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ABSTRACT 
Providing care to individuals with chronic diseases benefits from a 
multidisciplinary approach and longitudinal symptom, event, and 
disease monitoring, in and out of clinical facilities. Technological 
advancements, including the ubiquitous presence of sensors and 
devices, present opportunities to collect large amounts of data and 
extract evidence-based insights about the patient and disease. Nev-
ertheless, practical examples of clinical utility of those technologies 

remain sparse, and in specific focus areas (e.g, insights from a single 
device). This paper explores the challenges and opportunities of 
multidisciplinary clinical dashboards to support clinicians caring 
for people with chronic diseases. We report on a focus group and co-
design workshops with a multidisciplinary team of clinicians and 
HCI researchers. We offer insights into how technological outcomes 
and visualizations can enhance clinical practice and the intricacies 
of information-sharing dynamics. We discuss the potential of dash-
boards to trigger actions in clinical settings and emphasize the 
benefits of customizable dashboards. 
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1 INTRODUCTION 
Chronic diseases (CD) affect an ever-increasing proportion1 - 90% 
increase expected in deaths by 2050 - of the global population. 
The prevalence of these conditions, often accompanied by a com-
plex interplay of comorbidities, has placed an enormous burden 
on healthcare systems worldwide [23]. Notably, their significance 
becomes even more apparent during times of crisis, as witnessed 
during the COVID-19 pandemic, where individuals with underlying 
chronic conditions faced higher risks and poorer outcomes [60]. 
The imperative to improve chronic disease management and care 
delivery has never been more pressing. 

One key approach to addressing the multifaceted nature of CD 
is the adoption of multidisciplinary care teams [63, 83]. These 
teams comprise professionals from various healthcare domains, 
each contributing their unique expertise to provide holistic and 
patient-centered care. To illustrate the potential impact of such an 
approach, consider the case of Parkinson’s disease (PD), a neurode-
generative condition affecting millions globally2 . Traditionally, PD 
management has primarily revolved around the expertise of neu-
rologists. However, the comprehensive care of PD patients requires 
a broader perspective. Physical therapists, nurses, occupational 
therapists, and other specialists bring essential insights to the table 
[83], collectively improving patient outcomes and quality of life 
[55]. The communication challenges within these multidisciplinary 
teams arise from available mechanisms to share information, often 
consuming valuable time for clinicians [10]. 

Technological advancements, notably the proliferation of sen-
sors and devices, have revolutionized our ability to monitor chronic 
conditions [50, 59, 81]. These innovations enable the continuous 
collection of vast patient data , such as self-reported (e.g., digital 
questionnaires) and objective (e.g., sensor-derived gait metrics) mea-
surements offering unprecedented opportunities for understanding 
disease progression and tailoring interventions [41]. However, 
there is a gap in translating these technological capabilities into 
tangible clinical benefits [67]. Despite the wealth of data gener-
ated, evidence supporting the clinical utility of this information 
in improving patient care is scarce [75]. This gap between data 
generation and clinical utility is a significant challenge that needs 
to be addressed. 

In this context, clinical dashboards emerge as a promising solu-
tion [35]. These dashboards have the potential to serve as a bridge, 
1https://news.un.org/en/story/2023/05/1136832
2
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summarizing complex data and revealing patterns that might oth-
erwise remain hidden [31, 85]. When considering dashboards for 
multidisciplinary teams new challenges arise related to the need to 
customize visualizations according to the unique interests of each 
team (or clinician) and facilitate information sharing between them 
[10]. Nevertheless, current efforts in this direction have been lim-
ited in their scope, focusing on synchronous team communication 
[42] or having a limited exploration of how to facilitate information 
sharing of multiple data sources in dashboards [36]. 

Given their current but sparse exposition to specific dashboards 
(e.g, single device), clinicians have both the domain knowledge(s) -
i.e. from different disciplines - as well as dashboard-utility percep-
tions and aspirations to be able to contribute more actively to the 
design of future dashboards - a unique set of expertises that has 
been overlooked in clinical visualization [16]. 

Our work explores the challenges and opportunities of multidis-
ciplinary clinical dashboards as tools to support clinicians caring for 
people with chronic diseases. We sought to address the following 
research question: How do multidisciplinary teams of clinicians per-
ceive, adapt, and ideate dashboards for long-term multidisciplinary 
care? To address this question, we enacted a collaboration between 
a multidisciplinary team of clinicians from diverse backgrounds 
and expertise and HCI researchers to co-design clinical dashboards 
tailored to monitor chronic conditions, with a particular focus on 
neurodegenerative diseases such as PD . Our collaborative process 
encompassed two essential phases: a focus group aimed at char-
acterizing current practices and defining the types of information 
desired for PD monitoring, followed by six co-design sessions with 
distinct groups of professionals, ranging from physiotherapy to 
nursing. Together, we designed and discussed more informed and 
comprehensive dashboards, leveraging the collective wisdom of 
these diverse healthcare professionals. 

Our findings revealed distinct priorities of clinical areas when 
evaluating patients while uncovering shared interests. Drawing 
upon the knowledge gained from previously evaluated areas could 
prove beneficial in developing more informed and comprehensive 
dashboards. Our study underscores the critical role of co-designing 
and involving clinicians from the outset of the design process, en-
suring that technological solutions align closely with their specific 
requirements and preferences. 

This study contributes to the HCI field by (1) providing de-
sign guidelines for future multidisciplinary dashboards in mon-
itoring chronic conditions; (2) delving into the intricate dynamics 
of information-sharing within multidisciplinary teams; (3) empha-
sizing the empowering potential of personalization in allowing 
clinicians to customize visualizations to suit their unique needs 
and preferences. Additionally, our study contributed to the more 
general body of work on mapping and better understanding the 
challenges surrounding technology integration in clinical practice. 

2 RELATED WORK 
This section presents a comprehensive overview of related work in 
three primary areas: monitoring of chronic conditions, particularly 
related to data collection and availability, visual analytics and dash-
boards in healthcare, and the importance of involving stakeholders 
in the design process. https://www.who.int/news-room/fact-sheets/detail/parkinson-disease 

https://doi.org/10.1145/3613904.3642618
https://1https://news.un.org/en/story/2023/05/1136832
https://1https://news.un.org/en/story/2023/05/1136832
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2.1 Continuous Monitoring in Chronic Diseases 
Chronic Diseases (CD) may have multiple definitions and encom-
pass many conditions, such as arthritis and diabetes. In our con-
text, we adopt the approach outlined by Bernell et al. [9], which 
defines chronic diseases as those that manifest recurrently over 
extended periods. CDs have long-term health implications that sig-
nificantly impact an individual’s quality of life [55]. Additionally, 
these factors can also exert a burden on healthcare systems [23], 
given the frequent need for regular patient check-ups. In some 
chronic diseases, a multidisciplinary approach can benefit the pa-
tients [63, 83]. Tosserams [83] suggests that optimizing functional 
mobility involves a complex interaction between motor and non-
motor symptoms, which must be addressed through collaboration 
across various professional areas. Nevertheless, sharing information 
about their patients can be hard and a burden in multidisciplinary 
teams leading to more time spent by each clinician [10]. 

While appointments serve as important moments for CD patients 
to receive assistance from their clinicians, the effective manage-
ment of CDs necessitates ongoing and close monitoring, which 
often extends beyond clinical appointments [65]. For instance, man-
aging conditions like diabetes require patients to make significant 
behavioral changes related to their diet and exercise routines, even 
though clinicians can offer recommendations and periodically as-
sess progress [17]. These changes often entail patient-driven ac-
tivities such as monitoring blood sugar and consistent medication 
adherence [32]. For individuals with chronic neurological and psy-
chiatric conditions like Alzheimer’s disease and attention deficit 
hyperactivity disorder, distinct challenges arise, and they often 
benefit from close monitoring by family members or caregivers 
who provide support [80, 89]. In some cases, individuals seeking 
to modify their behaviors may require participation in therapeutic 
interventions or support groups. Consequently, continuous moni-
toring is pivotal in tracking health-related metrics and supporting 
effective disease management [41]. 

In recent years, there has been an increase in the use of tech-
nological tools to manage CD, enabling continuous monitoring. 
[31, 50, 59]. Accelerometers and gyroscopes that are present in 
smartphones, smartwatches, or bracelets [7, 19, 20, 74], are non-
invasive and continuous data collection methods for monitoring 
and tracking symptoms. Furthermore, desktop [13, 33, 51], and 
mobile [2, 4, 44] applications are used for disease management. 
Regarding techniques, machine learning has demonstrated efficacy 
in predicting disease stages [34, 46, 68] diagnose diseases [5, 8, 56], 
and detecting disease symptoms [49, 77]. However, determining 
the most effective digital indicators for capturing disease symptoms 
and fluctuations remains challenging. 

