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ABSTRACT 
Self-tracking technologies, especially those facilitating support 
from social systems, are becoming more common for treating se-
rious mental illnesses in both clinical and informal contexts. A 
recently proposed feature is co-tracking, where data is gathered not 
only from the perspective of the user managing their condition, 
but also from their close contacts. The proposed system therefore 
supports multiple perspectives (data streams) about the same vari-
able of interest (i.e., an individual’s mood). However, the subjective 
and reciprocal nature of mental health data gives rise to challenges 
in visualizing uncertainty that must be addressed before clinical 
use. Here, we create an application-specifc typology of uncertainty 
for visualizing multi-source mental health data, and propose de-
sign solutions to communicate this uncertainty. Via a case study 
of mood tracking with bipolar disorder, we present an interactive 
visualization prototype for understanding dynamic mood states in 
close relationships, moving toward a real-world implementation of 
a co-tracking informatics system. 

CCS CONCEPTS 
• Human-centered computing → Information visualization; 
Visualization theory, concepts and paradigms; Visualization 
systems and tools; • Applied computing → Health informat-
ics. 
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personal informatics, mental health informatics, information visu-
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1 INTRODUCTION 
Millions of individuals sufer from serious mental illnesses (SMI), 
such as bipolar disorder, PTSD, and major depressive disorder. These 
illnesses are estimated to cost over $200 billion annually in health 
care treatment costs, loss of earnings, and disability benefts in the 
United States alone [14]. Globally, the direct and indirect impact of 
mental disorders is estimated to be $2.5 trillion annually [39]. The 
use of self-tracking technology is a growing strategy for treating 
SMI, and various self-tracking applications have been developed for 
use in both informal and clinical contexts [25, 33]. Self-tracking in a 
mental health context involves directly tracking afective variables, 
such as experienced emotions and mood, as well as behavioral prox-
ies such as sleep and exercise [15]. Bipolar disorder (BD) presents 
a particularly compelling case for self-tracking, given its chronic 
nature and the importance of stabilizing mood and various social 
rhythms for long-term condition management [6]. 

The primary symptomology of concern in BD is the extreme 
fuctuations in mood state, as individuals move between euthymia 
(steady state), depression (low mood), hypo-mania (rising mood), 
and mania (elevated mood). Individuals with BD are more likely to 
commit suicide than any other SMI cohort—approximately 1 in 5 
individuals with BD die from suicide [1]. Treatment with medication 
is often augmented with family-focused therapy [23], leveraging 
psychoeducational training among both the individual with bipolar 
disorder and their caregivers, or interpersonal and social rhythm 
therapy (IPSRT), which involves tracking mood and the timing and 
routine-ness of key social interactions [6]. 

Both homegrown [20] and formalized [7] self-tracking systems 
have been developed to support interpersonal social rhythm ther-
apy (IPSRT) for individuals with BD. The present work builds on a 
series of multi-stakeholder design activities for the development 
of a fexible self-tracking app that facilitates interpersonal ecolo-
gies necessary for relational recovery in BD. Prior studies explored 
the use of self-tracking with individuals managing BD [20], vi-
sualizations of the lived experience of BD [36], issues of privacy 
and data sharing [32], and design considerations for supporting 
social ecologies of an individual’s social support system [25]. Most 
recently, a study was conducted with mental health clinicians to 
understand how social self-tracking interfaces can be integrated 
with professional mental health care [9]. 

Of the nine designs presented to clinicians in this most recent 
study [9], two were considered to be the most novel and potentially 
therapeutic for long-term management of bipolar disorder. The 
frst is data commenting, which allows for individuals to comment 
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about data they or someone else collect. The other is co-tracking, 
where a close relation tracks information on behalf of the individual 
in question, from their own perspective. Clinicians highlighted 
the usefulness of co-tracking to provide “another perspective” on 
someone’s mood state [9], which might help identify important 
changes that the individual is unaware of or is choosing not to 
track. 

