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Background: Dashboards have been used in clinical settings to
monitor Parkinson's disease (PD), serving as a means to visually represent
collected data. However, there's a need to deepen understanding regarding
the relationship between the types of data collected and the appropriate
visualisation formats in clinical dashboards. Furthermore, the existing
dashboards lack tailoring to the specific needs of both patients and
healthcare professionals, and their clinical utility remains largely unexplored.
Methods: We conducted a systematic review of the literature according to
PRISMA guidelines based on the research protocol published at PROSPERO
[CRD42021256047]. PubMed/MEDLINE, ACM and IEEE databases were searched
in March 2024 for studies focused on developing and designing clinical
dashboards for PD monitoring. Results: A total of 47 articles were included in
the review. Sensors directly attached to the participant’s body or embedded in
various devices serve as the primary data collection tools. Among the included
studies, most (39 out of 47) centred on monitoring motor symptoms such

as tremors, bradykinesia, and dyskinesia, while only a small portion of the
studies (8 out of 47) focused on other health-related outcomes. Notably, only

a small fraction of studies (14 out of 47) involved end-users at some stage of
system development, with only eight studies (8 out of 47) employing co-design
or participatory design methodologies to develop dashboards with end-users
collaboratively. Conclusions: This review underscores the prevalent use of
sensors for gathering data on monitoring motor symptoms of Parkinson’s
Disease. Furthermore, our study also highlights a significant gap in end-

user involvement in dashboard design, which impedes the advancement of
knowledge regarding the optimal visual representation of clinical data.

[TAR L Parkinson's Disease, Clinical dashboards, Data visualization,
Disease monitoring
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INTRODUCTION

Dashboards are visual means of representing
and aggregating information (1). They enable the con-
solidation of data extracted from various sources (e.g.,
electronic devices) and facilitate user data navigation.
There are various ways to display specific data, including
tabular, textual, or graphical representations (1). Despite
the existence of best practices for optimal information
visualisation, it may be necessary to adapt the data pres-
entation format depending on the user’s needs (2).

Technology rapid advancements have intro-
duced a multitude of devices into our lives, ranging
from smartwatches to smartphones, each contribut-
ing to the generation of immense volumes of data (3).
Dashboards serve as invaluable tools in organising this
wealth of information. By aggregating and visually
presenting data, dashboards facilitate comprehension
and decision-making processes (4). Furthermore, they
enable real-time monitoring and analysis, empowering
users to respond promptly to changing circumstances.

In clinical practice, where a vast amount of in-
formation needs to be collected, whether through test
batteries, questionnaires, or digital devices, dashboards
can play a crucial role in facilitating consolidated access
to this information (5). In healthcare, collecting and
managing diverse datasets is paramount for effective-
ly diagnosing, treating, and monitoring patients. Dash-
boards offer a centralised platform where healthcare
professionals can efficiently access and analyse patient
data, thereby streamlining decision-making processes
and enhancing the quality of care. By aggregating data
from various sources, including electronic health re-
cords, medical devices, and patient-reported outcomes,
dashboards provide a comprehensive overview of pa-
tient health status and treatment progress (6).

Data collected from digital devices, complement-
ed by appropriate visual representations such as dash-
boards, can prove highly beneficial for chronic diseases
requiring continuous patient monitoring and manage-
ment (3,7). This is particularly pertinent in the case of
Parkinson’s disease (PD), where not only is ongoing care
necessary, but symptoms also fluctuate considerably
over time and even throughout the day. Consequently,
having access to consolidated information can signifi-
cantly aid clinical practice.

Parkinson's Disease presents a unique set of
challenges due to its progressive nature and the varia-
bility of symptoms experienced by patients. By leverag-
ing data collected from wearable devices, smartphone
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applications, and other digital health tools, clinicians
can gain valuable insights into the patient’s condition
beyond the confines of traditional clinical encounters
(3.8). These insights enable personalised care planning,
medication regimen optimisation, and early disease
progression or complications detection. Moreover, the
visualisation of longitudinal data trends through dash-
boards facilitates comprehensive assessment and pro-
motes shared decision-making between patients and
healthcare providers (4). Thus, the integration of digital
health data with intuitive visualisations holds prom-
ise for improving the management and outcomes of
PD and other chronic conditions requiring continuous
monitoring and personalised care.

Several examples of utilising dashboards to en-
hance healthcare delivery and decision-making process-
es already exist (9,10). However, despite their promise,
dashboards in clinical practice have yet to become a
widespread reality. One of the reasons for this, is the lack
of adaptation to the needs of healthcare professionals
(11) and to evaluate their utility in clinical practice (12).

To the best of our knowledge, our work takes
the initial step towards addressing the identified limi-
tations by analysing the available literature on devel-
oping and designing clinical dashboards to monitor PD
patients. For this purpose, we conducted a systematic
review of the literature on clinical dashboards for PD
monitoring. Through our efforts, we aim to contribute
to the advancement of clinical dashboard design and
progressively promote their integration into routine
PD care, ultimately improving patient outcomes and
enhancing the efficiency of healthcare delivery.

MATERIAL AND METHODS

This systematic review of the literature was per-
formed according to the Preferred Reporting Items for
Systematic Reviews and Meta-analysis (PRISMA 2020)
(13) (S1 Table. PRISMA 2020 checklist), and it was based
on a previous research protocol published at PROSPE-
RO [CRD42021256047] (S1 File. PROSPERO Protocol)

Types of studies

To be included, studies had to present original
data on developing clinical data visualisation dashboards
intended for monitoring patients with PD. Articles con-
sidered for inclusion had to be published in English in
peer-reviewed platforms such as journals and conferenc-
es. The search was not restricted by year of publication
to avoid excluding potentially relevant articles.
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Articles focused solely on technologies that do
not aim to provide longitudinal evaluation of PD symp-
toms or those primarily concerned with PD diagnosis
or screening were excluded. Additionally, reviews, study
protocols, and grey literature, including case studies,
books, book chapters, reports, thesis, editorials, and let-
ters to the editor, were also excluded.

Electronic databases and search strategy

Electronic database searches on PubMed/MED-
LINE, IEEE and ACM databases were conducted on the
26th of March 2024 using the following search string:

(“Parkinson”) AND (“monitoring” oR “assessment”) AND
(“Report*” or “dashboard” oR “data”) AND (“sensor*” or
“technolog™” or “system*” oR “device*”)

For more information on database searches and
search strings, see S2. Table Electronic databases and
search strategies.

DATA EXTRACTION

The search results from the electronic databases
were imported into Rayyan - Intelligent Systematic Re-
view (14). Duplicates were automatically identified us-
ing Rayyan's built-in tool and manually excluded. Using
the Rayyan platform, the remaining entries were inde-
pendently screened by at least two reviewers (FFB, DB,
MM) for title and abstract eligibility. Full-text evaluation
and data extraction were performed using a spread-
sheet. Any disagreements were resolved through review-
ers’ discussion or solved by a third party (TG or JJ).

