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ABSTRACT
Anxiety disorders are becoming more prevalent; therefore,
the demand for mobile anxiety self-regulation technologies
is rising. However, the existing regulation technologies have
not yet reached the ability to guide suitable interventions to
a user in a timely manner. This is mainly due to the lack of
maturity in the anxiety detection area. Hence, this research
aims to (1) identify potential temporal phases of anxiety
which could become effective personalization parameters
for regulation technologies, (2) detect such phases through
collecting and analyzing multimodal indicators of anxiety,
and (3) design self-regulation technologies that can guide
suitable interventions for the detected anxiety phase. Based
on an exploratory study that was conducted with therapists
treating anxiety disorders, potential temporal phases and
common indicators of anxiety were identified. The design of
anxiety detection and regulation technologies is currently in
progress. The proposed research methodology and expected
contributions are further discussed in this paper.
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1 MOTIVATION AND PROBLEM STATEMENT
In contrast to stress, which usually is a reaction to specific
threats present at the moment, anxiety often is a reaction to
perceived threats that are future-oriented, uncertain, and dif-
fused [7, 24]. Normal anxiety is a natural adaptive response
with cognitive, behavioral, and physiological components
[2], and have positive impacts on an individual. However,
pathological anxiety interferes with an individual’s ability to
cope with changes in life and leads to several anxiety disor-
ders [31]. Such anxiety disorders are functionally impairing
and highly prevalent with rising rates [1, 36].
With the aim of finding further effective treatments for

mental disorders, including anxiety disorders, psychology
researchers actively engage in personalizing empirically-
validated treatments [25]. Although a variety of person-
alization parameters are proposed to be investigated (e.g.,
disorder-related: symptom severity, demography-related: age,
physiology-related: heart rate) [18, 25], only disorder-specific
parameters have received notable attention in clinical stud-
ies. Internet-delivered and therapist-guided cognitive behav-
ioral therapy is identified to be effective when the delivered
treatment components were individually tailored based on
diagnosed anxiety disorder types [19, 28]. Here, the treat-
ment components are the elements of psychotherapies, such
as exposure to fear stimuli, psychoeducation, mindfulness,
and relaxation [17].
Taking a similar approach, some technologies that assist

anxiety regulation tend to provide different treatment com-
ponents in one package [22, 26, 29, 34], instead of providing
limited treatment components [11, 13]. However, less sup-
port is offered to select a suitable intervention, leaving the
users to rely solely on their preference. The emerging evi-
dence of treatment component suitability for disorder types
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can be used to guide interventions based on users’ diagnosis
[9]. However, that approach can only narrow down the op-
tions, and users still need to decide which intervention to be
used at a givenmoment. In providing the regulation technolo-
gies the ability to decide when to suggest interventions, it
would be worthwhile to examine whether temporal patterns
in anxiety can support the implementation of meaningful,
timely adaptations. This is an area with limited attention
so far in psychology research, as symptom variations that
occur in-between therapy sessions are not directly observ-
able to the therapists. Moreover, analytics research that maps
out the regular phases of anxiety that patients encounter in
daily field contexts is limited and only studied for panic like
disorders that present highly-contrastive phases [21].

2 RESEARCH QUESTIONS
In linewith themotivationmentioned above, this PhD project
aims to answer the following research questions.

(1) Can certain phases of anxiety be recognized, in a
manner that theywould be effective personaliza-
tion parameters for anxiety regulation technolo-
gies? This question aims to (1) explore such phases
and suitable treatment components for them based
on multi-stakeholder inputs, and (2) evaluate their ef-
fectiveness and capacity for personalization through
usability studies of anxiety regulation technologies
that guide interventions based on phases.

(2) Can such temporal phases of anxiety be detected
(potentially in a user-centered manner) by col-
lecting and analyzing multimodal indicators of
anxiety in the wild? This intends to (1) explore in-
dicators of anxiety that can be potentially collected
and analyzed to identify such phases; (2) overcome the
challenges related to data collection in the wild and
implementation of lightweight algorithms; (3) detect
anxiety phases accurately, by identifying the optimal
and feasible set of different modalities and considering
their compositional expressiveness; and (4) distinguish
anxiety phases from more common stress patterns in
normal populations.

(3) How can anxiety regulation technologies be de-
signed to effectively guide suitable in-the-moment
interventions, consideringwell-informedprereq-
uisites and the user’s experiencing phase of anx-
iety? This aims to derive design considerations for
effective and timely adaptive regulation technologies,
by involving multiple stakeholders in iterative design,
development, and evaluation processes.

