1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Clin Psychol Sci. Author manuscript; available in PMC 2022 February 15.

-, HHS Public Access
«

Published in final edited form as:
Clin Psychol Sci. 2022 January ; 10(1): 3-26. doi:10.1177/21677026211011982.

Digital Technologies for Emotion-Regulation Assessment and
Intervention: A Conceptual Review

Alexandra H. Bettis?, Taylor A. Burke?3, Jacqueline Nesi23, Richard T. Liu*°
Ivanderbilt University Medical Center

2Brown Medical School
SRhode Island Hospital
4Harvard Medical School

SMassachusetts General Hospital

Abstract

The ability to regulate emotions in response to stress is central to healthy development. While
early research in emotion regulation predominantly employed static, self-report measurement, the
past decade has seen a shift in focus toward understanding the dynamic nature of regulation
processes. This is reflected in recent refinements in the definition of emotion regulation, which
emphasize the importance of the ability to flexibly adapt regulation efforts across contexts.

The latest proliferation of digital technologies employed in mental health research offers the
opportunity to capture the state- and context-sensitive nature of emotion regulation. In this
conceptual review, we examine the use of digital technologies (ecological momentary assessment;
wearable and smartphone technology, physical activity, acoustic data, visual data, and geo-
location; smart home technology; virtual reality; social media) in the assessment of emotion
regulation and describe their application to interventions. We also discuss challenges and ethical
considerations, and outline areas for future research.

Overview.

The ways in which individuals regulate emotions are fundamental to health and well-being
across the lifespan. Digital technologies are a central feature of daily life for many children,
adolescents, and adults, and these technologies afford researchers the opportunity to examine
a wide range of emation regulation processes as they unfold in real-time. Despite recent
advancements in digital tools for assessment and intervention, and their potential to provide
new insights into emotion regulation processes, no prior reviews have synthesized existing
research on this topic.
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2200, Nashville, TN 37212.
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Defining emotion regulation.

Definitions of emotion regulation highlight its multi-faceted, dynamic nature. Emotion
regulation refers to the processes by which an individual monitors, evaluates, and changes
emotional responses, with an emphasis on doing so to achieve a specific goal (Gross, 2015;
Gross & Thompson, 2007). Theories of emotion regulation emphasize the fluctuating nature
of this process, and underscore that regulating emotions in response to the environment

is not a static, singular action, but rather an adaptive and ongoing series of behaviors,
cognitions, and physiological responses. Furthermore, the process of regulating emotions
may occur both explicitly and implicitly, and both automatic and controlled processes
contribute to the process of changing or altering an emotional experience (Braunstein

et al., 2017). Different motivations for regulating emotions, including both hedonic and
instrumental motivation, may further influence how and when an individual engages in
regulation efforts (Tamir et al., 2016).

The dynamic nature of emotion regulation is reflected in its evolving definitions, highlighted
both in the Extended Process Model (Gross, 2015) and the Regulatory Flexibility
Framework (Aldao, 2013; Aldao et al., 2015; Bonanno & Burton, 2013). Both models
involve the Jdentification of a situation under which an individual is regulating emotional
responses (e.g., sensitivity to context), the selection of regulatory strategies (e.g., an
individuals’ repertoire of emotion regulation strategies), and the /mplementation of the
selected strategies. These factors constitute an ongoing cycle, which may be modified in
response to feedback over the course of an emotional experience or stressful event (Bonanno
& Burton, 2013; Gross, 2015). The role of flexibility is essential to these theoretical models,
and greater regulatory flexibility is presumed to be positively associated with optimal
psychological outcomes and well-being.

Limits of emotion regulation measurement.

Gaps in our understanding of emation regulation processes are due, in part, to limitations
inherent in utilizing static, self-report or laboratory task-based designs to capture a
state-sensitive process. Systematic narrative and meta-analytic reviews conducted to date
regarding associations between emotion regulation and psychological outcomes provide
insight into how emotion regulation processes have been measured in prior work (Aldao
etal., 2010; Compas et al., 2017; Zimmer-Gembeck & Skinner, 2011). Notably, studies
included in these reviews employ primarily cross-sectional designs, utilize self-report
measures, and emphasize measurement at the strategy selection level — i.e., what type

and how often are specific strategies or domains of strategies used. Self-report measures
are typically bound to a single context (e.g., how do you cope with a specific stressor;
Connor-Smith et al., 2000) or capture no context at all (e.g., how do you generally respond
to emotions; Carver, 2013; Perez et al., 2012). How individuals implement these strategies
flexibly across contexts, including the role of variability in strategy selection, effectiveness
of implementation, and ability to read cues in the environment and modify one’s approach
accordingly, is not well captured by solely self-report questionnaire measures.

Many studies have also incorporated tasks-based measurement to better understand neural
responses during emotionally evocative tasks. For example, a common task-based emotion
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regulation paradigm prompts individuals to employ a specific strategy (e.g., cognitive
reappraisal, Ochsner et al., 2001; distraction or reappraisal, (Bettis et al., 2018; McRae et al.,
2012), choose from a set of strategies (e.g., Sheppes et al., 2011; Sheppes & Gross, 2013;
Sheppes et al., 2014), or select and switch strategies mid-task (Birk & Bonanno, 2016),

and subsequently rate their negative affect. While providing an index of strategy selection,
implementation effectiveness, and/or modification, task-based designs are constrained to a
small and finite range of strategies (e.g., cognitive reappraisal vs. distraction; McRae et al.,
2012; Bettis et al., 2018) which may not represent an individuals’ full repertoire of available
skills. These tasks are further constrained by context, relying on predetermined images or
film clips meant to evoke negative or positive emotions. In summary, these methods have
provided a foundation upon which we now understand how strategies may be effective or
ineffective at the group level; however, incorporating novel methods in emotion regulation
research is needed to better understand the full process of regulation, from understanding
and evaluating context to the implementation and modification of strategies.

Current review.

Digital technology tools are uniquely suited to address the major limitations that have
plagued emotion regulation research. These tools present an opportunity to extend

our understanding of the state-sensitive processes by which individuals effectively or
ineffectively employ emotion regulation strategies in their daily lives. The use of
smartphones, wearables, online social networking platforms, and internet-connected home
devices has increased substantially over the past decade (/nternet/Broadband Fact Sheet.,
2019; Mobile Fact Sheet., 2019; Social Media Fact Sheet., 2019). A growing number

of digital tools such as these, with both active and passive assessment capabilities, may
aid in refining measurement of the specific emotion regulation processes defined in the
Extended Process Model (Gross, 2015) and the Regulatory Flexibility Framework (Aldao,
2013; Aldao et al., 2015; Bonanno & Burton, 2013). Specifically, digital technologies
permit the fine-grained assessment of the contexts under which individuals are employing
regulation strategies, the ways in which they employ or modify these strategies, and the
effectiveness of these strategies across situations and time. Compared to traditional self-
report or experimental approaches, these tools may also better capture both explicit and
implicit regulation efforts as they unfold in daily life. Moreover, leveraging advances in
technology to capture regulation processes will directly inform the development of digitally
delivered interventions for a broad range of mental health problems and may augment
treatment as usual or serve as stand-alone treatments.

The current review aims to provide an overview of the application of digital technologies

to assess emotion regulation, and how these methodologies may be applied to interventions.
We begin by discussing the applications of ecological momentary assessment and passive
sensing technologies to the study of these processes. In our discussion of passive sensing, we
outline particularly promising technologies for emotion regulation assessment, including
wearable, portable (i.e., smartphones, virtual reality), and home devices that assess a

wide range of state-sensitive data (e.g., geolocation, acoustic, visual, social media). We

then discuss the potential for modifying emotion regulation processes through ecological
momentary interventions, just-in-time adaptive interventions, virtual reality programs, and
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the integration of passive sensing tools into intervention work. Finally, we highlight
challenges and future directions for this work.

