.

Alternatives to such subjective coupling guidelines necessarily require a means to measure
or estimate the contact force between a device and the user’s skin. While we acknowledge the
value of a dedicated force and/or pressure sensor in a wearable device [1, 2], these components
increase a system’s complexity and cost. This work therefore focuses on solutions that allow
indirect estimation of contact force by using sensors that are already embedded in commercially
available smartwatches and fitness trackers, and thus does not require additional electronics or
hardware modifications.

There is little literature concerning such an approach. One relevant example of indirect force
sensing proposed to use a smartphone’s accelerometer in combination with its vibration actuator
to estimate contact force by measuring the damping of a vibrotactile stimulus [3]. In this case,
tighter coupling decreases vibrotactile amplitude and modifies the frequency spectrum. Despite
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the fact that this approach was proven effective and could be implemented on a wearable platform,
activating the vibration motor solely to determine coupling may annoy the wearer and reduces
battery life.

Fig. 5.1 Increased contact force compresses the tissues, blood vessels and corre-
spondingly modifies the reflected light’s properties.

5.2 Sensing Principles

As a less disruptive approach, we instead turn our attention to the optical heart rate sensor.
Promisingly for our use case, the accuracy of optical heart rate sensors is known to be sensi-
tive to how tightly they are pressed against the skin. Indeed, if too loosely coupled, the pulsatile
component of the signal may become negligible in comparison with the attenuation caused by the
soft tissues’ thickness [4, 5]. In addition, parasitic light may saturate the light sensor, or otherwise
degrade the signal. Alternatively, excessive contact force leads to vasoconstriction [4, 5], which
also limits the PPG sensor’s ability to accurately extract meaningful information from the raw
signals (Figure 5.1). Further, [4] and [5] have both experimentally demonstrated that changes in
contact force between a PPG sensor and the skin result in significant differences in the AC and
DC amplitudes of the PPG waveform. Our approach therefore proposes to quantify these changes
in raw PPG signal properties in order to estimate the normal force applied between the sensor and
the body.



5.3 Data collection 81

5.3 Data collection

Given the scarcity of the literature on the impact of contact force on PPG waveform properties,
we conducted an experiment to explore PPG features beyond amplitude, and determine their
potential for estimating skin coupling.

5.3.1 Apparatus

A custom data collection apparatus (Figure 5.2) was designed based on a publicly available
3D-printed vise model.1 Two identical sensor modules measure PPG signals at the wrist and
index fingertip (Pulse Sensor, World Famous Electronics llc). A 500 g rated miniature load
cell (TAL221, HT Sensor Technology Co.), amplified by a HX711-based module (SEN-13879,
Sparkfun Electronics), measures contact force. All sensor data are acquired using an Arduino
Nano V3 microcontroller development board.

Fig. 5.2 Data collection apparatus and wrist placement.

5.3.2 Methodology

We expect that any factor that influences the ability to make accurate heart rate measurements,
e.g., skin color, body fat, and skin hairiness [6] has an effect on raw PPG traces. Furthermore,

1‘‘Yet ANOTHER Machine Vise’’ by TheGoofy, https://www.thingiverse.com/thing:2794662
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we hypothesized that the analysis of the signal may be impacted by the heart rate itself. For
example, when using a fixed window size during signal processing, different heart rates could
result in different features being captured within each window, e.g., the number of heartbeat
cycles in each frame modifies the distribution of the extracted features.

Typically, running multiple participants would address these potential factors as independent
variables. Unfortunately, due to the enforcement of country-wide self-isolation measures,2 the
research team only received permission from the university’s research ethics board for one of
the co-authors (male, 28 years old, right handed, pale Caucasian skin tone) to self-administer
the data collection protocol. Given these constraints, the protocol was modified to collect data
at different heart rates and alternate between left and right wrists, as described in detail below.
We fully acknowledge that data from a single participant limits the generalizability of the results.
However, we contend that the findings would be sufficient to demonstrate the viability of the
proposed sensing approach, with the caveat that we cannot say how the models may need to
change on a per-user basis without further data collection.

The participant first secured the PPG sensor to his index finger. He then positioned his arm
such that it was in contact with the fixed side of the apparatus and that his ulnar styloid process
was pressed against the outer wall of the vise (Figure 5.2). An adjustment screw was used to set
the sensor’s position, and thus control the force applied.

Inspired by prior work from Teng and Zhang [4], PPG measurements were acquired at con-
tact forces ranging from 0 (no contact but almost touching) to 2.6 N in increments of 0.2 N (14
levels). PPG measurements were sampled at each level for approximately 30 seconds. Sampling
was performed in an ascending then descending contact force sequence for a total of 28 trials per
session. Knowing that mean heart rate varies significantly throughout the day [7], seven measure-
ment sessions were held at 7:30, 9:00, 11:30, 13:00, 15:30, 17:00 and 18:30 in order to introduce
variability in the collected physiological signals. Each 11:30, 15:30 and 18:30 measurement ses-
sion was immediately preceded by 2 minutes of jumping jacks to further modify the participant’s
heart rate.

5.3.3 Feature Extraction

Typically, the raw PPG signal would be pre-processed to attenuate artifacts and facilitate extrac-
tion of information of interest, e.g., heart rate. However, since our objective is to determine how

2https://en.wikipedia.org/wiki/2019%E2%80%9320_coronavirus_pandemic

https://en.wikipedia.org/wiki/2019%E2%80%9320_coronavirus_pandemic


5.4 Data set Description 83

Table 5.1 Features extracted from raw wrist PPG signal. Bold font indicates that
the predictor is included in the final model.

Feature Reference

Mean, Kurtosis [8–11]
Variance, Skewness [8–10]
Standard Deviation [8, 9, 11]
Energy, Approximate entropy, Maximum slope, Singular value decomposition
(SVD), Sym8 wavelet transform energy at levels 1-9 (level 4)

[8]

Maximum, Minimum [11]
1st to 4th statistical moment (3rd moment), 1st to 4th statistical moment (freq.
domain)

[10]

Entropy, Median frequency [9, 10]
Median, Root mean square, Inter-quartile interval, Total spectral power (0-10 Hz),
Relative spectral power (0-10 Hz), Peak amplitude (0-10 Hz), Mean of 1st deriva-
tive, Standard deviation of 1st derivative

[9]

Number of median crossings, Power spectral density at 1, 3, 5, 7, 9, 13, 17, 21 and
29 Hz (7 Hz), Coefficients from 3rd order AR model, Number of median crossings
of the instantaneous frequency

[12]

coupling affects the raw signal, we instead preserve the artifacts by not performing any such
signal treatment.

A set of 55 feature candidates was taken from the PPG classification and automated artifact
detection literature (Table 5.1). After downsampling the signal uniformly to 256 Hz, all features
were extracted from a 0.5 s window that was moved in steps of 0.25 s over each trial’s PPG
recordings. Force measurements were averaged within each window to provide a single estimate
of contact force.

5.4 Data set Description

A total of 50836 data points were collected from 14 measurement sessions. Measurements were
generally evenly split across conditions, with 43.9% acquired following physical activity and
51.8% collected from the left wrist. Finger PPG signal clipping was observed in two sessions
(18:30, left wrist following exercise, and 17:00, right wrist). Two replacement sessions were
conducted under identical conditions on a subsequent day.
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5.5 Contact Force Estimation

To estimate contact force from the wrist-based PPG signal, a bagged tree model was selected for
its generally strong predictive ability (Matlab 2020a, “Optimizable ensemble” method). In an
effort to reduce computational load while maintaining most of the predictive power, the minimal
viable number of predictors was found by sequentially training models that included an increas-
ingly large subset of features from Table 5.1. Step forward feature selection was used at each
iteration to determine the set of predictor variables to use in each model. The process stopped
when the RMSE dropped by less than 1% from that of the previous iteration. See Table 5.1 for
the four selected features.
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Fig. 5.3 Visual comparison of measured and predicted forces across the measure-
ment sessions. Sensor saturation visibly begins at approximately 1.5 N.