Before the data collection process, we estab-
lished consensus on concepts to ensure harmonisation
among all team members during the data extraction
process. According to our glossary:

« Technology to monitor health refers to objective
measurement instruments to support clinical deci-
sion-making, including wearable sensors, sensors,
electronic patient-reported outcomes (ePROs), ro-
bots, video cameras, and tablets/smartphones.

« Longitudinal monitoring refers to collecting ev-
idence and evaluating a patient’s condition over
time, either through observation or objective quan-
tification.

For data extraction, the following categories
were included:

« Bibliographic information: title and study reference

e Study design: aim and context of the study, health-
related outcomes, and technology employed

o Visual representation of clinical data: end-user
involvement in dashboard design, methods, level
of data visualisation, and dashboard/visual data
representation descriptions

In the end-user involvement in dashboard design
category, four sub-categories were considered: a) Soft-
ware development, when papers solely focus on the de-
velopment of new technology for PD monitoring; b) User
validation, when participants (e.g., PD patients, caregiv-
ers, health professionals) were recruited and asked to
test/use the system; and c) End-user involvement during
design, when papers describe the use of co-design or par-
ticipatory design techniques to inform how clinical data
should be visually presented, and d) Longitudinal feasi-
bility study, when end-users use the system for a certain
period. For the level of data visualisation category, three
sub-categories were considered: a) Basic, when the stud-
ies only mention the format in which feedback is given to
end-users (e.g., report, a web application); b) Conceptual,
when authors report the type of information they would
like to visually represent in a dashboard (e.g., number of
Freezing of Gait episodes) or use some graphic/visual
representation of the data (e.g, a bar chart is used to
represent how data can be display) but there is no dash-
board; and c) Visual representation, when an interface is
presented displaying clinical data after been submitted
to some type of statistical analyses.

RESULTS

From the electronic databases search, 1182 re-
cords were initially identified (see Fig 1). Twelve records
were excluded: ten duplicates and two ineligible records
(e.g., retracted paper). After screening for title and ab-
stract eligibility, 1025 records were excluded, leaving 145
records for full-text analysis. Upon full-text analysis, 98
articles were excluded, with the most common reasons
being the absence of data visualisation (n = 74), data
visualisation presented only during the data extraction
phase (i.e.,, no data visualization related to PD monitor-
ing) (n = 7), study focus was on PD assessment/screen-
ing, or the system developed was unrelated to monitor-
ing of PD symptoms (n = 8). Finally, 47 articles met the
inclusion criteria, and detailed information on these
studies can be found in Table 1. Studies details (n = 47).
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Identification of studies via databases and registers

Screening | | Identification |

[ Included |

Records identified from:

- MEDLINE/PubMed (n=591)
- ACM (n=260)

- [EEE (n=331)

Records removed before screening

- Duplicate records removed (n=10)

- Records marked as ineligible by automation tools (n=1)
- Records removed for other reasons (n=1)

3

Records screened based on title and abstract eligibility

Records excluded
(n=1025)

(n=1170)
v

Reports assessed for eligibility based on full-text analysis

Reports excluded:

- No data visualisation (n =74)
- Data visualisation only for data collection (n=7)

(n=145)
v

- Data visualisation is used for a different purpose (n=2)
- Paper nit wrinen in English (n=1)

Studies included in the review
(n=47)

- Different article type (n=3)

Different purpose (n=1)

- PD diagnosis or not specific for PD monitoring (n=8)
No technological intervention (n=2)

Fig 1. Prisma flow diagram.

TABLE 1. Studies’ details (n = 47)

Paper Aim and Context Health-related - Technology End-users involvement  Dashboard /
reference outcomes employed and methods data visualization description
Dias et al,, : To test the usability : On and OFF iHandU User validation Visual Representation
2022 (15) and simplicity of the : states (wearable device : Participants The Web-based clinician’s dashboard is composed of
PDapp system to Wrist rigidity, : for the wrist), Neurologists assessed an initial screen divided into four quadrants. In the first
monitor PD patients : Bradykinesia, : Mobile application : both interfaces. quadrant, the patient’s details are displayed (photo, name,
in clinical and free- : Gait Web-based birthday, the year when symptoms started, and contacts).
living environments : impairment dashboard The second quadrant shows the medication intake for the
and support clinical : Falls last seven days using a line graph. Furthermore, information
decision Tremors regarding drugs, dosage, and frequency of intake is also
displayed. The third and fourth quadrants show a list of
the most recent events (i.e., off-state, tremor, difficulty in
walking, falls) and the name of the tests performed. On
the screen showing tests’ results, patient’s performance is
displayed as percentagens (%) of improvement, duration of
the test in seconds, and the max, average and min in dg/s.
Serhani & To develop an Tremor Sensors Software development : Basic
Chao, 2013 : end-to-end system Accelerometer A smartphone application will be used to display customised
(16) : for continuous : : Wearable EEG . data using a variety of formats, including tables, graphs, and
- monitoring of PD : . monitor, - reports.
patients ECoG
To develop a watch User’s daily Sensors Software development : Visual Representation
Seong, Lee, : platform that records : life activity Watch A user interface displays the type and date of different events,
& Kang, - the data of the user’s : for diverse ‘ - such as movement, going out, going home, weight measure,
2014 (17) daily life activities. services medication intake.
Patil et al.,, : To develop smart Freeze of gait : Smart shoes Software development : Conceptual
2022 (18) shoes to detect Falls Electromyography The Blynk app displays FoG episodes using a line graph.
FoG and falls in PD Pressure sensors, Every time a FoG episode is identified, the app records the
 patients 3 - Gyroscope - time of occurrence for future analysis and monitoring
Accelerometer
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TABLE 1. (continue)