While many sensors and algorithms have been applied in CD 
to track symptoms and detect the disease, these approaches focus 
on a subset of activities within clinical environments. Additionally, 
studies conducted in free-living often face challenges as patients 
tend to stop using the technology [24]. While monitoring patients 
during clinical evaluations is crucial, the availability of information 
is limited in free-living environments where clinicians have reduced 
oversight. On top of that, it is necessary to explore the integration 
of these outcomes into clinical practice. 

2.2 Visual Analytics in Healthcare 
The availability of subjective and objective data collected using 
mainstream devices is increasing [31]. However, a gap exists in 
effectively utilizing this data within the healthcare environment, 
particularly for patients and clinicians [61]. Creating usable visu-
alizations is pivotal for enhancing the understandability of data 
collected from mainstream devices [70]. While many studies pri-
marily focus on extracting outcomes from these devices, there are 
noteworthy examples that emphasize the importance of providing 
meaning to raw data [14, 22, 57, 58]. Usable visualizations can bring 
significance and opportunities to clinical practice[35, 38, 39, 78, 93]. 
There are high-fidelity prototypes (Figure 1a) and real-world de-
ployment of dashboards that are already being available for clinical 
practice (Figure 1b). 

(a) Example of a high-fidelity prototype of a clinical dashboard 
[39] 

(b) Example of a real-world deployment of a clinical dashboard 
to analyse the coronavírus disease situation 3 

Figure 1: Examples of the dashboards. 

Visualization techniques, such as dashboards, play a pivotal role 
in uncovering patterns in patient data [31, 33]. Dashboards facilitate 
continuous monitoring of changes in patient symptoms [22, 39, 76] 
and can contribute to enhancing decision-making [34]. Visuals 
within these dashboards simplify the identification of outliers from 
typical data patterns. Moreover, they can contribute to stimulating 
patient-clinician discussions [58]. Beyond enhancing individual in-
teractions, visualizations can also serve as a crucial bridge, facilitat-
ing effective communication and data exchange among multidisci-
plinary healthcare teams and enhancing the collaborative approach 
to patient care. Two studies explored dashboards in the context 
of multidisciplinary care. Lai et al [42] delve into the role of a 
dashboard in aiding multidisciplinary teams but narrow their scope 
to a particular moment of these teams’ activities (multidisciplinary 
3https://samples.boldbi.com/solutions/healthcare/coronavirus-disease-dashboard 

https://3https://samples.boldbi.com/solutions/healthcare/coronavirus-disease-dashboard
https://3https://samples.boldbi.com/solutions/healthcare/coronavirus-disease-dashboard
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rounds), where clinicians collectively discuss patient progression 
and plan next steps. Janssen et al [36] explore iteratively clinicians’ 
dashboard interests but with a small sample (n=5) and do not delve 
into how different types of patients’ data could be presented. To 
the best of our knowledge, no studies have sought to understand 
how dashboards may support multidisciplinary teams longitudi-
nally, particularly in how these tools enable clinicians to assess the 
specific information they generate and need while also supporting 
information-sharing. 

Branco, et al. 

2.3 Involving Stakeholders in Healthcare 
Research 

Involving stakeholders in the design process has been successfully 
used to elicit and demonstrate how technology can serve people’s 
needs[1, 71, 79]. In HCI and healthcare research, co-design has been 
employed to gather insights from domain experts and stimulate 
discussions [12, 14, 39, 53, 84, 92]. Co-design facilitates close collab-
oration and discussion among researchers, patients, clinicians, and 
designers. Previous co-design studies have explored patient per-
spectives [12, 53], collaborations between clinicians and researchers 
[14, 39, 92], and interactions between clinicians and PD patients 
[58, 84]. Although within the context of multidisciplinary care 
for chronic diseases, multiple stakeholders exist, our study pri-
marily focused on understanding clinicians’ perceptions. Through 
co-designing dashboards, we aimed to explore their potential con-
tributions in enhancing the comprehension of patients’ outcomes 
and fostering information sharing among multidisciplinary teams. 

3 METHODOLOGY 
With the goal of exploring the role of technology and visualizations 
in facilitating multidisciplinary clinical practice, we conducted a 
two-phase study. Healthcare professionals who participated in both 
study phases have experience with a multitude of CDs, such as 
dementia, stroke, and PD. Both phases of the study were conducted 
at a tertiary private clinical institution focusing on neurological 
conditions that operate with a multidisciplinary disease monitoring 
and rehabilitation approach 4 . 

Given all participants’ shared experiences evaluating PD, our 
study focused on both phases within the context of PD multidisci-
plinary care scenarios. We started with a focus group to characterize 
current practices and establish the types of information desired for 
PD monitoring. Subsequently, we conducted six co-design work-
shops to collaboratively design and discuss more informed and 
comprehensive dashboards, as well as to envision future scenarios 
where technology could play a significant role. We started with a 
focus group discussion followed by co-design workshops. 

3.1 Phase I: Focus Group 
Our first goal in exploring how technology can support clinical 
practice for continuous monitoring of chronic diseases was to un-
derstand the type and detail of information desired by clinicians. 
4

Figure 2: The setup in the focus group, with the different 
boards and outputs produced. 

We performed a focus group study and post-session asynchronous 
activities with a multidisciplinary team of clinicians. 

3.1.1 Participants. Five clinicians (two physiotherapists, two nurses, 
and one neurologist) participated in the focus group session. They 
were aged 34-53 (M=39.25; SD=9.18), with 11-35 (M=17.75; SD=11.53) 
years of experience, and 2-8 years working at the clinic (M=6.5; 
SD=3.00). Additionally, six more participants (four physiotherapists, 
one speech therapist, and one nutritionist) aged 30-33 (M=30.83; 
SD=1.17), with 7-11 (M=8.83; SD=1.72) years of experience, and 
5-7 years working at the clinic (M=6.5; SD=8.84) engaged in post-
session asynchronous activities. All participants were working at 
the tertiary clinical institution and had experience with chronic 
disease care. Table 1 provide additional details. 

3.1.2 Procedure. The co-located session lasted around two hours 
and started by explaining the study goals and tasks. Participants 
were engaged with the researchers in defining the workflows and 
data for a data-driven platform. For that, we prepared a set of 
boards (A3 paper sheets) to represent the more relevant devices, 
activities, and data outcomes for clinicians. Throughout the session, 
the boards were iteratively filled with examples (written on post-its). 
Further details can be found in Figure 2. 

We asked participants to write down daily activities and events 
that held relevance for inclusion in a free-living assessment frame-
work. Then, participants identified the devices or objects they 
consider relevant for assessing patients in the clinical routine and 
to have, over time, an overview of disease progression. Then, they 
write down on data and peer boards and discuss the most relevant 
outcomes from the aforementioned activities and devices. 

To foster further discussions and consolidate information beyond 
the session, we translated the final state of the paper boards into a 
digital format using Trello5 . Participants were encouraged to fill 
in all available information and prompted with questions to elicit 
action (e.g., "You mention a couple of objects (e.g., a book). What 

5https://trello.com

Our country’s healthcare system is founded on universal coverage, ensuring that all 
residents have access to comprehensive medical services funded through general taxa-
tion. It iis publicly funded, providing healthcare as a fundamental right to its citizens 
without requiring direct payments for most services. Additionally, to complement 
public healthcare people may have additional complementary insurances that reduce 
the cost when going to private hospitals and clinics. / 

https://5https://trello.com
https://SD=11.53
https://5https://trello.com
https://SD=11.53
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eighty years with an advanced disease stage, low autonomy, resid-
ing in a care home, and undergoing treatment at the clinic. The 
second persona represented a seventy-year-old recently diagnosed 
individual, living with family and preparing for their first clinic 
appointment. The third persona depicted a sixty-year-old with an 
initial disease stage, having a caregiver, and occasionally attending 
clinic appointments. We sought to understand the technologies cur-
rently used to evaluate and monitor PD patients and their impact on 
patient evaluations. Given a scenario of a world without financial 
and technological constraints, participants were asked to ideate so-
lutions to overcome their current limitations in patient evaluation. 
Participants were prompted to contemplate how technology could 
augment data availability in their clinical practice. Furthermore, 
they were encouraged to consider their desired outcomes for future 
endeavors. 

Co-designing Customizable Clinical Dashboards with Multidisciplinary Teams 

type of useful data you see being collected from those objects that 
can inform on the status of a person with PD?"). Additionally, we 
introduced a new board titled "Scenarios" to capture real-world 
scenarios pertinent to the diseases, aiming to extract further data 
from these examples. 

3.1.3 Analysis. We started by thoroughly examining the contents 
generated on each board. Following this, we collated the results 
derived from the six boards (activities, events, devices, data, peers, 
and scenarios). We categorized information based on the underly-
ing connections and relationships identified. Subsequently, three 
researchers began the exploration of the study data and collated 
information to construct our initial affinity diagram. Following 
this, our affinity diagram underwent discussion and refinement 
involving four researchers until we achieved a final consensus. Sub-
sequently, the affinity diagram was integrated into the themes that 
originated from phase II. 