In addition to providing useful information on mental states to 
a clinician, co-tracking is expected to beneft those gathering the 
data. By directing attention towards the mood of others, and creat-
ing new feedback loops in dyadic emotional systems, co-tracking 
may improve empathic accuracy (EA), the extent to which one can 
accurately infer another’s thoughts and feelings [13]. EA has been 
shown to increase the level of “invisible support” (without recipient 
awareness) in partnerships, which is known to be especially helpful 
for overcoming challenges [10]. We therefore suggest two primary 
goals in designing a visualization for a co-tracking informatics 
system: 

(1) Provide clinicians with a multi-source representation 
of an individual’s mental health indicators 

(2) Facilitate improved empathic accuracy—and therefore 
social support—within close personal relationships, them-
selves 

The ephemeral and subjective nature of mental health variables, 
such as mood and experienced emotions, combined with uncer-
tainty inherent in interpersonal perception, create a variety of data 
visualization challenges. In the remainder of the paper, we briefy 
review related work in visualizing self-tracked mental health data, 
then present design requirements for a co-tracking visualization 
based on a typology of sources of uncertainty arising from multi-
source mental health data streams. 

1.1 Statement of Contributions 
In this work, we explore the design challenges for creating a vi-
sualization of multi-source mental health data. Motivated by the 
challenges of BD, where self-tracking in a social context can support 
relational recovery, we synthesize a series of design requirements, 
and implement a prototype web-based visual analytics solution1 us-
ing D3[2]. We frame the visualization challenges around an existing 
typology of uncertainty [38] and suggest methods for visualizing 
uncertainty for each type (summary in Table 1). The design consid-
erations presented in this paper can be applied to a variety of men-
tal health data visualizations for use in both informal and clinical 
contexts, and will hopefully spur further research in multi-source 
mental health data applications. 

2 RELATED WORK 
Previously developed personal informatics systems have incorpo-
rated visualizations to help users better understand and learn from 
their self-tracked data, intended to be used during refection [18]. 
The study and development of these visualizations is known as 
personal visualization and personal visual analytics [11]. The most 
common personal analytics systems focus on objective data such 
as food, physical activity, or physiological states (heart rate, for 
1Live visualization prototype and sample data available at https://observablehq.com/ 
@mjhoefer/mhealth 

example) and tend to utilize time-series graphs to help users iden-
tify patterns and changes in their data over time [26]. While some 
applications enable users to develop their own visualizations [16], 
another study found that users spend the majority of time viewing 
and interacting with system default visualizations [37], motivating 
careful design specifc to the intended use case. 

A variety of mental health-focused systems have been designed 
to track subjective data like mood and include visualizations utiliz-
ing lists, graphs, and aggregations into pie charts [3]. The MoodMap 
application is focused on improving mood awareness, and seeks 
to visualize a mood in the context of a two-dimensional feature 
space [24]. MobiMood is a social mood app that enables the shar-
ing and commenting on the mood of others [4]. However, there is 
currently no work reporting on a system that supports the tracking 
and visualization of multi-source (co-tracked) mental health data, 
nor the challenges that arise when visualizing such data. 

The subjective nature of mental health data, and presence of 
indirect qualitative uncertainty [29], motivates an exploration of 
the various ways that uncertainty enters the data stream. Although 
visualizing uncertainty is relatively uncommon in current practice, 
doing so can help users gain more insight into the data-generating 
processes [12], which, in this case, is a process of signifcant concern: 
how an afective state is experienced. Prior research on visualizing 
uncertainty has been conducted in more objective domains such 
as fuid fow [19], environmental vector felds [40], and visualiz-
ing surfaces [8]. More generally, previous work has resulted in a 
typology of sources of uncertainty that can be applied to multiple 
domains [38], as well as suggestions for communicating uncertainty 
in visualizations [28, 30]. 

3 CO-TRACKING SYSTEM DESIGN FOR 
UNCERTAINTY 

In this section, we detail a use case for the proposed co-tracking 
system for an individual managing bipolar disorder, followed by 
an elicitation and embodiment of design requirements in a proto-
type analytics system. Along the way, we construct an application-
specifc typology for uncertainty in visualization of multi-source 
mental health data. For brevity, we present the sources of uncer-
tainty, design requirements, and corresponding prototype features 
in an integrated fashion. 