Paper Aim and Context Health-related Technology End-users involvement Dashboard /
reference outcomes employed and methods data visualization description
Thinh, To develop a self feeding : Nutritional intake : Robot End-users involved Basic
Thang & device to support (FeedBot) during design Smartphone app show the meal’s data as graphs,
Thanh, 2017 : individuals with arm Patients and caregivers’ charts or figures. The data presented regards the
19) disability in self-feeding opinions were taken into  : meal’s nutritional value, favourite food, and meal
activities consideration during the time. Additionally, it is possible to include remarks
design of the prototype and observations regarding user food habits.
Pulliam et To validate algorithms Tremor, Kinesia motion Software development Visual Representation
al., 2018 for continuous Bradykinesia, Sensor units Participants: 13 PD Radar charts were used to visualize the
(20) simultaneous Dyskenia Tri-axial patients individualised dose response for each subject
monitoring of tremor, gyroscope and Task: Six activities of daily : across all metrics, bradykinesia score, tremor score,
bradykinesia, and accelerometer living: brushing hair and tremor duration, dyskinesia score, dyskinesia
dyskinesia in the context teeth, dressing, eating, duration, at rest. Each axis of the chart represents
of quantifying levodopa writing on a paper and one of the objective metrics, which range from 0
dose response and using a computer, reading : to 4 for the severity scores and 0 to 100 percent for
development of tools or watching tv, folding the duration detected, with larger values indicative
for quickly visualizing towels and clothes of more impairment. The two shaded areas were
individualized response represented corresponding to metrics extracted
patterns. from the period before (black) and after (grey)
taking medication.
Synnott, To assess if an off- Tremor, Nintendo Wii Software development Basic
Chen & the-shelf consumer Slowness of 3-axis linear Participants: 5 healthy Avisualization engine which displays and
Nugent, technology (i.e., movement accelerometer individuals summarises the relationship between metrics in a
2011 (21) Nintendo Wii) provides : Reduce fine motor : front-facing Task: Mini-games similar : technical manner for clinicians and a non-technical
an intuitive mean coordination infrared camera : to tasks carried out during : manner for patients and other stakeholders.
of interaction with a a clinical assessment
package capable of (e.g., Target Shooting,
capturing, analyzing, Target Holding, Target
and visualizing a wide Following, Button Tapping
range of motor and non- (prompted), Button Tapping
motor metrics (unprompted), Target
Sorting
Ho et al., To showcase the Gait parametrs: 2D and 3D data User validation Visual Representation
2024 (22) suitability and efficiency : Stride length, from a binocular : Participants: 122 PD Clinicians’ interactive dashboards are composed
of a platform that Stride width, 3D camera for patients and 224 healthy of three working areas. On the left section of
enables the recording Stride time, monitoring and  : subjects the screen (1/3) is displayed the patient profile,
and uploading of gait Velocity, analysing gait Task: 8-meter walking test : including name, gender, birthday, diagnosis, stage
trial data seamlessly Cadence parameters. of disease, and additional information In the upper
from any location. right section of the screen, there is a line graphic
that shows the last scores obtained on the last
assessment moments in different gait parameters
(i.e., stride length, time, velocity, cadence turn
time). In the downright section of the screen,
is shown the score obtained on the same gait
parameters, together with videos of the exercises.
Rigas et al., : To developed a system Tremor Smartphone Software development Basic
2009 (23) that monitor, assess and Sensors Participants: 5 health sub- : PERFORM system is composed of two interfaces:
propose treatment plans Accelerometer jects (i.e., medical doctors) : The clinician interface, enables healthcare
to PwP assessed both interfaces. professionals to evaluate the patient’s disease
Task: Subjects were features, evolution over time, personalized patients’
equipped with the sensors : treatments and medication schedules and generate
and asked to simulate statistical information. Patient management
Parkinsonian tremors with : interface, which is responsible for the identification
a severity of 1 to 4. and quantification of the patient’s symptoms and
Madani, To developed a system Tremor, Sensors Software development the recording ,Of other “sefl,ll 1qfomat10n related
Lohi & Lohi, : that monitor, assess and : ON and OFF states, : Accelerometers, to t_he evall}qt{on of the patient’s status, such as
2010 (24) propose treatment plans : Drug-induced Gyroscopes, Patient activities.
to PD patients dyskinesia, Falls, Galvanic Skin
Galvanic Skin Response,
Response, Sp02, Sp02
Pulse rate Pulse
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TABLE 1. (continue)

sus was reached

Paper Aim and Context  Health- Technology End-users involvement and methods  : Dashboard /
reference related employed data visualization description
outcomes
Meg- To facilitate com- : Heart rate, Sensors User validation Basic
alingam munication be- Blood oxygen Participants: 6 subjects A customizable application software will be devel-
et al, 2014 : tween a wearable : saturation, Task: ECG measured with sensor oped which will provide specify critical limits and values
25) health monitoring : ECG, beyond which an alert mechanism is triggered.
system and the ex- : Temperature,
ternal world with a : Respiration
smartphone. rate,
Tilt,
Fall
Ryder et To develop an Mobility Mobile phone : Software development Visual Representation
al., 2009 application that patterns Sensors Aweb-based application provides a daily snapshot
(26) infer user’s trans- Accelerometer of user’s ambulatroy activity. Through this app data is
portation mode GPS available to the user, user’s family, friends or caregivers.
(walking, running In addition a Daily trace calendar displays the user’s
or stationary) location traces for each day in a monthly calendar.
Patel et To develop alongi- : On and OFF : Wearable Software development Visual Representation
al., 2010 tudinal home-mon- : states Sensors MercurylLive, a web-application
@2n itoring system of  : Dyskinesia, : Tri-axial The platform provides access to sensor data and supports
PD patients Bradykinesia, : accelerometers live video communication between clinicians and patients
Tremor Video confer- during motor exercises. A GUI displays live decimated
“Chenet “Motion data . EnCe server Software development m'otjqn signal§ alongside the video sessipn to allow
al., 2010 Patients’ data were collected for three Clll'llCl%%l'lS to view and ;.mnotate. data during each remote
28) hours during the performance of 100 supe;rvnse('i data collecthn sessnon.'The QUI filso er}a})!es
planned tasks the 1n.clusu?n and selection of §pec1ﬁc daily ll.fe activities
S — exercises (i.e., motor tasks), displaying the time spent on
Patel et Software development each task. Clinicians can also download long-term data to
al., 2011 Participants: 5 PD patients were allow customised rigorous data analyses
29) recorded over a period of three days (two
days in a clinical setting and one day in a
home setting).
Task: Two tasks from UPDRS (i.e.,
heel tapping with left and right leg and
alternating hand movement (pronation/
supination with left and right hand)
Zhang et To monitor PD re- : Standing, Three sensors : User validation Basic
al, 2011 motely, record and : Sitting, Accelerometer : Participants: Functional Activity Monitor system
30) analyze functional : Lying, Gyroscope Study 1: n/a The smartphone stores data, analyzes data online,
activities, and Walking, Study 2: n/a provides feedback to the user and update results to the
provide accurate Sit-to-stand Study 3: 10 healthy young subjects health care center through either an Internet or cellular
real-time feedback : and stand-to- Task: connection.
with a smartphone. : sit transitions Study 1: System validation
Three studies were Study 2: System validation
conducted. Study 3: Functional activities trials
Gatsios, To identify the core : Tremor, Smartphone, : End-users involved during design Conceptual
Rigas & requirements of Dyskinesias : Smartwatch, : Participants: URI - Offer discrete and standardized neuro-
Konitsio- : the PRIME CDSS Pair of smart : Movement disorders experts and 2 logic examination documentation options
tis, 2021 functionally and insoles experienced software engineers UR? - Enable tracking of changes to neuro-
@31 dashboard Task: Expert discussion until a consen- : logic examination findings or severity

UR3 - Automatically integrate patient portals

and import patient-reported outcomes

UR4 - Incorporate PD-specific clinical data
(neuroradiology, neurophysiology)