3.2 Phase II: Workshop 
We performed co-design and group discussion sessions with a mul-
tidisciplinary team of clinicians (Figure 3). Our goal was to design 
and discuss more informed and comprehensive dashboards, while 
also envisaging future scenarios in which technology could play a 
significant role. 

3.2.1 Participants. We recruited 15 participants aged 25-35 (M=29.93; 
SD=3.28), with 1.5-12 (M=6.17; SD=3.75) years of experience, and 
1-7 years working at the clinic (M=3.73; SD=2.38). To ensure a 
wide variety of valences and experiences, we included a broad rep-
resentation of healthcare professions in the design process. The 
professionals represented are two psychologists, three physiother-
apists, four speech therapists, two occupational therapists, two 
nutritionists, and two nurses. Table 1 provides additional details. 

Our participants were from the same clinical institution as the 
focus group, operating with a multidisciplinary disease monitoring 
and rehabilitation approach. In this clinic, professionals have access 
to technological devices that, in some clinical teams, are used to 
evaluate a patient state. On top of that, they use applications to store 
general patient information (PRIME6), to continuously monitor 
the disease (DataPark [13]), and to exchange notes between them 
(email). However, some areas and professionals do not use any 
particular digital health technology. 

3.2.2 Co-Design Workshop. We conducted six co-design sessions, 
one with each clinical team. Each session, lasting approximately 
45 minutes, consisted of a group discussion, co-design activity, 
and debriefing discussion. We asked participants to consider both 
clinical and free-living scenarios in all segments. Additionally, we 
provided them with personas representing patients of different ages, 
disease duration, and varying disease stages (e.g., first visit versus 
a more longitudinal case). 

Group Discussion. We initiated focus group discussions by in-
quiring about the daily routines of healthcare professionals in a 
typical appointment setting. We presented three personas for the 
following stages. The first persona represented an individual of 

6

Figure 3: Clinicians designing a dashboard with researchers 
at the clinic 

Co-Design Activity. After the group discussion activity, we asked 
them to develop their ideal dashboards, incorporating the informa-
tion they believed should be displayed (Figure 3). To facilitate this 
process, we provided whiteboards, markers, and magnets contain-
ing examples of visualizations (e.g., textual information, progression 
charts, and comparisons). We also prepared blank magnets if par-
ticipants wanted to add a new visualization type. The idea behind 
the magnets was to help them with different visualization possi-
bilities to facilitate the design of the dashboards and modification. 
Participants used these tools to visually design their interfaces, rep-
resenting the desired data and the preferred visualization methods. 

Some participants adeptly embarked on the dashboard design 
process, actively exchanging information as they made headway. 
Conversely, some exhibited hesitancy, expressing apprehension 
about their proficiency in dashboard design. To alleviate their anxi-
eties, we clarified that we focused solely on comprehending their 
priorities regarding patient monitoring outcomes rather than as-
sessing their design abilities. Without any constraints, participants 
were encouraged to contemplate their current data collection prac-
tices in both clinical and daily living contexts. Moreover, they were 
prompted to identify the information they aspire to collect but 
currently overlook. 

Debriefing. At the end of the study, we prompted patients to 
engage in a reflective exercise concerning their dashboard designs. 
This led to the presentation of their respective designs, followed https://primedev.pt/solucoes/ 



by discussions highlighting the diverse approaches adopted and 
consolidating on an ideal dashboard for the area. 

3.2.3 Analysis. The sessions conducted were recorded and subse-
quently transcribed for analysis. Thematic analysis (TA) was em-
ployed, utilizing both inductive and deductive coding. We followed 
the six phases of TA [15]. Initially, we took a deductive approach to 
generate a list of codes based on our pre-defined concepts of inter-
est, including tools, methods for data collection, data visualization, 
and clinical specialties. We used a design space [72] to categorize 
the intent of the dashboards and a taxonomy [11] to classify the 
different visuals used on the dashboards produced. Subsequently, 
two researchers began the exploration of the study data , which 
led to the inductive enrichment of the codebook with additional 
concepts such as instruments and data. Independently, both au-
thors coded all the sessions, generating codes for further analysis. 
The generated codes were then extensively discussed among the 
researchers to ensure a thorough examination and understanding 
of their implications. Subsequently, we derived themes from the 
relationships and patterns observed among the codes. Multiple ses-
sions were dedicated to further discussion and refinement of the 
themes, ultimately leading to our research findings. 

CHI ’24, May 11–16, 2024, Honolulu, HI, USA Branco, et al. 

ID Area Age Gender YE YC P1 P1A P2 

P1 
P2 
P3 
P4 
P5 
P6 
P7 
ST1 
ST2 
ST3 
ST4 
N1 
N2 
PS1 
PS2 
OT1 
OT2 
NS1 
NS2 
NS3 
NL1 

Physiotherapy 
Physiotherapy 
Physiotherapy 
Physiotherapy 
Physiotherapy 
Physiotherapy 
Physiotherapy 
Speech Therapy 
Speech Therapy 
Speech Therapy 
Speech Therapy 

Nutrition 
Nutrition 
Psychology 
Psychology 

Occupational Therapy 
Occupational Therapy 

Nursing 
Nursing 
Nursing 

Neurology 

35 Female 11 2 X X X 
31 Female 10 7 X X 
25 Female 2 2 X 
32 Female 10 6 X 
28 Female 6 3 X 
28 Female 9 5 X 
29 Female 5 4 X 
33 Female 10 7 X X 
26 Female 1.5 1.5 X 
31 Female 7 6 X 
30 Female 2 2 X 
28 Female 5 1 X 
30 Female 7 7 X X 
27 Female 2 2 X 
26 Female 4 3 X 
28 Female 2 2 X 
30 Female 8 4.5 X 
34 Male 12 7 X X X 
33 Female 11 6 X X 
35 Female 9 2 X 
51 Male 33 6 X X 

X 
-

-

-
-
-
-
-
-
-
-
-
-
-
-

-

- -

-
-
-

-

-

-
-
-

-
-
-
-
-

-

-
Table 1: Characteristics of the participants. 
Each participant is identified with numerical codes. The first letter refers to the area they belong to: P refers to physiotherapist; 
OT to occupational therapist; ST to speech therapist; N to nutritionist; PS to psychologist; NS refers to nurse. YE means years 
of experience, YC means years working at the clinic, P1 represents phase 1, P1A represents phase 1 asynchronously, and P2 
represents phase 2 

4 FINDINGS 
Our participants provide care for a heterogeneous group of patients 
characterized by differences in disease stage, age (typically skewed 
towards older individuals), and gender. Although we presented 

personas, clinicians indicated in all sessions that the outcomes of 
interest would not be influenced by patients’ individual character-
istics, such as age and disease stage. Instead, they emphasized that 
these outcomes would primarily be shaped by patients’ interests 
and the initial assessment, which determines the target areas of fo-
cus. We commence by outlining the existing procedures employed 
by each clinical team. Subsequently, we describe the technological 
and visualization components currently in use and those with po-
tential applications in their clinical practice. Finally, we unveil the 
insights derived from embracing a multidisciplinary strategy for 
disease monitoring involving the collaborative sharing of knowl-
edge. In subsequent sections when we use the term "data", we are 
referring to patients’ information available to clinicians that cap-
tures disease-related details. This encompasses both self-reported 
data and data generated from sensors and devices. 

4.1 Current Clinical Practices and 
Technological Tools [F1] 

This clinical institution follows a multidisciplinary approach to 
monitoring chronic diseases. Specifically, the professionals in these 
studies evaluate people with Parkinson’s Disease, among other 
neurological and neurodegenerative conditions. The areas covered 
are Nursing, Speech Therapy, Nutrition, Physiotherapy, Psychology, 
and Occupational Therapy. Patients are divided into three categories 
- according to the period of stay in the clinic - inpatients, outpatients,
and those who follow a rehabilitation program. Clinicians gather
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Current Clinical Practices and Technological Tools 
• Workflow 
– There are asymmetries in technology usage between areas [F1a] 

• Multidisciplinary 
– Clinicians face challenges when collecting information from patients outside clinical appointments [F1c.2] 

Values in Technology 

• Current Technology Support 
– Clinicians already use established technology in their assessments [F2a.2] 

• Looking to the future 
– Technology is important for monitoring at-home scenarios [F2b.3] 

• Barriers to technology adoption 
– Lack of adaptation to user needs [F2c.1] 
– Time [F2c.2] 
– Limited budget [F2c.3] 
– Unawareness [F2c.4] 

The Role of Visualization 

• Dashboard Structure 
– Two-level dashboards. One with a summary and then navigate for the details [F3a.1] 
– Dashboards should be modular to facilitate the change of information components and support templates import to promote 
reusability [F3a.2] 

– Customization to change pre-defined templates according to their needs [F3a.3,F3a.4] 
– Dynamic dashboards allow real-time data visualization, editing, and updating [F3a.6] 

• Dashboard Relevant Features 
– Incorporate data from third parties (family and caregivers) [F3c.3] 

Sharing in Multidisciplinary Teams 
• The relevance of sharing 
– Clinicians benefit from using information from other areas [F4a.1] 

• Support for direct and indirect sharing [F4b, F4c] 

Table 2: Summary of the findings 

data during clinical visits and in domestic settings, whether under 
supervision or independently. 

