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New forms of digital healthcare are being enabled by smartphones and other smart wearables. These widely used devices can provide
rich sets of sensor data regarding the behaviors of their users and this data that can be used to power various forms of medical
monitoring or diagnosis. Digital phenotyping is one approach in this area that primarily uses smartphone data to detect or recognize
cognitive, behavioral or affective states and traits. It is typically based on data from sensor measurements (e.g., inertial or touch
sensors), activity or use logs, and analysis of user-generated content. While these data sources are valuable, we argue they do not
leverage the full potential of modern smart devices: the sensing capabilities of current smartphones go considerably beyond the
features sets that have been previously studied. In our work, we focus on generating new digital biomarkers using the advanced
capabilities of off-the-shelf smart devices that can support detection of affect. In this paper, we discuss two examples: eye gaze (using a
smartphone eye-tracker) and breathing rate (using inaudible active sonar). We believe that extending the scope of affective digital
phenotyping to include these new sensing modalities will increase the reliability, and robustness, of the emotional state detection it
enables.
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1 INTRODUCTION

Digital phenotyping, defined as the “moment-by-moment, in situ quantification of the individual-level human phenotype
using data from personal digital devices” [2], exploits data captured from smart devices’ sensor channels to assess
human states and behaviors. Using these data, digital phenotyping has been shown to accurately detect or predict a
wide range of cognitive traits, affective states, and behaviors including mood disorders, stress, and substance abuse.
In addition, it also has been shown to be valuable in a range of tasks from prevention to early diagnosis of clinical
conditions through monitoring and treatment. The wide range of states that can be detected and monitored, and the
wide variety of uses that this information can be used for, promises to revolutionize mental well-being and healthcare –
moving from a paradigm of formal testing in clinical settings to one of continuous assessment in daily life. By enabling
fine-grained tracking and monitoring, digital phenotyping may also enable customized and timely interventions that
have the potential to support improved mental health and well-being. The types of digital biomarkers [1] informing
current phenotyping efforts are various and include: location data; phone/app utilization data; social media data; touch
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screen input data; device motion data; data from physiological sensors (e.g., heart rate monitors) and; voice analysis.
While this data is rich, it also often suffers from privacy issues (e.g., location, activity, social media use, voice) or is
relatively coarse (e.g., inter-key press time) or sparsely captured (e.g. heart rate). As such, there are many situations in
which biomarkers are not viable (e.g., privacy is sacrificed) or simply not observed (e.g., due to infrequent phone use).
For digital phenotyping to achieve its full potential, there is a need to both increase the available set of biomarkers and
to increase the richness of information that can be gained from each one. One way of addressing these concerns is to
develop new digital bio-markers based on emerging mobile sensing channels, such as eye-tracking [6] or sonar [3]. These
sensor channels can provide entirely new biomarkers (e.g., from gaze patterns) or complement existing biomarkers (e.g.,
sonar data during key tap events) and we argue they have strong potential to increase both the available use scenarios
and also the diagnostic salience of digital phenotyping systems.

1.1 Gaze Based Affection Detection during SNS Use

Online Social Networking Services (SNS) allow users to interact (e.g., comment, like, post, message) with other users,
activities which evoke diverse affective experiences including both positive and also negative emotions (e.g., envy, social
comparison, appearance comparison). To mitigate those negative experiences, our group has developed affect monitoring
systems based on sensor data captured during SNS use—specifically for Facebook and Instagram, two currently popular
services. In our previous work [6], we were able to detect users’ binary emotion with high levels of accuracy for both
valence (94.16%) and arousal (92.28%) by using motion, touch, and eye-tracking data in relatively controlled lab settings.
Eye-gaze features, in particular, showed peak performance and we see considerable value in developing these further.
Specifically, our prior work used raw features provided by Apple’s ARKit (https://developer.apple.com/augmented-
reality/arkit/). These represent gaze as a series of discrete coefficients describing gaze direction (e.g., look left, look
right, etc) rather than as a more traditional representation in which a gaze point is calculated. We plan to extend this
prior work with a new study that uses a more traditional gaze-point based representation and seeks to determine the
performance of features derived from this (e.g., saccade speed, count, fixation duration) for affect detection.

1.2 Breathing Rate Monitoring using Active Sonar

In addition to this work on gaze, we see further opportunities to expand the scope of digital phenotyping by using
entirely novel input modalities. Specifically, we identify sonar as a promising input modality in this area. Numerous
prior demonstrations has shown smartphone sonar is capable of supporting functionality as diverse as back of device
finger tracking [8], mid-air gesture recognition [9] and, breathing monitoring [7, 10]. Recently, our group also proposed
a novel approach to natural and unencumbered touching finger identification on an unmodified smartwatch using sonar.
We believe breathing rate detection has particular relevance for digital phenotyping. Prior work has suggested that
sonar-based breathing rate detection is robust to various environmental changes and also to changes in smartphone
orientation [10]. This suggests it can perform well during daily life activities. Indeed, prior work has shown that sonar
systems can be effective in various real world situations such as at detecting opioid overdoses [4] and sleep apnea [5].
Based on these results, we suggest that breathing detection can be a valuable new feature to support digital phenotyping
approaches for detecting affect. We believe it can also be applied to the scenario of affect detection during social media
use.
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1.3 Conclusion

In conclusion, we argue that the novel sensing modalities available on smart devices, such as eye gaze and active sonar,
will improve the quality of predictions that can be achieved when using digital phenotyping approaches to monitor
affective states. The systems that these approaches will enable will be able to assess user’s emotional states during
daily life activities, a capability we suggest has strong potential to improve both individual and societal well-being. For
example, increased awareness of affective states may support better mental well-being and alleviate stress, anxiety
and non-clinical depression. Additionally, interventions such as behavior recommendations and affect prediction will
empower individuals to manage their mental health and reduce occurrence rates of clinical mental disorders such as
depression.
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