UR5 - Present to the clinicians similar pa-

tients’ cases to the one being assessed

URG - Provide clinicians with suggestions based on Guide-
lines (MDS, NICE) to guide their diagnosis, visualizing
relevant historical data, e.g. from motor fluctuations
URY7 - Show non-motor and motor symptoms in

common and informative graphs, whenever possible
URS - Provide drill-down capabilities to enable clinicians
to get insights into specific timeframes, e.g., using a
calendar-like module, also supporting comparisons

Continue —

JSCMed | Volume 168 | No. 01 | OCTOBER 2024

38



SYSTEMATIC REVIEW

J SOC CIENC MED LISB 2024;168(1)

Clinical dashboards in PD

TABLE 1. (continue)

Paper Aim and Context Health-related  Technology End-users involvement - Dashboard /
reference outcomes employed and methods data visualization description
URY - Present in a single view info for symptoms
and medication adherence to correlate them
URI0 - Present the specific symptoms, comorbid-
ities and timeframes of interest for each patient
instead of providing standardized views
URI1 - Provide a tool with medication options
based on MDS and other evidence-based clini-
cal Guidelines to support treatment decisions
URI2 - Include drug-drug interactions, drug-gene in-
teractions, drug-protein interactions (whenever data
on genetics is available) to support prescribing.
URI3 - Include the up-to-date list of the prescribed
pharmacotherapy and supporting therapy plans
URI14 - Include adherence to pharmacother-
apy and supporting therapy plans.
URI5 - Enable the monitoring and evaluation of chang-
es in the pharmacotherapy and supporting therapy
plans to provide an improved treatment plan
URI6 - Provide (optionally) ecologically valid
summary activity and sleep data.
URI7 - Support data sharing between clinicians
URIS - Enable data sharing among clinicians involved in
the multidisciplinary care of patients (where applicable).
Fei et al, To collect data, re- Heart rate, Wrist band with Software development : Conceptual
2020 (32) al-time data display, : Blood pressure, : Sensors Wearable health monitoring system
and data analysis Step count Accelerometer This system includes a complete method for monitoring
using a wearable Gyroscope heart rate, real-time displaying, history data recording and
health monitoring transmitting important data to the mobile phone for further
system analysis. In addition to the heart rate monitoring, other
features such as step counting, abnormal gesture detection
and falling detection are also included, and users can classify
abnormal gesture and trained off-line.
Pierleoni et : To monitor and au- Tremor, Wrist band User validation Conceptual
al, 2019 (33) : tomatically evaluate : Freeze of gait Accelerometer Participants: 60 partic- : The system for remote monitoring allows both the doctor and
PD with wearable Gyroscope ipants (healthy subjects : the patient to access the daily view of the patient’s clinical
devices to support Magnetometer and PD patients) status and the history of tremor and FoG episodes recorded
medical evaluation Tremor: 40 during the monitoring period. In addition, it is also possible
using visualization Freezing: 10 to automatically generate a spreadsheet showing the signifi-
and classification of Remote: 10 cant events of the day.
data collected. Task: Clinical assess-
ments (Index-nose
test, Timed Up and
Go, transit through a
narrow passage, transit
through a door that
end by sitting and on
a chair)
Jusufi, To present interac- Motor fluctua- Touch screen Software development : Conceptual
Nyholm & tion and visualis- tions between device The overall visualization helps the clinicians discover dif-
Memedi, ation approaches On and Off states ferent kinematic features of the PD patients. The two views
2014 (34) used to aid clinicians : in dyskinesia (spiral and time series plots) are coordinated and linked,
in the analysis of symptoms enabling the user (clinician) to explore the data in more
repeated measures detail. This enables the user to investigate data at specific
of spirography of PD time points in one view in context of the other.
patients
Santos To monitor gait in PD : Gait patterns Shoe insole Software development : Conceptual
et al, 2019 patients and assist Sensor A smartphone application with graphics and images is
(35) healthcare profes- Vibration available for the healthcare professionals to consult the
sionals with reports patients’ history information. In the initial screen the app
of the collected data also informs the most frequent type of classification and the

status of the evaluation of the gait training. In the history
menu, the healthcare professional has the option to consult
in three ways: Daily, Monthly, and Weekly.

JSCMed | Volume 168 | No. 01 | OCTOBER 2024

39



SYSTEMATIC REVIEW
Clinical dashboards in PD

J SOC CIENC MED LISB 2024;168(1)

TABLE 1. (continue)

Paper Aim and Context Health-related Technology End-users involvement and Dashboard /
reference outcomes employed methods data visualization description
Polychro- To present the Heart rate Sensor Software development Conceptual
nidou et al, : HealtVision Saliva Visualizations of the data collected using scatter-
2024 (36) Activity plots, line plots, graph-based plots, among others.
Social and Psycho- Also it is presented a map between different
logical data feature type and the most relevant visualization
category.
Solachidis To improve Heart rate, Multisensory band : Software development Conceptual
et al, 2021 quality-of-life in Steps, (bracelet) TENDER rehabilition tool user interface
(€] Pd patients and Motion data, Localization The main focus is personalizing services and
Belmon- facilitate healthcare : User activity, Sleep Tracker, Longitudinal feasibility study functions to: i) Patients by providing personalized
te-Hernan- pr.ofgssion.al ir} ob- Sleep analysis, Microphone, 3 months per participant recommendations, ii) Care.give.rs by helping )
dez et al, talnmg objective data : Fall, RGB-D, Participants: 30 participants (6 them uqderstand patient sﬂuatlor} and providing
2019 (38) regard.mg movement Accelerometer physiotherapists, 12 controls, 12 §uggest19ns on care st?[?s to take }nto accour}t and
evolution PD patients) information to review iii) Professionals by high-
lighting patient key information to have an overall
picture of patient data.
Kumar et al, : To monitor PD Tremor, Smartphone Accel- : Software development Conceptual
2023 (39) remotely with an Bradykinesia, erometer Gyroscop The user interface component provides a visual
application Balance representation of the detected tremors, along with
additional information or feedback for the user.
The interface enables the user to interact with the
software and review the results.
Fadhlannisa : To develop an elec- Muscle activity Sensors NodeM- Software development Conceptual
& Basari, tromyography based : of Parkinson’s CU-based wireless EMG monitoring system display interface,
2020 (40) remote-monitoring  : disease patients : EMG device showing EMG amplitude through a line graph
system so in the upper part of the screen, and a 2x2 table
showing time and EMG value in the bottonm part
of the screen. The monitoring system program can
also be accessed via smartphone.
Bernardini : To collect motor and : Apathy, ePROs Longitudinal feasibility study : Conceptual
et al,, 2018 : non-motor PD Depression, Every 2 months for 1 year Avisual characterisation of users is displayed
(42) symptoms Non-Movement Participants: 10 PD patients using a 3x3 table with Patient ID, a qualitative as-
and improve Problems, and 7 caregivers sessment of scores obtained in the surveys filled in
communication Movement Task: Apathy Survey, (e.g., Normal/ Warning ). The warning is specific
with specialists Problems, Depression Survey, Non- for the set of surveys filled in and is indicative of
Health Status, Movement Problems Survey, symptoms worsening (e.g., PSY Warning).
Pain Movement Problems Survey,
Parkinson’s Disease Survey,
Health Condition Survey, Pain
Condition Survey, Caregiver
Burden Survey
Gugliandolo, : To develop a system : Tremor Sensors User validation Visual Representation
et al.,, 2019 : which is wearable, Four accelerom- Participants: 2 PD patients and : A web app shows the data acquired, plotted in
(43) able to record, store, eters connected 1 healthy subject with 40, 62, real-time, and some statistics. In the upper part
and wirelessly to an embedded and 54 years old, respectively of the screen is shown the three sensors’ signals
transmit three-axial development board : Task: 1 PD patient - to hold the : using a three-line graph. In the bottom section,
acceleration data, system in their hand, and then : the patient’s current location is shown on a map,
and it can track the hold a pen; 2 PD patients - to put : and some statistics, such as the number of hours
GPS position of the their hand in two positions walked and the estimated frequency of each
patient wearing it. channel is displayed.
Wagner & To develop and test a : Gait patterns Shoe insole Software development Visual Representation
Ganz, 2012 : portable and accurate : (i.e., stride time, : Two The smartphone analyzes the raw data to produce
44 gait analysis system, : swing time, microcontroller temporal gait parameters that are displayed to the
that enables patients : stance time, Android user on a graphical user interface.
to monitor their gait : stride time Smartphone
and track progress variability,
and improvement step time balance)
over time.
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TABLE 1. (continue)