4.1.1 Workflow. During appointments, clinicians endeavored to 
pinpoint the challenges and underlying factors that prompted the 
patient’s visit to the clinic. To achieve this, they employ validated 
tools, such as questionnaires or specialized devices [30, 43], and 
engage patients in dialogue. Subsequently, they formulate an in-
tervention plan for the patient to implement within their home 
environment. 

Upon a patient’s hospitalization or upon embarking on a rehabil-
itation program, the Nursing team oversees the patient’s admission 
and conducts an initial assessment. Subsequently, comprehensive 
evaluations are conducted across various domains, guided by the 
challenges identified or reported by the patients. Following this, 
clinical teams curate an individualized plan based on the outcomes 
of these assessments. Throughout the patient’s stay at the clinic, 
continuous monitoring is carried out in alignment with specific 
focus areas to enhance the identified aspects needing improvement. 
As the patient’s discharge approaches, each team reevaluates the pa-
tient’s condition. The formulation of the discharge summary entails 
a comparative analysis of admission and discharge results, which 
aids clinicians in summarizing the patient’s journey effectively. 

Both admission and discharge notes are documented within their 
electronic health record system (PRIME). Excluding Nursing, clini-
cians utilize a dedicated platform (DataPark) to collect and visualize 
the data collected during assessments [F1a] . Some clinicians also 
mention the use of professional email to exchange daily updates 
about patients [F1b] . Teams collaborate to provide a more person-
alized and comprehensive treatment for patients. Below, we outline 
key areas: 

4.1.2 Nursing. This team conducts a comprehensive assessment of 
the patient’s overall health. This includes identifying food habits, 
cognition challenges, and the level of autonomy in performing 
Activities of Daily Living (ADL). Captured data encompasses de-
mographic details, allergies, vaccination history, and medical back-
ground. The patient responds to inquiries regarding their well-
being, recent issues encountered, and Parkinson’s disease symp-
toms. Clinicians employ direct observation and structured ques-
tionnaires to gauge the patient’s disease status and progression. In 
addition to this assessment, measurements such as blood pressure, 
heart rate, and blood analyses are conducted. Should the need arise, 
clinicians may request a 24-hour cardiac frequency monitoring 
examination. Traditionally, nurses record all collected information 
in prose format on paper, utilizing a structured format known as 



CHI ’24, May 11–16, 2024, Honolulu, HI, USA 

SOAP7(Subjective, Objective, Assessment, and Plan). Subsequently,
this data is transcribed into PRIME. As the culmination of their 
assessment, clinicians develop an intervention plan encompassing 
admission notes, identified needs, and patient objectives. This plan 
is relevant to other areas that will periodically assess the patient. 
This team is responsible for detailing the patient’s hospital stay and 
their status upon discharge. 

4.1.3 Speech Therapy. When assisted by this team, patients’ evalu-
ation focuses on language-related aspects: cognitive features, speech, 
and swallowing. Then, by consulting the medical history and asking 
questions to the patients, clinicians pinpoint primary symptoms 
and their impact on ADL. During inpatient care, speech therapists 
closely observe patients while they eat. They utilize audio and video 
recording during acoustic assessments to analyze speech patterns. 
Then, a software program (e.g., PRAAT8) generates an image to
identify potential problems to discuss with the patients. The remain-
ing facets are assessed through the utilization of questionnaires. 

4.1.4 Nutrition. The assessment begins with measurements of 
height, weight, body circumferences (mid-arm, calf, abdominal 
- if applicable), hand-grip strength (measured using dynamome-
try), and body composition (determined through bioimpedance).
Subsequently, clinicians inquire patients about food allergies, intol-
erances, and dietary habits. In cases of inpatient care, nutritionists
closely observe patients during their meals. This practice aids in
gauging food group consumption, identifying swallowing difficul-
ties, and noting choking episodes. Following this observation, an
intervention plan detailing meal-specific food intake and hydration
instructions is formulated. Regular checks are conducted during
the internment to monitor any changes. Upon discharge or during
a follow-up appointment, the patient undergoes a re-evaluation,
following the same protocols as the initial assessment. The informa-
tion gathered is integrated into DataPark, while the intervention
plan and discharge notes find their place within the PRIME.

4.1.5 Physiotherapy. This team focuses on assessing motor com-
plications. Patients are evaluated using relevant questionnaires, 
including the MDS-UPDRS [30], the golden standard for evaluating 
PD severity. This is a comprehensive rating scale that evaluates 
motor and non-motor symptoms. A physical evaluation occurs on 
a subsequent day, involving exercises to evaluate motor elements 
such as balance and gait. Patients utilize sensors to obtain objec-
tive measures to complement clinicians’ observations during these 
assessments. Upon discharge, a parallel procedure is conducted, 
repeating the same assessments. The values obtained during admis-
sion and discharge are subsequently juxtaposed for comparison. The 
discharge summary is then composed and integrated into PRIME. 
The remaining data is inputted into DataPark. Patients are also pro-
vided access to a concise summary report detailing the outcomes 
of their assessments. 

4.1.6 Psychology. The clinical team conducts assessments encom-
passing the patients’ cognitive and physiological aspects. When 
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feasible, patients complete questionnaires utilizing tablets, pens, pa-
per, or specialized materials. Throughout their stay, cognitive stim-
ulation tasks are incorporated. Upon discharge, patients undergo a 
re-evaluation. DataPark serves as the platform for completing all 
the required questionnaires. 

4.1.7 Occupational Therapy. This team’s assessment focuses on 
clinical observations and comprehensive depictions of challenges 
faced by PD patients while engaging in ADL, which encompass 
tasks like bathing and showering, dressing, self-feeding, personal 
hygiene, toileting, and maintaining posture. The underlying issues 
can stem from either motor or cognitive impairments. To pinpoint 
the root causes, clinicians inquire about patients’ daily routines 
and potential architectural barriers within their living spaces that 
might hinder these routines. Afterward, clinicians observe patients 
as they perform these activities. Questionnaires are employed to 
gauge their level of independence and manual dexterity. When 
needed, they resort to dynamometers to measure muscle strength. 
Throughout the evaluations, information is documented on acetates. 
Post-session, the gathered data is transferred to DataPark. 

4.1.8 Multidisciplinary. Clinical teams focus on different aspects 
of the disease [F1c.1] . Depending on their patient assessment re-
quirements, these specialties often use technology for assistance. 
However, clinicians face challenges in gathering data when patients 
are at home [F1c.2] . To facilitate information exchange, technology 
is also employed among healthcare professionals. 

4.2 The Potential and Challenges of Future 
Technologies in Clinical Practice [F2] 

By technology, we mean all the devices and applications currently 
in use, potentially accessible or desired by clinicians, to bolster 
clinical practice. It encompasses tools employed before, during, 
and after clinical appointments. We divided our findings into three 
categories: clinicians’ current technology usage, challenges, and 
envisioned future technology applications (more details on Table 
3). The outcomes of technological integration can extend beyond 
assessment, potentially unveiling patterns within patients’ daily 
lives through continuous monitoring. This, in turn, could aid in 
uncovering concealed health issues. 

4.2.1 Current Technology Support [F2a]. Clinicians employ a set 
of assessments to assess the present condition of a PD patient. They 
value data obtained from validated instruments [F2a.1] . Examples 
are specialized questionnaires such as the MDS-UPDRS, considered 
the benchmark for disease evaluation, or targeted questionnaires 
designed to evaluate specific aspects of the patient’s condition. 
In the current clinical framework, clinicians already incorporate 
established technology into patient assessments [F2a.2] . Typically, 
this happens in areas needing to measure biomarkers (e.g., blood 
pressure, weight). 