Throughout this review, we emphasize how these tools may best capture efforts to
downregulate negative emotional experiences, and the ability for these methods to enhance
our understanding of stressful or arousing contexts in which an individual may want or need
to reduce negative emotions, as reducing negative affect is often a focus of mental health
focused interventions. Although emotion regulation research in the context of mental health
has largely focused on reducing negative affect, individuals may choose to upregulate or
downregulate both negative and positive emational states, depending on their motivations
and the context. Therefore, we also briefly discuss applications to positive emotions in
future directions for this work. In this review, we also discuss limitations to currently
available digital tools on their own for assessing emotion regulation processes, including
difficulties parsing the motivation behind a given behavior assessed via passive sensing and
challenges differentiating between various stages of the emotion regulation process. We
focus our review on the potential offered by new digital tools, but we caution readers that
much of this work is preliminary, with limited data on the validity and reliability of these
tools for detecting emotion regulation. Notably, we discuss how maximally to leverage the
potential of these emerging technologies for assessing emotion regulation processes would
require future work in this area to integrate multiple technologies so as to allow each to
contextualize the data derived from the other (e.g., EMA in combination with biological
indices of emotion regulation and acoustic and language data).

Digital Technology for Emotion Regulation Assessment

Ecological momentary assessment.

Ecological momentary assessment (EMA), also referred to as experience sampling, involves
real-time, repeated sampling of an individual’s experiences, including behavior, affect, and
cognition. EMA allows for frequent assessment of constructs of interest in an individual’s
real-world environment, enhancing ecological validity and reducing recall bias (Shiffman et
al., 2008). EMA is typically conducted via repeated surveys administered using smartphone
apps. Sampling may occur at random or specific intervals throughout the day (e.g., every
two hours), may be contingent upon an event occurring (e.g., every time an individual
engages in self-harm), may occur at a single point in the day (e.g., every morning or
evening), or may include a combination of these approaches (for a review on methodological
considerations for EMA in psychological research, see Trull & Ebner-Priemer, 2020).
Experience sampling approaches offer the opportunity to capture each stage of the regulation
process. Repeated sampling of these processes over a period of several days, weeks, or
months provides intensive longitudinal data, which can be used to explore both between and
within-person variation in indices of regulation. Indeed, EMA is ideally suited to capture
state- and context-sensitive explicit emotion regulation processes. Further, with the ubiquity
of smartphone use across the lifespan, the feasibility and acceptability of utilizing these
approaches is high, and offers a promising avenue for translation to real-world, clinical
applications.
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Identification of context.—EMA methods provide opportunities to capture multiple
stages of the emotion regulation process. First, EMA designs allow for the measurement
of the context under which individuals experience and regulate emotions. Within an EMA
survey, participants may be prompted to report on various indices of context, including
their current affective state, whether a life event or stressor has occurred in a specific time
frame, who they are with, where they are located, and/or what activities they are engaging
in at the moment. Ratings across these features of the environment can provide a rich
source of information regarding how and when individuals are using specific regulatory
strategies, and may inform when to deliver in-the-moment interventions. A number of
studies have utilized EMA to assess regulation in the context of stress (e.g., Connolly &
Alloy, 2017; Goldschmidt et al., 2014). Studies may restrict assessment to the context of
a recent stressor (e.g., discrimination experiences, Livingston et al., 2017) or ask about
regulation without a specific stressor context (Daniel et al., 2019). Research using EMA
has also highlighted the importance of the social context — or how engaging in regulation
with another person, including caregivers or peers, may influence psychological outcomes
(Silk, 2019; Waller et al., 2014). For example, to directly test the influence of social context,
Aldrich and colleagues (2019) conducted an EMA study in a sample of adolescents and
measured co-rumination, or how often youth engage in excessive discussions of problems
with others. Results showed that engaging in co-rumination predicted later rumination
without others present, suggesting that the social context in which individuals’ engage in
regulatory strategies may influence later strategy selection (Aldrich et al., 2019).

Strategy selection.—Experience sampling designs also permit the study of what
strategies individuals select to manage distress in their daily lives. To date, studies have
primarily assessed strategy use by asking individuals to report what emotion regulation
strategies they have employed over the course of a specified time period (e.g., right now,

in the past hour) or in response to a specified event from a predetermined list of strategies
(e.g., Burr et al., 2020; Tan et al., 2012; Stone et al., 2019; Short et al., 2018). Repeated
assessment of emotion regulation strategy selection allows for the exploration of both
variability in the use of a single strategy and variability in the selection of different emotion
regulation strategies over time (Blanke et al., 2020; Dixon-Gordon et al., 2015), directly
testing the theory that a greater repertoire of strategies and/or higher variability in strategy
use are optimal for health and well-being. In support of theories purporting the importance
of regulatory flexibility, a 21-day EMA study examined emotion regulation repertoire,
prompting participants to rate the frequency with which they used 10 emotion regulation
strategies several times throughout the day. Notably, individuals with more diverse emotion
regulation profiles who engaged primarily in active regulation strategies reported lower
negative affect (Grommisch et al., 2020).

Implementation effectiveness and modification.—Finally, strategy implementation
effectiveness can also be explored via EMA methods. Perceived effectiveness may be
examined by directly asking participants whether a given strategy helped or changed

how they felt (e.g., Daniel et al., 2019) or may be deduced from negative affect ratings
following emotion regulation efforts (e.g., King et al., 2018). Alternatively, identifying
strategy effectiveness may be tied to specific events or outcomes also measured via EMA,
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such as physical health symptoms (e.g., Massey et al., 2009) or alcohol/substance use (e.g.,
(Roos et al., 2020). Furthermore, given the ability to ask a range of questions within one
set of momentary surveys, multiple components of the emotion regulation process may

be examined simultaneously using this method; indeed, several studies inquire about both
strategy use and effectiveness (e.g., Daniel et al., 2019; Lennarz et al., 2019) or context and
strategy use (e.g., (Stone et al., 2018).

Limitations of ecological momentary assessment.—Importantly, several limitations
to the assessment of emotion regulation using EMA highlight the need for passive
assessment methodologies to complement the resultant data. First, EMA relies on self-report
of an individual’s experience. Significant limitations of self-report measurement apply to
EMA research, including that participants may have limited insight into their own emotion
regulation processes (Nisbett & Wilson, 1977), even when measured in the moment.
Second, several practical limitations exist. Intensive longitudinal data collection may be
time-consuming and burdensome for participants, reducing the ability to sample over long
periods (e.g., several weeks to months) of time. This limitation in feasibility makes it
challenging to capture emotion regulation in response to severe stressors, which naturally
occur relatively infrequently but are also precisely the types of stressors that have been
found to be most relevant to risk for mental health outcomes (Hammen, 2005; Paykel et al.,
1975). Even with repeated sampling throughout the day, researchers are still limited in the
maximum number of times it may be appropriate to assess these processes while minimizing
burden and increasing the likelihood that participants will complete surveys and continue

in the study. Further, limitations in the number of questions that can be included in daily
repeated assessments restrict the range of strategies, responses to strategies, or contextual
factors that can be assessed. Finally, during school or work hours, the accessibility of
smartphones to complete EMA surveys may be limited. Below, we discuss additional

digital technologies that directly address some of these limitations and allow for continuous,
objective assessment with limited effort required from research participants, particularly for
implicit emotion regulation process.

Passive sensing technologies.

Wearable devices and smartphones.

An exciting development in recent years is a class of devices, often called wearables,

that has potential to advance assessment and intervention strategies for emotion regulation

in real-world settings. These small, portable devices are designed to be unobtrusively

worn by individuals continuously over an extended period of time. Individuals wear the
device in naturalistic settings as they go about their day-to-day activities, and the device
passively collects data over that time period. In addition, smartphone technology has rapidly
evolved, such that most smartphones now include technology to track data often collected by
wearables, including geolocation, heart rate, and physical activity. High rates of smartphone
ownership across all age groups supports the potential value in using smartphone technology
for real-time, continuous assessment of emotion regulation processes. In addition, these tools
may provide insight into both explicit and implicit emotion regulation processes. Below, we
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outline several applications of both wearables and smartphone devices to the assessment of
emotion regulation.

