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Abstract

This umbrella review aimed to identify, analyze, and synthesize the results of existing
literature reviews related to patient-oriented smart applications to support healthcare
provision for patients with Parkinson’s. An electronic search was conducted on Scopus,
Web of Science, and PubMed, and, after screening using predefined eligibility criteria,
85 reviews were included in the umbrella review. The included studies reported on smart
applications integrating wearable devices, smartphones, serious computerized games, and
other technologies (e.g., ambient intelligence, computer-based objective assessments, or
online platforms) to support the diagnosis and monitoring of patients with Parkinson’s,
improve physical and cognitive rehabilitation, and support disease management. Nu-
merous smart applications are potentially useful for patients with Parkinson’s, although
their full clinical potential has not yet been demonstrated. This is because the quality of
their clinical assessments, as well as aspects related to their acceptability and compliance
with requirements from regulatory bodies, have not yet been adequately studied. Future
research requires more aligned methods and procedures for experimental assessments, as
well as collaborative efforts to avoid replication and promote advances on the topic.

Keywords: umbrella review; Parkinson’s disease; patient-oriented smart applications;
Parkinson’s symptoms; diagnosis; monitoring; rehabilitation; disease management

1. Introduction

Due to the increasing number and proportion of older adults, neurological disorders
are a primary cause of disability globally, with Parkinson’s disease emerging as the fastest
growing among them [1,2]. Estimates indicate that, by 2040, the number of patients with
Parkinson’s (PwP) worldwide will range from 12 to 17 million [3]. This increasing preva-
lence of Parkinson’s is associated with a rising burden for patients, families, and society,
which demands the optimization of healthcare provision to improve health outcomes and
reduce economic costs [2].

Currently, no pharmacological tools are available to modify the progression of Parkin-
son’s disease, and dopamine replacement therapy and levodopa are the gold-standard treat-
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ments for alleviating the disease’s symptoms [4,5]. Considering this pharmacological limi-
tation, the scientific community is researching new drugs with potential disease-modifying
properties to decelerate or halt the disease’s progression [4]. Future disease-modifying
therapies might emerge from these research efforts, but symptomatic treatment is likely to
remain the foundation of Parkinson’s disease management for many years to come [4].

Other lines of research seek to optimize the diagnosis of Parkinson’s disease and
care provision for PwP—specifically, by using digital technologies. In this respect, digital
technologies can help clinicians to improve diagnosis (e.g., with support from medical
imaging modalities [6]), particularly by employing machine learning and deep learning
models [7-11] or to facilitate the screening of large populations to identify individuals
requiring additional clinical evaluations. Moreover, there is an active research community
developing patient-oriented smart applications to support the diagnosis, rehabilitation,
and care of PwP in their home environments to increase their comfort and quality of life [4].

This umbrella review, carried out using systematic methods [12], aimed to identify,
analyze, and synthesize existing literature reviews related to patient-oriented smart ap-
plications to support healthcare provision for PwP. To the best of the authors” knowledge,
this is the first tertiary study on the topic and might guide researchers in developing
future patient-oriented smart applications and give patients and practitioners a better
understanding of the relevant clinical benefits of these applications.

2. Materials and Methods

This umbrella review was registered in the International Prospective Register of
Systematic Reviews (PROSPERO) on 4 April 2025 (Registration CRD420251019601), and its
planning and conduction were supported by the Joanna Briggs Institute (JBI) guidelines [13].
The report followed the Preferred Reporting Items for Systematic Reviews and Meta-
analyses (PRISMA) guidelines [14].

2.1. Objective and Research Questions

This umbrella review aimed to analyze scientific literature reviews focused on the use
of patient-oriented smart applications to support the diagnosis, rehabilitation, and care
of PwP (as diagnosed using any recognized diagnostic criteria), and to identify patient-
relevant clinical benefits. This objective was informed by the following research questions:

e RQ1: What measurement and interaction technologies are being used to develop
patient-oriented smart applications to support healthcare provision for PwP?

e  RQ2: What types of patient-oriented smart applications are being proposed?

e  RQ3: What is the effectiveness of the proposed smart applications?

e RQ4: What limitations and open issues of current research were identified by the
existing reviews?

RQ1 and RQ2 aimed to provide a comprehensive overview of current research interests
as well as the types of smart technologies and applications being used, while RQ3 aimed to
identify the clinical implications of the existing evidence. Finally, RQ4 aimed to synthesize
the current limitations and future trends in the research on the topic.

2.2. Literature Search

The online databases chosen for the umbrella review were Scopus, Web of Science,
and PubMed. These databases were selected due to (i) broad coverage, (ii) content update,
(iii) the availability of the full text of the indexed references, (iv) the accuracy of the results
obtained by automatic searches, and (v) the versatility of the mechanisms used to export
the results of the automatic searches.
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The search query comprised three major components: (i) Parkinson’s disease, (ii) smart
application, and (iii) review. For each component, relevant terms were identified:

e Parkinson’s disease: Parkinson, neurodegenerative disorder, neurological disorder.

e Smart applications: smart, remote, computerized, ehealth, digital, mobile, sensor,
biosensor, wearable, artificial intelligence, machine learning, deep learning, informa-
tion technologies, and communication technologies.

o  Review: review, secondary and systematic mapping.

The relevant terms of each component were merged using the Boolean connector OR
and the expressions obtained were combined with the Boolean connector AND. Having
defined the search query, it was instantiated to the syntax of each database together with the
indication that the automatic search should be performed considering the title and abstract
of the indexed references. The search query did not include time limits or restrictions in
terms of the types of articles (e.g., review). Table 1 presents the instantiation of the general
combination of keywords to the selected databases.

Table 1. Instantiation of the general combination of keywords to Scopus, Web of Science, and PubMed.