3 BACKGROUND AND RELATEDWORK
Timely Adaptation of Interventions
The importance of timely adaptations is envisioned in the
mental health domain and interpreted in different ways.
From an occupational therapy perspective, adjusting one’s
use of time and how that time-use arouses feelings (i.e.,
through logging activities and performing activity fixes) is
considered as timely/temporal adaptation [30]. From a reg-
ulation technology perspective in bipolar disorder domain,
timely adaptation is the ability of technology to become
knowledgeable about the experiencing phase based on sub-
jective inputs and automatically customize the user interface
to adjust that phase [15]. Since identifying patterns related
to anxiety would not be straightforward to patients, this re-
search suggests providing regulation technologies the ability
to auto-detect the patterns of anxiety. Further, with the abil-
ity to guide suitable interventions based on such patterns,
they would be able to assist the challenge of increasing com-
pliance with take-home treatment exercises [33].

It is not practical to guide interventions based on momen-
tary anxiety levels (e.g., a driver’s anxiety level can suddenly
go up due to an unexpected crossing of a pedestrian, and
that is a natural reaction that remains for a short duration).
Hence, it would be valuable to investigate whether there
are general and predictable temporal phases of anxiety that
could serve as personalization parameters for regulation
technologies. As mentioned earlier, this is an area that has
not been studied empirically using objective measures due to
the infrequent periodic nature of psychotherapy visits. Even
though some anxiety disorder-specific phases are discussed
in the psychology literature (e.g., anticipation, confrontation,
and termination in social anxiety disorder) [16], research
is needed to validate the major categories and sequence of
phases that are actually experienced by patients in the wild,
which is not observable by therapists. This foundational
information could provide a critical basis for successfully
personalizing self-regulation technologies.

Detecting Phases of Anxiety
To detect potential phases of anxiety, and to develop timely
adaptations based on them, objective criteria must be identi-
fied that can: (1) accurately detect the start and end of major
anxiety phases; (2) monitor phases continuously; (3) distin-
guish typical symptoms associated with anxiety disorders
separately from common stress in normal populations; (4)
unobtrusively monitor naturally-occurring anxiety, without
interrupting patients and requiring frequent self-reports; and
(5) use sensors that could beworn comfortably or used as part
of patients normal daily activities, so longitudinal adoption
is successful and research attrition is not a major problem
(i.e., a large percentage of data loss). Detection of anxiety
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phases would be challenging as the existing algorithms are
mostly capable of classifying only binary or tertiary severity
levels of anxiety [5, 6, 8, 12, 20, 21]; they are primarily based
on one type of modality (e.g., physiological data, such as
electrocardiography and skin conductivity; behavioral data,
such as acoustic parameters [20], facial cues [5], and postures
[6]), and other potentially sensitive multimodal behavioral
metrics have not been explored (e.g., extraneous physical
activity patterns like manual fidgeting or hyperactive leg
movements [23]); and the ones that claim high accuracies
are not tested in longitudinal mobile contexts or for differ-
ent types of anxiety disorders [12, 21]. The non-existence
of publicly available tagged objective datasets for anxiety
levels, less attention for user-centered anxiety detection, and
less maturity in detecting and filtering false positives that
occur due to noises in mobile context are among the other
challenges. However, implications of using the multimodal
fusion of physiological measures [14] and additional con-
textual measures such as triple-axis acceleration [12] for
enhanced accuracies can potentially support overcoming
some of these challenges. Further, as anxiety is normally
dislocated from external stimulus [2], natural induction with
conventional methods [4] in a laboratory is impractical. This
points to the need for field data collections.

4 RESEARCH HYPOTHESES
Following hypotheses were derived after identifying poten-
tial anxiety phases based on an exploratory study (see Figure
1): 1) detection of the identified phases would be possible
through the multimodal fusion of carefully chosen indicators
of anxiety; 2) more heterogeneous combination of modalities
(e.g., physiological like heart rate + behavioral like speech)
would yield higher accuracy than physiological only; 3) anx-
iety regulation technologies that guide suitable treatment
components based on those phases would be effective com-
pared to technologies without timely adaptation strategies.

Figure 1: Four Temporal Anxiety Phases Identified Based on
an Exploratory Study: Pre/Peak/Post/Non-Anxious Phases

5 RESEARCH PLAN AND METHODOLOGY
This research will be conducted in four stages within three
years, with the following proposed scope, methodology, and
time frames.

Stage 1: Exploration of Prerequisites
Instead of starting with a predetermined technology, this
research aims to decide the technology and its capabilities
targeting the real-world challenges in regulation. In generat-
ing well-informed prerequisites for regulation technologies,
the first year is dedicated for conducting (1) a comprehensive
literature review covering psychology and HCI domains and
(2) a qualitative study that involves interviewing therapists
who treat anxiety disorders. The latter study also allows
exploration of areas lacking in the literature. This stage is
expected to reveal a set of anxiety phases that are suitable for
timely adaptation of suitable interventions and multimodal
indicators of anxiety that are useful to capture in detecting
such phases.