Biological indices of regulation.—Particularly relevant to the study of emotion
regulation are mobile sensors designed to detect autonomic nervous system (ANS) activity.
Aberrant ANS activity in response to stress (e.g., dysregulation of electrodermal activity
[EDA] and respiratory sinus arrhythmia [RSA] or heart rate variability [HRV]), as
characterized by blunted parasympathetic and sympathetic nervous system responses, has
been identified as an index of emotion regulation capacity, and has been implicated in
several negative mental health outcomes (Beauchaine, 2001; Beauchaine & Thayer, 2015;
Crowell et al., 2005; El-Sheikh et al., 2010; Sarchiapone et al., 2018; Wilson et al., 2016).
Moreover, ANS activity has a very low temporal latency (about two seconds post-stimulus
in the case of EDA; Benedek & Kaernbach, 2010), which makes it ideal for studying the
temporal dynamics of emotion regulation responses.

Several mobile devices have been designed to assess indices of ANS activity, EDA and
heart rate in particular. In recent years, a number of valid and practical devices have
become available (Enewoldsen et al., 2016; Fletcher et al., 2010; Kutt et al., 2018). With
regards to mobile electrocardiographic (ECG) devices for assessing HRV, options are
currently available for use across a range of time-scales, from minutes to months (for a
discussion of several of these devices, see Fung et al., 2015). Wireless mobile devices,
including bracelets, smart watches, and patches, the latter being part of the emerging
field of epidermal electronics (Kim et al., 2011; Zhang & Tao, 2019)1, have also been
developed to measure heart rate unobtrusively, potentially allowing for longer continuous
ECG monitoring. Promising FDA-approved wireless adhesive devices for real-time ECG
monitoring include the NUVANT Mobile Cardiac Telemetry (MCT) Monitor (Engel et al.,
2012) and the Zio patch (Steinhubl et al., 2018).

These devices have the potential to inform both when an individual would most benefit
from engaging in regulation strategies (i.e., assessing responses to a given context) and

if regulation efforts are successful (i.e., implementation effectiveness). In addition to
ECG, blood pressure may serve as a useful physiological index of emotion regulation
strategy selection. Specifically, emotion suppression appears to result in increased blood
pressure (Dan-Glauser & Gross, 2011). A recently developed ultrasound patch for real-time
monitoring of blood pressure (Wang et al., 2018), thus, may provide an index of efforts to
suppress emotions. This small and lightweight patch is designed to be worn unobtrusively
on the neck and is uniquely advantageous in that, unlike gold standard measures of central
blood pressure requiring inserting a catheter in blood vessels guided to the aorta, it is not
invasive. Its accuracy and reliability as an index of blood pressure, however, have yet to
be fully evaluated, and similarly, whether this may also be a reliable index of suppression

IMore long-term options are also available, implantable devices with the ability to monitor ECG data for up to two or three years (e.g.,
implantable loop recorders, pacemakers, and Reveal LINQ Insertable Cardiac Monitors). Given the invasive nature of these devices
and substantially greater associated costs (Fung et al., 2015), however, they may be more warranted in medical contexts where close
monitoring of severe heart conditions is the focus of concern. Therefore, we have chosen to focus on the applicability of non-invasive
devices to emotion regulation assessment and intervention.
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(or other regulation efforts) outside of a controlled laboratory environment remains to be
determined.

Physical activity.—Accelerometers, which are used to assess physical activity, have
drawn considerable empirical interest. Accelerometers are often built into wearable devices
(e.g., FitBits, Apple watches), and are found in most smartphones. The potential of
accelerometers to inform emotion regulation research is in part due to their near ubiquity and
the convenience of collecting data unobtrusively for extended periods of time. Importantly,
there are already data providing general support for the validity of this technology for
measuring physical activity, including through both wearables and smartphones (Case et al.,
2015; Pannicke et al., 2020).

Physical activity data may provide, at the simplest level, an index of whether individuals are
utilizing exercise as a regulation strategy (i.e., strategy selection). Delineating exercise as

a regulation strategy may or may not also involve EMA approaches asking about whether
physical activity was used explicitly to regulate emotions. Further, exercise may function as
an implicit regulation strategy — that is, individuals who are engaging in physical activity
may do so for other explicit reasons (e.g., physical health), but may also gain an added
benefit of improving their day-to-day emotion regulation. Accelerometer data may also

be useful as an index of moment-to-moment effectiveness of emotion regulation strategies
broadly (i.e., implementation effectiveness). A necessary first consideration, then, is whether
physical activity itself may serve to index moment-to-moment changes in affect. Suggestive
of this possibility, especially as relates to clinical phenomena, is the observation that
depression has long been associated with behavioral withdrawal and self-isolative tendencies
(Joiner, 2000; Kumar et al., 2017), and a sizeable body of research linking physical

exercise to improvements in mood (Carter et al., 2016; Kvam et al., 2016). Furthermore,

one intriguing study utilizing EMA found that, among both depressed and non-depressed
individuals, self-reported physical activity was positively associated with positive affect at
the subsequent prompt (Mata et al., 2012). Moreover, in another study, momentary affect
was positively correlated with both subjective and objective physical activity, with negative
affect decreasing and positive affect increasing with greater physical activity (Pannicke et
al., 2020). Given these data, in-the-moment physical activity data may provide a window
into whether an individual is effectively or ineffectively regulating their emotions on a day to
day basis.

Global positioning systems.—Global positioning systems (GPS) technology, a core
feature of the passive smartphone sensing suite and measured by many wearable devices
(e.g., Apple watches), allows for the accurate and real-time tracking and storage of location
information. GPS technology is embedded in the vast majority of smartphone devices,
increasing its potential utility in emotion regulation research. Its ubiquity is demonstrated in
its broad use in the burgeoning area of research using smartphones to quantify health-related
outcomes. In a recent systematic review of passive sensing using smartphones, GPS was
used in over 40% of the 118 identified studies (Trifan et al., 2019).

As with accelerometers, the feasibility of collecting continuous GPS data has been bolstered
by dramatic increases in the percentage of the population who carry their smartphone

Clin Psychol Sci. Author manuscript; available in PMC 2022 February 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bettis et al.

Page 9

with them the majority of time. This has led to a proliferation of research aimed at
computationally analyzing GPS data and the integration of this technology into numerous
mental health applications. Such advances have already been used to elucidate emotion
regulation processes and have significant promise in accelerating related assessment and
intervention research. For example, GPS technology can be used to help individuals improve
or supplement their skills in identifying situations in which engaging in regulation skills
would be beneficial. Previous studies have used GPS to /identify contexts that are associated
with specific emotional responses (e.g., Besoain et al., 2020; Epstein et al., 2014; Kwan et
al., 2019; Pramana et al., 2018). By identifying contexts associated with risk, individuals
can be alerted to preemptively engage in emotion regulation strategies to ameliorate aversive
emotional responses.

GPS can also be used to assess strategy selection and implementation for a range of emotion
regulation strategies. For example, GPS can quantify physical mobility, which may serve as
a proxy for engagement in behavioral activation as an emotion regulation strategy (Rohani
etal., 2017). GPS can be used to identify if an individual has visited a specific location
associated with a specific emotion regulation strategy (e.g., a museum, a movie theatre,
gym), as well as to assess the duration of emotion regulation strategy employment. Finally,
GPS can be used to alert individuals that strategy use is indicated and to determine the
effectiveness of emotion regulation strategies through quantifying mood before and/or after
strategy use. Indeed, GPS-derived features such as circadian movement, overall mobility,
location entropy, and time spent at home have shown promise in modeling mood (Chow et
al., 2017; Saeb et al., 2015, 2016).

Acoustic and language data.—Advances in software and computational approaches
to collect and assess acoustic input may also be of high relevance to the assessment of
emotion regulation processes. A burgeoning body of evidence has demonstrated the ability
of algorithms to increasingly accurately detect emotion through acoustic and linguistic
analysis of spoken language (Schuller & Schuller, 2020).