Database Query

TITLE-ABS ((Parkinson OR neurodegenerative OR neurological) AND (smart OR
remote OR computerized OR ehealth OR digital OR mobile OR sensor OR
Scopus biosensor OR wearable OR “artificial intelligence” OR “machine learning” OR
“deep learning” OR ((technology OR technologies) AND (information OR
communication))) AND (review OR secondary OR “systematic mapping”))

TS = (Parkinson OR neurodegenerative OR neurological) AND (smart OR remote
OR computerized OR ehealth OR digital OR Mobile OR sensor OR biosensor OR

Web of Science wearable OR “artificial intelligence” OR “machine learning” OR “deep learning”
OR ((technology OR technologies) AND (information OR communication))) AND
TS = (review OR secondary OR “systematic mapping”)

(Parkinson [Title/ Abstract] OR neurodegenerative [Title/ Abstract] OR
neurological [Title/ Abstact]) AND (smart [Title/ Abstract] OR remote

[Title/ Abstract] OR computerized [Title/ Abstract] OR ehealth [Title/ Abstract] OR
digital [Title/ Abstract] OR mobile [Title/ Abstract] OR sensor [Title/ Abstract] OR
biosensor [Title/ Abstract] OR wearable [Title/ Abstract] OR “artificial intelligence”
[Title/ Abstract] OR “machine learning” [Title/ Abstract] OR “deep learning”
[Title/ Abstract] OR ((technology [Title/ Abstract] OR technologies [Title/ Abstract])
AND (information [Title/ Abstract] OR communication [Title/ Abstract])) AND
(review [Title/ Abstract] OR secondary [Title/Abstract] OR “systematic mapping”
[Title/ Abstract]))

PubMed

2.3. Inclusion and Exclusion Criteria

Studies were included in the umbrella review if they met the eligibility criteria pre-
sented in Table 2.

Although there are guidelines on the different forms of literature reviews (e.g., sys-
tematic reviews or scoping reviews) and how they should be conducted and reported,
inconsistencies in concepts and methodological procedures are often identified. For in-
stance, concepts such as reviews, systematic reviews, scoping reviews, comprehensive
reviews, integrative reviews, or narrative reviews are sometimes used indiscriminately,
and, in terms of reporting, several non-conformities may not allow results to be reproduced.
Thus, based on questions 1 and 3 of the first version of the A MeaSurement Tool to As-
sess systematic Reviews (AMSTAR) checklist [15], the IC2 criterion was introduced. The
remaining criteria were derived from the objective of this umbrella review.
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Table 2. Eligibility criteria.

Inclusion Criteria Exclusion Criteria

EC1: References without authors or abstract.
EC2: Reviews focusing on smart applications oriented towards formal

IC1: Reviews related to patient-oriented and informal caregivers.
smart applications to support the diagnosis, EC3: Reviews published in conference proceedings or as book chapters.
rehabilitation, and care of PwWP published in EC4: Reviews that, although including studies targeting PwP, targeted

peer-reviewed journals.

other health conditions in 70% of their primary studies.

IC2: Reviews with a well-documented EC5: Reviews that, although considered patient-oriented smart
literature search strategy, allowing for applications, were focused on smart applications oriented towards

its replication.

formal and informal caregivers in more than 70% of their primary studies.
ECé: Reviews published in languages other than English.
EC7: Articles whose full text was not available.

2.4. Identification Process

After the automatic search in the three online databases, all the references retrieved
were imported into a Microsoft Excel spreadsheet. Then, the identification process included
four steps. Duplicate articles and articles without authors or abstracts were excluded during
the first step. In turn, during the second step, articles were excluded based on the analysis
of their titles and abstracts. In the third step, the full texts of the articles not excluded in the
first two steps were analyzed to verify their conformity with the eligibility criteria. Finally,
the fourth step included a backward search (i.e., the references of the articles included were
analyzed to identify additional potentially relevant studies).

In all four steps, all the articles were independently analyzed by at least two authors.

2.5. Quality Assessment

The AMSTAR 2 [16] was used to assess the methodological quality of the studies
included in the umbrella review. Each study was randomly assigned to two authors who
performed their assessment independently. Disagreements were resolved by consensus.

2.6. Data Extraction

Customized Microsoft Excel forms were used for data extraction, which were piloted
using three studies. These forms were developed to extract all relevant information about
the included reviews to assess their quality and answer the research questions of the
umbrella review.

Considering the quality assessment, authors and publication dates were extracted
together with data to answer the sixteen questions on the AMSTAR 2 checklist. Moreover,
the following data were extracted to answer RQ1 to RQ3: (i) research objectives; (ii) primary
studies included; (iii) experimental designs of the primary studies; (iv) measurement and
interaction technologies; (v) types of patient-oriented smart applications; (vi) interventions
and measured outcomes; (vii) gold-standard instruments used as comparators; (viii) body
location of the wearable devices; and (ix) effectiveness of the proposed applications. Fi-
nally, to answer RQ4, key paragraphs from the discussion and conclusions of each review
were extracted.

The data extraction of each article was manually completed by one author and checked
by a second author.

2.7. Data Synthesis

The different measurement and interaction technologies described in the studies
included were identified and classified according to four classes: (i) wearable devices;
(ii) smartphones; (iii) serious computerized games; and (iv) other technologies. Within
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these categories, the subgroup of studies that applied machine learning and deep learning
was also identified.

In terms of application areas, the smart applications analyzed by the studies were
classified according to their purpose (i.e., patients” diagnosis and monitoring based on
motor and non-motor clinical variables of Parkinson’s disease), rehabilitation (i.e., physical
and cognitive rehabilitation), and disease management.

For each area of application, the following information was synthesized: research
objectives; experimental designs of the respective primary studies, including type of study,
settings, number and characteristics of the participants, and clinical instruments used as
comparators; technological characteristics of smart applications; and assessment results.
Moreover, concerning diagnosis and monitoring based on motor and non-motor clinical
variables, the clinical variables, respective measurement devices, and body locations of
wearable devices were also synthetized.

Finally, a thematic analysis was made of important points of the discussions and
conclusions presented by the reviews to identify current challenges and open issues on the
topic. Therefore, after the extraction of key paragraphs from the discussion and conclusions
of each review, two authors independently created a primary list of categories. This
categorization was refined by further analyses, and the final list of categories was discussed
as a group.