As a reasonable compromise between noise reduction and latency of the output, a moving
average was applied, using a 5 s window, to the force estimates. As indicators of our technique’s
performance, mean absolute errors (MAE) and root mean square errors (RMSE) of 0.36 N and
0.44 N were observed respectively. These two metrics, along with an r² of 0.67, suggest that the
goodness of fit is moderate, and hints that other explanatory variables could be included in the
model to more thoroughly explain the variance in the data. Inspection of the model’s predictions
(Figure 5.3 and 5.4) suggests that it most accurately predicts forces under 1.5 N, the point from
the output begins to saturate.
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5.6 Discussion and Limitations

While the use of a sensor that is already available in commercial wearables makes the proposed
approach an appealing alternative to load cells, its current MAE of 0.36 N cannot compete with
the precision and accuracy of the latter. However, based on these initial tests, the performance
of our technique is comparable to that of Force Sensitive Resistors (FSR), which can deviate
by up to 25% from a reference force 3. Thus, for studies conducted in laboratory settings that
require accurate and repeatable contact force measurements, the authors advise against the use
of the proposed approach. However, for cases where researchers have traditionally relied on
a subjective “tight yet comfortable” coupling approach [13], or in-the-wild research where the
use of custom wearable prototypes can pose significant technical challenges [14], our method
provides a simple solution that allows better tightness consistency, increasing the likelihood of
collecting high quality data.

The data used in this work were collected in static conditions using a vise mechanism and do

3Interlink Electronics, FSR Force Sensing Resistor Integration Guide and Evaluation Parts Catalog,
https://www.interlinkelectronics.com
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not account for motion artifacts that would be observed when using watch straps or wristbands.
In a mobile setting, different features may better represent the noise in the signal, particularly
when coupling is loose. Under such conditions, we hypothesize that the more significant effect
of motion artifacts would increase our technique’s prediction performance in the 0 to 1.5 N force
range.

5.7 Conclusion

This work introduced a novel wearable contact force estimation system that employs raw optical
heart rate measurements to estimate skin coupling. Promisingly, initial tests found the proposed
method’s force sensing accuracy to be comparable to that of FSRs. However, our solution has the
advantage that it employs hardware that is already embedded in a large number of commercial
wearable devices, ultimately reducing system complexity and overall costs.
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Preface to Chapter 6:

While techniques presented in previous chapters allow for an objective physiology-based assess-
ment of notification perception, certain variables of interest (e.g., number of people around a
user, whether they consider themselves in a public or private space) may not be captured with-
out self-reporting. Mobile experience sampling methods (ESM) are an ensemble of techniques
and tools that allow the collection of subjective information from participants throughout the day
using prompts delivered from a smartphone.

The use of unlock journaling as an extension to existing mobile ESM has already demon-
strated its potential by allowing the collection of more data per day and being perceived as less
intrusive than traditional notification based approaches. This chapter introduces and evaluates
a new unlock journaling mechanism based on fingerprint sensor gestures that is better adapted
to modern authentication methods than existing touchscreen unlock journaling techniques. This
novel self-reporting interface is implemented, alongside touchscreen approaches in an Android
application, allowing the collection of subjective data from users as they unlock their smart-
phones.

This work extends the unlock journaling methods with the first mechanism that is consistent
with fingerprint authentication. Results from a twelve-day user study show that the proposed
method outperforms existing approaches in terms of response compliance, and offers comparable
performance as quantified by its reporting time. Beyond showing the merit of the proposed input
method in terms of raw performance, participants subjectively reported the fingerprint sensor
gesture approach as being less intrusive and preferred it over the other interfaces. By increasing
the accessibility of unlock journaling methods, this work will allow the collection of subjective
data in ecological scenarios which, used alongside our notification perception system, will allow
for a better understanding of the user’s notification experience and context.

Contributions of Authors:

Pascal E. Fortin was the primary author of this paper, was responsible for the ideation and design
of the application. He oversaw the technical implementation of the application, contributed to the
data collection effort and data analysis. Daniel Huang contributed to the technical implementation
of the application and to the data collection effort. Prof. Jeremy R. Cooperstock was co-author
and supervised the research.
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Abstract

Experience Sampling Methods (ESM) allow the timely collection of subjective self-reports that
would otherwise be impossible to measure accurately in ecologically valid scenarios. Recent
work suggests that unlock journaling allowed the collection of more data points per day, was
faster and perceived as being less intrusive by participants than notification-based ESM. This
work extends the unlock journaling field by introducing a novel lockscreen data collection mech-
anism harnessing an increasingly popular authentication mechanism: the fingerprint sensor. Re-
sults collected during a twelve-day user study with fingerprint sensor users show that fingerprint
sensor gesture reporting compares favorably to Slide-to-X approaches. The proposed gestural
interface was subjectively perceived as being the fastest, least intrusive, and overall most pre-
ferred interface, in addition to offering the highest response compliance. By offering a reporting
mechanism better aligned with modern smartphone unlocking habits, this work encourages the
deployment of unlock journaling in the wild.

6.1 Introduction

Experience sampling method (ESM) is a research methodology that uses questionnaires delivered
at fixed times, fixed time intervals, or following specific events, to sample various aspects of the
subject’s experience throughout the day. ESM offers unique insights into the participants’ internal
state as they go about their daily activities, allowing for a better understanding of their context
and motivations. It was adopted by a number of groups in the HCI community, as it was shown
to be effective in the collection of subjective data related to the use and perception of novel
interfaces and technologies [1]. In addition to painting a more externally valid picture of the
user’s experience of a technology than laboratory experiments, the subjective data provided by
ESM, when put in combination with passive sensor monitoring, truly opens the door to practical
machine learning systems that go beyond standardized datasets.

While paper and pen diaries have been used extensively by clinicians and researchers, they are
limited by their introduction of retrospective biases and lack the temporal resolution necessary to
observe behaviors in detail [2]. The spread of mobile technologies has greatly simplified the task
for participants to provide in situ self-reports. This is primarily due to the fact that questionnaires
can be completed faster on mobile interfaces, which are less cumbersome than a paper diary for
users to carry all day [3]. Nevertheless, participant compliance with ESM protocols remains low
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and experiment dropout rates high, mainly because of the significant interruption burden imposed
by having to stop one’s task, complete a sometimes lengthy questionnaire, and return to the task
at hand. [3].

In attempt to reduce the interruption burden experienced by users, Ponnada et al. introduced
and evaluated the use of microinteractions in ESM [4]. Through a longitudinal user study, they
demonstrated that the interruption burden of infrequent but long ESM prompts surpasses that of
frequent, predictably short prompts that can be answered by a single touch interaction. They
found this conclusion to be valid on both smartphone and smartwatch devices.

Tackling the issue from a different angle, a number of projects attempted to identify opti-
mal delivery time for notifications and ESM prompts instead of altering the prompts themselves.
Studies have shown interruption costs to be significantly reduced when delivering information
during breakpoints, i.e., a change in context, task, action or application [5–9], than during high
task engagement states [10]. This knowledge, in addition to the wealth of sensor data avail-
able in modern mobile platforms, was employed to develop context-aware notification systems
that attempt to estimate the optimal time to deliver information in order to minimize interrup-
tion burden [11–14]. As promising as these proposed prediction systems are, they both require
complex prediction algorithms in addition to large amounts of training data. Furthermore, their
performance still needs improvement before they can be widely adopted.