While early versions of this technology as applied to the passive assessment of emotion
have required participants to carry hardware specifically developed for recording purposes
(e.g., Mehl & Robbhins, 2012), recent developments have permitted this technology to be
used through apps that can access a smartphone’s microphone (Kaplan et al., 2020), or
most recently, through wearables, such as the Amazon Halo. Such software can be used to
passively assess individuals’ emotions continuously and in real-time with little associated
burden (e.g., Spyrou et al., 2019). Additionally, it can permit the assessment of social
context through analyzing vocalizations from those within an individual’s environment (e.g.,
Lu et al., 2012). Therefore, this passive technology could aid individuals in identifying
changes in one’s emotion that may signal the use of an emotion regulation strategy could
be helpful, and can also help to identify contexts in which employing emotion regulation
strategies would be helpful (e.g., detecting high stress in one’s environment). Relatedly,
acoustic and language analysis may be helpful in quantifying strategy /mplementation
effectiveness. Indeed, it may be used to passively assess emotion based on acoustic features
of voice before and after the implementation of a specific strategy or set of strategies.
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Acoustic analysis can also aid, alongside the use of active data collection (e.g., EMA) in
detecting explicit strateqy selection, identification, and modification. For example, recent
evidence suggests that acoustic analysis can identify diaphragmatic breathing patterns (Shih
et al., 2016), thereby demonstrating its potential to identify if, when, and for how long an
individual employs deep breathing as an emation regulation strategy. Acoustic analysis may
also be able to detect other commonly employed regulation strategies amenable to acoustic
detection (e.g., exercise, playing or listening to music). Finally, this technology has promise
in detecting emotion regulation strategy modification, such as changing breathing patterns in
response to an initial regulation approach being ineffective.

Computational approaches to visual analysis offer additional exciting possibilities for
passively and automatically assessing processes of emotion regulation. Advances in
computer vision allow detection of emotion from images or videos of individuals’ faces and
body pose/movements (e.g., Ko, 2018). Smartphones (e.g., Kosch et al., 2020; Sarsenbayeva
et al., 2020) and wearable cameras (e.g., Kwon et al., 2016; Rincon et al., 2018) have shown
early promise in capturing images/video and in turn detecting an individual’s emotion.
Furthermore, such devices may be used to passively assess the emotions of others in

an individual’s environment, highlighting when an individual may consider employing an
emotion regulation strategy to buffer against contextual stress. Like acoustic analysis, the
visual analysis of faces and body pose/movement may aid in emotion identification.

Advances in computer vision, and specifically in human activity recognition (e.g., Wu
etal., 2017; Zhang et al., 2019), may aid in detecting the full range of the emation
regulation process. With such advances, researchers might train an algorithm to identify
whether an individual is engaging in a specific emotion regulation strategy (e.g., exercise,
deep breathing, social engagement), as well as whether the selected strategy is modified
over time. Like many of the technologies reviewed, computer vision algorithms trained to
assess emotion over time via facial and pose analysis may also play a role in evaluating

the effectiveness of regulation efforts. To validate emotion regulation processes, active data
collection of regulatory intentions alongside activity recognition will be needed.

Relatedly, eye tracking has been widely used in vision research, primarily relying on
specialty equipment requiring largescale desktop displays. Smartphone-based eye tracking
devices, which capture eye movement on an individuals’ phone display, show considerable
promise for use in research when compared to both desktop devices and glasses designed
for eye tracking purposes, due to their accuracy and lower cost (Valliappan et al., 2020).
Pupillary response, as assessed via eye tracking devices, is considered an index of emotional
arousal by measuring attention allocation in the context of emotional stimuli (Bardeen

& Daniel, 2017), although effect sizes reported in this study were small (/=.18-.25).

Mobile eye tracking devices have been employed to examine emotion regulation-relevant
attention deployment in younger and older adults, using participant-selected stimuli to
assess pupillary response and associations with mood (Isaacowitz et al., 2015). This
technology permits the study of individuals’ engagement with emotional cues in their digital
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environment, and may be particularly informative when paired with active data collection, as
well as other passive data tools, such as social media trace data.

Social media.

One of the most notable digital technological innovations in recent years is the advent of
social media, or platforms that allow users to interact, self-present, and create and consume
content (Carr & Hayes, 2015). This may include social networking sites, such as Facebook,
Twitter, and Instagram; messaging tools, such as text messaging or messaging apps; and
even online forums or support groups. Social media use is prevalent among U.S. adults,
with 72% using at least one social media site in 2019, up from just 5% in 2005 (Anderson
& Jiang, 2018). Social media use may be even higher for adolescents, among whom 95%
have access to a smartphone, and 89% report going online several times per day or more
(Anderson & Jiang, 2018).

Given the widespread and frequent use of social media, social media data have increasingly
been recognized as possible tools for assessment and intervention purposes. Studies have
begun to incorporate social media “trace data,” representing the collection of “digital traces”
that a user may leave as they interact with social media platforms (Settanni et al., 2018).
Trace data may consist of both user-generated social media content (e.g., messages sent,
photos posted), as well as meta-data reflecting a user’s activity (e.g., timing of posts,
number of friends or followers). Studies have analyzed social media trace data on both large
and small scales. In the context of “big data” (Conway & O’Connor, 2016), investigators
mine massive datasets of publicly accessible social media posts, whereas in the context of
smaller-scale studies, users typically opt-in to provide their social media data (e.g., Reece

& Danforth, 2017). The analysis of these social media “digital traces” has rarely been
applied to the study of emotion regulation, specifically. However, given the potential for this
type of data to provide detailed information on individuals’ social contexts and emotional
sentiments, it represents a promising tool to assess emotion regulation processes.

One growing area of relevant research emphasizes the detection of signals of distress or
negative affect within social media data, with increasing numbers of studies analyzing
features of users’ social media data to predict the presence of mental health disorders (for
review, see Chancellor & De Choudhury, 2020). Such studies typically employ machine
learning techniques (Shatte et al., 2019) to identify patterns across a range of features: the
topics and style of language used in individuals’ social media posts; the frequency, volume,
and timing of user interaction with the site (i.e., posts) and with other users (i.e., messages,
comments); the brightness, content, and color patterns of posted images; and the valence,
sentiment, and intensity of emotions expressed in posts, photo captions, and messages. Such
features have significant promise for identifying emotion regulation processes, including
assessing the context in which an individual is employing a strategy, strategy selection,
Strateqy implementation, and even strategy effectiveness.

In conjunction with other tools, such as EMA, social media data can provide a real-time,
objective “snapshot” of individuals’ social and emotional lives, as well as a portrait of how
these factors change dynamically over time. In terms of situational context, social media
data can offer a window into individuals’ social environments, showcasing the topics and
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emotional valence of users” communications with others (Ehrenreich et al., 2020). As a
proxy for social engagement, the frequency and intensity of these communications can be
assessed (Ehrenreich et al., 2020), as can the size and density of a users’ social network
(Stephens & Poorthuis, 2015). Social media data is one of the few tools in which researchers
can also gather objective information on the behavior of other people that make up the target
individual’s social context. Further, social media may also be considered its own, unique
social context (Nesi et al., 2018b, 2018a) in which individuals are embedded, with trace data
providing information on the ways in which users’ navigate this often emotionally-charged
space.

Social media data can provide key insights into users’ emotional states through the analysis
of text, photo, and even video content. Most commonly, natural language processing
techniques are used to analyze the topics, word patterns, and structure of text elements

in a users’ data (Kern et al., 2016). Although a number of studies have conducted one-time
assessments of the emotional sentiment of users’ data, only recently have researchers begun
to consider the dynamic processes that may underlie emotional expression on social media.
This may be especially relevant for future applications to emotion regulation, as the ability
to detect changes in users’ emotional experiences — either over time or in response to the
use of specific regulation strategies — is a critical aspect of measuring regulatory flexibility
and effectiveness. For example, in a recent study of Twitter and Facebook users, Seabrook
et al. (2018) examined emotional instability over time through analyzing the use of positive
and negative emotion words within status updates. Instability in the use of negative emation
words on Facebook was associated with greater depression severity on Facebook with
medium effect sizes (r=.44), while the opposite pattern emerged for Twitter (r=.34). Work
in the area of suicide detection via social media data also has begun to consider dynamic
changes in users’ content over time, finding that shifts in language use and emotional
expression may signal risk for suicide, both in Twitter and Reddit data (Coppersmith et al.,
2016; De Choudhury & Kiciman, 2017) and in text message content (Glenn et al., 2020).