Paper Aim and Context Health-related - Technology End-users involvement and Dashboard /

reference outcomes employed methods data visualization description

Cunhaetal.,, : To presenta novel Gait RGB-D camera Software development Visual Representation

2016 (45) portable, low-cost parameters (Microsoft Kinect) : Participants: Study 1: 3 PD KiMA interface allows the storage and replay of video
kinect-based Two integrat- patients treated with deep brain  : records of patients. KiMA also facilitates the manage-
system that aims to ed software stimulation and 3 healthy sub- ment (creation, edition and deletion) of labels and
enhanced the typical applications, KiT jects; Study 2: 4 PD patients and  : events for the identification of movements of interest
patient monitoring (KinecTracker) five non-PD patients (MOls), with this information being visually displayed
and assessment and KiMA (Kinect : Task: Single task performed ina : above the video. Furthermore, events can be exported
methods used in Motion Analyzer : hospital setting as segments of the original data acquisition, enabling
clinical practice and their review on a dedicated workstation.
research

Lin et al,, To develop an Festinating A posture moni- Software development Visual Representation

2016 (46) algorithm to Gait toring vest with Participants: % healthy subjects : A mobile app was developed so each individual can
evaluate the severity multiple 3-axis review their gaiting behaviour in the past 9 months.
of festinating gait accelerometers A three-line graph is used to display the average and
behaviour. stand deviation stepping frequency, ratio index, and

the upper body lean forward angle

Bourazeri To co-design a user : Well-being and : Tablet End-users involved during Conceptual

& Stumpf, interface of a self- quality of life. design and User validation Tablet interface focusing on different tasks such as

2018 (47) care smart home Physical and Participants: 6 PD patients (first : set-up a profile, a life plan, sharing of their data with
technology toolset psychological workshop), 5 afterwards; 4 PD others, and how to monitor their life plan.
with people living outcome (first workshop) 3 afterwards.
with PD and their Two different sessions with each
caregivers using the group
PERCEPT approach. Task: 4 workshop session. Em-
Four workshops pathy probes between W1 e W2 to
were conducted self-report on their daily activities

Zhang et al, : To assess the first Talking, Smartphone Longitudinal feasibility study : Basic

2020 (48) smartphone-based : Walking, Microphone 6 months A feedback report is provided.
system to detect Standing Accelerometer, Participants: 81 PD patients
drug effectiveness  : Symptom Gyroscope Tasks: Voice, walk, and standing
among PD patients : severity activity
in daily life

Lennon et To remotely monitor : Dyskinesia, Sensors Software development Basic

al, 2015 (49) : dyskinesia in PD Tremor Accelerometer The data collected is processed and available for
remotely Gyroscope evaluation by a physician to help monitor dyskinesia

Smartphone severity.

Pereira et To facilitate comu- : Medication Mobile application : End-users involved during Basic

al, 2015 (50) : nication between and personal design PD patients can visualize their personal notes, med-
patients and health- : notes for PD Participants: 36 participants (11 : ication and receive alerts. Healthcare professionals
care professionals Healthcare PD patients, 11 caregivers, 14 can visualize patient’s notes, prescribed medical plans
with an application : professional healthcare professionals) and exercises.
to monitor PD in can prescribe Task: Fill in a survey
free-living. mediciation

plans and
notes

Branco et To design a Physical Wrist band Inertial : End-users involved during Visual Representation

al, 2019 (51) : web-platform activity, sensor design Each report is composed of a set of charts, tables, and
containing person- : Energy spent, : accelerometer User validation measures that give a processed analysis of the raw
alized reports of Sleep analysis Participants: Study 1: 5 data. The information shown is about physical activity,
inertial sensor data. participants (1 neurologist, 2 energy spent, and sleep. They used different types of
Two studies were physiotherapists, 2 nurses); views for data, for example, by day, week, or period of
conducted Study 2: 25 particiopants (22 the day. If needed, clinicians can adjust each report

PD patients, 4 healthcare
professionals)

Tasks: Study 1: focus group and a
design workshop; Study 2: PD pa-
tients used the device during 3 or
7 days, 4 healthcare professionals
used DataPark

according to the patients or the type of analysis they
want to see or discuss.
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TABLE 1. (continue)