Focusing exclusively on a breakpoint that can easily be recognized with minimal computing
resources, researchers have investigated the use ESM prompts presented during the smartphone
unlocking process, also known as unlock journaling. Indeed, to avoid accidentally triggering un-
desired actions, e.g., initiating a call or sending a message, most smartphones currently require
a swiping gesture to be performed to initiate the unlocking process [15]. Beyond offering this
rudimentary protection, this gesture does not have any practical use, offloading the lack of con-
textual awareness of the device to the users, by requiring them to waste a gesture. As such, prior
literature has put this wasted gesture to work, by collecting data from subjects by requiring them
to end their action on scales or other self-reporting instruments instead of in a random or arbi-
trary position [16–19]. Zhang et al. conducted a thorough analysis of response times, frequency
of reports and perceived intrusiveness of unlock journaling techniques, comparing the Slide-to-X
approach [16, 17] with traditional notification-based ESM. Their results suggested that lock-
screen reporting led to a higher number of self-reports per day and was perceived as less intrusive
than their implementation of a traditional notification-based ESM system. It is hypothesized that
the performance gain associated with the use of unlock journaling can be attributed to:
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1. Double-usage of swiping gesture: by replacing the wasted swiping gesture with one that
lands on a reporting element, scale or grid, unlock journaling interfaces allow the collection
of data, without introducing more touch interactions.

2. High interruptibility: unlock journaling integrates itself in a transition between two tasks
or activities, during which interruptibility was shown to be high.

3. Co-location of the reporting-authentication interface: the user’s finger is already close to,
or on, the screen when they authenticate using their usual method, which reduces the time
needed to complete a report.

Modern authentication techniques, however, do not rely on touch screen interactions to let
users access their device, and thus, are ill-suited to integration with ESM. For example, Apple’s
Face ID and Samsung’s iris scanner technologies only require the user to stare at their device
to unlock it, while fingerprint authentication asks from users to press their finger on the sensor.
Although fingerprint sensors are becoming commonplace, even among budget smartphones, the
value and advantages offered by unlock journaling may no longer hold when they are used for
authentication. Indeed, a user who uses a fingerprint sensor located at the back of the smartphone,
as is increasingly frequent, would have to authenticate by placing their finger on the sensor, and
then move their hand in order to provide input through the touch screen to the self-reporting
interface appearing on the phone.

To adapt the field of unlock journaling to modern authentication techniques, this work intro-
duces a new reporting mechanism that takes advantage of Android’s fingerprint sensor gesture
API to allow co-located fingerprint authentication and self-reporting based on on-screen prompts.
We report here on the results of a twelve-day user study, comparing performance of this report-
ing mechanism with Slide-to-X methods, quantified by the time required to enter data, perceived
intrusiveness, and response compliance.

6.2 Fingerprint Sensor Gesture Interface

We designed an unlock journaling interface using the Android fingerprint gesture API. The inter-
face captures fingerprint gestures applied to the smartphone sensor in order to support data entry
based on an on-screen prompt. Participants respond by performing one of up to four different
single-action gestures to indicate four different levels of a variable (see Figure 6.1)
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Fig. 6.1 Screenshot of the fingerprint sensor gesture interface and example gesture
required to enter ”Very”. The inversion of the swiping gesture is due to it being
applied to the back of the device

The interface appears as soon as users authenticate themselves and disappears immediately
after the user performs a fingerprint sensor gesture. The user can also manually dismiss the
interface by pressing the Android built-in ”Back” or ”Home” button, or the padlock button built
into the reporting interface.

Interestingly from a privacy perspective, the fingerprint sensor gesture API does not grant
access to the fingerprint data itself. Rather, it only returns the direction when a swiping gesture
is detected, independently from any information regarding the owner’s identity.

6.3 User Study

A within-subjects study was designed to compare the performance of the proposed fingerprint
sensor gesture reporting in comparison to Slide-to-X reporting, as introduced in prior work [16,
17]. Following one of the scenarios used by Zhang et al. [17], the study was framed as a sleepiness
tracking activity.
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6.3.1 Recruitment

Recruitment was achieved using a combination of internal mailing lists, posts on official univer-
sity community Facebook pages and the university’s student society classified ads. To be eligible,
participants had to be active users of an Android O (or more recent) smartphone equipped with a
fingerprint sensor on the back of their device. Use of the sensor for device unlocking was not an
inclusion criterion for the study.

It was discovered during the pilot study that only a small subset of Android O phones,
equipped with a fingerprint sensor would respond as per the Android documentation to finger-
print sensor gesture function calls. Therefore, participants were asked to submit their smartphone
brand and models for a screening before the initial meeting.

6.3.2 Technical Framework

Fig. 6.2 Screenshot of the Slide-to-X interface and example gesture required to
enter ”Very”.

In order to provide a common point of comparison, a Slide-to-X interface replicating a unidi-
mensional ordinal data reporting example from Zhang et al. [17] was adapted and implemented
(see Figure 6.2).
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With the Slide-to-X before unlock (SXBEF) approach, the sequence of actions required for
users to unlock their device is the following:

1. Press home/unlock/power button

2. Enter self-report by sliding a marker or finger to the rating item

3. Authenticate using usual mechanism

However, this sequence of actions differs from that experienced when using fingerprint sensor
gesture reporting (FG) and identification:

1. Apply finger on fingerprint sensor to authenticate

2. Enter self-report by swiping finger on sensor

Consequently, a third self-reporting interface (SXAFT) was included in the study, in order to
employ the same sequence of actions as fingerprint reporting, but with the Slide-to-X interface,
i.e., authenticate and then enter self-report, as used for on-screen methods. This third condition
should offer insights into the importance of the order of actions when implementing unlock jour-
naling interfaces. More precisely, it is hypothesized that since users have already unlocked their
device, they would want to be able to engage in their regular activities immediately, as opposed
to being stopped by the reporting interface. This could have the effect of allowing the collection
of less data points than Slide-to-X before unlock due to its position in the smartphone unlocking
sequence.

6.3.3 Protocol

Participants were welcomed with a brief information session about the project. After reading
and signing the institutionally approved consent form, they were administered a pre-experiment
questionnaire aimed at understanding their prior experience with self-tracking instruments and
smartphone unlocking mechanisms (e.g., pin, pattern, fingerprint sensor, face ID).

The experiment application was then installed on the participants’ smartphones. Time was
taken to familiarize them with the three reporting interfaces and ensure that they knew basic
troubleshooting procedures for the application.

Participants left the laboratory and used the application for twelve (12) consecutive days,
starting on the day following the initial meeting. Each interface was presented for two consecutive
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days in the first and second half of the study. The presentation order of each condition was
randomized within each half (e.g., 1) FG, FG, SXAFT, SXAFT, SXBEF, SXBEF, 2) SXAFT,
SXAFT, FG, FG, SXBEF, SXBEF). The application was set to automatically change to the next
reporting interface in the sequence every two days. Every morning, a notification was delivered to
remind the participants of the interface used on that day to minimize confusion due to the different
reporting interface. Participants were asked to use an authentication method that was aligned with
the self-reporting interface used on that given day, i.e., if the day’s mode was SXBEF, the user
was told to make sure to use an on-screen authentication mechanism (no security, PIN or pattern).
The authentication mode had to be changed manually by participants, since the Android operating
system does not allow applications to make modifications to security related mechanisms.

6.3.4 Measurements

The experiment application records to a local log the participants’ entries and response times
through the reporting interface, as well as the self-reporting mechanism used for each event.
In order to ascertain the subjects’ perception of each journaling interface, a short questionnaire
was presented at the end of each day at a time selected during the initial meeting. Participants
were asked to rate the perceived intrusiveness of that day’s interface using a Likert scale (1-not
intrusive at all to 5-extremely intrusive). Following the completion of each daily questionnaire,
the log file was transferred to the cloud for subsequent analysis.

We considered the following measurements employed by Zhang et al. for the purpose of
evaluating and comparing the three self-reporting interfaces:

1. Response time: The time elapsed between the presentation of the interface and the com-
pletion of a self-report or interface dismissal.