3.1 The Use Case of Co-Tracking for Bipolar 
Disorder 

The proposed co-tracking system was conceptualized after discus-
sions with mental health clinicians about managing BD. As such, 
the intended users of the system are individuals managing type 
I or type II bipolar disorder, one or more members of their social 
support system, and their mental health care providers. Individuals 
managing BD can use the system to track their mood on a scale of 
-3 to +3 (similar to the scale used in [21]), as well as their perception 
of the mood of their “co-tracker” (a close relation in their support 
system, such as a spouse or parent). In addition, this co-tracker 
records their own mood, as well as their perception of the mood 
of the individual managing bipolar disorder. In both cases (for the 
self and for the “other”), mood is tracked using an interface such 
as the prototype shown in Figure 1. Therefore, there are two data 
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Table 1: Sources and visualization of uncertainty in multi-source mental health data (types from [38]) 

Uncertainty type Source of uncertainty Emergent visualization design recommendation 

Accuracy & Error Psychological projection Encode both raters’ emotions 
Precision Reduction of complex emotional data Augment with qualitative context 
Completeness Data not collected or not shared Diferentiate reasons for “missing” data 
Consistency Perceived mood vs. experienced mood Display co-tracked ratings side-by-side 
Lineage Variability in time spent together Encode level of contact 
Currency and Timing Delays between experienced and reported perception Communicate an estimate of time delay 

streams (self-tracked and co-tracked) about each of the two primary 
variables the visualization seeks to represent (the mood of the two 
individuals in the dyad). 

Figure 1: Proposed interface for collecting multi-source 
mood data 

The individual managing BD can then bring these visualizations 
into a clinical setting with their mental health care provider to 
help communicate multiple perspectives of how they are doing 
and provide clinicians more “in the wild” information with which 
to manage medication and other forms of treatment. Outside of a 
clinical setting, a visualization of these data streams is intended to 
facilitate refection and improved self-knowledge about the dynam-
ics of their emotional systems. For example, individuals could learn 
how their mood correlates with their co-tracker’s mood, as well as 
how their mood is “coming across” to their co-tacker. In addition, 
the individual can learn how accurate they are at perceiving the 
mood of their co-tracker, leading to improvements in empathic 
accuracy, and therefore relationship outcomes [13]. 

To support the development of the visualization for our prototype 
system, we created four synthetic datastreams, representing data 
collected within two co-tracking partnerships over a period of time 
(in this case, three weeks). These synthetic datastreams included 
self-tracked mood of each individual and co-tracked mood of their 
perception of their partner’s mood, with one rating in each of 
these categories per day. In order to simulate expected privacy 
management practices (after [32]), some ratings were selected to 
be un-shared with the partner. In order to simulate expected lapses 
in tracking, some days were randomly selected to have no tracked 
data. Therefore there are two reasons why data may be missing. 

3.2 Design Requirements 
Given the novelty of a co-tracking application, where two individ-
uals are providing ratings of each other’s mood, we turn to basic 
research in psychology, as well as results of discussions with clini-
cians in the literature [9] to identify the design requirements of a 
visualization supporting multi-source mental health data. 

Psychologists have long studied phenomena involving interper-
sonal perception [17], including evaluations of mood in partner-
ships. A common methodological approach used in interpersonal 
psychology studies is to utilize daily diaries and surveys within 
partnerships, having each partner record their own mood and their 
perception of their partner’s mood [35]. Our proposed system mod-
ernizes this data collection strategy with a mobile application where 
users can log both their mood, as well as their perception of one 
another’s mood (see Figure 1). 

As the “ground truth” of an individual’s mood is perhaps only 
known by that individual, an outsider’s perspective is subject to 
a variety of biases that create uncertainty of empathic accuracy 
in the data stream. To structure our discussion on uncertainty in 
mental health data, we draw a subset from the typology created by 
Thomson et al. [38], given its fexibility in adoption to new visual-
ization domains and focus on human-generated data, and describe 
how a subset of the sources of uncertainty appear in multi-source 
mental health data streams (not all sources were discovered in this 
application). We treat previous studies in psychology (specifcally, 
interpersonal perception) as a source of “expert knowledge” that 
we use to pre-emptively capture implicit error and shape require-
ments that can help externalize this error [22]. Emergent design 
requirements are emphasized in bold in the following sections and 
summarized in Table 1. 

3.2.1 Accuracy and Error. Accuracy uncertainty is described as 
a “diference between observation and reality” [38]. While the in-
dividual’s self-rating can be considered a type of “reality,” their 
co-tracker’s perception will include error due to known psycholog-
ical mechanisms. Projection, or bias, is when one individual thinks 
another’s mood state is similar to their own, and can be a signifcant 
source of inaccuracy in emotional perception, particularly when 
partners do not share common environmental stimuli [5]. 