Paper Aim and Context - Health-related - Technology End-users involvement and methods : Dashboard /
reference outcomes employed data visualization description
Dubey et : To assess the Speech/ Smartwatch Software development Conceptual
al,, 2015 performance dysarthria Microphone Participants: 3 PD patients and 3 The system uses large amounts of speech quality met-
(52) of EchoWear, healthy subjects rics (SQMs) computed over time, including average
a smart- Task: Three speech tasks. loudness level in dB (Phon) and average fundamental
watch-based Task I - vowel prolongation task, frequency (Hz) to provide automatic health reports to
system, to Task 2 and Task 3 were developed to the speech-language pathologist and/or participants,
remotely monitor record high and low pitches using for instance bar charts.
speech and voice
exercise
McNaney : To explore que Activity, Sensors End-users involved during design Conceptual
et al, 2022 : perceptions of Temperature, : Accelerometer Participants: Study 1: 12 participants : From the workshop discussion around data visual-
(53) PD patients and : Parkinson’s Environmental (6 PD patients and 6 caregivers); ization from sensors, participants reflected about
their caregivers : symptoms Sensors Study 2: 8 participants (4 PD patients : personal data opportunities for data usage, trust and
about sensors Silhouette video : 4 and caregivers) transparency, data misued, and for-profit data.
and how data Cameras Task: Study I: 2-hour session at a
collected from Smart home sen- : smart home equipped with sensors
these devices can sors Mechanical : to complete a set of activities (meal
be visualized. flow sensors preparation, cleaning, sleep-related
Two studies were Wearable device : activity, washing up and resting; Study
conducted. 2: 2-hour workshop to show garaphical
data visualization of the sensors
‘outputs.
McNaney : To develop and Vocal volume LApp on Google : End-users involved during design Conceptual
et al, 2015 : evaluate LApp, Glass User validation During the workshops different types of cues were
(62)) an application for Participants: Study 1: 7 PD patients; : suggested by participants (visual, haptic and audito-
Google Glass to Study 2: 8 Healthy subjects; Study 3: 6 : ry). There was some disagreement in relation to what
help PD patients PD patients would be preferred, with some suggesting audible
monitor their Task: Study 1: Exploratory design cues that only they could hear, and others preferring
speech volume workshop; Study 2: Test the application : visual or haptic cues they could respond to. Partic-
and cue them- in a 30-minute session; Study 3: 3 days : ipants came to an agreement that cue preferences
selves to speak usage of LApp on Glass to explore PwD : depended on context, but all felt comfortable with the
louder when experiences using the app. idea of using a ‘traffic light’ style visual cue shown
necessary. Three directly on Google Glass.
studies were
conducted.
Chuang et : To promote Blood pressure, : Blood pressure Software development Visual Representation
al, 2010 patient-centered : Weight monitor, The system can display graphs that show the gradual
(55) healthcare and Digital weight progression of the measurements over weeks, months
self-management scale or years. The patient can identify whether the
with monitoring measurements are normal by the colors of the graph’s
devices. points (green means normal, yellow means warning,
red means attention is required). If the patient clicks
on a point on the graph, the actual measurement and
an “analysis message” appears in the left column.
Zhu et al., : To assess the fea- : Gait analysis Camera of a Longitudinal feasibility study Conceptual
2016 (56) : sibility of comput- mobile phone 2 weeks To provide information to doctors or clinicians, the
er vision-based Participants: 55 elderly subjects, 44  : system is able output the subject’s basic statistical
gait analysis PD patients and 11 healthy controls information, including mean, coefficient of variation,
system Task: Walking from left to right, and standard deviation of left and right stride lengths
turning around at the end and walking : and times.
back
McNaney : To evaluate how : Speech Mobile phone Longitudinal feasibility study Visual Representation
et al., 2016 : the provision of : Articulation, 1 week The Speeching app enables users to receive feedback
(6] feedback, using : Volume Participants: 6 PD patients [61 - 74 : on their speech and allows for the self-directed
apeeching, was Rate years] practice of speech issues common to PD. Patients are
valued by PD Pitch variability Task: Patients’ speech samples (e.g., : provided with a graph of their Ease of Listening (EOL)
patients. reading 10 single words and reading  : score over time, the EOL score of the sample they have

sentences, describing a picture or
answering an open question. Finally,
there is a combination of reading
words and free speech)

just submitted, along with its volume, rate and pitch
scores. Users are advised that both volume and pitch
scores should fall within 50 and 90, while scores for

rate should be between 40-60.
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TABLE 1. (continue)

Paper Aim and Context Health-related  Technology End-users involvement and Dashboard /
reference outcomes employed methods data visualization description
Lipsmeier, To determined the Tremor Smartphone app Longitudinal feasibility study Conceptual
Florian, et feasibilty, reability, Bradykinesia (Roche PD mobile : Study I: 6 month An image of the Roche PD mobile application
al, 2018 (58) : and validity of digital : Rigidity/postural : application) Study 2: 6-week observational shows that users have access to overall progress
biomarkers during instability IMU sensor Participants: Study 1: 43 PD of the completed days of active testing and the
a 6-month clinical (accelerome- patients; Study 2: 35 Healthy amount of hour.
trial of individuals ter, gyroscope, match controls The overall progress is displayed in a donut chart.
with PD patients. magnetometer) Tasks: 6 active tests + passive
Two studies were Voice recorder monitoring (walking, s2s,
conducted walking)
Barros et al, : To design and evalu- : Personal infor-  : 4 Smartphone End-users involved during Conceptual
2013 (59) ate a PD self-man- mation, Blood applications design REMPARK system is composed of different

agement approach
with four smart-
phone applications.

type, Medica-
tion, Medical
condition
Adhrence and
prescription list

User validation: Interviews — 5
PD patients, 1 informal caregiver,
1 physical therapist; Scoping
session — 3 PD patients, 3 informal
caregivers; Focus group — 2 PD pa-
tients, 2 informal caregivers; User
cases — 3 medical doctors; Second
Part — Software development;
Third Part — User validation with
usability test

applications: medication, appointments, my day
(disease status/symptoms), my data (personal and
health information), messaging, calling, emergen-
cy call, contacts, two cueing controllers to improve
users’s gait, and medical questionnaires In my
day app, a 24h clock graph is displayed showing
freeze of gait, festination, diskenesia and failure
in medication intake using flags.

Isaacson et : To investigate Tremor Kinesia 360 mobile : Longitudinal feasibility study Conceptual
al, 2019 (60) : whether using Slowness, application 12 week Kinesia 360 smartphone app provides data
Kinesia 360 at home : Dyskinesia motion sensors Participants: 39 PD patients (20 : reports for patients about the health-related out-
could improve motor : Walking severity : Kinesia ONE mo- : control group and 19 experimental : comes. For walking severity display a traffic-light
symptom manage- bile application group) analogy is used.
ment in PD patients finger or heel Tasks: Experimental group: used
starting transdermal motion sensor to Kinesia 360 to perform healh
dopamine agonist colllect data related assements; Control group:
rogigotine did not use kinesia 360 and were
only provided with standard care.
Both Groups used kinesia ONE
at day 1 and week 12 to measure
motor assessment performance
during specific motor tasks
Belmon- To develop a Sleep Smartwatch, User validation Visual Representation
te-Hernan- : system to collect raw : Daily activities Door sensor Participants: PD patients, car- ProCare4Life system Web Interface to be used
dez et al, information. Steps Smartphone, Depth : egivers, healthcare professionals : by healthcare professionals to manage and mon-
2022 (61) Three studies were  : Freezing, Sensor Task: Study 1: Use web and itor their patients. It has a dashboard available
planned (two were Bradykinesia mobile application; Study 2: Use with charts and metrics. A mobile application
conducted). Gait festination different devices and configura- enables patients to access and manage their data
Walking tions; Study 3: Use all the available : in the PROCare4Life platform. Smart TV Cognitive
Balance features for the platform Gaming Tool provide cognitive games and ques-

tions to create an experimental screening tool
that will be used to assess the cognitive abilities
of patients.