Stage 2: Design and Implementation
The second stage, which involves designing and implement-
ing anxiety detection and regulation technologies, will run
throughout the second year. A few most indicative markers
of anxiety found in stage 1 will be selected based on the feasi-
bility of measuring them in the wild. Suitable sensors will be
selected and modified as required (e.g., integrate with other
sensors to improve accuracy or to detect false positives, pack-
age to create form factors that assist easy and comfortable
wearing). To verify the feasibility of differentiating some of
the chosen indicators from other patterns (e.g., leg fidgeting
from other activities) and/or filtering false positive instances
(e.g., heart rate racing due to increased physical activities),
and to better understand the anxiety patterns, pilot labora-
tory or short-field experiments will be conducted. Subjective
and sensor data collected will be analyzed with newly im-
plemented or modified versions of related state-of-the-art
affective computing algorithms.
In parallel to designing detection mechanisms, ideas for

anxiety regulation technologies will also be brainstormed.
After several iterations, few alternative designs will be se-
lected and prototyped to have minimal functionalities. Both
detection and regulation technology prototypes will be evalu-
ated iteratively in design workshops, with participant groups
of different interests (e.g., therapists: therapeutic benefits,
patients: personal health benefits, and HCI experts: usabil-
ity aspects). Each design workshop will take the form of
a design critique [10] (where the prototypes are presented
to receive feedback), followed by a focus group or a one-
on-one interview (when participation in group sessions is
not possible, due to logistical reasons or anxiety symptoms).
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Overall, workshops will aim to identify optimum features
for proposed interfaces, by collecting participants’ reactions
and insights on acceptability and modification ideas. Based
on the feedback, a consensus on design decisions will be
established, and the prototype that is foreseen to have the
highest impact will be further refined to be fully functional.

Stage 3: Data Collection and Analysis
Towards the latter part of the second year, the refined detec-
tion technologies and experience sampling technique [35]
will be used to collect data from young adults who expe-
rience anxiety disorders and who do not have a history of
anxiety disorders, during a field study. This approach will
potentially allow identifying anxiety specific features that
are contrasting from normal stress conditions. Young adults
would be of focus, due to their high rates of technology liter-
acy and comparatively low risks involved. The planned data
collection duration for a single participant is 1-2 months, to
support capturing repeated instances of anxiety phases. This
will allow testing the feasibility of detecting user-centered
anxiety phases.
The collected data will be analyzed during early part of

third year. A standard machine-learning methodological par-
adigm will be utilized, which will involve preparing data,
building a model, and evaluating its accuracy. Data prepara-
tion will include filtering the false detection instances con-
sidering data from the additionally incorporated sensors and
extracting the relevant features considering previous experi-
ments done in the design stage. A machine learning model
will be implemented by fusing the features of selected input
modalities to predict the anxiety phase. Iterative testing and
modifications to the model will allow deciding the optimum
feature set capable of reflecting both major changes in (1) in-
tensity of anxiety and (2) ideational patterns (e.g., excessive
negativity, rumination).
It is hypothesized that in this research (1) identifiable

phases of anxiety in natural field settings will be discovered;
(2) objective multimodal-multisensor markers of anxiety will
be identified that function with higher accuracy and more
continuously than current indicators; (3) more effective anx-
iety self-regulation technologies will be designed based on
multi-stakeholder input; (4) more continuous and effective
personalization techniques will be developed based on the
knowledge discovery on temporal phases of anxiety.

Stage 4: Regulation Technology Evaluation
Finally, a usability study will be conducted with young adults
experiencing anxiety disorders to evaluate the feasibility and
effectiveness of timely adaptation of the finalized regulation
technology. For this purpose, the implemented detection
technologies, along with phase detection algorithms, will be
integrated into the regulation technology. The experiment

group of this study will be using the regulation technol-
ogy that guides interventions according to detected phases,
whereas the control group will use the same technology with-
out such guidance. At least 20 participants will be recruited
in total. Further details will be defined as technology designs
are finalized.