All the clinical teams use PRIME and email to share informa-
tion about patients’ evaluations. Except for the Nursing team, the 
remaining areas use DataPark, a digital platform that centralizes 
their assessments, aids in the evaluation process, and facilitates 
data visualization. Some areas use devices in their clinical rou-
tine evaluation. Nutrition resorts to dynamometry, bioimpedance, 
and weighing scales. Speech Therapy employs software for speech 

7https://www.ncbi.nlm.nih.gov/books/NBK482263/
8https://www.fon.hum.uva.nl/praat/

https://7https://www.ncbi.nlm.nih.gov/books/NBK482263
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Area Type of Patients’ Data Type of Device or Application Mandatory Optional Desired Phase 

Common 
patients’ admission and 

discharge notes Prime X X 1,2 

Common patients’ daily changes email X X 1,2 

Common 
digital questionnaires 

clinical and free-living data 
DataPark X 2 

Common medication reminders medicine box X 1 

NS 
heart rate 

blood pressure 
heart rate monitor 
sphygmomanometer X X 1,2 

NS 
sweating 

urinary incontinence 
sensor, not explicitly mentioned X 1 

ST voice analysis specific software X X 2 
OT muscle strength dynamometers X X 2 

P 
gait 

energy expenditure 
sleep analysis 

accelerometer sensors 
smartphones X 1,2 

P, PS 
support data collection 
in clinical appointments tablets X 2 

N identify food intake eye camera X 2 
OT architectonics barriers 3D map of patients’ house X 2 

N, P, OT 
daily difficulties and routines 
location of body problems 

sensors 
automatic diary 

X 2 

PS 
attention level 
anxiety level not explicitly mentioned X 2 

ST 
detect cough 
vocal volume 

sensors X 2 

Table 3: Clinicians’ valued insights from various technological aspects. Area denotes each clinician’s area concerning patients’ 
data, including OT (Occupational Therapy), ST (Speech Therapy), N (Nutrition), PS (Psychology), N (Nursing); Type of Patients’ 
Data encompasses both self-reported and device-generated data that clinicians currently have or would like to access; Type of 
Device or Application signifies the tools used for collecting patients’ data; Mandatory and Optional represents patients’ data 
that clinicians already have access; Desired represents patients’ data that clinicians would like to have access; Phase refers to 
the study phase where these findings were mentioned. 
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analysis, while Occupational Therapy employs dynamometers for 
measuring muscle strength. Physiotherapy uses accelerometer sen-
sors, smartphones, and tablets to better understand the patient’s 
current status. 

Conversely, the nursing team predominantly relies on observa-
tion and patient inquiries for their evaluation approach. Neverthe-
less, they also incorporate heart rate and blood pressure measure-
ment devices. The value of these additional tools lies in their ability 
to provide more comprehensive insights into the patient’s condi-
tion. Psychology uses tablets instead of paper whenever possible 
for patients to use while performing tasks. Overall, all teams turn 
to technology, albeit selectively, to enhance and complement their 
evaluation procedures. 

4.2.2 Looking to the future [F2b]. Participants mentioned the value 
they attribute to technology and expressed aspirations to harness 
it for gathering more comprehensive patient information [F2b.1] 
. Additionally, some mention measurements beyond current prac-
tice. To illustrate, Nutritionists expressed a desire for eye cameras 
on patients to record eating activities, along with software that 
can automatically analyze nutrition plans and issue alerts when 
deviations occur, "Access to beautiful photographs taken with an

ocular camera or on the head, ready before starting the meal and after, 
for three days." (N1). There are approaches already available, like
CalorieMama [6], that provide the same output. This application 
tracks calorie and nutritional information through photo recogni-
tion upon logging meals. Nevertheless, it requires user interaction. 
Another example is to identify attention and anxiety levels: "For us,
anxiety is relevant. Identifying that in a person’s daily life would be 
wonderful." (PS1).

Despite not being part of a clinical routine, professionals recog-
nized the value of monitoring patients’ daily lives regarding specific 
aspects pertinent to each clinical domain [F2b.2] . This includes the 
use of wearable sensors for continuous patient monitoring. "There
are aspects that patients cannot identify while in their homes, and 
we do not capture them because we only have contact with them at 
a specific time. So, passive monitoring of symptoms would be ideal" 
- P3. An important consideration is ensuring that wearables are
ergonomically designed (P1). In unfortunate scenarios (as reported
by physiotherapists), patients who experienced psychotic episodes
might discard their devices. Furthermore, when gathering data
via smartphones, given that patients typically do not carry their
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phones at home, it leads to potential interference with data accu-
racy. Wearables also allow nutritionists to monitor patient body 
weight fluctuations over time, providing awareness of changes. 

In uncontrolled environments, like at-home scenarios, clinicians 
require more comprehensive information to understand patients’ 
difficulties better [F2b.3] . In that sense, there are several activities 
they would like to monitor. These activities encompass various 
aspects of daily life, including basic routines like dressing, per-
sonal hygiene, and sleeping; leisure activities like dancing, reading, 
and writing; and exercise-related activities like walking and swim-
ming. Depending on the activity being monitored, the devices they 
are interested in using range from more general options such as 
smartphones, sensors, and smartwatches to more specific ones like 
toothbrushes, shoes, and glasses. Clinicians’ specific interests align 
with their respective areas of specialization [F2b.4] . For instance, 
Neurology emphasized summary metrics that provide an overall 
view of patients’ experiences at home, such as sleep quality or the 
number of daily steps (NL1). Conversely, areas like Physiotherapy 
and Nursing focused more on the details, such as the intensity of 
movements when patients wake up at night to go to the bathroom 
(NS1-2). 

The Nursing, Physiotherapists, and Speech and Occupational 
therapists desire sensors capable of measuring and monitoring pa-
tients within their homes. This could include an automatic diary to 
discern patients’ daily routines and challenges, sensors positioned 
on specific body locations to aid in identifying potential issues - "We 
would like to have a sensor to identify cough episodes during the day" 
- ST1, and wearable technologies that can map locations or capture 
images of the environment can prove valuable in identifying ob-
stacles within a patient’s home that hinder their daily activities 
- "When I mentioned architectural barriers, it would be the person 
bringing photos of the house and the bathroom" - OT2. Moreover, in 
connection with vocal volume, there is a shared aspiration to detect 
fluctuations and offer visual or vibratory feedback to patients when 
their vocal volume is not optimal. 

Hence, these indications underscored the potential that clini-
cians envision for technology in shaping the future of their clinical 
practice. Nevertheless, existing limitations must be addressed to 
transform these possibilities into reality. 

4.2.3 Barriers to technology adoption [F2c]. Some areas desired 
technology to be better aligned with their needs [F2c.1] . For ex-
ample, the Nutrition team highlighted that the data available on 
their digital platform may not consistently be aligned with their 
particular interests. Conversely, essential information for their re-
ports is sometimes absent from the platform, leading to information 
dispersion. This results in scattered information and diminishes 
professionals’ motivation to engage with digital platforms. 

NS1 explained that the Nursing team is currently not using the 
platform because it is too time-consuming and lacks some essential 
features they require, "We have not used Datapark yet, due to the 
lack of time to insert everything. We are doing it in paper format.". 
Moreover, NS1 highlighted that the platform’s lack of direct contri-
bution to its evaluation process – primarily centered on observation 
and overall assessment – led to perceived limited advantages in 
its use. This underscores the significance of a technology’s cost-
effectiveness [F2c.2] [28] emphasizing the necessity for meaningful 
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outcomes that address clinicians’ needs while minimizing the time 
investment for data input, preferably through automated means. 

Moreover, an additional barrier to adopting technology is the 
constraint imposed by budget limitations [F2c.3] . For instance, N1 
conveyed their enthusiasm for indirect calorimetry machines. They 
resorted to estimating energy expenditure; however, the appro-
priate technology would enable precise quantification of patients’ 
energy needs, optimizing nutritional support. Nonetheless, finan-
cial restrictions have prevented them from pursuing such solutions 
at the current juncture. 

We discerned that, at times, the reluctance of practitioners to 
integrate more technology into their assessments can be attributed 
to their lack of awareness regarding whether the device they need 
even exists [F2c.4] . As expressed by P2, "Many things could still 
be developed in the scope of memory, but I confess that I am not into 
what already exists". 

4.3 The Role of Visualization [F3] 
In this section, our primary focus is to describe the outcomes of the 
design sessions in which participants engaged in discussions about 
data visualizations. In two of the six sessions (Nursing and Occu-
pational Therapy), participants refrained from providing insights 
about how they would like to visualize data or the organization 
of the dashboards. Instead, they enumerated the components they 
wished to have in a clinical dashboard, as depicted in Figures 4f and 
4d. These could be linked to their limited exposure to technology 
within their clinical routines and the anticipated benefits they en-
visage technology could offer. Nevertheless, they identify the value 
of a "more interactive approach" (NS1) to explore patients’ data. The 
remaining clinical teams used the magnets to help them commu-
nicate what the outcomes might symbolize when visualized, such 
as comparisons, progressions, simple values, or highlighted values. 
The outcomes were organized into interest categories: patient infor-
mation, internment details, clinical evaluations, and at-home data. 
These can be observed in Figures 4a, 4c, 4b, and 4e. 

4.3.1 Dashboard Structure [F3a]. Participants would like access to 
a two-level dashboard [F3a.1] . In the first one, all clinical teams 
shared general information about a patient, the internment, and 
a summary of the most relevant results for each area - defined by 
each area. A second one, with the details of each clinical assessment 
by area. They discussed the need to customize the data available 
according to the patient they will be evaluating - each patient has 
different needs - and the most relevant aspects for each area (and 
individually for each clinician). This is relevant for the first level 
of the dashboard to define the relevant outcomes from each area 
that should appear in the summary. Furthermore, for the detailed 
view, being able to customize according to their preferences can 
save them time and allow them more flexibility - even during data 
visualization. 