2. Intrusiveness: Perceived intrusiveness of the reporting interfaces as measured using daily
questionnaires.

3. Frequency: Number of self-reports entered per hour

Since all reporting interfaces are relying on device unlocking, it is expected that frequency
will not vary significantly between interfaces for an individual subject. As such, we introduce
a new metric: response compliance, mathematically expressed as Nentry/(Nentry + Ndismiss), where
Nentry is the number of time a data point was entered and Ndismiss is the number of times the in-
terface was dismissed within the same time period. This metric is thought to be representative of
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how often users decide to enter a data point instead of dismissing the interface. A response com-
pliance of 1 suggests that the interface never dismissed, and conversely, a value that approaches
0 indicates a high interface dismissal rate.

A post-experiment questionnaire was also employed to collect more information on their
perception of the different interfaces at the end of the twelve-day period. More specifically, it
asked participants to identify which interface they found to be fastest, most error-prone, most
intrusive, least intrusive, and preferred overall.

6.3.5 Hypotheses

Based on the prior literature on experience sampling methods and unlock journaling, the follow-
ing hypotheses were formulated:

• H1: Because of the hypothesized smaller movement amplitude to enter a rating, and the
co-location of the unlocking and rating instruments, fingerprint gestures are anticipated to
require less time on average to enter a self-report than either of the Slide-to-X approaches.

• H2: Assuming H1 is confirmed, fingerprint gestures should be perceived as less-intrusive
than Slide-to-X methods, as reflected in participants’ daily questionnaire entries.

• H3: The frequency of ratings should not vary significantly between self-reporting methods
because of the anticipated participants’ regular usage patterns. However, response com-
pliance will be higher with the fingerprint gesture than Slide-to-X methods because of its
anticipated shorter completion time and lower perceived intrusiveness.

In addition, since participants were instructed to use an authentication mechanism that was
appropriate for each self-reporting interface, we anticipate significant interaction between the
self-reporting interfaces and participants’ usual unlocking mechanisms on all measurements. For
example, PIN-users might rate fingerprint gestures as being more intrusive and require more time
to complete self-reports since they are not initially used to placing their finger on the sensor to
unlock their device.

6.4 Participants

In total, ten subjects (8M/2F) 20 to 38 years old, x = 25.2 participated in this tiredness tracking
study. Half of the subjects reported being currently engaged in some form of automated self-
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tracking activities (e.g., step counting or heart-rate tracking).
Even though recruitment was not specifically targeting fingerprint sensor users, 100% of sub-

jects reported using this as their main authentication mode. This prevalence, even on a small
sample size, suggests that users of smartphone equipped with a fingerprint sensor might be more
likely to use this authentication mechanism than touch-screen based methods. Given the homo-
geneity of default authentication mode by our recruited subjects, we were precluded from carry-
ing out the planned analysis of the interaction between subject’s usual authentication mechanisms
and the metrics employed in this study.

6.5 Results

6.5.1 Technical issues

During the study, certain smartphone models caused the interface to fail to change automatically
every two days. This problem could not be replicated on the experimenters’ devices. Neverthe-
less, the number of time a particular reporting interface was presented is approximately balanced
(x = 1643, σ = 106.7). Out of caution, the predictive ability of the number of days spent in each
condition on the perceived interface speed, error-proneness, intrusiveness and overall interface
preference was explored using multinomial logistic regression analyses. With the exception of
error-proneness, the time spent in each condition was not found to be a statistically significant
predictor of the data collected as part of the post-experiment questionnaire. As such, and even
though correlation does not equal causation, this measurement will not be used as part of the
discussion of the results.

6.5.2 H1: Response time

Some participants’ devices were configured such that their screen would not automatically turn
off when plugged in. This resulted in the self-reporting interfaces being displayed for extended
periods of time (e.g., hours) without data being entered. To prevent these outliers from skewing
the data set, response times exceeding two standard deviations over the mean were not considered
for analysis.

Table 6.1 presents summary statistics of the response times observed for each interface. A
within-subjects ANOVA was used to investigate the difference between the average response time
in each reporting interface. No main effects of the self-reporting interface was noted on response
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Table 6.1 Response times for each interface
Response time (ms)

Interface Mean Standard Deviation
FG 2419 1563
SXBEF 2570 1803
SXAFT 2361 1714
Aggregated 2451 1702

time, suggesting that FG does not outperforms Slide-to-X methods when it comes to response
time alone. These quantitative findings reject our first research hypothesis (H1) that predicted a
shorter response time for fingerprint gestures than for Slide-to-X methods.

On the other hand, data collected in the post-experiment questionnaire reveals that 90% of
participants perceived the FG condition as being the fastest of all three tested interfaces. The fact
that it was perceived as being the fastest is arguably more important, as it is the user’s perception
of the system that would influence its adoption and compliance with the data collection procedure.

6.5.3 H2: Perceived Intrusiveness

A within subjects ANOVA was used to compare the influence of the reporting interface on the per-
ceived intrusiveness as reflected by the subjective data collected using daily questionnaires. Since
participant 10 did not complete any of the four daily questionnaires for one of the experimental
conditions, this individual’s data is not considered for this part of the analysis. A statistically
significant main effect of the reporting interface on the perceived intrusiveness was observed
(F(2,16)=4.36, p< .05). To understand where the observed difference resides, multiple compar-
isons were computed using Tukey’s HSD test, correcting p-values using the Bonferonni-Holm
method. A statistically significant difference in perceived intrusiveness was observed between
FG and SXBEF (p< .05). However, no significant differences were observed between fingerprint
sensor gestures and the Slide-to-X after unlock mode, and between the two Slide-to-X meth-
ods (see Figure 6.3). These results suggest that fingerprint sensor gesture reporting compares
favorably to the Slide-to-X method before unlock proposed by Truong et al. [16] and Zhang et
al. [17]. Data collected using the post-experiment questionnaire supports this claim. Indeed, 80%
of subjects selected FG as being the least intrusive of the three interfaces used.

These results partially confirm our second research hypothesis (H2) that predicted less over-
all perceived intrusiveness for fingerprint gesture reporting interface than for both Slide-to-X
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Fig. 6.3 Perceived intrusiveness as reported by the daily questionnaires for each
mode

methods.

6.5.4 H3: Frequency & Response Compliance

As predicted in Section 6.3.4, a within subjects ANOVA showed that the frequency of hourly
reports did not change significantly based on the reporting mode used for each subject.

However, a significant main effect of the reporting interface on response compliance was
observed (F(2,708)=409.3, p< .0001). Indeed, a multiple comparisons test revealed that FG
statistically significantly outperformed both SXAFT (p< .0001) and SXBEF (p< .0001). A
statistically significant difference was also observed between both Slide-to-X methods (p< .05).

These finding allow us to confirm our third hypothesis (H3), stating that the response fre-
quency would not vary significantly across reporting interfaces based on their common reliance
on smartphone unlocking, and that FG’s response compliance would be superior to that of other
interfaces.

6.5.5 Overall preference

While no formal research hypothesis was associated with the users’ interface preference, finger-
print gesture reporting was selected as the overall preferred interface by eight of ten participants,
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Fig. 6.4 Response compliance for each of the self-reporting interfaces.

with both Slide-to-X modes receiving only one vote each. However, this result should be viewed
with suspicion since all the participants used fingerprint authentication as their default unlocking
mechanism.

6.5.6 Journaling Before or After Unlocking the Device?

With the exception of response compliance, no statistically significant differences were observed
between the two Slide-to-X interfaces. These results go against our working hypothesis that SX-
AFT would perform worst by all measures. Rather, they suggest that the performance advantages
reported by Zhang et al. [17] in their comparison of SXBEF against traditional notification-based
ESM may have been due to other factors than the use of the same swiping gesture for unlock-
ing and reporting. Otherwise, we would expect SXBEF to be faster, perceived as less intrusive,
and offer greater response compliance, because it requires the least amount of gestures. The
advantages of unlock journaling methods could instead mainly reside in their presentation at an
ecological time during task transitions, in addition to the co-location of the reporting instruments
and authentication interfaces.
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6.6 Limitations

While the results presented in this paper are promising for the proposed fingerprint gesture
method, two important limitations should be considered.