Legend: ECG — Electrocardiogram; EcoG — Electrocorticography; EEG — Electroencephalography; EMG - Electromyography; FoG — Freezing of Gait, GUI — Graphical User
Interface; PD — Parkinson’s Disease; Sp02 - Peripheral capillary oxygen saturation; UPDRS - Unified Parkinson’s Disease Rating Scale.

PD MONITORING

(3L, 35, 44), or clothing (41, 46).
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TECHNOLOGIES AND DEVICES FOR

Patients’ data were collected using various tech-
nologies, including sensors directly attached to the par-
ticipant's body (16, 20, 24, 25, 27-30, 36, 40, 43, 48, 49, 53, 60),
integrated into smartphones (23,26,39), or incorporated
into accessories, such as wristbands (15, 17, 32, 33, 37, 38,
51, 61), smart shoes (18), smart glasses (54), shoe insoles

Other types of devices used for data collection
included a blood pressure monitor and a digital balance

(55), gaming consoles (i.e., Nintendo Wii) (21), tablets (34,
47), video cameras (22, 45, 56) voice recorders (52, 57), and
mobile applications (50, 58, 59).

Additionally, one study employed a robot to as-
sist in feeding patients with motor impairments (19),
and another utilized ePROs for data collection (42).
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HEALTH-RELATED OUTCOMES

As a central criteria of the present review, all
studies included focused on technologies that enable
the monitoring of PD patients. Among the health-relat-
ed outcomes, motor symptoms of PD were the primary
focus in 39 out of 47 studies. The predominant motor
symptoms analysed were tremor (15, 16, 20, 21, 23, 24, 27,
31, 33, 39, 41, 43, 49, 50, 60), bradykinesia (15, 20, 21, 27, 38,
39, 49, 58), dyskinesia (20, 24, 27, 31, 34, 49, 60), wrist rigidi-
ty (15), fine motor coordination (21), tilt (25), and balance
(38, 39, 58). Additionally, other studies examined motor
fluctuations between the On and Off states (15, 24, 27, 34)
associated with the intake of levodopa (20).

Distinctive features of PD associated with im-
paired walking capacity were also analysed (15), in-
cluding FoG (18, 33, 38), falls (15, 18, 24, 25, 37), and gait
festination (38, 46). Other studies focus on speech im-
pairments, including dysarthria (52), variations of the
vocal volume (54, 57), articulation, and rate and pitch
variability (57).

Another group of studies opted to focus not on
clinical symptoms but rather on motor metrics/gait
parameters, including but not limited to stride length,
stride width, stride time, velocity, cadence swing time,
step count (22, 26, 28, 29, 32, 35, 37, 38, 44, 45, 48, 56), phys-
ical activity (51) and user’s capacity to execute motor
tasks (30, 48), including standing, sitting, lying, and
walking as mean to assess and monitor the progression
of PD motor symptoms.

Physiological data considered in some of the
studies included were: heart rate (25, 32, 36, 37), galvanic
skin response (24), blood pressure (32, 33), blood oxygen
saturation (24, 25), pulse rate (24), EEG (16) and ECoG (25),
EMG (40), temperature (25, 53), respiratory rate (25), sali-
va (36), and sleep parameters (37, 38, 51).

Studies focused on non-motor aspects were less
frequent (8 out of 47) and primarily investigated nutri-
tional intake and patients’ capacity to feed themselves
(19), medication intake (50, 59), capacity to perform dai-
ly life activities (17, 38), health status, including pain,
depression and apathy (42), social and psychological
health (36), well-being and quality of life (47).

DATA VISUALIZATION

When it comes to providing end-users with
feedback on the collected data, three levels of data
representation were identified: basic, conceptual, and
visual representation. Among the studies included, 10
articles were classified as offering a basic description
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of how data is visually presented to end-users. In these
cases, the studies only mentioned the format of feed-
back provided to end-users without delving into specif-
ics. Of these, two studies simply mentioned that some
form of feedback is provided to end-users without pro-
viding further details (49, 50). One study specified that
areport is provided to end-users (48), while four studies
utilized a customizable application/interface (21, 23-25).
Additionally, three studies indicated that feedback is
delivered through a smartphone application (30), with
two of them mentioning that tables, graphs, charts, re-
ports, and figures can be used for visually displaying
the data (16, 19).

On the other hand, 21 articles were classified as
describing the type of data displayed without a dash-
board having been developed (i.e., conceptual). Among
these, 10 studies (31-33, 37-39, 41, 47, 53, 56) just men-
tioned the type of data that ideally would be reported
to end-users. For more details on the data considered
in these studies, see Table 1. Studies’ details (n=47). The
remaining 11 studies provide a more detailed descrip-
tion of how data will be presented. For instance, Jusufj,
Nyholm and Memedi (34) considered using spiral and
time series plots to visually represent motor fluctua-
tions over time. Tables (35, 42) and donut charts (58)
were mentioned in three studies as a possible way to
visually display data when patients performed motor
tasks and the results obtained on those tasks. Line and
graph-based plots were mentioned to display physio-
logical data such as EMG (40), and heart rate (36), re-
spectively. Patil et al. (18) mentioned using line graphs
and dates to report FoG episodes, while Barros et al. (59)
used 24-hour clock graphs with different time flags to
report the occurrence of FoG, festination and dyskine-
sia episodes and patients’ compliance with medication
schedules. Finally, in studies focused on speech impair-
ments associated with PD, bar charts (52) and a traffic-
light-based graph (54) were presented as suitable forms
to represent speech quality and volume, respectively.
Isaacson et al., (60) also propose the use of traffic-light-
based graphs to visually display gait impairment.

Finally, more complex and detailed forms of
data visualization (i.e., dashboards) were identified
in 16 of the studies included. For instance, in two of
these studies, specific sections of the dashboard were
reserved for patient’s personal information, such as
name, photo, birthday, year of symptoms onset, and
contacts (15,22). Furthermore, information regarding
medication, dosage and frequency was also considered
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relevant to be present in clinical dashboards aiming
at monitoring PD patients, with this data presented
either in list format (17), or alongside the patient’s per-
sonal information (15).

To provide feedback on the occurrence of PD-re-
lated symptoms such as tremors, difficulty in walking,
falls, and OFF states, lists with dates and time of the
event were used (15). Improvements in PD-related
symptoms were represented in three studies using per-
centages (15), line graphics (22) or radar charts where
the severity of symptoms (e.g., tremor duration, dyski-
nesia) before and after medication intake was simulta-
neously displayed (20).

Gait behaviour (e.g., step frequency) and motor
activity metrics such as stance time, swing trace, and
step time balance were displayed using line bars (46)
or percentages (44), respectively. Additionally, in Bran-
co et al., (51) visualization formats such as charts and
tables were identified as suitable formats to display pa-
tients' information regarding physical activity, energy
spent and sleep.