The ability to track users’ social and emotional contexts over time via social media may
offer key insights into users’ implementation of regulatory strategies and the effectiveness
of these strategies, particularly when combined with other assessment methods (e.g., EMA).
For example, studies might track changes in the valence or intensity of users’ emotional
expression on social media following self-reported use of various regulatory strategies.
Furthermore, social media data may allow for an examination of when and how users
implement regulation strategies that may be specific to social media, or digital emotion
regulation (Wadley et al., 2020). Preliminary work has aimed to examine broader coping
styles on social media (Golbeck, 2016), and has reviewed the potential utility of social
media tools for emation regulation and coping purposes (Wadley et al., 2020; Wolfers &
Schneider, 2020). Examining the content of users’ requests for social support, for example,
as well as the feedback that they receive on these posts or messages (Niven et al., 2015),
may provide insight into the effectiveness of these strategies. Despite its promise, however,
the application of objective social media data to the assessment of state-specific changes in
emotion regulation processes remains understudied.
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Smart-home technologies.

Not surprisingly, multimodal analysis, combining and syncing multiple types of passive
data, demonstrates even greater promise in accurately detecting emotion, strategy selection
and implementation, modification, and effectiveness, as compared to unimodal analysis.
One avenue for effective multimodal assessment is through smart-home technology. Smart-
home devices enable the collection of information from multiple data streams through

a single device. For example, visual data may be collected via cameras, audio data

via microphones and smart speakers, and physical activity and sleep data via motion
sensors. Smart-home technologies can also provide data on additional elements of the home
environment, including lighting, temperature, and even websites visited. In a recent review,
Nelson & Allen (2018) outline the benefits of smart-home technology in comparison to
other assessment methods. They note that these technologies provide continuous, passive
collection of ecologically valid, multimodal data, providing a third-person perspective in
observing individuals’ environments and behavior. Furthermore, these technologies can
provide data on more than one individual (e.g., an entire family) simultaneously, expanding
opportunities for assessment of the social and familial context (Fernandez-Caballero et

al., 2016). Although such technologies have traditionally been implemented in the home
environment, one could also envision their implementation for assessment and intervention
within healthcare facilities, schools, other public areas; recent literature indicates that such
technology may be extended to cars to assess emotion, promote regulation, and thus foster
driver safety (Braun et al., 2020).

In the context of emotion regulation research, smart-home devices have the potential to
detect individuals’ emotional state, regulation strategies implemented, and the effectiveness
of such strategies. To date, only a small number of studies have incorporated smart-home
technology to examine behavior change and cognitive health (see Nelson & Allen, 2018

for review). Research on the use of smart-home technology explicitly for the assessment of
emotion dynamics remains limited. However, given recent advances in the collection and
analysis of lab-based and ambulatory visual, auditory, and physical activity data, the use of
smart-home technologies, which extend and integrate these methods, will likely become a
more common feature of emation regulation research.

Virtual reality.

Virtual reality technology simulates multi-sensory, interactive environments, and can be used
for assessment and intervention research across a range of physical (e.g., chronic pain;
Mallari et al., 2019) and mental health problems (e.g., Breuninger et al., 2017). Computer
graphics are integrated with sensory experiences to create an environment that mirrors the
real-world, and allows individuals to interact and engage in real-world scenarios (Rizzo et
al., 2013; Rus-Calafell et al., 2018). Extending its promise, low-cost, consumer available
virtual reality devices have been developed for mobile use outside of the lab.

There are clear extensions of virtual reality research to the study of emation regulation.
The use of virtual reality allows for the direct control and modulation of an emotional
environment, and thus is ideally suited, when paired with other assessment tools to
capture the complete regulation process. These tools have been used to directly assess
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an individuals’ behavior, physiological reactivity, or neurological responses to a given,
pre-determined emotional context (e.g., Breuninger et al., 2017; Lorenzetti et al., 2018).
Tracking responses to varied virtual environments with a range of stressor or emotion
intensities may provide insight into an individual’s sensitivity to their environment and
ability to detect emotional cues. In addition, presenting an individual with stressful or
emotional scenarios via virtual reality simulations may allow for direct assessment of
emotion regulation strategy selection across widely varied contexts. Although virtual reality
tools are constrained to pre-determined contexts, they also allow researchers and clinicians
to simulate contexts that may be rare or hard to replicate in daily life.

Other devices.

Novel devices are continuing to be developed that may be well suited to capture the full
spectrum of emotion regulation processes. For example, as the field of epidermal electronics
continues to develop, new possibilities for real-time assessment of stress and emotion
regulation are emerging. There has been recent work in the development of wearable devices
capable of microfluidic sampling (Bandodkar & Wang, 2014; Bariya et al., 2018; Kim et
al., 2019). Indeed, ambulatory measurement of pro-inflammatory cytokines via skin patches
has been found to be associated with depression (Cizza et al., 2008), which is notable
insofar as inflammatory cytokine reactivity, in turn, have been linked with emotional stress
(Shields et al., 2016). Other novel wearable devices, which may contain sensors to obtain
physiological data, or may be wirelessly enabled to sync with other digital devices, are also
being rapidly developed. Such tools may include e-textiles (e.g., smart garments, including
shirts, foot and hand wear), smart jewelry, smart eyewear (e.g., glasses and contact lenses),
and even e-tattoos (Seneviratne et al., 2017). These devices are in their early stages, and
thus additional research is needed both to improve these technologies, and to realize their
potential in the study of emotion regulation.

Digital Health Interventions for Emotion Regulation

Evidence-based psychosocial interventions for mental health problems emphasize, to
varying degrees, learning emotion regulation skills to manage distress and improve mood,
daily functioning, and overall health. There is a proliferation of research on digital health
interventions, with significant promise for enhancing accessibility of mental health services
and the ability to deliver support in real time. As individuals enter into contexts that may
provoke negative emotions or increase the likelihood of risky behaviors, the aforementioned
digital technologies offer an opportunity for personalized, timely intervention.

Ecological momentary interventions.

Ecological momentary interventions (EMI) are mobile phone-delivered interventions that
may serve as stand-alone or adjunctive treatments for a range of psychiatric and physical
health problems. Formats may include pre-programmed text messages delivered at specific
intervals (e.g., Ranney et al., 2014) or app-based content delivered at pre-determined times
or available over a window of time (e.g., Dahne et al., 2017; Stoll et al., 2017). These

tools may be used both for monitoring (i.e., EMA) and for direct intervention by prompting
users to engage in a specific skill, offering a range of skills to choose from, or providing
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psychoeducation and support. Additionally, apps have been developed as an adjunct to
traditional or internet-delivered therapy. For example, a study examining internet-based
treatment for social anxiety added a smartphone app component to support exposures
between sessions, and found that using both the internet-based intervention and adjunctive
app resulted in significant reductions in social anxiety (Boettcher et al., 2018; Silk, Pramana,
Sequeira, Lindhiem, Kendall, Rosen, & Parmanto, 2020).

EMI tools have been employed across numerous populations, and for the treatment or
management of a wide range of problems (e.g., anxiety, Pramana et al., 2014; depression,
Ranney et al., 2017, 2019; alcohol use, Stevenson et al., 2020; and many others). In addition
to research-based digital interventions, free and low-cost smartphone apps are now widely
available for general use for a range of disorders and problems, including apps for mood
monitoring, relaxation and mindfulness, general well-being, and to treat specific disorders
(Bry et al., 2018; Wasil et al., 2019; Wisniewski et al., 2019). The efficacy and effectiveness
of digital health tools, as compared to traditional in-person therapeutic approaches, remains
understudied. Feasibility and acceptability of digital health interventions is generally high,
however, preliminary evidence suggests they are most effective when paired with other
treatment modalities (Grist et al., 2017; Weisel et al., 2019).

adaptive interventions.