First, the comparison presented in this paper was limited to the reporting of four discrete el-
ements, a constraint imposed by the Android fingerprint gesture API, which can only recognize
four discrete gestures. This limitation would preclude the application of fingerprint gesture re-
porting in applications requiring the collection of more than four ordinal or nominal elements. It
also makes this approach ill-suited to the reporting of multi-dimensional data such as the pleasure-
arousal space used by Zhang et al. in their study [17]. Such data could be entered using consecu-
tive swipes on the sensor to enter its different components, but doing so would increase response
time, and likely have a steeper learning curve for participants.

Second, as noted previously, all participants were users of fingerprint authentication. This
might have negatively influenced the qualitative and indirectly the quantitative measurements for
both Slide-to-X methods. Nevertheless, we argue that the evaluation and comparison presented in
this paper is representative of the fingerprint sensor gesture reporting interface intended audience.

6.7 Conclusion

This work extends the toolbox of unlock journaling techniques by introducing the use of finger-
print sensor gestures to enter self-reports. Based on results from a twelve-day user study with
fingerprint authentication users, this new reporting mechanism is not only the first to be coher-
ent with fingerprint authentication, our results suggest that it offers better response compliance,
perceived intrusiveness and perceived reporting speed than Slide-to-X methods, and performed
competitively when comparing response time. Unsurprisingly since they were all fingerprint sen-
sor users, the proposed reporting interface was preferred by the majority of subjects over the
current state of the art Slide-to-X approaches which rely on on-screen authentication methods.
While we believe that fingerprint sensor gesture reporting could be employed alongside facial
and iris recognition authentication because of its reliance on phone holding positions that allow
finger placement on the sensor [20], further work is warranted to explore how unlock journaling
techniques can be applied to these contactless authentication methods.
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Chapter 7

Discussion

This thesis presented the first exploration of the use of physiological signals as a means to bet-
ter understand smartphone users’ notification experience. By studying physiological responses to
smartphone users’ perception of their own notifications in and outside of the laboratory, this work
lays the foundations of this new area of research and demonstrates the feasibility of conducting
in situ notification research based on the analysis of physiological signals. Recognizing the limi-
tations of current physiological sensors and psychophysiological inferences, it also proposes two
systems that aim to support the collection of physiological signals and subjective data in the wild.

In addition to its core contributions, the work presented in this thesis made use of creative
methodological approaches that expanded possible notification research directions and circum-
vented logistical limitations imposed by the Covid-19 pandemic. To avoid redundancy with each
chapter’s discussion, this section aims to highlight the process through which these research con-
tributions were obtained, and how it advances notification research methodologies. In addition,
practical recommendations, promising areas of future research as well as non-research applica-
tions of the systems presented in this thesis are discussed.

7.1 Physiologically Informed Notification Research

As introduced in Chapter 2, two main methodological currents exist in notification research. The
passive approach relies on the background observation of participants’ notification interactions to
explore quantitative behavioral research questions, without requiring participants to engage with
data collection instruments (e.g., self-reporting interfaces). The active approach instead uses var-
ious questionnaires delivered after the presentation of a notification or at fixed time intervals to
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explore attitudinal research questions pertaining to participants’ notification perception and expe-
rience. These two methodologies can be employed individually, but are frequently combined to
attempt to draw correlations between behavioral and attitudinal independent variables. Despite
their proven track record, these approaches suffer from limitations that motivated the method-
ological explorations presented in this thesis:

1. By relying on direct notification interactions to determine perception, they do not have the
means to assess whether a notification was actually perceived when it was presented [1].
In addition, it is impossible to determine whether the smartphone interaction used to infer
perception coincidentally followed the presentation of a notification or resulted from it.
Therefore, making a notification perception assumption from smartphone-based actions
may at best lead to the delayed confirmation that a notification was detected, and in the
worst case to the mistaken assumption than an alert was perceived.

2. Subjective self-reports are known to be susceptible to different sources of biases that can
negatively impact data quality (e.g., retrospective bias, demand characteristics). For exam-
ple, knowing that a researcher is studying the impact of notifications on stress, participants
could adapt their responses to match their expectations of what the researcher is seeking,
as opposed to remaining true to their personal experience.

3. The frequent interruption of the self-reporting interfaces can increase the notification vol-
ume, directly influencing the phenomenon that is being measured. Indeed, it is hypothe-
sized that this may further amplify negative affect towards notifications and their perceived
interruption burden.

This thesis makes the argument that recent advances in wearable sensing, affective and phys-
iological computing make possible the use of biosignals as a means to assess users’ experience
of notification, minimizing reliance on subjective self-reports. Towards this objective, Chapters 3
and 4 presented evidence that it is indeed possible to capture significant changes in physiological
signals resulting from notification perception, both in and outside of the laboratory. By demon-
strating that these changes can be employed to classify whether a notification was perceived by a
smartphone user, they also showed that they could be used to support the research and design of
future intelligent, perception-aware notification systems.

Beyond its proof of concept, the interaction-less notification confirmation method introduced
in Chapter 3 and extended in Chapter 4 provides a source of information that was previously
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inaccessible to researchers, and enables the investigation of unexplored research directions. In
their work, Pielot et al. introduced a five-stage model of notification consumption [1]. Based on
their model, a notification can be shown, seen, checked, consumed and finally removed. By their
admission, “shown” events are not considered for analysis in the current notification literature
since researchers do not have the means to know whether the stimulus was actually presented
by a system. For example, an application’s request to post a notification may be blocked by
the operating system or its presentation may fail due to a hardware failure (e.g., broken speaker
or vibration actuator). Similarly, within that framework, unlocking a smartphone or receiving a
notification while the device is unlocked carries the assumption that a notification was “seen”,
limiting the applicability of their model to the visual component of the notifications and neglect-
ing their typical auditory and/or vibrotactile components. Employed within that framework, the
proposed physiologically informed perception confirmation system would not only allow the in-
clusion of “shown” and “seen” events in the analysis, but also extend the model from a visual-only
paradigm to the vibrotactile and auditory modalities, significantly broadening its generalizability.
This new capacity means that the majority of existing research on notification responsivity and
handling [1, 2] could be re-visited to increase its granularity. Breaking down analyses between
perceived and missed notifications will allow researchers to better understand the individual con-
tributions of contextual factors that influence notification responsivity, handling behavior and
ultimately, their impact on participants. For example, while notification attendance time is tradi-
tionally computed as the difference between the time at which an alert is presented and removed,
using the proposed system to confirm that a notification was perceived or missed significantly
changes possible interpretations of longer response times, which in the literature are attributed
to other factors such as the users’ activity, the type of application that generated the notification
and/or its originating contact. In contrast, the approach described in this thesis allows to con-
firm whether a notification was perceived, providing a potential alternative explanation for long
response times.

7.1.1 Practical Recommendations for In Situ Physiological Signals-based Notification
Research

While knowing how to use a physiological sensing platform might be sufficient to conduct lab-
oratory studies, taking the research into the real world requires a thorough understanding of a
device’s sensing principles, how it communicates and logs data, and the different ways it can
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(and will) fail. Building on the experience I acquired working with physiological signals both in
and outside of the laboratory, this subsection presents practical recommendations and information
I would have wanted to know when I first started in this research direction. Many of these tips
are not specific to notification research and physiological signals, but are particularly important
within that research context.

