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Abstract
Shared decision-making is a process that requires active
participation from the patient in making treatment related
decisions [5]. Through this process, both patients and clin-
icians develop a shared understanding about the patients’
lifestyle choices and how they affect symptoms to make
informed treatment related decisions. However, there are
communication and process barriers to developing this un-
derstanding, including lack of medical knowledge on the
part of the patients and lack of standard processes for clini-
cians to follow. With Data Dialog, we propose a data-driven
approach to information exchange between patients and
clinicians, using visualizations as ‘boundary objects’ for
communication and collaboration. We outline a number of
scenarios in which Data Dialog can be useful, and discuss
opportunities and challenges that need to be addressed.
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Introduction
For patients with chronic health conditions, such as dia-
betes and hypertension, care-management involves: (1)
establishing an ongoing partnership (with the clinician), (2)
information exchange, (3) deliberating on options, and (4)
making decisions and acting on them [8]. Here, patient par-
ticipation is crucial, as treatment is largely carried out by the
patients themselves in clinically-uncontrolled settings (e.g.,
insulin injection), and treatment-related decisions have to
be tailored based on individual experiences, needs, and
preferences. To be effective, the clinician must understand
enough about the patient’s lifestyle (diet, physical activity,
etc.), and the patient must understand how medications
and everyday lifestyle choices affect their symptoms. Yet
this information exchange between patients and clinicians
remains a challenge. Clinicians often rely on the patient’s
ability to recall symptoms and behavior, which can be inac-
curate and incomplete. This impacts the treatment recom-
mendations they make. Consequently, patients are unable
to understand or decide between treatment options, hinder-
ing their active participation in shared decision-making [5].
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Figure 1: Collaboration between
Clinician and Patient using data
visualizations as boundary object.
Top: Clinician selects low blood
sugar readings and annotates with
the question “What were you doing
during this time of the day?”.
Bottom: The corresponding time
window is highlighted for the
patient on their physical activity
view, and the patient responds that
they went running.

One potential approach is for patients to self-monitor their
symptoms and other data (e.g., blood glucose levels, blood
pressure, weight) and bring this “quantified-self” (QS) infor-
mation into the clinical setting. The clinicians can provide
context for the patient by showing how the data correlates
with the clinical health records (e.g., lab reports, notes).
However, existing work has shown that while clinicians
find self-tracked patient data useful, the data is often repre-
sented in ways that may not be usable (or interpretable) by
the clinicians [12]. On the other hand, patients may not un-
derstand clinical representations of data (EKG, x-rays, etc.)
due to the lack of medical expertise. To solve this problem,
we need a communication framework that works for individ-
uals with different expertise, and a set of visual transforma-

tion techniques that allows for knowledge sharing across
different representations of data.

In this paper, we propose Data Dialog, a new collabora-
tive visual analysis approach. Data Dialog is intended to
support participatory data analysis (PDA) [3] to enable
information sharing and collaborative decision making.
Through PDA, patients and care providers (clinicians, nu-
tritionists, fitness experts, etc.) can develop a data-driven
treatment plan–where both data, and analysis, can come
from provider and patient working together.

Data Dialog
Within patient centered care, the patient engagement model
consists of five stages of engagement: Consumer, Con-
nected Patient, Contributing Patient, Conferring Patient, and
Challenge-Setting Patient [1]. At the peak engagement level
(challenge setting), the patient actively manages her health
by setting wellness goals with advice from a care team and
access to medical information. This relies on the fact that
the patient is able to hypothesize about various correlations
and causal mechanisms between symptoms and behavior,
and to understand medical information for goal setting and
monitoring progress.

In Data Dialog, we leverage PDA as a way of promoting
patient engagement using data visualizations as ’bound-
ary objects’ [11] between patients and providers. PDA is
a process in which the person whose data is being anal-
ysed (e.g., patient) is directly involved in the analysis of
data [3]. It facilitates mutual-learning between participants
through active engagement and collaboration. Using Data
Dialog, clinicians, along with patients can model causal re-
lations (e.g., “insulin level goes down in the morning be-
cause patient goes for a run”) and prescribe tailored plans
(Figure 1). Patients can better understand how their lab test



results correlate with everyday lifestyle choices, which can
increase self-efficacy and lead to improved self-care. It also
provides an opportunity for patients to learn how to gener-
ate insights from data.

Roles: Patient, Clinician, and Health Informatician
PDA can be time consuming for clinicians, who may not
have the time to actively engage in the process with all of
their patients. O’Brien and Mattison describe the (emerg-
ing) role of data scientists and health informaticians as crit-
ical to achieving the desired state of hyper-collaboration
(with patients) within healthcare [9]. We believe that the
emerging role of health informaticians who have sufficient
analytical and medical expertise will be able to offload anal-
ysis work from clinicians. Just as with other medical proce-
dures (e.g., a pathologist examining a blood-draw sample)
in PDA, the informatician could conduct collaborative anal-
ysis with the patient, and clinicians participate in decision
making based on insights generated from data. This re-
quires innovation around electronic health records (EHR)
for reporting the outcome of PDA. In the same context,
Patient Health Records (PHRs) are increasingly looked
at as a way of supporting patients in managing their own
health [10]. In the Data Dialog project, we plan to explore
design and policy related issues around EHRs and PHRs.
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Figure 2: Collaborative analysis
scenarios between patients,
clinicians, and informaticians using
Data Dialog.