Just-in-time adaptive interventions (JITAI; EI-Toukhy & Nahum-Shani, 2014; Nahum-Shani
et al., 2015; Spruijt-Metz & Nilsen, 2014) are particularly relevant to intervening in the
emotion regulation process. JITAIs are interventions delivered in-the-moment, in response
to contextual cues indicating the need for regulation or support. The “just-in-time” aspect
of these interventions means that individuals receive tailored intervention responses, both

in terms of content delivered and time of delivery, based on cues assessed via ambulatory
measures. The goals of the JITAI design are to identify w#enan individual needs to be
delivered a skill or prompt, and to do so adaptively based on the momentary needs and
contexts of the individual (Nahum-Shani et al., 2014). Thus, these interventions may rely on
both active and passive sensing technologies, including sensors in smartphones or wearables,
to detect the optimal window for delivering the optimal intervention component.

The use of JITAIs in psychological research is in its nascent stages, with the majority of
studies to date focused on health behavior change. JITAIs have been developed to intervene
in mental health (e.g., schizophrenia, e.g., Firth & Torous, 2015; smoking cessation, e.g.,
Cerrada et al., 2017; Huh et al., 2020; McClernon & Roy Choudhury, 2013; sleep, e.g.,
Pulantara et al., 2018; and alcohol use, e.g., McTavish, Chih, Shah, & Guftson, 2012). There
are direct applications of JITAIs to emotion regulation-focused interventions. The JITAI
framework aligns well with the aforementioned models of emotion regulation, extending
beyond the reach of session-based, skills-focused interventions to providing real-time,
tailored support in the appropriate context and at the ideal time. A combination of both
active (i.e., EMA) and passive data collection via digital technology opens the door for
JITAIs to comprehensively assess an individual’s emotional state and trigger interventions to
regulate emotions across different contexts. Pairing passive-sensing data with in-the-moment
interventions may assist in the treatment of psychiatric disorders. For example, Pramana and
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colleagues (2018) developed a mobile health treatment which prompts youth to engage in
emotion regulation skill use when they enter a geofenced area pre-specified as anxiety
provoking. Beyond using GPS to assess participant endorsed contextual triggers, prior
studies have also used GPS to assess hypothesized contextual triggers for risky behaviors
(e.g., locations where sexual contact is likely, locations where there is greater access to
drugs; Besoain et al., 2020), as well as a wide variety of established contextual stressors
related to mental health (e.g., location-based assessments of community social economic
status, crime rates, drug activity rates; Epstein et al., 2014; Kwan et al., 2019). Pairing
geolocation with in-the-moment skill prompts offers an avenue for assessing and intervening
in real-time for a variety of psychological problems, including practicing exposures to
anxiety-provoking settings, prompting behavioral activation, or reducing the likelihood of
risk behaviors.

Ongoing tracking of an individual’s emotional state and regulatory efforts may allow for
JITAIs to continuously intervene, if needed, in the emotion regulation process as it unfolds
— determining when a strategy is effective and prompting other strategies if one approach

is ineffective. JITAls may also provide answers to critical questions regarding how and
when to intervene with regard to emotion regulation: (i) are tailored emotion regulation
interventions more effective than pre-determined, skills-focused interventions?; (ii) if so, for
whom and for what outcomes are they most effective?; (iii) presuming a broader emotion
regulation repertoire is more adaptive, can direct, tailored interventions expand individuals’
emotion regulation repertoire?; (iv) if so, what is the necessary and sufficient dosage of
intervention to achieve the optimal repertoire?; (v) similarly, what combination of passive
data collection is optimal to adequately determine the necessity and type of intervention
needed? There is much promise in the future of JITAIs to both enhance our understanding
of the emotion regulation process and to support individuals in improving their ability to
effectively engage in regulation across contexts.

Promising research highlights the potential benefits of using passive assessments to

inform the delivery of JITAls. When considering the use of wearable devices to detect
distress, complementary apps are needed to identify indications of distress in ambulatory
psychophysiological data. Apps currently in development hint at the potential for
advancement in this area. There is, for example, some preliminary work on app development
involving individual-level HRV, with the app calibrated to the individual’s stress levels
during a learning phase to determine thresholds for stress alerts and accompanying
biofeedback (Maier et al., 2014; Reimer et al., 2020). Another recent study reflects the
early potential of mobile EDA devices for monitoring and teaching emotion regulation
strategies in real-world environments. This pilot study evaluated an EDA sensorband worn
over three months and paired with a smartphone app that provided a JITAI designed to
reinforce the use of elements of cognitive behavior therapy and mindfulness taught during
in-person sessions (Leonard et al., 2018). Specifically, whenever the sensorband detected
EDA levels exceeding the individually pre-determined threshold, it triggered an alert on the
accompanying smartphone app to remind the user to engage in a coping skill. Although
preliminary, this study found support for the acceptability and feasibility of the combination
of EDA sensorband and smartphone app over a 3-month intervention period. Furthermore,
Miri and colleagues (2018) developed the ER-in-the-Wild system, a framework for applying
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wearable technologies, emotion regulation theory, haptics, and biofeedback to intervene
in real time. They have applied this framework to an intervention using a personalized
breathing pacer to reduce anxiety; preliminary results implementing this technology in a
controlled laboratory setting are promising (Miri et al., 2020).

Other intervention applications.

Advancements in technology also have permitted the delivery of interventions without
direct participant engagement. Systems that are capable of passively monitoring affective
cues through visual, auditory, and physical activity data can also potentially provide direct
intervention by adjusting the environment for an individual, without actually prompting

an individual to select and enact strategies themselves. Through changes in lighting and
music, for example, smart-home technology may provide an opportunity to intervene in
users’ emotional state. Fernandez-Caballero and colleagues (2016) outline a framework for
a “smart health environment” that detects and intervenes in regulating individuals’ emotions.
Specifically, they outline integrated data streams (e.g., cameras to assess facial expressions
and track behavior, body sensors to track physiological indices of arousal) that may serve
as assessment tools for determining, and then intervening, with the valence, intensity, and
duration of an individual’s emotional state (Fernadndez-Caballero et al., 2016). Relatedly, a
recent study pilot tested a smart toy intervention, which delivered in-the-moment emotion
regulation support to preadolescents; initial results support the feasibility and acceptability
of this device for emotion regulation (Theofanopoulou et al., 2019).

As discussed above, studies also support the use of virtual reality in the treatment of
disorders marked by emotion dysregulation, including psychosis (e.g., Rus-Calafell et al.,
2018), post-traumatic stress disorder (Deng et al., 2019; Gongalves et al., 2012), and

anxiety disorders (Benbow & Anderson, 2019; Chesham et al., 2018). With an emphasis on
exposure-based treatment, virtual reality interventions provide individuals with opportunities
to practice regulation strategies in a wide range of contexts that may be difficult to simulate
in the real-world. Further, there may even be opportunities for therapy to be automated in
certain contexts and for certain populations using virtual reality technology (e.g., Miloff et
al., 2019), allowing for broader testing and dissemination of effective treatments.

In addition, there has been some debate over the possibility of incorporating patient-
generated data (e.g., physiological monitoring via Apple watches or phones) into electronic
medical records (Comstock, 2014). If indices of emotion dysregulation are identified over
a period of time, which may indicate risk for or the onset of psychological distress, such
data could allow for clinicians and physicians to track patients remotely, and could signal a
provider to initiate an appointment or check-in (Adams et al., 2017).

The future of digital health interventions is promising, and presents an opportunity to deliver
effective and timely interventions that may directly influence how people regulate emotions
in response to their natural environments. Rigorous research is needed to demonstrate the
efficacy and effectiveness of digital health interventions integrating passive sensing tools
and active intervention components to target emotion regulation processes directly. It is also
important to consider how emotion-regulation-focused JITAls may contend with scenarios
in which high negative emotions may be adaptive or preferred. Further, as individuals’
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emotions and responses to those emotions may change depending on context, so may

their motives for regulating emotional states (see Tamir, 2016 for review). Many of the
JITAIs described above offer some level of choice for participants once the intervention

is cued — thus, participants could, in theory, ignore the alert from their smartphone or
wristband if it were inappropriate to the situation. However, other interventions described
above may be automatically triggered via smart home devices, toys, or other passive tools.
Whether these tools will be able to evolve such that they can differentiate between desired or
necessary negative emotional states and undesirable or maladaptive emotional responses is
an outstanding question. As this technology evolves, the ability to accurately assess context
will be central to resolving these questions.