3. Results
3.1. Identification of Studies

The search on the selected databases was performed in February 2025, and 6856 refer-
ences were retrieved. Figure 1 presents the PRISMAS flowchart [14] of the identification
process.

During the title and abstract screening, 3729 references were excluded, according to the
inclusion and exclusion criteria. The exclusion reasons include: (i) references not related to
patient-oriented smart applications to support the diagnosis, rehabilitation and care of PwP
(e.g., [17,18]); (ii) references targeting other pathologies than Parkinson’s (e.g., [19,20]); (iii)
references focusing on clinician-oriented smart applications (e.g., [21,22]); (iv) references
not reporting reviews (e.g., [23,24]); and (v) references reporting reviews not supported
by reproducible methods (e.g., [25,26]). During the full-text analysis, 71 references were
excluded because they report on (i) reviews that, although including studies targeting PwP,
targeted other health conditions in more than 70% of their primary studies, (e.g., [27-29]),
(ii) clinician-oriented smart applications (e.g., [30-33]), and (iii) reviews that were not
reproducible (e.g., [34-36]). Therefore, after the identification process, 85 studies [37-121]
were included in the review.

3.2. Characteristics of Included Studies

According to Figure 2, the studies were published between 2014 (i.e., one study [37])
and the first months of 2025 (i.e., four studies [118-121]), and more than 75% of the studies
were published since 2019.

Sixty-two reviews [38—44,46-56,56—60,62,64-70,73,74,76,77,81-83,87-92,94-97,99-105,
107,109,111,114-116,118-121] specifically targeted PwP. Another 14 reviews [37,45,61,71,72,
75,79,80,84,89,93,108,110,112] included primary studies targeting PwP and patients with
other neurological disorders. Finally, nine reviews [57,63,78,85,86,98,106,113,117] included
primary studies with patients with neurological disorders, including PwP, and other health
conditions (e.g., musculoskeletal disorders [86,113] or healthy older adults [106]). By identi-
fying all the references of the primary studies of the reviews and eliminating duplicates and
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studies that did not include PwD, a total of 1867 different primary studies were identified.
From those studies, 14 [122-135] were analyzed in at least 10% of the reviews.
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Figure 1. PRISMA flowchart.

Overall, only eight included studies [65,71,77,78,80,99,106,115] performed meta-
analyses. All the other studies only conducted a qualitative synthesis, either because
this was their objective or because they were forced to exclude meta-analyses due to the
small number or heterogeneity of the primary studies available.

3.3. Quality Assessment

Figure 3 presents the results of the quality assessment of the reviews included ac-
cording to AMSTAR 2. The AMSTAR items with the highest scores were Q1 (i.e., research
questions and inclusion criteria) and Q16 (i.e., report of potential sources of conflict of
interest, including funding sources), while the items with the lowest scores were related to
the report on the sources of funding for the studies included in the review (Q10), the list of
excluded studies and exclusion justifications (Q7), satisfactory technique for assessing the
risk of bias (Q9), duplicate data extraction (Q6), and duplicate study selection (Q5). More-
over, items Q2 (review methods established a priori), Q3 (explanation of the selection of the
studies” designs) and Q4 (comprehensive literature search strategy) have a high percentage
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of partial yes when compared with yes, due to the absence of an explicit statement that
the respective review protocol was registered (Q2), an explanation of the type of primary
studies” design included in the review (Q3), and complementary search strategies such as
backward search in addition to the databases” queries (Q4).

Number of studies

18
16

14

1

1 | ‘
, H = II I

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

o N

~ O

N

Figure 2. Number of studies published by year.

Quality assessment

80

70

60

50

4

3

2 I

A

. Il A BB R &
Q1 Q

2 Q3 04 Q5 Q6 Q7 Q@8 Q9 Q10 Q11 Q12 Q13 Q14 Q15 Ql6

o O O o

M Yes M Partial Yes No Not Aplicable

Figure 3. The quality of the reviews included according to the appraisal items of AMSTAR 2 [16]:
Q1l—research questions and inclusion criteria; Q2—review methods established a priori; Q3—explanation
of the selection of the studies’ designs; Q4—comprehensive literature search strategy; Q5—study selec-
tion performed in duplicate; Q6—data selection performed in duplicate; Q7—Ilist of excluded studies
and exclusions justified; Q8—description of the included studies in adequate detail; Q9—satisfactory
technique for assessing the risk of bias; Q10—report on the sources of funding for the studies included
in the review; Q11—use of appropriate methods for statistical combination of results when a meta-
analysis was performed; Q12—assessment of the potential impact of risk of bias when a meta-analysis
was performed; Q13—risk of bias accounted for when interpreting or discussing the results of the
review; Ql4—a satisfactory explanation for any heterogeneity observed in the results of the review;
Q15—quantitative synthesis performed and publication bias discussed when a meta-analysis was
conducted; Q1l6—report of potential sources of conflict of interest, including funding sources.
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3.4. Measurement and Interaction Technologies

Figure 4 presents the types of measurement and interaction technologies reported in
the reviews included. A significant number of them (i.e., 65 reviews) analyzed the appli-
cation of wearable technologies, including biomechanical wearable devices (e.g., inertial
measurement units, accelerometers, gyroscopes, magnetometers, force-sensitive insoles,
or custom-made gloves) and physiological wearable devices (e.g., electromyography, elec-
troencephalography, electrocardiography, actigraphy and polysomnography devices, or
devices to measure galvanic skin response). In turn, 26 reviews analyzed the use of smart-
phones, and 12 others analyzed the use of serious computerized games. Finally, other
technologies, such as ambient intelligence (e.g., force platforms or motion capture systems),
computer-based objective assessments, or online platforms, were identified in 16 studies.
Moreover, 18 studies reported the simultaneous use of different types of measurement and
interaction technologies. For instance, Bansal et al. [97], Taniguchi et al. [101], Jeyasingh-
Jacob et al. [110], and Silva-Batista et al. [114] reported the use of wearable devices and
other technologies, while Tuena et al. [98] reported the integration of serious computerized
games and wearable devices.