Scenarios
Consider a scenario in which a patient with Type-1 diabetes
and the clinician are going over the patient’s insulin plan
together (Figure 2a). Here, the patient has her QS data on
a tablet device and the clinician has her health records on
a desktop. During the analysis process, the clinician may
observe and highlight unusual events of low-blood-sugar
(on a visualization), and ask the patient if she missed taking
insulin on those days. The patient remembers that she went
running, but had taken her insulin shot. This insight may

prompt the clinician to revise her insulin plan, and explain
that a physical activity lowers blood sugar levels.

In a different scenario, a pre-diabetic patient is working with
a health informatician to generate a physical activity plan
(Figure 2b). Here the informatician may first look for other
patients with similar profiles, and run an analysis to identify
successful recommendations for overcoming pre-diabetes.
The informatician and patient engage in deciding the plan
most feasible for the patient.

In a third scenario, the clinician and informatician try to de-
termine medications for a patient that maximizes benefits
and minimizes risks, based on similar patient profiles and
their treatment history (Figure 2c). The informatician can
present the results from data analysis performed to answer
the clinician’s specific question, which may trigger further
questions. They can repeat the process until the clinician
identifies appropriate medications.

Framework
Most collaborative visualization tools are designed for peo-
ple with similar skills. But patients, clinicians, and informati-
cians all have very different background, (data and visu-
alization) skills, goals, privacy requirements, and access
devices (e.g., computers, tablets, phones). This calls for a
new collaboration framework, and approach that supports
visual analysis across different user interfaces, different lev-
els of data abstractions, and even different visualizations.

Our research seeks to (1) model different data representa-
tion needs, (2) identify the analytical questions of patients
and clinicians (those that are of mutual interest as well as
those specific to each) and develop visual analysis and
decision support tools, and (3) design and evaluate new
collaborative technologies for participatory data analysis to
generate action-oriented recommendations [4].



Discussion
With advancements in personal health trackers, there is
a growing interest in leveraging QS data towards person-
alized medicine. By analyzing this data, Computer sup-
ported decision systems (CDSS) such as Omada [6] are
providing tailored healthcare plans for individuals with pre-
diabetes. Other services such as the Apple Research Kit [7]
are using this data to generate insights about health be-
havior across different health conditions, at scale. While
these approaches are useful towards making generalized
recommendations, without sufficient context, it is hard to
personalize the recommendations. Patients, on the other
hand, may lack the motivation and expertise to do their own
analysis. An unfortunate outcome is that “self-monitoring” in
itself becomes the end goal and a reason for abandonment
of health tracking devices. We believe that Data Dialog can
alleviate this problem through PDA. For providers, Data Di-
alog lowers operating cost (e.g., readmission) by improving
secondary care outside of the hospital. To quote Berwick
et al. “. . . the actual causes of mortality in the United States
lie in the behavior that the individual healthcare system ad-
dresses unreliably or not at all. . . ” [2]. In summary, both
patients and providers can benefit from our data driven ap-
proach to shared decision-making.

REFERENCES
1. Stephen Armstrong. 2014. The Patient Engagement

Pyramid. (2014). http://blog.hellohealth.com/
The-Patient-Engagement-Pyramid

2. Donald M Berwick, Thomas W Nolan, and John
Whittington. 2008. The triple aim: care, health, and
cost. Health Affairs 27, 3 (2008), 759–769.

3. Jacky Bourgeois and others. 2015. Harvesting green
miles from my roof: an investigation into self-sufficient
mobility with electric vehicles. In In Proc Ubicomp’15.
ACM, 1065–1076.

4. Heather J Cole-Lewis and others. 2016. Participatory
approach to the development of a knowledge base for
problem-solving in diabetes self-management. Int. J of
Medical Informatics 85, 1 (2016), 96–103.

5. William Godolphin. 2009. Shared decision-making.
Healthcare Quarterly 12, Sp (2009).

6. Omada Health. 2017. Digital Health Program. (2017).
https://www.omadahealth.com/

7. Apple Inc. 2017. Research Kit. (2017).
http://researchkit.org/

8. Victor M Montori, Amiram Gafni, and Cathy Charles.
2006. A shared treatment decision-making approach
between patients with chronic conditions and their
clinicians: the case of diabetes. Health Expectations 9,
1 (2006), 25–36.

9. Ann O’Brien and John E. Mattison. 2016. Emerging
Roles in Health and Healthcare. In Healthcare
Information Management Systems. Springer, 199–217.

10. Enrico Maria Piras and Alberto Zanutto. 2014. "One
day it will be you who tells us doctors what to do!".
Exploring the" Personal" of PHR in paediatric diabetes
management. Information Technology & People 27, 4
(2014), 421.

11. Susan Leigh Star and James R Griesemer. 1989.
Institutional ecology, translations’ and boundary
objects: Amateurs and professionals in Berkeley’s
Museum of Vertebrate Zoology, 1907-39. Social studies
of science 19, 3 (1989), 387–420.

12. Peter West and others. 2016. The Quantified Patient in
the Doctor’s Office: Challenges & Opportunities. In
Proc. CHI’16. ACM, 3066–3078.