6 COMPLETED AND PLANNED RESEARCH
After conducting the initial literature review and 15 one-
hour semi-structured interviews with therapists, a set of
potential anxiety phases were identified. Those provided a
starting point for hypothesizing the temporal phases that
may exist. Figure 1 illustrates the identified phases with their
expected presence along the timeline and rough anxiety level
variations. These four phases are expected to be cyclic; how-
ever, order and duration of phases may vary for different
individuals and different anxiety disorder types. For these
phases, suitable treatment components were also identified.
The majority of therapists agreed with following compo-
nent mappings to phases: (1) pre-anxious phase: relaxation
and cognitive restructuring, (2) peak-anxious phase: stay-
ing with exposure, mindfulness, relaxation, self-soothe and
distraction, (3) post-anxious phase: later reflection; and non-
anxious phase: psychoeducation, entering to exposure, and
cognitive restructuring. Although identification of indicators
representing each phase was not possible, some well-known
physiological indicators and highly noticeable behaviors of
anxiety were pointed out by therapists (see Table 1). These
indicators will be considered in evaluating the existence
and detection of identified phases, in subsequent research.
Several other design considerations for anxiety regulation
technologies were also identified.
Currently, design brainstorming is in progress for detec-

tion and regulation technologies, to support the proposed
system architecture illustrated in Figure 2. The idea is to
configure the user interface by selecting a suitable interven-
tion. The selection will be based on: (1) experiencing anxiety
phase based on real-time objective measures, (2) proposed
non-user specific treatment component mapping to phases
(based on the findings of the exploratory study), and (3)
user’s usage history (objective anxiety measures collected
from detection technology and subjective inputs obtained
from self-reports at pre-and-post interventions will be com-
bined to identify how well a particular intervention worked
for a user at a specific phase). Wearable and smartphone
technologies for phase detection, and smartphone and tangi-
ble technologies for regulation will be considered, while not
introducing multiple additional devices. Also, an experiment
is being designed to differentiate leg fidgeting from other
regular activities and to identify potential placement options
for sensors (considering accuracy, comfort, and practicality
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of wearing for extended periods). This is selected as an en-
try point to design detection technologies, (1) since many
therapists pointed out fidgeting (both leg and hand) as a
common anxiety behavior, (2) differentiating fidget patterns
and evaluating their relation to anxiety in mobile context
is a lacking area [3, 32], (3) leg fidget detection would be
easier due to the limited number of activities that legs are in-
volved in compared to hands, and (4) detection of general leg
movement can potentially reveal other unexpected relations
to anxiety. A mobile application was developed to collect
accelerometry data of leg movements from some low-cost
sensors placed at three locations of each leg. Figure 3 illus-
trates sensor placements and obtained accelerometry data
for a common leg fidget pattern.

7 EXPECTED CONTRIBUTIONS
(1) Artifact contributions - Functional prototypes of effec-

tive anxiety regulation and detection technologies (in-
cluding phase detection algorithms) that can facilitate
timely adaptations.

(2) Empirical contributions - Findings from empirical stud-
ies: (1) design considerations for effective anxiety reg-
ulation technologies (e.g., effective ways of delivering
and adapting treatment components in mobile con-
text); (2) practicality and effectiveness in detecting
temporal phases of anxiety; (3) knowledge discovery
about anxiety that would be valuable for treatments
(e.g., one by-product is the potential to identify the
triggers of highly anxious phases) and potential per-
sonalization parameters for regulation technologies.

(3) Methodological contributions - A design process frame-
work that assists the derivation of well-informed, in-
depth design considerations for effective anxiety reg-
ulation technologies, which would be extensible for
other related mental health domains. A preliminary
framework is published in [27].

(4) Dataset contributions - Multimodal data collected in
the wild, opening further opportunities in anxiety de-
tection filed.

Figure 2: Proposed Architecture for Timely Adaptations

Table 1: Well-Known or Commonly Observable Physiologi-
cal and Behavioural Indicators of Anxiety to Therapists

Physiological Indicator Related (%)*
Heart rate (increase) 46.7
Galvanic skin response (increase -
visible through sweating) 40.0

Breathing patterns (short, fast, irregular) 26.7
Blood pressure (spikes/ sudden drops) 13.3
Facial characteristics (blushing) 13.3
Behavioral Indicator Related (%)*
Avoidance/ Escape/ Safety behaviors
(highly context/ individual dependant) 100.0

Movements (hand fidgeting, leg
fidgeting, trembling, freezing) 80

Speech (shaking, pausing, pressured,
repetition, fast, too much/ not speaking) 66.7

Posture (tensed shoulders, sitting on
edge, maintain a calm exterior) 46.7

Other emotional responses (crying, 40.0
being aggressive)

* The indicated percentages are the proportion of therapists (out of 15)
who related to each category in their responses to the question: "Can
you give some examples of different ways of reacting to/manipulating
anxiety by different patients?". The percentages do not add up to 100%
as therapists could list >1 symptom.

Figure 3: Acceleration Data Collected from Three Locations
(Knee, Ankle, Dorsumof Foot) Related toHeel Tap Fidgeting
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