Wearable Devices

Steins et al., 2014; Hubble et al., 2015; Lima et al.,
2017; Roviniet al., 2017; Thorp et al., 2018; Johansson
etal.,, 2018; Sweeney et al., 2019; Brognara et al., 2019;
Rovini et al., 2019; Godoi et al., 2019; Teshuva et al.,
2019; Pardoel et al., 2019; Gondim et al., 2020; Corra et
al., 2020; Lora-Millan et al., 2021; Keogh et al., 2021;
Sica et al., 2021; van Wamelen et al., 2021; Gongalves
etal., 2021; Bowman et al., 2021; Breasail et al., 2021;
Barrachina-Fernandez et al., 2021; Prieto-Avalos et al.,
2022; Yue et al., 2022; Mughal et al., 2022; Sakamaki et
al., 2022; Lim et al., 2022; Ancona et al., 2022;
Vanmechelen et al., 2023; Sigcha et al., 2023; Zhang et
al., 2023; Scataglini et al., 2023; Huang et al., 2023; Li et
al., 2023; Sapienza et al., 2024; Cox et al., 2024; Daalen
et al., 2024; Polvorinos-Fernandez et al., 2024; Lai et
al., 2024; Elbatanouny et al., 2024; di Biase et al., 2024;
Zhanget al., 2024.

Bansal et al. 2023; Taniguchi et
al., 2024; Jeyasingh-Jacob et
al., 2024; Silva-Batista et al.,

2024

Tuenaetal., 2023
Vellata et al., 2021

Vaartio-Rajalin et al., 2019;

Hasanetal.,, 2017;Son et al.,
2018; Merola et al., 2018;
Ponciano et al., 2020; Morgan et
al., 2020; Alban-Cadenaet al.,
2021; Guo et al., 2022;
Giannakopoulou et al., 2022;
Fujikawa et al., 2023; Peng et al.,
2024; Franco et al., 2024; Rdbano-
Suérez et al., 2025.

Gopalet al., 2022; Boege et al.,
2024; Hall et al., 2025

Laaretal., 2023

Smartphone Applications

Linares-del Rey et al., 2019;
Abou et al., 2021; Tripathi et
al., 2022; Chunget al., 2022;
Moreta-de-Estebanet al.,
2023; Ozdenet, 2023;
Willemse et al., 2024; Fu et
al., 2024.

McDermott et al., 2021

Taoetal., 2024

Garcia-Agundez et al, 2019; Orgeta et al., 2020; Oliveira et al., 2021; Elena

etal.,, 2021; Gavelin et al., 2022; Craig et al., 2025; Gattoni et al., 2025

Theodoros et al.,
2019; Alfalahi et al.,
2022; Gerritzen et al.,
2022

Other Technologies

Computerized Serious Games

Figure 4. Measurement and interaction technologies reported by the reviews included: Steins et al.,
2014 [37]; Hubble et al., 2015 [38]; Silva de Lima et al., 2017 [39]; Rovini et al., 2017 [40]; Hasan et al.,
2017 [41]; Son et al., 2018 [42]; Thorp et al., 2018 [43]; Merola et al., 2018 [44]; Johansson et al., 2018 [45];
Sweeney et al., 2019 [46]; Brognara et al., 2019 [47]; Rovini et al., 2019 [48]; Linares-Del Rey et al.,
2019 [49]; Godoi et al., 2019 [50]; Vaartio-Rajalin et al., 2019 [51]; Garcia-Agundez et al., 2019 [52];
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Theodoros et al., 2019 [53]; Teshuva et al., 2019 [54]; Pardoel et al., 2019 [55]; Orgeta et al., 2020 [56];
Ponciano et al., 2020 [57]; de Oliveira Gondim et al., 2020 [58]; Morgan et al., 2020 [59]; Corra et al.,
2020 [60]; Lora-Millan et al., 2021 [61]; de Oliveira et al., 2021 [62]; Keogh et al., 2021 [63]; Sica et al.,
2021 [64]; Elena et al., 2021 [65]; van Wamelen et al., 2021 [66]; Vellata et al., 2021 [67]; Abou et al.,
2021 [68]; McDermott et al., 2021 [69]; Gongalves et al., 2021 [70]; Bowman et al., 2021 [71]; O Breasail
et al., 2021 [72]; Alban-Cadena et al., 2021 [73]; Barrachina-Ferndndez et al., 2021 [74]; Prieto-Avalos
et al., 2022 [75]; Tripathi et al., 2022 [76]; Gavelin et al., 2022 [77]; Alfalahi et al., 2022 [78]; Guo
et al., 2022 [79]; Yue et al., 2022 [80]; Giannakopoulou et al., 2022 [81]; Gerritzen et al., 2022 [82];
Mughal et al., 2022 [83]; Gopal et al., 2022 [84]; Sakamaki et al., 2022 [85]; Lim et al., 2022 [86];
Chung et al., 2022 [87]; Ancona et al., 2022 [88]; Vanmechelen et al., 2023 [89]; Sigcha et al., 2023 [90];
Zhang et al., 2023 [91]; Fujikawa et al., 2023 [92]; Scataglini et al., 2023 [93]; Moreta-de-Esteban et al.,
2023 [94]; Huang et al., 2023 [95]; Laar et al., 2023 [96]; Bansal et al., 2023 [97]; Tuena et al., 2023 [98];
Ozdenet, 2023 [99]; Li et al., 2023 [100]; Taniguchi et al., 2024 [101]; Sapienza et al., 2024 [102]; Cox
et al., 2024 [103]; Janssen Daalen et al., 2024 [104]; Polvorinos-Fernandez et al., 2024 [105]; Lai et al.,
2024 [106]; Elbatanouny et al., 2024 [107]; Peng et al., 2024 [108]; di Biase et al., 2024 [109]; Jeyasingh-
Jacob et al., 2024 [110]; Boege et al., 2024 [111]; Willemse et al., 2024 [112]; Fu et al., 2024 [113];
Silva-Batista et al., 2024 [114]; Zhang et al., 2024 [115]; Franco et al., 2024 [116]; Tao et al., 2024 [117];
Craig et al., 2025 [118]; Hall et al., 2025 [119]; Radbano-Suarez et al., 2025 [120]; and Gattoni et al.,
2025 [121].