In the lab, environmental conditions are ideal for physiological data collection, e.g., constant
comfortable temperature and humidity level. However, in the wild, participants and equipment
can be exposed to liquids, sudden changes in temperatures and other unpredictable events that can
introduce significant changes in physiological signals [3]. Knowing a sensor’s sensing principles
allows researchers to adequately constrain the conditions in which data can be collected in order
to maximize the quality of the signals and the depth of their analysis. For example, electrodermal
activity is typically acquired by measuring the electrical current resulting from the application of
a fixed voltage between two electrodes in contact with the skin. As such, collecting this signal in
conditions where the electrodes could be exposed to liquids (e.g., shower, rain, snow) is unlikely
to yield consistent skin conductance measurements. It is therefore important for the experimenter
to specify in their participants’ instructions that the electrodes and surrounding skin should not
be exposed to liquids. Another alternative is to collect sensor data in all conditions that are safe
for the participant and sensor, and reject segments that do not meet signal quality criteria. On that
last point, it is important to adjust one’s expectations with regards to the quality of physiological
signals collected in the wild, i.e., what is typically considered poor to passable signal quality in
the lab is essentially the norm when considering data collected in the wild. In Chapter 4, since the
Shimmer3 GSR+ sensor is not waterproof, we requested that participants leave the sensor indoors
if they were leaving their residence during data collection. They were also asked to remove the
device when engaging in activities that would risk exposing the unit to liquids.

The signal quality of practically all physiological sensors depends on robust mechanical cou-
pling with the users’ skin and adequate positioning on the body. In lab studies, experimenters
are typically responsible for attaching and positioning the sensors on participants. With their
experience and understanding of the sensing principles, they know where to position the sensing
elements and how hard they should be pressed against the skin to maximize signal quality. How-
ever, when engaging in in-the-wild research, participants may be responsible for this task. This is
particularly true of studies conducted during the current global pandemic, where the equipment
may be dropped at the participant’s residence without physical contact to minimize risks of virus
propagation. In the study presented in Chapter 4, multiple strategies were successfully employed
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to assist participants in wearing the wearable sensor at the right locations and pressed sufficiently
hard against the skin. First, the equipment package delivered to participants contained detailed
device positioning instructions that included illustrations from different points of view. Figures
were used to communicate where the sensing elements should be placed on the fingers and the
route wires should take between the fingers to reach the main sensing unit. Second, a video
call was scheduled during which the experimenter walked the participant through the process of
putting on the sensor using the instructions and pictures from the equipment package. Third,
feedback was provided on how the sensors were positioned and how tight the sensing elements
should feel. A participant expressed his apprehensions with regards to putting on the sensor cor-
rectly. He later explicitly stated that the detailed instructions and feedback provided made him
feel confident in his abilities to collect data by himself. It is hypothesized that TightHR, intro-
duced in Chapter 5, could have assisted in this last step by autonomatically providing tightness
adjustment recommendations based on its contact force estimation. However, considering the
separate leads for skin conductance and photoplethysmograph sensing elements, doing so would
have only helped for the optical heart rate and heart rate variability estimations.

Using physiological signals for notification research requires tight time synchronization be-
tween participants’ smartphones, on which alerts are presented, and the device to which phys-
iological measurements are logged. The amount of acceptable desynchronization depends on
the physiological signals employed. For example, electroencephalography responses (< 1 sec-
ond) to stimuli take place on a much shorter time frame than that of electrodermal activity (1 to
4 seconds). While such synchronization can be attained between multiple devices in laboratory
conditions using tools such as the Lab Streaming Layer 1, the unpredictable network connectiv-
ity encountered in the wild and variable support for mobile platforms makes using such tools
prohibitively difficult. The most robust solution we found to this problem is to minimize the
total number of devices that need to be synchronized by directly streaming and logging data to
the participants’ smartphone. Using this approach, the Bluetooth connection between the sensor
and smartphone is the only remaining source of consistent de-synchronization and is sufficiently
small to not be problematic.

In laboratory contexts, experiments rarely last longer than two hours and data can be logged
directly to lab-owned high capacity hard drives. Due to the extended data collection period, the
volume of physiological data generated in situ can introduce serious logistical challenges. For
example, in the study presented in Chapter 4, all sensors were sampled at a rate of 64 Hz for

1https://github.com/sccn/labstreaminglayer
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a duration of approximately 8 hours. This resulted in approximately 1.8 GB of sensor data per
measurement session. This volume of data quickly becomes difficult to handle when it needs to
be stored on participants’ personal devices that are often already at capacity, or have to be trans-
mitted using Canada’s prohibitively expensive data plans. The solutions we adopted consisted of
requiring at least 2 GB of free storage on participants’ smartphones as part of the study’s eligibil-
ity criteria, which was verified by an experimenter before starting data collection. In addition, the
application allowed for data compression, which greatly facilitated their submission at the end
of the session. While this was effective and required minimal implementation efforts, compress-
ing the data as it is received, and transmitting it in bulk when the device is connected to a wifi
network, would make better usage of limited resources and reduce the risks of data losses.

Finally, do not forget that the “best” is the enemy of the “good”. Conducting in the wild
research can be extremely challenging, especially if one is used to the rigour and control of
laboratory experiments. Without tight control over participants’ activities, environment, social
interactions and how they wear the physiological sensors throughout the day, ensuring that the
signals being collected are representative of what is intended to be measured is much more com-
plex than in laboratory conditions. That being said, what is lost in control is compensated for
by the increased ecological validity of the findings. Conducting in-the-wild research is the only
way to understand how users truly engage with technology on a daily basis, or in the case of
notification research, how they respond to and are impacted by notifications. Even though the
human-computer interactions community generally understands the value of in-the-wild research,
its limitations and how they impact results, it is important to remember that in the wild studies
involving physiological signals are relatively recent. As such, paper submissions will most likely
be reviewed by peers who are used to conducting research with physiological signals in labo-
ratory conditions. It is therefore crucial to be particularly explicit about the limitations of the
results and to carefully frame the contributions.

7.2 Conducting Research during a Lockdown

The Covid-19 pandemic has disrupted and continues to impede our ability to conduct research
with human participants. Indeed, accessing the laboratory, physically meeting with study sub-
jects, and even exchanging equipment within the research team was either impossible or pro-
hibitively complex for most of 2020. This subsection discusses some of the creative approaches
we adopted to continue our research activities despite these constraints.
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Chapter 5 presented a concrete example of how a laboratory study was adapted to the con-
straints of the pandemic. Traditionally, TightHR would have been developed using data collected
in the lab from a large set of participants to account for differences in factors known to influence
optical heart rate measurements’ accuracy, e.g., baseline heart rate levels, skin tone, body fat and
hairiness. Unfortunately, due to the enforcement of country-wide self-isolation measures,2 the
research team only received permission from the university’s research ethics board for one of the
co-authors to self-administer the data collection protocol. Given these constraints, the methodol-
ogy was modified to attempt to collect data from that single participant under different conditions
so as to increase the variability of the measurements. The intent was to manipulate variables that
are known to have an impact on heart rate in an attempt to increase the measurements’ distribution
spread and increase its similarity to that of a larger study population.

Knowing that mean heart rate varies significantly throughout the day [4], seven measurement
sessions were held each day in order to introduce variability in the collected physiological signals.
In addition, three of those measurement sessions were immediately preceded by two minutes of
jumping jacks to further modify the participant’s heart rate. Data were collected over two days,
alternating between the non-dominant and dominant wrist to vary the sensor placement, and thus,
the blood vessel and tissue topology directly under the sensor.

As per Figure 7.1, our efforts were successful at introducing variability in heart rate between
the different measurement sessions. While whether the distribution obtained is comparable to that
of a larger population remains to be validated, these manipulations were sufficient to demonstrate
the feasibility and promise of the proposed contact force estimation technique.