Customized templates. Incorporating templates designed to pro-
mote data presentation’s easiness can significantly enhance these 
dashboards’ effectiveness [F3a.2] . Moreover, the option to cus-
tomize these templates impacts the flexibility of use for clinicians 
[F3a.3] . Thus, they can capitalize on templates devised by others 
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(a) Example of 
a Physiotherapy (b) Example of a Psy- (c) Example of a Nu-
Dashboard chology Dashboard trition Dashboard 

(d) Example of an Oc-
cupational Therapy 
Dashboard 

(e) Example of a 
Speech Therapy 
Dashboard 

(f) Example of a 
Nursing Dashboard 

Figure 4: Examples of the dashboards designed by clinicians 
during the session. Figures 4f and 4d showcase dashboards 
presenting a list of desired patients’ data by clinicians in 
these respective areas. On other hand, Figures 4c, 4a, 4b, and 
4e offer a clearer insight into the preferred organizational lay-
out and visual components for their respective dashboards. 
These assymetries could be related to each clinical team reg-
ular exposure to technology during patients’ assessments. 
While each clinical area prioritizes distinct patient data, these 
dashboards share a general structure. 

(established upon application creation), experimenting and tailoring 
them to align with their needs [F3a.4] . 

Categorical Organization. All clinical teams shared the same 
vision about the general structure of the dashboard, organized into 
four categories [F3a.5] . The first encompassed general patient 
information, including their name, age, and clinical history. The 
second category was the internment details, incorporating the date 
of admission and treatment plans. The third one entailed patients’ 
characterization specific to the evaluated area. Lastly, there was a 
desire to include data spanning the inter-appointment period, which 
could encompass information from the clinic stay beyond clinical 
assessments and their daily life. Depending on the respective clinical 
domain, additional supplementary visualizations were envisaged. 
These would entail data from patient evaluations, encompassing 
observations, questionnaire outcomes, and performed exercises. 
Participants were also interested in incorporating information from 
relatives and caregivers (N1, N2, PS2). 

Dynamic Dashboard. Including free-living data in dashboards 
would prove advantageous in garnering additional patient infor-
mation upon arriving at the clinic (Physiotherapy, Speech Therapy, 
and Psychology), "For people with anxiety, having a sensor to monitor 
heart-rate or to identify the activities when anxiety is predominant 
could help us to identify the causes" - PS2. If data is collected in 
real-time, clinicians could remotely monitor patients. This holds 
potential for scenarios such as blocking symptoms like Freezing of 
Gait [27] (described by participants as one of the relevant scenarios 
in Phase I), where clinicians could receive notifications and attempt 
to assist patients in overcoming the situation without necessitating 
patient’s initiative. 

Participants emphasized the need for direct modification of in-
formation within the dashboard during clinical assessments so that 
they can retrieve current and past outcomes while inputting the 
latest data and additional notes. This underscores the demand for a 
dynamic dashboard that allows real-time data visualization, editing, 
and updating [F3a.6] . This dynamic aspect should extend beyond 
the dashboard, enabling external applications or professionals to 
modify and update information [F3a.7] . Such adaptability serves 
to enhance flexibility during and beyond assessments. 

4.3.2 Dashboard Characterization [F3b]. The subsequent findings 
are anchored within Sarykaya et al. [72] conceptual framework. All 
dashboards revealed a predominant static operational motivation, 
implying they delivered real-time data with low visualization liter-
acy [F3b.1] . Nonetheless, they also possessed nuances associated 
with decision-making, rendering them with interactive tools em-
ployed to comprehend the subject of study (in this case, patients’ 
information), either in real-time (operational) or over extended pe-
riods (strategic) [F3b.2] . Concerning their purpose, it is primarily 
operational and the intended audience, is typically organizational 
[F3b.3] ; these dashboards share common attributes such as the 
requirement for low visual literacy, domain expertise, and being 
single-paged [F3b.4] . Some dashboards demonstrated interactive 
visual elements (P1, P3, PS2) [F3b.5] , and highlighting features 
(P2) [F3b.6] . While not immediately apparent in the dashboard 
designs, participants underscored the importance of visual and data 
customization and the integration of data from other areas [F3b.7] . 
While the semantics of all data should ideally be adaptable, only one 
dashboard (N1) indicated the need for notifications and benchmark 
indicators [F3b.8] . 

Valued visuals. Most participants valued objective dashboards 
that can provide meaningful visual insights about outcomes [F3b.9] 
. They highly prioritized the ability to compare different evalua-
tion periods within a single dashboard [F3b.10] . This comparison 
might involve overlaying current data or displaying the previous 
assessment alongside the latest one. This also extends to comparing 
patients and similar assessments of different areas. Furthermore, 
participants expressed a strong desire for visuals that provide a 
holistic perspective of metrics by employing progressions [F3b.11] , 
"It would be essential to have a progression here. If we could obtain 
this data, the weight of the user three months ago, six months ago, 
and one year ago, we could have a kind of graph with the evolu-
tion, and in all our reassessments, it would be possible to add the 
weight and get a more visual perception of the patient’s weight" - N2. 
To help uncover the patterns in data, participants emphasized the 
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significance of highlighting variations (defined based on certain 
benchmark thresholds) and identifying the most relevant metrics 
[F3b.12] . This proactive approach assists in detecting potential 
variations in a patient’s disease stage. 

4.3.3 Dashboard Relevant Features [F3c]. Participants expressed 
a desire for dashboards to include a printable version (N1). This 
feature would enable them to share the generated reports with their 
patients, fostering future discussions guided by patient-generated 
data [F3c.1] . Additionally, providing patients with a summary of 
the outcomes from all conducted assessments would be rewarding 
for them [F3c.2] . 

Family and Caregivers. Some participants mentioned the value 
of including data from family or caregivers (N1, N2, PS2) on dash-
boards [F3c.3] . This additional data would serve to complement the 
existing information by offering an alternative perspective, includ-
ing events occurring at home. This proves particularly significant 
given that patients might not always recall all events or perceive 
them in the same way as a third party, such as a caregiver, would. 
Among the most commonly sought outcomes, captured at home, by 
clinicians are levels of autonomy and daily habits. Clinicians high-
lighted the advantages of involving others who can use applications 
to report on these daily routines (N1) or biomarkers (N2). 

4.4 Sharing in Multidisciplinary Teams [F4] 
Clinical teams evaluate and monitor different disease dimensions. 
On top of that, areas such as psychology, occupational therapy, or 
nutrition primarily rely on observational data. On the other hand, 
areas such as physiotherapy involve more objective data collection. 
This discrepancy underscored the need for information sharing to 
augment the data availability to each specialized area. This sec-
tion delves into the insights concerning the information-sharing 
workflow, categorizing it into direct and indirect communication. 

4.4.1 The Relevance of Sharing [F4a]. Enabling effective informa-
tion sharing is pivotal in supporting clinicians to acquire patient 
data. For instance, nursing assumes the primary role during the 
initial interaction with the patient at the clinic. This area collects 
personal information and conducts an overarching assessment to 
discern patients’ areas of focus. The data compiled during these 
interactions must be centralized, "and it would be beneficial if they 
had some application to introduce the information. That way, we 
could access what the patient has already done" - N2. 

Clinicians benefit from reusing the information collected in other 
areas [F4a.1] . For example, Nutritionists find it beneficial to access 
clinical outcomes from assessments conducted by speech therapists. 
This enables them to tailor patients’ meal plans to their specific 
limitations. That way, they "do not need to repeat the procedure" (N1). 
Similarly, Occupational therapists, whose intervention is primarily 
based on the patient’s daily barriers, express the value of accessing 
data from physiotherapists. This data, which includes metrics such 
as the number of falls, freezing episodes, or motor deficits, allows 
them to "adapt the interventions to patients’ needs more effectively." 
(OT1). 

Given that patients are followed over long periods and not al-
ways assessed by all areas, it is important that the clinician is noti-
fied whenever new information has been added since the previous 
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checks. This enables a shared understanding of what is evolving in 
parameters from other areas that may be relevant to the clinician’s 
focus [F4a.2] . Likewise, throughout multiple assessments spanning 
time, the patient may be evaluated by professionals in the same 
clinical area who can also benefit from this notification. 

4.4.2 Direct Sharing [F4b]. Numerous participants emphasized 
that they frequently take notes on paper or exchange information 
via email with colleagues. This is time-consuming and adds to their 
workload [F4b.1] . Moreover, this approach scatters information 
across various channels and lacks systematization [F4b.2] . Con-
sequently, the potential for data reuse is hindered, and the time 
required for retrieving past information and conducting compar-
isons is extended. To address this challenge, incorporating a chat 
or forum within the clinical interface holds promise for fostering 
improved communication among clinical teams. 