Among all the studies included, five [81,86,90,109,116] specifically expressed in their
titles the application of machine learning or deep learning techniques, and other reviews
(i.e., [37,40,43,55,64,74,78,91,92]) reported the use of machine and deep learning techniques.
Several techniques were identified, including adaptative boosting, decision tree, extra
gradient booster, gradient booster, hidden Markov model, linear discriminant analysis,
linear regression, logistic regression, naive Bayes, random forest, support vector machines,
artificial neural networks, convolutional neural networks, deep autoencoder, multilayer
perceptron, neural networks, recurrent neural networks, and temporal convolutional net-
works. However, in general, according to the reviews, the primary studies did not provide
sufficient details on implementation of the machine learning and deep learning models and
their validation.

These machine learning and deep learning models were mainly developed to process
spatiotemporal gait parameters to assess movement impairments (e.g., [55,74,81,86,116]),
analyze diverse kinematic data collected by a broad range of wearable devices to assess
functional activities such as sitting and standing (e.g., [37]), or process kinematic and
keystroke timing data to discriminate voluntary and involuntary movements such as the
movements resulting from tremors (e.g., [40,43,64,78,92]). Specifically, Pardoel et al. [55]
performed a comparative analysis of the performance of different techniques when applied
for the freezing of gait detection using wearable devices.

3.5. Application Areas

Most reviews reported smart applications to support the diagnosis and monitoring
of PwP, considering both motor and non-motor clinical variables. Moreover, the studies
reported smart applications to improve the rehabilitation of PwP, in terms of physical and
cognitive rehabilitation, as well as smart applications to help patients improve their disease
management.

Therefore, five major application areas were identified (Figure 5): (i) motor, 57 studies,
and (ii) non-motor diagnosis and monitoring, 15 studies; (iii) physical rehabilitation, 18 stud-
ies; (iv) cognitive rehabilitation, 8 studies; and (v) disease management, 9 studies. By com-
paring the application areas with measurement and interaction technologies, it is possible to
conclude that wearable devices and smart applications are prominent in patients” diagnosis
and monitoring based on motor and non-motor clinical variables, physical rehabilitation,
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and disease management; meanwhile, for cognitive rehabilitation, most studies applied
computerized serious games. In turn, computerized serious games are not relevant to the
other application areas, and technologies such as online platforms and videoconferencing
assume relevance in terms of disease management.

Motor symptoms diagnosis and monitoring

Steins et al., 2014; Hubble et al., 2015; Lima et al.,
2017; Roviniet al., 2017; Son et al., 2018; Thorp et
al., 2018; Brognara et al., 2019; Rovini et al., 2019;
Godoi et al., 2019; Teshuva et al., 2019; Pardoel et
al., 2019; Ponciano et al., 2020; Gondim et al.,
2020; Corra et al., 2020; Keogh et al., 2021; Sica et
al., 2021; Abou et al., 2021; Breasail et al., 2021;
Barrachina-Fernandez et al., 2021; Prieto-Avalos
et al., 2022; Tripathi et al., 2022; Alfalahi et al.,
2022; Guo et al., 2022; Giannakopoulou et al.,
2022; Gopalet al., 2022; Sakamaki et al., 2022;
Lim et al., 2022; Ancona et al., 2022;
Vanmechelen et al., 2023; Zhang et al., 2023;
Moreta-de-Esteban et al., 2023; Huang et al.,
2023; Taniguchi et al., 2024; Polvorinos-Fernandez
et al., 2024; Elbatanouny et al., 2024; Peng et al.,
2024; Jeyasingh-Jacob et al., 2024; Fu et al., 2024;
Rabano-Suérezet al., 2025.

Fujikawa et al., 2023;
Laaretal., 2023; Bansal
et al., 2023; Sapienza et
al., 2024; Franco et al.,
2024.

Physical rehabilitation

Sweeney et al., 2019; Lora-Millan et
al., 2021; Elena et al., 2021; Vellata et
al., 2021; Gongalves et al., 2021;
Bowman et al., 2021; Yue et al., 2022;
Lai et al., 2024; Silva-Batista et al.,
2024; Zhanget al., 2024.

Disease self-management

Willemse et Linares-del Rey Ozdenet, 2023.

al., 2024. etal., 2019.

Hasan et al., 2017; Merola et al., Vaartio-Rajalin et al.,
2018; Johanssonet al., 2018; 2019; Garcia-Agundez
Morgan et al., 2020; Alban- etal., 2019;

Cadena et al., 2021; Mughal et
al., 2022; Sigcha et al., 2023; Li et
al., 2023; Cox et al., 2024; Daalen
et al., 2024; di Biase et al., 2024

Theodoros et al.,
2019; McDermott et
al., 2021; Gerritzen et
al., 2022; Chunget al.,
2022; Boege et al.,
2024; Hall et. al, 2025.

Orgeta et al., 2020; Oliveira et al., 2021; Gavelin et

Craigetal., 2025.

al., 2022; Scataglini et al., 2023; Tuena et al.,

2023;Tao et al., 2024; Gattoni et al., 2025.

van Wamelen et al., 2021.