Regarding video platforms, five studies focused
on systems that enable clinicians to watch patients
performing motor activities online (27-29) or offline
(22, 45), alongside the metrics and results obtained in
the motor tests and information if the patient was in
the ON or OFF state while performing the tests (22).
Furthermore, these platforms enable clinicians to take
notes and create and edit labels to identify movements
of interest (27-29, 45).

Other data considered in the dashboards ana-
lyzed included giving feedback on user location trac-
es using maps (26, 43) or by showing events of interest
in a list format (e.g., go home) (17). One dashboard also
presented physiological using a three-colour graphic,
where green is indicative of levels within normal pa-
rameters, yellow means caution, and red is indicative
that professional assistance should be sought (55).
Dashboards dedicated to reporting speech metrics
used circular graphs showing the score obtained in
each metric as a percentage using Arabic numerals (57).
Finally, in one study (61), while a screenshot of a dash-
board is provided, the low image quality couple with
the lack of description regarding the data and visual-
ization techniques used, renders it challenging to ana-
lyse the depicted elements thoroughly.

DESIGN AND VALIDATION OF CLINI-
CAL DASHBOARDS

Out of the 47 studies included in this review, only
22 studies include stakeholders (i.e., health profession-
als, PD patients, caregivers) and/or healthy subjects in
the design process clinical dashboards and validation
of the system developed.

User validation was reported in 14 studies. Of
those, in seven studies, participants were invited to test
the feasibility of the system for a single session (15, 22,
25, 30, 33, 43, 61), while in another seven studies, partic-
ipants were asked to use the system for longer periods
(38, 48, 56, 58, 60), ranging from one-week (57) to every
two months for one year (42).

Regarding the design process of the clinical
dashboards, only eight studies reported following a
co-design/participatory design approach during the
development of the clinical dashboard for monitoring
PD patients. Nonetheless, the degree of end-user in-
volvement also varied across studies. For instance, in
Thinh, Thang & Thanh, (19) it is reported that “patients
and caregivers' opinions were taken into consideration
during the design of the prototype”. However, it does
not mention how these opinions were collected or how
they contributed to the design of the final dashboard.
In Pereira et al., (50) a survey was filled out by 36 par-
ticipants, including PD patients, caregivers and health
professionals, aiming to characterize participants’ pro-
files and identify the needs and functionalities they
identified as relevant to have in the app for monitoring
of PD. Other forms of end-user involvement in the de-
sign process of clinical dashboards for PD monitoring
were the conduction of focus groups (51) and Delphi
panels (31) bringing together experts in PD and soft-
ware development engineering. Finally, the conduction
of workshops (47, 51, 53, 54) and interviews (59) aiming
to identify the needs and elicit hypothetical scenarios
that could support the design of clinical dashboards
were also reported in five studies.

DISCUSSION

In this study, we conducted a systematic review
of the literature to identify, analyse, and synthesise
the available research dedicated to the development of
data visualisation techniques and dashboards for PD
monitoring.

Regarding technologies and devices used for
PD monitoring, our findings revealed that sensors em-
bedded in various devices are currently a prevailing
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trend for data collection (present in 33 out of 47 stud-
ies included). Through the use of these devices, data
collection can be done in a non-invasive manner, either
in an active way, requiring patient intervention (e.g.,
performing tasks like finger tapping) (62), or passive-
ly, utilizing only the device (e.g., ambient sensors) (63).
Nonetheless, scientific literature indicates that sensors
that enable data collection in a passive way are more
easily accepted by end-users (3), and so future research
would probably evolve around the development of this
type of sensor.

Another trend identified in our study was the
focus on developing technology that primarily collects
and analyses data related to PD motor symptoms. Par-
kinson's Disease is characterized by the presence of
both motor and non-motor (e.g., cognitive) impairments.
However, most studies included in our review (39 out
of 47 studies) focused on PD motor symptoms such as
tremors, bradykinesia and dyskinesia, among others.
Only a small portion of the studies analysed (8 out of 47
studies) focused on PD non-motor symptoms, such as
depression, apathy, quality of life and well-being. This
finding may reflect a preference for parameters that are
the most easily measurable. However, this finding also
highlights that there are still plenty of opportunities to
be explored in other areas of research, including daily
living (34, 39), which are also heavily dependent on cog-
nitive health and may have a direct impact on people’s
quality of life (64).

In the clinical context, dashboards can play a
significant role in facilitating the continuous monitor-
ing of changes in a patient’s health status (65,66). How-
ever, at a moment where digital devices generate vast
amounts of data, the challenge resides in how this data
can be digested to facilitate interpretation and practical
use in clinical settings (12).

While the concept of data visualisation was
ubiquitous across all articles, the extent of its imple-
mentation and the level of detail in the techniques
employed varied greatly among the studies analysed,
with only a small portion (16 out of 47) of the studies
included focused on studying and exploring the best
ways to consolidate the information collected using an
organized visual representation to make interpretation
of clinical data simpler and more intuitive (1).

Furthermore, when considering the involvement
of end-users in identifying relevant data and determin-
ing the best way to represent them, even fewer studies
focus on this aspect (6 out of 47). The engagement of
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end-users, such as in co-design studies, is a crucial com-
ponent that should not be overlooked, as it impacts
technology usage (4). For this reason, involving stake-
holders is a fundamental step in defining relevant data
and designing platforms and their visualisation for-
mats (67). This is especially true in the healthcare field,
where resources are limited and health professionals
are in constant demand (68). Therefore, and although
the adoption of technology in clinical practice is not al-
ways an easy task, it is extremely relevant to improve
how data are presented to healthcare professionals to
enhance technology's value (68) and optimize clinical
decision processes.

LIMITATIONS

The study's results should be interpreted consid-
ering some limitations. Firstly, the strategy employed
to identify publications, including the keywords used
to filter titles/abstracts and the selected collections,
may impact the findings. Also, we did not proceed
with the analysis of secondary references (e.g., stud-
ies included in systematic reviews), which might have
excluded potentially relevant papers. Nonetheless, the
present results were obtained based on articles identi-
fied through searches in three different databases, with
some of them highly specialized in software develop-
ment (i.e, ACM and IEEE). Furthermore, the fact that
terms such as monitoring, assessment, evaluation and
screening are sometimes used interchangeably in the
papers analysed could introduce subjectivity to eligibil-
ity criteria and data extraction.

CONCLUSIONS

This study aimed to analyse the available litera-
ture on clinical dashboards to monitor PD. Conceptual
and dashboards are the predominant visual representa-
tions employed. Nevertheless, few studies include
end-users during the design process of their systems
and visualization platforms, which represents a major
shortcoming. Moreover, regarding the data collected
and used to populate these dashboards, there is a focus
on PD motor symptoms that reflect their importance
in disease progression monitoring. This emphasis limits
the exploration of other potentially relevant activities
that may directly correlate with disease symptoms and
is thus relevant to be included in the dashboards aim-
ing to monitor PD patients.
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