4.4.3 Indirect Sharing [F4c]. Indirect information exchange also 
occurs through platforms like PRIME, which holds patients’ data, 
and DataPark. However, searching for specific information within 
these platforms can be time-consuming and challenging [F4c.1] . 
This delay hampers the ability to address potential uncertainties 
swiftly, even during patient evaluations, e.g., "For us having access 
to the cognitive part and see something summarized, helps to un-
derstand if it’s just the motor part that is affected" - P3. Moreover, 
clinicians from the same area who require access to previous in-
formation for subsequent evaluations can benefit from a concise 
summary of prior assessments [F4c.2] . This eliminates the need 
to independently analyze data or consult colleagues, streamlining 
the decision-making process. This indirect sharing becomes even 
more relevant when considering patients undergoing evaluations 
in various healthcare facilities. Clinicians "value access to patient’s 
complete clinical histories, even if not previously documented in the 
same medical facility" (NS3). 

5 DISCUSSION 
Clinicians use technology in their clinical practice, though its usage 
remains restricted, partly due to the challenges associated with 
interpreting the vast volume of collected data and effectively in-
tegrating it into their clinical workflows. These challenges arise 
from the substantial data volume and the imperative need for data 
sharing within the context of multidisciplinary care. We have il-
lustrated with our findings 1) the current usage of technology in 
clinical practice [F1,F2a] , 2) potential future applications [F2b] , 
and 3) existing barriers [F2c] . Furthermore, we described 4) the 
contribution of dashboards to clinical practice [F3a] , 5) the visu-
als clinicians value [F3b] , and 6) the dynamics associated with 
data sharing [F3c, F4] . We extend previous work by characterizing 
the role of technology in a multidisciplinary approach to chronic 
disease monitoring, providing a deeper understanding of the role 
customizable dashboards can have in promoting awareness and 
information sharing. 

Sensors and devices can generate vast amounts of data that can 
contribute to understanding patient health and disease manage-
ment [41]. Nevertheless, the high volume of data poses a significant 
challenge regarding the interpretation and use in clinical practice 
[67]. Dashboards represent a vital bridge between the data available 
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and its meaningful application in clinical practice [35]. In multidisci-
plinary teams, they are powerful tools for enhancing collaboration 
[F4a.2, F4c.2] , reducing the duplication of assessments [F4a.1] , and 
ultimately saving time (also for patients) and resources. Integrating 
a two-level dashboard [F3a.1] adds an extra layer of flexibility, 
empowering healthcare professionals to tailor their approach to 
each patient’s needs fostering more personalized care and informed 
decision-making. In this section, we discuss these implications for 
the design of healthcare interfaces. 

5.1 Supporting Multidisciplinary Teams 
Collaboration 

Dashboards facilitate continuous monitoring of changes in patients’ 
state [22, 39, 78], events and symptoms. They empower clinicians 
to delve into the collected data, extracting clinical insights through 
analysis or detecting outliers. Visuals within these dashboards make 
spotting changes from typical data patterns easier [F3b.9-12] . This 
detection is facilitated with the help of visuals that can highlight 
changes in the typical data patterns. In some chronic diseases, a 
multidisciplinary approach can benefit the patients [63, 83]. How-
ever, traditional dashboards are not inherently tailored for use by 
multidisciplinary teams [F4c] . Information sharing is essential in 
these scenarios where each area prioritizes distinct aspects while 
evaluating a patient [F4a.1, F4a.2, F4b.2] . 

Individual needs. Multidisciplinary dashboards need to consider 
each clinical team’s interests regarding the patient [F1c.1, F2c.2] . 
Moreover, clinicians might desire diverse perspectives within each 
team while examining the patient’s data. This is valuable because, 
depending on the patient’s difficulties and the assessments, it may 
be necessary to adapt the outcomes in which they are focused 
[F2b.1] . This adaptation could involve incorporating new outcome 
measures, adjusting levels of measurement, or varying the granu-
larity of data analysis (ranging from daily to weekly or monthly) to 
align with the typical fluctuations experienced by patients [F3b.10] 
. Consequently, dashboards should include adaptable features and 
mechanisms that foster dynamic customization [F3a.3, F3a.6] . This 
strategy can empower clinicians with tools that enable them to 
tailor outcomes and visualizations to align with their specific re-
quirements. 

Communication. Clinical teams share information between them, 
a process that can be time-consuming for both those seeking and 
providing the information [F4b.1] . Nevertheless, this exchange is 
pivotal for a more comprehensive understanding of patients’ dis-
ease progression. Furthermore, it also helps mitigate the necessity 
for repetitive assessments [F4a.1] , lessening patient inconvenience 
and enabling more personalized treatments based on shared knowl-
edge across different domains. Dashboards should play a pivotal 
role in making information between clinical teams available [F4a.2] 
. They should facilitate the reuse of data from other domains [F4a.1] 
. Additionally, they should serve as a knowledge base for search-
ing patients’ clinical history. Thus, by promoting communication 
between clinical teams, dashboards are essential to expedite infor-
mation sharing, promoting a more efficient treatment that benefits 
patients and clinicians. 

5.2 Improve Decision-Making through Usable 
Visualizations and Stakeholder Involvement 

To be effective and improve decision-making in healthcare, visu-
alizations must be easily understandable and usable by users [35]. 
Similar to our findings, Gagnon [26] shows high cost [F2b.3] and 
high workload [F2b.2] as potential barriers to technology adoption. 

Involving stakeholders when defining the outcomes and design 
applications (and visualizations) is a crucial step [14, 53, 57, 58, 84]. 
By combining best practices in visualization design with insights 
from stakeholders, we can create more effective and user-friendly 
visualizations for clinicians. We encourage designers and developers 
to follow established guidelines for creating visualizations and 
collaborate with stakeholders to ensure that their designs are well-
suited for the intended context of use. 

This approach creates a sense of commitment among stakehold-
ers, who feel included in the design process and see their ideas 
reflected in the final product. Technology acceptance and usage in 
healthcare can be challenging, especially in clinical environments 
where time is limited [26]. When incorporating technology into 
clinical practice, it is essential to consider factors associated with 
the patient (such as motivation to use technology), the clinician 
(including considerations of risk and benefit), and the technology 
itself (including privacy and security concerns) [26]. Improving the 
expectations of the outcomes and reducing effort can increase the 
perceived value [91]. Therefore, by involving stakeholders in defin-
ing outcomes and designing interfaces, we enhance the benefits (as 
they can achieve their desired outcomes and shape the navigation 
workflow of interfaces) and, consequently, increase the perceived 
value associated with technology usage. 

5.3 Enhancing Awareness through 
Customizable Dashboards 

Technology usage in healthcare still has challenges that need to be 
overcome. Patients still have difficulties using technology [86], and 
concerns about data privacy [54]. Similar to our findings, Whitelaw 
et al. [86] points out clinicians felt an increased workload while 
using technology devices [F2b.2] . Personalized medicine has been 
proposed as a potential solution for addressing individual treatment 
needs in chronic diseases [63, 82]. Likewise, considering users’ 
unique requirements has been demonstrated as a promising ap-
proach to improve the motivation for using technology by increas-
ing the awareness of perceived benefits [3, 64, 69, 73]. Tailored 
technological strategies that consider users’ personality [3], their 
preferences, and past experiences [64, 69], while also giving them 
the power to change outcomes[73], play a significant role in shaping 
the design of interfaces. These approaches can benefit healthcare 
by increasing data availabiliy, increasing patients’ motivation to 
use technology, benefiting patients and clinicians, and leading to 
early disease detection, monitoring, and treatment [37]. 

5.3.1 Adaptable interfaces. Automatic adaption of interfaces fa-
cilitates data navigation [3, 90]. Interfaces that dynamically adjust 
based on data usage patterns hold the potential to enhance user 
awareness [25]. Nevertheless, as these adaptive approaches learn 
from the data provided, interface usage, and user choices, they can 
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limit flexibility and introduce limitations. In clinical contexts, miss-
ing data can lead to systems and interfaces presenting inaccurate 
information. Lindgren [45] created a decision support system that 
provided recommendations for clinicians; however, when missing 
data happened, this led to poor recommendations. This can pro-
long the time required for assessment or even dissuade the use 
of such options, potentially impacting appointments. To mitigate 
these challenges, one effective strategy is to introduce an additional 
layer of customization, allowing clinicians to adapt their real-time 
data exploration during appointments [F3a.3, F3a.4, F3a.7] . The in-
telligent interfaces can provide suggestions that complement these 
customizations, offering a more tailored and reliable approach to 
decision support in clinical practice. 