Figure 5. Application areas. Steins et al., 2014 [37]; Hubble et al., 2015 [38]; Silva de Lima et al.,
2017 [39]; Rovini et al., 2017 [40]; Hasan et al., 2017 [41]; Son et al., 2018 [42]; Thorp et al., 2018 [43];
Merola et al., 2018 [44]; Johansson et al., 2018 [45]; Sweeney et al., 2019 [46]; Brognara et al., 2019 [47];
Rovini et al., 2019 [48]; Linares-Del Rey et al., 2019 [49]; Godoi et al., 2019 [50]; Vaartio-Rajalin et al.,
2019 [51]; Garcia-Agundez et al., 2019 [52]; Theodoros et al., 2019 [53]; Teshuva et al., 2019 [54];
Pardoel et al., 2019 [55]; Orgeta et al., 2020 [56]; Ponciano et al., 2020 [57]; de Oliveira Gondim et al.,
2020 [58]; Morgan et al., 2020 [59]; Corra et al., 2020 [60]; Lora-Millan et al., 2021 [61]; de Oliveira
et al., 2021 [62]; Keogh et al., 2021 [63]; Sica et al., 2021 [64]; Elena et al., 2021 [65]; van Wamelen
et al., 2021 [66]; Vellata et al., 2021 [67]; Abou et al., 2021 [68]; McDermott et al., 2021 [69]; Gongalves
et al., 2021 [70]; Bowman et al., 2021 [71]; O Breasail et al., 2021 [72]; Alban-Cadena et al., 2021 [73];
Barrachina-Ferndndez et al., 2021 [74]; Prieto-Avalos et al., 2022 [75]; Tripathi et al., 2022 [76]; Gavelin
et al., 2022 [77]; Alfalahi et al., 2022 [78]; Guo et al., 2022 [79]; Yue et al., 2022 [80]; Giannakopoulou
et al., 2022 [81]; Gerritzen et al., 2022 [82]; Mughal et al., 2022 [83]; Gopal et al., 2022 [84]; Sakamaki
etal., 2022 [85]; Lim et al., 2022 [86]; Chung et al., 2022 [87]; Ancona et al., 2022 [88]; Vanmechelen
et al., 2023 [89]; Sigcha et al., 2023 [90]; Zhang et al., 2023 [91]; Fujikawa et al., 2023 [92]; Scataglini
et al., 2023 [93]; Moreta-de-Esteban et al., 2023 [94]; Huang et al., 2023 [95]; Laar et al., 2023 [96];
Bansal et al., 2023 [97]; Tuena et al., 2023 [98]; Ozdenet, 2023 [99]; Li et al., 2023 [100]; Taniguchi et al.,
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2024 [101]; Sapienza et al., 2024 [102]; Cox et al., 2024 [103]; Janssen Daalen et al., 2024 [104];
Polvorinos-Ferndndez et al., 2024 [105]; Lai et al., 2024 [106]; Elbatanouny et al., 2024 [107]; Peng
et al., 2024 [108]; di Biase et al., 2024 [109]; Jeyasingh-Jacob et al., 2024 [110]; Boege et al., 2024 [111];
Willemse et al., 2024 [112]; Fu et al., 2024 [113]; Silva-Batista et al., 2024 [114]; Zhang et al., 2024 [115];
Franco et al., 2024 [116]; Tao et al., 2024 [117]; Craig et al., 2025 [118]; Hall et al., 2025 [119]; Rdbano-
Sudrez et al., 2025 [120]; and Gattoni et al., 2025 [121].

3.5.1. Patients” Diagnosis and Monitoring Based on Motor Clinical Variables

The reviews addressing Parkinson’s motor clinical variables reported the use of the
following types of measurement devices (Figure 6): (i) wearable devices that collect biome-
chanical data, 44 studies; (ii) wearable devices that collect physiological data, 18 studies;
(iii) smartphones, 16 studies; and (iv) other technologies such as computer-based objective
measures or online platforms, 12 studies.

Types of measurement devices
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Figure 6. Distribution of the types of measurement devices related to motor clinical variables reported
in the studies.

Although some primary studies used single wearable devices, in most cases the
strategy was to use a combination of multiple devices. In this respect, the number of
wearable devices used by the proposed smart applications to measure motor clinical
variables varied considerably. For instance, Brognara et al. [47] reported that the number
of wearable devices combined varied from two to eight, Giannakopoulou et al. [81] found
that the same number varied from two to fourteen, and Polvorinos-Ferndndez et al. [105]
concluded that 23% of the studies they analyzed used more than ten wearable devices.

Some of the reviews did not report on the body location of the wearable devices. Con-
sidering the available information, Figure 7 presents the distribution of studies according
to the body location of the wearable devices being reported.
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Figure 7. Distribution of the number of studies according to the body location of the wearable devices

being reported.

Table 3 identifies the Parkinson’s motor clinical variables considered as well as the
measurement devices used and respective studies, while Figure 8 presents the frequency of
these variables among the reviews included.

Table 3. Motor clinical variables and measurement devices considered in the reviews included.

Motor Clinical Variables

Other

Smartphones Technologies

Wearable Devices

[39,40,43-45,48,55,58,59,64,73,79,

Freezing of gait 81,83,85,90,91,95- [44,59,68,73,79,81,112,116,120] [97,110] @)
97,103,107,116,120]
[37,38,40-42,44,45 A7 50,57~
. g 59,63,64,73— [41,42,44,49,57,59,68,73,79,81,
Other gait disturbances 5 /g ¢; 83 5 8¢ 88,90,96,100,102, 112,116,120] [1101®
105,109,110,116,120]
Tremor [40-45,73,75,79,81,83,85,89,90,92, [41,42,44,49,73,76,79,81,92,94,
100,103,105,108,109] 108,112]
[38,40,42,44,45,58,73,75,79,81,85,
Balance 88,105,109,120] [42,44,68,73,76,79,81,112,120]
.. [41-44,49,54,64,73,75,79,83,88—
Bradykinesia 90,100,103] [41,42,44]
. [40-43,45,48,73,75,79,85,88,89,100,
Dyskinesia 103,109] [41,42,73,79]
Functional activities [37,40,42,59,60,72,73] [42,73,112,120]
Physical activity [42,45,59,63,64,72,73,96,100] [42,73,112]
Falls [39,45,48,59,64,73,75,85,95] [42,68,73]
Fine motor impairments [73,79,81,84,105,109] [73,79,81,112,113] [78,84] ®:)
Rigidity [40,41,44,54,83,109] [41,44]
Swallowing disorders [104,109] [104]
Hypokinesia [43,73] [73]
Impaired bed mobility [101] [101] @

@ Motion capture systems; ®) computer-based objective assessments based on special-purpose keyboards; ©
online platforms; (9 ambient intelligence.
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Motor clinical variables

Gait disturbances
excluding freezing of gait
Freezing of gait

Tremor

Balance impairments
Bradykinesia

Dyskinesia

Functional activities
Physical activity
Detection of falls

Fine motor impairments
Rigidity

Other symptoms
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Figure 8. Frequency of the motor clinical variables addressed in the reviews.