Even though self-experimentation is generally frowned upon, results from Chapter 5 demon-
strate that it can be used meaningfully in certain scientific inquiries. However, it is important to
note that such methodology cannot be employed if the variables of interest have any subjective
component or could otherwise be biased by the experimenter being aware of the research hypoth-
esis. For example, for the development of SweatSponse, knowledge that physiological responses
were hypothesized to occur after the presentation of a notification could have been sufficient to
amplify or modify the observed signals and make them unusable. Similarly, the subjective or
qualitative evaluation of a system by its creator cannot be considered valid, as it is extremely
difficult to remain objective with regards to one’s own project. A proof of concept for TightHR,
however, was a perfect candidate for such approach. Indeed, both measurements (i.e., contact
force and PPG signal) were purely objective, with little potential for experimenter-introduced

2https://en.wikipedia.org/wiki/2019%E2%80%9320_coronavirus_pandemic

https://en.wikipedia.org/wiki/2019%E2%80%9320_coronavirus_pandemic
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Fig. 7.1 Heart rate distribution at each session time. Differences in means and
overall distributions can be seen across session times, suggesting that efforts to create
variability were successful.

biases. It is also crucial to be honest about the limitations introduced by using such methodology
when reporting the results and fully acknowledge the factors that prevent their generalizability.

The study presented in Chapter 4 was initially designed to be a laboratory extension of the
experiment introduced in Chapter 3. That extended laboratory study was supposed to include
gaze tracking and pupilometry in addition to electrodermal activity, heart rate, heart rate vari-
ability and wrist motion measurements. The intent was to explore the impact of notifications
on these signals, but also how participants’ physiology is affected by the perception of someone

else’s notifications. Measuring responses to someone else’s alerts would have allowed the par-
tial disambiguation of the social relevance and sensory components’ contribution to the observed
physiological responses. Despite spending months preparing for this new study, pandemic-related
public health measures prevented us from engaging in data collection. The experiment design and
the physiological signals to be collected had to be reconsidered for an in situ study. Despite ini-
tially being disappointed by McGill’s slow response with regards to the resumption of research
involving human participants, the shift from a laboratory to an in situ study proved to be a pos-
itive one with regards to the findings. Indeed, even though a more thorough understanding of
the social and sensory components’ contribution to the physiological response would have been
interesting, reporting for the first time on physiological changes induced by the perception of
notifications in situ demonstrated the feasibility of the proposed research methodology.
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7.3 Applications

Three mutually reinforcing systems were introduced in this thesis with the objective of advancing
the state of the art in notification research and engineering. The following subsections briefly
discusses these three systems, how they reinforce one another, and most importantly, envisions
their meaningful application in domains beyond notification research.

7.3.1 SweatSponse

In Chapter 3, SweatSponse, a system aimed at confirming the perception of smartphone notifica-
tions from skin conductance measurements, was introduced. It was later extended in Chapter 4
by including new physiological sensing channels in its perception prediction system, and most
crucially, by demonstrating its performance with data collected outside of laboratory conditions.
To the best of our knowledge, SweatSponse is the first technique that allows the confirmation that
a notification was perceived, after its presentation, without the need for users to interact with any
of their devices (e.g., smartphone, smartwatch or personal computer). While SweatSponse has
not been validated in other domains than notification research, we envision that the physiological
responses on which it is based extend to other application domains.

For instance, physiological signals are already used to assess users’ experience of marketing
materials in laboratory conditions [5]. However, this investigation is often constrained to the
development stage, as opposed to post-deployment. Assuming perfect time synchronization be-
tween users’ devices and digital billboards, in the wild perception confirmation could allow this
perceptual investigation to be extended into consumers’ lives, allowing for the collection of richer,
better contextualized responses. In addition, perception-aware advertisement could open the door
to a new ad pricing scheme. Indeed, whereas web-based advertisements produce revenue based
on the leads or clicks they can generate, their real-world counterparts (e.g., billboards, screens)
are priced based on their location and the estimated number of views. Using SweatSponse, real
world advertisement could operate with a pay-per-perceive pricing scheme, as opposed to broad
assumptions associated with their location.

Finally, SweatSponse could be applied to the problem of emergency signal perception. This
would be particularly beneficial in contexts where users’ ability to sense their environment is
impeded either due to elevated ambient sound or vibration levels, or due to sensory impairments.
For example, older adults living alone or in retirement homes may suffer from sensory impair-
ment that could prevent them from perceiving a smoke or carbon monoxide detector’s alarm. In
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such case, the system could be used to confirm whether the alarm was perceived, allowing for
a change in the modality used to present the signal (e.g., auditory to vibrotactile, or visual) if
needed. In addition, knowledge that a resident has not perceived an alert could be used to allo-
cate first responder personnel more effectively. Similarly, the system could be used in factory
or military settings, where elevated ambient sound levels might mask alerts, to ensure the timely
communication of safety critical information.

7.3.2 TightHR

One of SweatSponse’s most serious limitations is the difficulty associated with collecting high-
quality physiological measurements outside of laboratory conditions. Indeed, participants’ ac-
tivity can introduce significant amounts of motion artefacts in these sensitive signals. While
automated signal processing tools can be used to detect and remove such artefacts, their mod-
els can introduce signal segments that differ from participants’ actual physiology. Ensuring that
participants wear the sensors at the right location and at an adequate tightness for data collec-
tion goes a long way in maximizing data quality and minimizing reliance on techniques that risk
denaturing the signal.

Towards the objective of better controlling device tightness in uncontrolled settings, Chap-
ter 5 introduced TightHR, a technique that uses waveform properties of the raw optical heart
rate sensor, or photoplethysmograph (PPG), to estimate contact force between the sensor and its
user’s skin. While researchers would traditionally rely on vague subjective guidelines (e.g., “tight
yet comfortable” or use a dedicated force sensor (e.g., force sensitive resistor or load cell), this
method allows to estimate contact force with approximately the same precision as a force sensi-
tive resistor, without the need for supplementary dedicated hardware and accompanying electron-
ics. In doing so, TightHR can support researchers conducting laboratory and in the wild studies
based on physiological measurements and haptic perception by better capturing the conditions in
which data was collected.

To be actionable for end-users, a system using TightHR should ideally use the force estima-
tion to present clear feedback and guide them through the tightness adjustment process. Indeed,
without proper guidance, relying on users to choose a subjective “reasonable” strap tightness for
coupling is unlikely to yield optimal and repeatable mechanical properties [?]. As exemplified
in Figure 7.2, TightHR could be integrated in a tightness adjustment recommendation system to
guide users in achieving optimal coupling based on a specific applications’ requirements.
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Fig. 7.2 Visual representation of TightHR used in a tightness recommendation sys-
tem. 1) A user is putting a wearable on. 2) Signals from the optical heart rate sensors
are acquired. 3) Contact force is estimated from the properties of the signal’s wave-
form. 4) Tightness of the band is classified. 5) Feedback is presented to the user who
adjusts the tightness as needed.

If one’s intent is to collect the most accurate heart rate measurements as possible, such a
recommendation system could provide feedback to users, ensuring that the device is worn suf-
ficiently tight to collect optimal photoplethysmograph (PPG) signal, while avoiding the over-
compression of tissues and blood vessels. The exact contact force to which it should be set would
have to be experimentally determined ahead of the deployment and would be dependent on the ap-
plication. If an optical heart rate sensor is located sufficiently close to the measurement site, this
tightness adjustment recommendation could be beneficial to the collection of any contact-based
physiological signal, e.g., skin conductance, surface electromyography and electrocardiography,
particularly for cases where dry electrodes are used. This application of TightHR could enable
better quality physiological parameter estimation in end-user devices (e.g., smartwatches, activity
trackers, smartglasses), but also in ambulatory medical devices.