Limitations and special considerations.

With the rise of active and passive data collection and intervention tools at researchers’
and consumers’ disposal comes important practical considerations, as well as ethical and
scientific challenges.

The first considerations that arise in relation to digital assessment and intervention tools
are those of reliability and validity. When examining the potential of passive sensing
technologies, the question of whether and how we can reliably detect the full range of
emotion regulation processes becomes critically important. Research on the use of wearable
and smartphone sensing devices to assess emotion regulation has to contend with the
complexity of the regulation process as it unfolds within an individual and the real-world
context the individual is encountering. Given the noise present in continuous streams of
passive data in an uncontrolled context, studies utilizing both passive and active data
collection will be important to move this field forward. Passive sensing of physiological
arousal, for example, may pose particular challenges. Research using this technology will
benefit from initially pairing it with active assessment tools as a step toward evaluating its
reliability and validity. EMA reports of what an individual has been doing, what stressors
they have encountered, how they are feeling, and what regulation strategies they have
intentionally employed will help to inform the utility of these data. Another possibility is
embedding some active assessment tools within passive sensing tools. For example, some
wristbands used for passive physiological data collection come equipped with buttons to
indicate the occurrence of an event; thus, participants could be instructed to mark when they
feel distressed or when they engage in regulation using the event button. Such integration
may streamline the collection of important contextual data, permit the measurement of
explicit emotion regulation, and ultimately improve the accuracy of these tools over time.
Further, consistent reporting of the strength of the association between these different
assessment tools will be important to guide our understanding of their validity in the
assessment of regulation efforts.

Additionally, a single assessment tool may provide indications of multiple components
of the emotion regulation process. As digital methods become increasingly sophisticated,
the interpretation of these massive quantities of data requires careful thought and
consideration. For some tools, extracting separate indices of context, strategy selection,
and implementation effectiveness may be relatively straightforward. For example, social

Clin Psychol Sci. Author manuscript; available in PMC 2022 February 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bettis et al.

Page 19

media data can provide contextual information about who a person is interacting with, but
also, the quality or valence of what is shared on social media may provide information
about the strategy selected. However, for other tools this may be less clear. That is, the
utility of detecting emotion regulation relies also on the ability to detect an emotional state,
and whether some tools are able to do this effectively remains a source of considerable
debate. For example, recent work from Barrett and colleagues (2019) highlights the
challenges of detecting emotions from facial expressions alone, noting that efforts to utilize
computer vision or artificial intelligence technology to decode emotions may miss the
nuances of intraindividual, situational, and cultural variability in emotional expression. As
another example, GPS alone cannot measure explicit emotion regulation strategy selection,
implementation, or effectiveness without concurrently assessing regulatory intentions
through active data collection methods. Similarly, analysis of deep breathing patterns
highlights the challenges of differentiating between aspects of the emotion regulation
process with a single source of passively collected digital data — with the detection of
changing breathing patterns a possible indication of strategy selection, identification, and/or
modification. With regards to social media, detecting digital trace data that reflects an
individual’s emotional state or social context does not, on its own, constitute measurement
of ER; rather, it may provide only one piece of a larger puzzle requiring multiple assessment
tools and data streams. Collectively, these considerations point to the importance and unique
potential for the use of multiple technologies in concert to provide greater clarity regarding
emotion regulation in the real world than is possible with any single technology alone.

Another set of critical considerations is of practicality and feasibility. For wearable,
smartphone, and other technological devices to yield value in real-world settings, several
important questions need to be considered. Assuming reliability and validity have

been demonstrated, questions related to length of usage become relevant to a device’s
practicability. These include: (i) How long can the device feasibly be used before it or one of
its components needs to be replaced? (ii) How long does a full battery charge typically last?
(iii) If the device is rechargeable, how long does it take to return it to full charge? (iv) Do
the data stay stored on a chip in the device until manually downloaded or are they regularly
uploaded to the cloud? If the former, how long can data be stored before the memory on the
device becomes full? If the latter, how often does this occur, and how large is the temporal
lag between data collection and data upload? (v) At what temporal resolution are the data
collected and/or presented, and does this align with the temporal dynamics of emotion
regulation processes? (vi) Is the device resistant to water and other potential damage? (vii)
Finally, how physically (un)appealing is the device? This last consideration is not a trivial
one, because no matter how impressive the operational features of a device may be, if it is
bulky, uncomfortable, or otherwise physically unappealing, adherence to device usage by the
end-user (i.e., patient or research participant) becomes a concern, especially in the case of
adolescent and young adult populations.

Other questions concern the technology itself, and the extent to which technologies are
evolving over time. New wearable devices and smartphone apps emerge continually, and the
popularity of specific devices and platforms can shift over time. Within a single device or
platform, the data structure and elements that may be extracted may also shift over time,
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as they are not under the control of researchers using them. This creates new challenges in
attempts to collect, manage, and ultimately analyze these complex datasets.

Another challenge that arises in the use of digital tools is that of security, privacy, and
confidentiality. In many cases, digital tools allow for the collection of “big data,” or
massive, complex datasets that require the use of new computational tools for analysis.
The availability of big data invites the question of how researchers or providers will ensure
that these data are secure. Mechanisms have been developed to protect big data through the
process of data collection, storage, and processing (Jain et al., 2016), and recommendations
have been put forth by researchers to ensure the safety of participants’ social media data,
including staying up to date on each platform’s terms and conditions with regard to data
privacy (e.g., Arigo et al., 2018). Relatedly, some technologies may inadvertently collect
data on other individuals in the environment who have not given consent for such data

to be collected and analyzed. For example, when considering collecting acoustic data in

a real-world setting, concerns may arise regarding consent, as several states require two-
party consent to have conversations recorded. An added challenge in this domain is often
researchers’ lack of expertise or technical knowledge. In addition, protecting individuals’
confidentiality remains complex in the collection of digital data. For example, even when
data collected from these sources are de-identified, certain types of data may be easy

to re-identify (e.g., photos, IP addresses, geolocation). An additional concern is the fact
that many digital devices (e.g., wearables, smartphones) are commercial products. These
products may be subject to data breaches and security issues outside of the control of the
researcher or provider.

Perhaps some of the most complex considerations in the use of digital technology are
ethical ones. First, there is the issue of consent (Moreno et al., 2013). The collection and
analysis of digital data can often be done without first obtaining consent, as datasets are
often publicly available. For example, publicly posted content on social media sites (e.g.,
Twitter, YouTube, Reddit) can often be downloaded directly through the use of the sites’
application programing interface. Questions have arisen around the ethics of using such data
—should users need to consent to the use of their publicly available data? Does this research
classify as human subjects research, and thus necessitate approval from an institutional
review board? Furthermore, the extent to which users of social media apps and pages
understand what they are consenting to when they create a user profile with regard to data
safety and privacy is highly variable (Bart et al., 2014). This may be especially true for
minors, who may legally sign up for many social media sites as early as age 13, and may not
fully appreciate the availability of their data to the public. Social media and digital device
companies may often sell aspects of users’ data for financial gain. What are the implications
of researchers accessing such data? And does the same standard of consent apply to these
data as in traditional clinical research?

Significant ethical concerns also exist regarding the risk of racial bias in how these
technologies are developed and implemented. There is emerging research that suggests
that facial-recognition systems demonstrate bias towards the misidentification of Black
individuals, posing a real threat as these technologies are adopted in real-world settings
(Garvie & Frankle, 2016). This may further put Black people and other people of color at
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risk in the context of research and clinical studies that use facial recognition technology
for de-identification of visual data. Similar racial biases have been identified in other
healthcare related technologies, such as using algorithms to detect medical risk based on
electronic health record information (e.g., Parikh et al., 2019). With the advent of advanced
technological and statistical approaches to utilize large streams of passive data collection
comes a responsibility for researchers to actively seek to utilize inclusive samples from
which to develop and apply these algorithms; further, it highlights the importance of
including racially and ethnically diverse scientists in the development of these methods.