The proposed smart applications related to the measurement of motor clinical vari-
ables had two main purposes: (i) to discriminate PwP; or (ii) to track the disease pro-
gression for those patients already diagnosed with Parkinson’s disease. In terms of the
assessment of the smart applications, for the first purpose, the objective was to verify
the smart applications’ capacity to discriminate PwP from healthy controls or patients
with other chronic conditions (i.e., accuracy studies), while, for the second purpose, the
objective was to verify the smart applications” clinical validity by comparing their out-
comes to the outcomes of gold-standard clinical instruments, such as objective clinical
assessments or standardized clinical assessment scales. Among the reviews, the Unified
Parkinson’s disease rating scale (UPDRS) and the Modified Unified Parkinson’s Disease
Rating Scale (MDS-UPDRS) emerged as the most frequently used standardized clinical
assessment scales for comparators: the first scale was reported by 30 reviews [37,38,40—
45,47-50,54,59,60,64,73,76,81,84,88-90,92,94,97,101,105,116,120], and the second scale was
reported by 18 reviews [38,40-42,54,59,68,76,81,84,88-90,94,105,113,116,120]. The Hoehn
and Yahr scale was the third most used clinical assessment scale and was reported by five
reviews [38,42,47,89,101].

The experimental designs of the primary studies were quite heterogeneous in terms
of methods (e.g., case studies, cross-sectional, case—control, or randomized and non-
randomized studies) and in terms of the number and characteristics of the participants
(e.g., disease severity or duration). Specifically, the number of participants seems to be a
methodological drawback of most primary studies, since it was relatively small in most
studies. For instance, Hubble et al. [38] reported that, among the primary studies they
reviewed, a significant percentage included fewer than 15 participants in the intervention
or control groups.

Eight studies [59,84,85,88,90,100,102,103] only reviewed primary studies that assessed
smart applications in home settings, simulated home environments, or free-living environ-
ments. Considering the remaining reviews targeting Parkinson’s motor clinical variables,
all of them included a small percentage of studies performing long-term data collection
in home settings or free-living environments. Therefore, most of the primary studies only
collected data in research labs or clinical settings over short periods.

When collecting data in clinical settings, the patients perform constrained tasks, such
as standardized tests (e.g., Timed UP and Go Test for assessing gait, the Romberg test
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for assessing balance, or tasks from the MDS-UPDRS for assessing other motor clinical
variables), but, in general, the tasks patients performed were poorly specified by the
primary studies. Measurement of motor clinical variables in home settings or free-living
settings requires that the devices can measure motor parameters during unconstrained
daily activities, which introduces added levels of complexity that need further research.

Most of the studies reviewed gave a narrative synthesis of the primary studies, and a
few of them presented quantitative results. Table 4 presents the assessment results of smart
applications considering the information provided by the reviews.

Table 4. Assessment results of the proposed smart applications based on the quantitative results
presented by the reviews.

Motor Clinical
Variables

Assessment Results

Freezing of gait

Johansson et al. [45] showed good agreement between wearable and video-based ratings
regarding the number of freezing episodes and the percentage of time with freezing of gait,
while other studies [39,68,79,90,103] concluded that wearables and smartphone devices
might be used to detect freezing of gait. However, inconsistencies in the assessment
processes still hinder the use of these applications in clinical practice [91].

Gait disturbances
excluding
freezing of gait

Some gait outcomes, such as jerk, harmonic stability or oscillation range, were able to
differentiate PwP and healthy controls [38,40,90]. Additionally, good correlations were
found between gait outcomes measured by wearable devices and clinical scales such as
UPDRS, MDP-UPDRS or Hoehn and Yahr [81]. However, significant differences in gait
spatiotemporal parameters were found between the primary studies, with high variability
in terms of parameters and placement of the wearable devices [47]. This led to
contradictory findings, which seem to indicate that some parameters are more consistent
than others [38].

Tremor

Some reviews [40,43,89,94] found good results for correlation with gold-standard clinical
tremor measurements (e.g., UPDRS or MDS-UPDRS), while other

studies [49,73,76,81,90,94,103,109] demonstrated good accuracy in identifying tremor
presence and severity and in differentiating PwP with tremor from healthy individuals.

Balance

Considering diverse parameters (e.g., mean acceleration, jerk, or sway distance), Abou

et al. [68] found significant correlations between smartphone balance assessments and balance
clinical tests, Barrachina-Fernandez et al. [73] demonstrated that wearable devices can detect
fluctuations of the center of gravity, and Johansson et al. [38] and di Biase et al. [109] found
smart applications with good accuracy when discriminating PwP from healthy controls.
However, it seems that the measured parameters have different consistency levels [38].

Bradykinesia

Some applications can accurately measure bradykinesia [41,54,73,88-90,103] since their
outcomes present good correlations with clinical assessment scales [41,54,73,88,89,103] or
the severity of bradykinesia assessed by experienced clinicians [90]. Moreover, Son

et al. [42] and Thorp et al. [43] reported smart applications with good accuracy in detecting
bradykinesia versus no bradykinesia.