Another application domain that could benefit from more robust and repeatable coupling is
that of wearable haptic communication. Blum et al. have identified coupling as one of the most
significant challenges to overcome when attempting to conduct haptic research outside of the
laboratory. In the worst case, inadequate coupling can result in users’ completely missing a
haptic signal. However, even if the signal is detected, coupling characteristics are also known
to influence the perceived intensity and properties (e.g., frequency) of vibrations, risking signal
misinterpretation [?]. For commercial devices relying heavily on haptic communication, ensur-
ing that tactile effects are perceived consistently between users and across time can make the
difference between a product’s success and failure.
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7.3.3 Fingerprint Sensor Gesture Reporting Interface

Finally, as outlined by the room for improvement in SweatSponse’s classification performance
and the need to develop a system such as TightHR to increase the quality of physiological mea-
surements, it is important to acknowledge that sensors, physiological or otherwise, cannot always
offer the level of insights and context one would be interested in capturing when conducting re-
search. Beyond the cases where self-reporting would be employed to provide user experience
insights that are inaccessible using sensor data, this research methodology could be applied to
the collection of information that is redundant with that provided by a physiologically informed
system. While measuring a psychological construct using two different methodologies may seem
like a significant experimental overhead, the data obtained explicitly via self-reporting could be
used to correct erroneous inferences, increasing the reliability of the results. On the other hand, a
physiologically informed notification research approach could provide a best estimate for a given
psychological construct even when no self-reports are entered. This mixed method would offer
the advantages of both methodologies (i.e., the validity of explicit self-reports and the objective
implicit insights afforded by psychophysiological analyses), while reducing the potential impact
of their limitations on the results of a study. Furthermore, such an approach would facilitate the
collection of subject-specific labelled data for continuous system refinements with the objective
of reducing its reliance on self-reporting over time.

As an advancement in this methodological space, Chapter 6 introduced a novel gestural inter-
face that embeds itself in the smartphone unlocking process to allow the seamless collection of
subjective self-reports. By employing fingerprint sensor gestures, this work adapted the unlock
journaling concept to an authentication mechanism that is used by an increasingly large number
of smartphone users. In doing so, it enabled its use with a broader audience than was previously
possible, while offering reporting performance and perceived intrusiveness that are directly com-
parable to current state of the art unlock journaling interfaces. Beyond its research application,
this novel unlock journaling interface could be used by “quantified selfers” who are collecting
various types of data about themselves (e.g., mood, tiredness) to better understand how their
environment and behavior influence their physical and mental health [6].



118 References

References

[1] M. Pielot, A. Vradi, and S. Park, “Dismissed!: A Detailed Exploration of How
Mobile Phone Users Handle Push Notifications,” in Proceedings of the 20th International
Conference on Human-Computer Interaction with Mobile Devices and Services, ser.
MobileHCI ’18. New York, NY, USA: ACM, 2018, pp. 3:1—-3:11. [Online]. Available:
http://doi.acm.org/10.1145/3229434.3229445

[2] D. Weber, A. Voit, and N. Henze, “Clear All: A Large-Scale Observational Study on
Mobile Notification Drawers,” in Proceedings of Mensch Und Computer 2019, ser. MuC’19.
New York, NY, USA: Association for Computing Machinery, 2019, pp. 361–372. [Online].
Available: https://doi.org/10.1145/3340764.3340765

[3] W. Boucsein, “Electrodermal activity,” New York, 2012. [Online]. Available: http:
//site.ebrary.com/id/10517958

[4] D. J. Ewing, J. M. Neilson, C. M. Shapiro, J. A. Stewart, and W. Reid, “Twenty four hour
heart rate variability: effects of posture, sleep, and time of day in healthy controls and
comparison with bedside tests of autonomic function in diabetic patients.” Heart, vol. 65,
no. 5, pp. 239–244, 1991. [Online]. Available: https://heart.bmj.com/content/65/5/239

[5] N. Lee, A. J. Broderick, and L. Chamberlain, “What is ‘neuromarketing’? A discussion
and agenda for future research,” International Journal of Psychophysiology, vol. 63, no. 2,
pp. 199–204, 2007. [Online]. Available: https://www.sciencedirect.com/science/article/pii/
S0167876006001073

[6] E. K. Choe, N. B. Lee, B. Lee, W. Pratt, and J. A. Kientz, “Understanding Quantified-Selfers’
Practices in Collecting and Exploring Personal Data,” in Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems, ser. CHI ’14. New York, NY,
USA: Association for Computing Machinery, 2014, pp. 1143–1152. [Online]. Available:
https://doi.org/10.1145/2556288.2557372

http://doi.acm.org/10.1145/3229434.3229445
https://doi.org/10.1145/3340764.3340765
http://site.ebrary.com/id/10517958
http://site.ebrary.com/id/10517958
https://heart.bmj.com/content/65/5/239
https://www.sciencedirect.com/science/article/pii/S0167876006001073
https://www.sciencedirect.com/science/article/pii/S0167876006001073
https://doi.org/10.1145/2556288.2557372


119

Chapter 8

Conclusion

Just like smartphones, notifications are here to stay, whether we like it or not. It is our responsibil-
ity as HCI practitioners and engineers to study and develop technologies to support the research
of their impact and to foster a healthier digital future. To do so, however, the notification research
community needs to go beyond its current research methodologies to better understand the im-
pact of smartphone notifications on users’ psychological and physiological states. Towards this
objective, this thesis explored the physiological impact of notification perception and its applica-
tion to the development of systems aimed at providing unique insights into participants’ internal
state, a perspective that had not yet been explored in the literature.

Through the presentation of novel findings resulting from a combination of laboratory and in

situ studies, this thesis successfully fulfilled the objectives it set for itself in Chapter 1. The obser-
vation of repeatable skin conductance, heart rate, heart rate variability and wrist motion response
patterns following the perception of a notification allows us to conclude that they have a signifi-
cant impact on physiological signals even outside of laboratory conditions. Beyond reporting on
these physiological responses, the promising perception classification performance observed for
SweatSponse and its multi-physiological extension demonstrated that these responses are suffi-
ciently robust to allow their use in the study of notifications’ impact on user’s psychophysiologi-
cal state. Combined, these two significant contributions prove that current wearable physiological
sensing platforms are sufficiently reliable to be employed in situ, and that these measurements
can, and do, provide insights into participants’ psychophysiological state that were previously un-
available to notification researchers. These findings significantly expand the depth and breadth of
possible research questions by offering new methodological opportunities, and by demonstrating
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that perception-aware notification systems could be implemented.
In addition to these fundamental contributions, this thesis introduced two novel systems that

partially address serious methodological limitations of physiologically informed notification re-
search and the current active notification research approaches. The first, TightHR, provides
contact force estimation between an optical heart rate sensor and its user’s skin, offering rich
coupling information that can assist in reliably and robustly putting on wearable physiological
sensors. Furthermore, its exclusive reliance on raw optical heart rate measurements makes this
technique particularly interesting for large scale deployment on existing wearable and medical
devices. The second system takes advantage of fingerprint sensor gesture recognition to allow
users to complete self-reporting tasks during the smartphone unlocking process. In doing so, it
adapted the unlock journaling approach to the reality of fingerprint sensor users, significantly
reducing the perceived intrusiveness of the self-reporting interface while remaining comparable
in terms of reporting performance.

While novel systems were introduced on the basis of the recent observation of physiologi-
cal responses to smartphone notifications, this thesis only scratches the surface of new possible
research directions and end-user applications these inventions enable. Nevertheless, it already un-
veils a realm of research questions that will allow the community to understand more thoroughly
how notifications impact smartphone users:

• Beyond binary perception prediction, is it possible to use physiological responses to noti-
fications to determine how a notification was perceived without the need for self-reports,
e.g., stressful, pleasant, interrupting, exciting?

• Knowing users consume their notifications across a number of devices (e.g., smartwatch,
smartphone, computer), how does the system on which a notification is presented influence
the physiological responses observed?

• Following up on the work that investigated which properties of notifications contributed to
the users’ stress, what are the relative contributions of the social and sensory components
of a notification to its physiological response?

• How are these responses influenced by the experience of problematic smartphone usage
patterns, other potentially relevant psychological constructs (e.g., fear of missing out, self-
consciousness, social anxiety) or even personality traits?
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• Would it be possible to use these physiological changes to anticipate or detect the onset of
problematic smartphone usage patterns?
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