5.3.2 Visuals. The way outcomes are presented to clinicians can 
impact the recognition of patterns that aid symptom identification 
[F4b.9-12] . For instance, if clinicians are just provided with data 
that require extensive analysis to extract outcomes, this can result 
in additional time demands, potentially diverting their attention 
from patient care. Especially within the context of chronic diseases, 
where clinicians need to periodically evaluate disease progression, 
the time required to understand the most relevant challenges for 
patients holds significant weight. In some extreme cases, the com-
plexity of data analysis may deter clinicians from utilizing this 
valuable information in their clinical practice [F2b.1] . Furthermore, 
clinical areas and even individual clinicians within the same special-
ties, often prioritize different aspects of patient evaluation [F1c.1] 
. Additionally, clinicians value the flexibility to customize visual-
izations based on their specific interests and patient assessments 
[F3a.3] . Factors such as time intervals (daily, weekly, monthly) 
[F3b.11] , levels of comparison (latest assessment vs. most recent, 
comparison with other patients) [F3b.10] , and establishing bench-
marks for biomarker measurements [F3b.12] all play pivotal roles 
in tailoring these visualizations to their needs. Therefore, the or-
ganization and presentation of visualizations within dashboards 
can significantly impact their utility and effectiveness in clinical 
practice. 

5.4 Supporting Clinician Collaboration with 
Patients, Family, and Caregivers 

Patient-generated data usage has increased, contributing signifi-
cantly to patient-centered care [18, 62, 66]. This enables healthcare 
providers to access more data, particularly concerning patients’ 
daily lives, where information is typically scarce. Tools must be 
available for clinicians to capitalize on the collected data for clinical 
practice. Dashboards play a pivotal role in helping clinicians unveil 
patterns within the data [F3b.9] . These patterns facilitate com-
munication between patients and healthcare providers and aid in 
identifying challenges and difficulties [48]. Moreover, tailoring dash-
boards to share with individual patients enhances this approach. 
With dashboards, the collaborative aspect of appointments is am-
plified, resulting in a more cooperative healthcare environment 
[58]. 

For the data collected to become useful, increasing the value 
tools may have for the patients [21, 47] is crucial. While clinicians 
can play a role in encouraging patients to engage with these ap-
plications, these tools need to be customized to cater to individual 
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patient needs, thus adding meaningful value to their healthcare 
experience. One way of achieving this is by giving more agency to 
patients to define what, when, and how they are monitored. More-
over, empowering patients to define their desired outcomes and 
involving them in the design process of these tools and applications 
can substantially enhance the perceived value [40]. 

Third-party data. Family and caregivers have a dual role in pa-
tients’ care, a role that is especially relevant within the context 
of chronic diseases [29, 52]. On one hand, they are intimately in-
volved in the patient’s daily routines. So, like clinicians, they can 
benefit from patient-generated data to provide more personalized 
and informed care. On the other hand, they can contribute more 
data to complement, enhancing clinicians’ understanding of a pa-
tient’s disease progression [F3c.3] . To increase the data available, 
they can use applications that allow them to take notes and link 
this complementary information to the data already collected by 
patients, either automatically or manually. 

Sharing Data and Privacy Issues. Clinicians need access to all the 
available useful information to augment their understanding of a 
patient [F2c.1] . Dashboards can help by consolidating data and 
reducing the effort required for data processing by highlighting 
the more relevant aspects based on data patterns or pre-defined 
thresholds. Nevertheless, patients have raised privacy and security 
concerns, indicating a need for greater control over the data col-
lected [18, 54]. On the one hand, clinicians consider that certain 
data could potentially pose risks to patients [88]. For instance, it 
can affect a patient’s health perception, potentially resulting in se-
vere hypochondria [88]. These variations might occasionally stem 
from unrelated factors to their medical condition, such as patients 
engaging in holidays. On the other hand, patients are the ones who 
generate the data and should be the owners of their data. Even 
with their healthcare providers, the data-sharing decision should 
fundamentally originate from the patients. By empowering patients 
to have more control over what and when they are monitored, we 
simultaneously decrease the volume of information available to 
populate the dashboard. For instance, if a patient restricts access to 
specific monitoring periods or only engages with devices during 
particular timeframes, it may become challenging for dashboards 
to depict data trends due to the potential difficulty in identifying 
consistent data patterns. 

5.5 Dashboards as Trigger for Action 
In addition to the rich visualizations that dashboards can provide, 
they can be used as a trigger for action. For that, they should be 
dynamic to stimulate user engagement. Dynamic dashboards play 
a pivotal role in aiding clinicians to notice data patterns that help 
them adjust patients’ treatment plans [F3a.6] . They encourage 
data exploration, empowering clinicians to delve into data based on 
their specific areas of interest. Moreover, in the context of chronic 
diseases that require ongoing patient monitoring for disease pro-
gression and fluctuations, customizable dashboards prove helpful 
to aid clinicians in highlighting data patterns that may evolve over 
time within each patient. Furthermore, within multidisciplinary 
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teams, these dashboards facilitate information sharing among clini-
cal professionals [F4a.1] , promoting the potential discovery of new 
information [F4c.2] . 

Through dashboard exploration, clinicians can identify missing 
data or potential data interests. Dashboards can be used to address 
gaps in data by leveraging alternate data sources. This functionality 
permits the usage of other data sources, such as requesting data 
from patients or families [F3c.3] , to complement the information 
or start a new data collection procedure. In such cases, automated 
notifications can be triggered, or new data entry points can be 
scheduled to commence via patients’ or caregivers’ smartphones 
or other relevant devices currently in use. 

Clinicians can use the data collected and its corresponding visual 
representations as triggers to stimulate discussions with patients 
[F3c.1] . Dashboards have the potential to shift patient-provider 
collaboration [48, 58]. Moreover, patients can employ their person-
alized visualizations and data collected to initiate conversations 
with their healthcare providers [87]. The traditional approach to 
conducting appointments can change by integrating available dash-
boards. Nevertheless, the efficacy of this transformation heavily 
relies on the data collection within controlled clinical environments 
and uncontrolled environments, which are highly dependent on 
patients’ willingness to use technological devices [F1c.2] . 

5.6 Limitations 
Our study focused on the perspectives of a multidisciplinary team of 
clinicians. These professionals have different backgrounds and expe-
riences. Nevertheless, it is important to acknowledge the limitations 
of our study. Although we recruited clinicians from seven differ-
ent areas with different backgrounds and technological experience, 
our outcomes portray the experiences of healthcare professionals 
from a specialized private clinic that may have different conditions 
from other hospitals or clinics. Nevertheless, the information dis-
played on dashboards can originate from diverse sources and it is 
not limited to a specific technology. This means that our findings 
can prove beneficial in diverse healthcare systems, despite budget 
constraints in hospitals or instances where clinicians and/or pa-
tients do not have access to the same applications mentioned in our 
studies. Our research underscores the usefulness of these findings 
within the context of dashboards designed for multidisciplinary 
teams of clinicians. Even so, further research is needed to explore 
and validate our findings across various settings and contexts. In 
particular, there is a need to delve into the practical implications 
of using these dashboards in clinical environments, namely how 
dashboards shift patient-provider collaboration. 

6 CONCLUSION 
Customizable dashboards can be pivotal in empowering clinicians 
to explore data patterns, enhance awareness, and foster more in-
formed decision-making. In multidisciplinary care, sharing infor-
mation between clinical teams is paramount for enriching patient 
treatment outcomes. Furthermore, dashboards can be valuable for 
facilitating communication between clinicians and patients, and 
improving collaboration. Future work should investigate the impact 
of customizable dashboards within clinical practice. One promising 
approach involves establishing a triad encompassing pre-defined 
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templates, customization options, and automatic adaptation fea-
tures. These templates should be designed for versatility, allowing 
different clinicians to reuse and adapt various components accord-
ing to their needs. Striking a balance between automatic adaptations 
based on user usage patterns or other personal traits and the ability 
to create automatic templates and customize them can provide clin-
icians with a more diverse set of tools to enhance the clinical utility 
of data and visualizations. This multifaceted approach holds the 
potential to usher in a paradigm shift in integrating dashboards into 
healthcare settings, ultimately benefiting clinicians and patients. 

One pivotal step in populating these dashboards is data avail-
ability. To achieve this, it becomes imperative to involve patients 
in the co-design process, for understanding and addressing the 
challenges and barriers they face. One approach involves empower-
ing patients to define their own data collection mechanisms while 
affording them greater control over the outcomes generated. Em-
bracing a personalized approach to data collection can enhance 
patient outcomes and benefit clinicians by providing them with 
more comprehensive data to understand their patient’s healthcare 
needs. As patient-generated data continue to gain more relevance 
and contribute to patient-centered care, it becomes essential to 
explore how both patients and healthcare professionals can derive 
value from this data. Therefore, future research should delve into 
the dynamics of negotiating data collection procedures, pinpointing 
barriers and challenges faced by patients. This aims to offer patients 
more agency while upholding the clinical utility indispensable for 
healthcare professionals. This approach ensures that the data col-
lected serves clinical purposes and holds personal significance for 
patients. 
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