While a co-tracking system may, over time, train users to be-
come more accurate in their perception of their partner’s mental 
states via new feedback loops, the system should communicate 
this source of uncertainty by including a representation of the 
co-tracker’s own mental state in the visualization. To support 
this, the prototype system allows for individuals to toggle each of 
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Figure 2: A prototype co-tracking visualization embodying requirements for communicating uncertainty 

the four data streams (my self-tracked mood, your self-tracked 
mood, my perception of your mood, your perception of my mood), 
to clearly show projection efects in mood ratings (Figure 2). How-
ever, overlaying these multiple streams of data on a single graph 
results in visualization complexity that may be difcult for some 
users to efectively “read.” To reduce this clutter, future work might 
explore and evaluate encoding some of these streams (e.g., the co-
tracker’s mental state) as a linearly valenced emoji in place of an 
additional series of circular glyphs. 

3.2.2 Precision. Precision is the “exactness of measurement” [38] 
and is largely a function of the informatics system used to gather 
the data. Traditional mood ratings for managing BD rely on dis-
crete numeric scales with a value of zero representing a neutral 
mood state [21]. This approach requires that users aggregate rich 
interpersonal experiences into single numeric values, resulting in a 
simple, coarse-grained representation of an otherwise complex phe-
nomenon (afective state). While clinicians noted the importance of 
these standard numeric scales for informing medication changes, 
they also desired additional information about the context in which 
the ratings were made [9]. 

We therefore suggest that a co-tracking system (similar to other 
emotion tracking systems [3]) should accommodate qualitative 
contextual information alongside numeric ratings, allowing 
for increased precision of mental health representations. 

Our prototype visualization supports additional context via the 
data commenting feature: users can hover over particular data 
points, which reveals a tooltip showing any annotations provided 
by the user when they recorded a particular numeric mood rating. 
We intentionally enlarged the data points to accommodate potential 
hand-tremors, a common symptom of individuals taking lithium 
for BD [21]. 

Combining contextual data comments with a time-series graph 
of mood state provides a narrative element to the visualization, 
which is often lacking in personal informatics systems [34]. 

3.2.3 Completeness. Data sharing and privacy was a noted con-
cern in previous empirical studies with individuals sufering from 

SMI [32]. Given the potentially sensitive nature of one’s mood, in-
dividuals should be able to selectively share mood data on some 
days and not on others. An individual may not have access to the 
complete mood datastream of their partner for two reasons. First, 
the individual may not have tracked their mood for a particular day, 
especially if the individual is in an extreme mood state [21]. Second, 
the individual may have chosen to not share their mood state on a 
particular day. This creates a new challenge for data representation, 
as there are two diferent reasons why data may be incomplete. Clin-
icians highlighted that when an individual chooses not to share a 
self-tracked mood, this could be therapeutically relevant and might 
prompt useful conversations (“why didn’t you want to share your 
mood with me?”) [9]. Therefore, the visualization should clearly 
communicate the reason for missing data in a mental health 
data stream. 

To support communicating this distinction, the visualization in-
cludes two diferent encodings for these sources of incompleteness. 
For un-tracked data, the mood line is discontinuous, indicating that 
no data was collected. For data that is not shared, a vertical line 
shading is overlaid on the plot. The added geometry [30] spans 
the majority of the y axis, indicating that the actual mood value 
could be anywhere within the range. Figure 2 shows a co-tracking 
visualization where data is both missing (discontinuous line) and 
not shared (shaded region), perhaps because of a dip in mood state— 
both behaviors that might be clinically relevant. 

3.2.4 Consistency. Consistency is the “extent to which info com-
ponents agree” [38]. A co-tracking system has two primary infor-
mation components informing the same variable: the individual’s 
self-tracked mood, and their co-tracker’s perception of that mood. 
The level of (dis)agreement between these two perspectives will 
likely vary from dyad to dyad, as well as temporally within a dyad. 
Communicating changes in this consistency to clinicians is one 
of the motivating factors in creating a co-tracking system, which 
necessitates a requirement that the visualization clearly display 
the individual’s self-rating alongside (or in the context of) 
their co-tracker’s rating of them. 
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To allow people to compare data across these streams, our design 
visually couples the self-tracked and co-tracked rating about each 
person’s mood using color, to highlight the level of consistency 
between the two ratings. 