Finally, advancements in the accuracy of passive sensing technologies beg the question:
what is the responsibility of researchers and clinicians if the resultant data reveal a
participant might be at elevated risk? At what point is an intervention necessary, and in
some cases, at what point is breaking confidentiality necessary? These ethical questions
becomes more complex when considering how responsibility may shift depending on the
sources of the data (i.e., publicly available data versus data from participants enrolled in

a study or patients utilizing digital health interventions). We recommend that researchers
and clinicians alike consider these questions carefully prior to using these technologies for
emotion regulation research. We direct readers to the Connected and Open Research Ethics
(CORE; Torous & Nebeker, 2017), a resource for researchers and stakeholders to share and
discuss ethical practices related to the use of passive sensing technologies.

Summary and future directions.

For decades, researchers have asked the question: fow do we help individuals most
effectively regulate emotions? At the core of emotion regulation research is the idea that

if we can improve individuals’ emotional responses in their daily lives, we can promote
psychological health and reduce negative psychological outcomes. The deployment of the
digital tools outlined in this review will undoubtedly improve our conceptual understanding
of how emotion regulation is learned and how it unfolds across development. This, in turn,
will inform how we develop, refine, and implement interventions that target the various
components of the emotion regulation process beyond traditional psychotherapy approaches
employed to date.

At the broadest level, research shows difficulties in emotion regulation are associated with
a multitude of psychological outcomes. To move the field towards understanding how

the process unfolds, rigorously designed, theory-driven studies are needed. The digital
tools outlined in this review may be one answer to unpacking how individuals regulate
emotions in their daily lives. The potential utility of these data for assessing these processes
is considerable: passive sensing tools may allow for scalable and accessible assessment
tools that may be effectively translated into real-time interventions for users. Further, they
allow for time-sensitive, passive data collection that can provide objective measurement
of complex processes. However, while many of these technologies are both novel and
exciting, it is equally important that we be critical of what can be drawn from them.
Indeed, there is much work to be done to best understand how to employ these tools to
validly capture the emotion regulation process. Some of the tools described above may
provide a wealth of information to inform how we assess and teach skills to manage
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emotions across the lifespan, while others may prove to be less valuable. Multi-method
studies, perhaps incorporating qualitative and quantitative approaches, may provide insight
into the specific indicators drawn from these large data streams that are most relevant for
understanding emotion regulation processes. Furthermore, incorporation of both passive
assessment approaches with more active approaches, as described above, will allow for both
subjective and objective assessment of an individuals’ emotion regulation experience. Such
studies may provide needed context for interpreting passively collected data, and have the
potential to help to move clinical translational work in this area forward.

The large amount of data that can be drawn from both active and passive technologies
described in this review also highlights the necessity of utilizing a team science approach in
emotion regulation research.

Beyond the technology itself, the application of digital technology to emotion regulation
research extends beyond the individual level. These devices may be particularly useful

for advancing our understanding of regulation in various social contexts and across
development. When considering the development of emotion regulation in children and
adolescents, the family context becomes especially relevant. When worn or used by multiple
members in a family at the same time, particularly caregiver-child dyads, data from wearable
and smartphone devices may shed light on co-regulation processes. Furthermore, these
technologies are ideally suited to the study of emotion regulation socialization, or the
process by which a child learns how to regulate emotions based on interactions with their
caregivers (Hajal et al., 2020). For example, a recent study monitored mother-child dyads’
physical activity and emotional state over a seven-day window, demonstrating associations
not only between an individual’s physical activity and their own affective state but also the
affective states of others (Yang et al., 2020). For children in particular, this finding points to
an important consideration regarding how influences outside the individual (e.g., parental)
may influence one’s affective state, and how novel methods outlined in this review may
inform our knowledge of this developmental process. Recent work developing a device worn
by both caregivers and their very young children, the TotTag, highlights the potential for
identifying how emotion regulation capacity develops from infancy through adulthood, by
measuring proximity to caregivers (Salo et al., 2020). Enhancing our knowledge of emotion
regulation in the family system, as well as across other key social contexts (e.g., peer and
romantic relationships), is an exciting area for future research utilizing the tools described in
this review.

In this review, we largely focus on how these tools may be applied in the context of
experiencing stressful or arousing situations, and thus how they may aide in downregulating
negative emotional experiences. Indeed, with regard to research on mental health and
emotion regulation, much attention has been paid to how to reduce negative affect in order
to improve psychological outcomes. Yet, individuals experience a range of both positive and
negative emotions on a daily basis both in and outside the context of a stressful event. In
some instances, the upregulation of positive emotional experiences may be equally or more
important than the downregulation of negative emotions. The digital tools discussed in this
review also have the potential to inform our understanding of regulation in the context of
positive experiences and emotions. Several EMA studies have taken this approach, studying
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both positive and negative affect regulation in daily life (e.g., Bosley et al., 2020; Troy et

al., 2019), whereas passive sensing approaches have primarily targeted the assessment of
negative emotional states. The potential value of capturing the context and regulation of
positive affective states for in-the-moment intervention delivery is clear—understanding not
only when individuals are struggling, but also when they are doing well can inform what
type of intervention may be most useful to deliver. It is also important to consider that
strategies to reduce negative affect may differ from those that are effective at enhancing
positive affect. The methods described above can help to answer these critical questions, and
provide important insight into the full range of emotion regulation in individuals’ daily lives.

Finally, there is immense opportunity to enhance the quality of emotion regulation
interventions and expand their reach to populations with limited access to mental health

care resources through digital intervention delivery tools. First, advancements in emotion
regulation assessment offer the potential for refining and developing novel intervention
approaches to improve individuals’ emotion regulation responses. As emotion regulation
processes underlie many psychological symptoms and disorders, the ability to more
accurately target this mechanism could greatly improve both prevention programs and
treatments for psychological problems. An exciting area of future research is in personalized
treatment approaches targeting these processes. As these digital assessment tools and our
understanding of the data they collect become more sophisticated, so will our ability to
provide truly individualized treatments and to prescribe the appropriate intervention given

a presentation of emotion regulation deficits or difficulties. Indeed, emotion regulation
interventions may be further improved by taking an idiographic approach, a burgeoning
area of interest in both mental health assessment and intervention. Second, new models

of mental health treatment are needed that move beyond traditional weekly psychotherapy
(Schleider et al., 2020). The ethical and practical challenges outlined above notwithstanding;
these digital tools could radically change the mental health service landscape. Mental health
service utilization in the U.S. is low (e.g., Merikangas et al., 2011; Mojtabai et al., 2011),
and there are many well-documented barriers to accessing care, including cost/insurance
coverage, transportation, attitudes towards mental health, and availability of providers.
Digital health has the ability to address many of these barriers directly. These tools may

be especially important to consider in the context of mental health prevention, as we may

be able to reach large numbers of individuals via digital health tools prior to the onset of
mental illness. Considering a stepped-care approach, digital tools that directly target emotion
regulation, such as stand-alone skills-based apps or single session online interventions, may
be one feasible and accessible frontline approach for patients with low levels of difficulties
or symptoms. Rigorous and collaborative research is needed to determine both the utility of
these digital technologies for altering emotion regulation processes, and the ways in which
these methods may be implemented in healthcare systems and communities effectively.

Conclusion.

Exciting developments in digital technology offer exciting new avenues for the study

of emotion regulation processes. Guided by theory in emotion regulation, data drawn
from these tools, including EMA, wearable and smartphone devices, smart-home devices,
virtual reality, and social media, has great potential to inform our understanding of how
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people regulate emations in their daily life. While there are numerous ethical and practical
challenges that require thoughtful consideration prior to embarking on this type of research,
there is also opportunity for enormous growth in the field of emotion regulation through the
use of these methods.
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