3.2.5 Lineage. Lineage is the “conduit through which information 
is passed” [38]. Verbal and non-verbal communication between 
individuals, along with shared environmental stimuli, create a “lin-
eage” by which afective state is transmitted. Psychologists have 
determined that levels of partner expressiveness [27] and the pres-
ence of confict [35] both infuence this lineage. In addition, the 
amount of contact two individuals have would also mediate the de-
gree to which they can accurately perceive one another’s emotional 
state. A co-tracking visualization should therefore communicate 
an estimate of how much afective information an individ-
ual might have received about the other before providing the 
co-tracked rating. 

Given that the partner’s perception (the co-tracked data) is sub-
ject to biases and is further from the actual experience of the mood 
state, the visualization decreases the opacity of the co-tracked data 
as compared to the self-tracked data (Figure 2). The opacity is based 
on the level of contact the two individuals had throughout the day 
(e.g., determined via location fngerprinting, communication logs, 
or self-report), and therefore communicates the lineage of afec-
tive information. Highly faded nodes represent ratings where the 
co-tracker had very little contact with the individual whose mood 
they rated. Self-tracked mood is considered to be the “ground truth” 
and is therefore displayed with maximum opacity. 

3.2.6 Currency and Timing. Timing between the observations made 
by individuals and the actual reporting of the mood rating can lead 
to additional uncertainty in the data. When asking an individual to 
report on how they felt over the course of the day (as opposed to 
how they feel in a single particular moment), the individual must 
perform some averaging process to report their aggregate mood 
[31], which then becomes subject to the experienced mood biases 
mentioned before. These same efects are present when retrospec-
tively reporting on a perceived mood state of another individual. 
Therefore, a co-tracking visualization should clearly indicate the 
time lag between the experienced (or perceived) emotional 
state, and the rating of the emotional state. While the synthetic 
data assumes tracking occurred at the same time every day, the 
X-axis on the prototype visualization indicates the time of report 
and could therefore highlight lagging reports within a day. 

Timing uncertainties might also be mitigated at the point of data 
collection through the use of notifcations or prompts to encourage 
more temporally proximal mood reporting. However, given the 
variance in the ability of individuals with SMI to promptly report 
data due to mood variations and social stigma issues [25], pragmatic 
visualization designs for this domain should provide the capability 
of representing both momentary and retrospective data reports. 

4 CONCLUSION AND FUTURE WORK 
The visualization presented in this work provides users a way to 
interact with and explore multi-source (self-tracked and co-tracked) 
mental health data. Visualization requirements were drawn from 

a typology of sources of uncertainty, which are particularly im-
portant given the subjective nature of mental health data (in this 
example, perceived mood). The prototype interface was designed 
with considerations from prior empirical studies with clinicians and 
interpersonal studies in psychology, and is expected to improve em-
pathic accuracy of mood state in partnerships, leading to improved 
relationship satisfaction and support for managing serious mental 
illnesses. In addition, the ability to compare consistency across two 
sources of the same mental health variable (for example, the mood 
of an individual managing BD) is expected to provide additional 
information for mental health professionals in a clinical context. 

The developed prototype visualization (and sample data) cur-
rently resides in an Observable notebook, and is available to the 
public. Planned future work will implement the visualization into a 
mobile web app which facilitates both self-tracking and co-tracking 
alongside data visualizations. Given the novelty of a co-tracking 
system, it will be necessary to perform an in situ study to explore 
clinical usefulness as well the efects of co-tracking on empathic 
accuracy in partnerships. The qualitative and quantitative results of 
this study are expected to further inform the design of interfaces for 
supporting and visualizing multi-source data to support well-being 
in both informal and clinical contexts. 

While the present work is focused on a case study of visualizing 
multi-source mood data for managing bipolar disorder, the typology 
of uncertainty and the mechanisms by which uncertainty enters 
mental health data streams can both help to inform the design 
of analytics systems that support well-being, more generally. The 
nature of mental health data and tendency for systems to impose 
certain representations of subjective afective experiences motivate 
the inclusion of uncertainty in mental health data visualizations. 
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