Dyskinesia

Some measurements provided by the proposed smart applications might support
discrimination between dyskinetic and non-dyskinetic events [43,45,89,103] compared to
clinical ratings [43,45,89,103] such as UPDRS or an experienced observer [43]. However,
considering the significant differences in accuracy between the proposed smart
applications, Thorp et al. [43] suggested that the location of the wearable devices
influences the precision of the measurements, making the detection of dyskinesia more
accurate when the wearable devices are not attached to body parts involved in the tasks
performed by patients. Moreover, Rovini et al. [40] and Thorp et al. [43] concluded that
detecting dyskinesia during daily activities is particularly complex due to the difficulty in
distinguishing voluntary movements from dyskinetic movements.
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Table 4. Cont.

Motor Clinical
Variables

Assessment Results

Functional activities

According to two studies [37,42], the proposed applications are not only capable of
assessing the type, quantity and quality measures, but also of differentiating the
Parkinson’s disease-specific mobility patterns of healthy controls and classifying disease
severity and progression within PwP.

Physical activity

There is some evidence of good correlations between physical activity measurements and
clinical instruments [42,59] and capacity to discriminate sedentary or upright and walking
behavior [45].

Detection of falls

Johansson et al. [45] reported that the quantification of missteps and risk of falls was
shown to discriminate non-fallers and fallers, Abou et al. [68] suggested the discriminative
ability of smartphone applications to predict future falls, and Sica et al. [64] reported the
ability to predict future falls, even in patients without a prior history of falling.

Fine motor impairments

Keystroke dynamics presents good accuracy, sensitivity and specificity to discriminate and
classify PwP [78]. Moreover, Tripathi et al. [76] and Gopal et al. [84] concluded that
statistically significant correlations with traditional clinic metrics were most frequently
reported, and Polvorinos-Ferndndez et al. [105] highlighted finger tapping as a particularly
strong indicator for diagnosing and monitoring disease progression.

Rigidity

Teshuva et al. [54] suggested that some of the proposed applications have the capacity to
discriminate between patients with rigidity and healthy controls but concluded that the
accuracy of the applications measuring rigidity was not very high.

Other motor clinical
variables (i.e.,
swallowing disorders,
hypokinesia, and
impaired bed mobility)

Due to the reduced number of primary studies addressing swallowing disorders,
hypokinesia, and impaired bed mobility, it was not possible to systematize evidence about
the effectiveness of the respective applications.

In terms of measurement of fine motor impairments, the meta-analysis performed
by Alfalahi et al. [78] analyzed 29 independent models supported by machine learning
or deep learning techniques to process keystroke timing data, concluding that keystroke
dynamics presents good accuracy, sensitivity, and specificity to discriminate and classify
PwP. The classification methods based on keystroke presented a pooled AUC of 0.85 (95%
confidence interval (CI) 0.83-0.88; 12 = 94.04%) and a pooled accuracy of 0.82 (95% CI
0.78-0.86; 12 = 71.55%). These referred methods presented a pooled sensitivity of 0.86 (95%
CI0.82-0.90, 12 = 79.49%) and a pooled specificity of 0.83 (95% CI 0.79-0.87, 12 = 83.45%).
These results were corroborated by other studies [76,84,105] that reported statistically
significant correlations between finger tapping and traditional clinical metrics used to
diagnose and monitor disease progression.

Moreover, good correlations between gold-standard clinical evaluations were found
for the use of smart applications to assess the freezing of gait [45], other gait out-
comes [81], tremor [40,43,89,94], balance [68], bradykinesia [41,54,73,88,89,103], dyskine-
sia [43,45,89,103], functional activities [37,42], and physical activity [42,59]. Some smart
applications present good accuracy at detecting the freezing of gait [39,68,79,90,103], differ-
entiating PwP and healthy controls based on other gait disturbances [38,40,90], identifying
tremor presence and severity and differentiating PwP with tremor from healthy indi-
viduals [49,73,76,81,90,94,103,109], discriminating PwP from healthy controls based on
balance measurements [38,109], detecting bradykinesia versus no bradykinesia [42,43],
differentiating Parkinson’s disease-specific patterns from those of healthy controls and
classifying disease severity and progression within PwP patients based on the measure-
ment of functional activities [37,42], discriminating between sedentary or upright and
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walking behavior [45], discriminating between non-fallers and fallers [68] or predicting
future falls [64], and successfully distinguishing patients from healthy controls based on
the measurement of rigidity [54].

However, inconsistencies in the assessment processes [91], significant differences in
gait spatiotemporal parameters due to high heterogeneity in terms of measures and place-
ment of the wearable devices [43,47], contradictory findings (since some of the outcomes
may be more robust than others [38]), or difficulties in discriminating between voluntary
and non-voluntary movements still hinder the use of smart applications to measure motor
clinical variables of Parkinson’s disease [40,43].

3.5.2. Patients’ Diagnosis and Monitoring Based on Non-Motor Clinical Variables

Considering non-motor clinical variables, this umbrella review identified wearable
devices [41,44,45,59,66,73,83,90,100,103,104,109], smartphones [41,44,49,73,104,112], and
serious computerized games [118] as being used to measure diverse non-motor clinical
variables (Table 5). Only the assessments of sleep disturbances, cognition, constipation,
depression, voice and speech quality, and urinary dysfunction were reported by more than
one review. In terms of sensing devices, diverse types were identified, including blood
pressure, electromyography, electroencephalography, polysomnography, and abdominal
electrodermal activity devices, smart vests, or ingestible smart pills.

Table 5. Non-motor clinical variables.

Non-Motor Clinical Variables Wearable Devices Smartphones C Ser.lous
omputerized Games

Affective state [49]
Anxiety [104]

Autonomic function [44] [44]
Brain dysfunction [90]

Cognition [41,66,90,104] [41,104,112] [118]
Constipation [66,83,104]
Depression [66,83,104]
Emotional dysfunction [90]
Fatigue [104]
Hallucinations and delusions [104]
Heart rate variability [104]
Impulse control disorder [66]
Skin impedance [104]
Orthostatic hypotension [104]
Pain [104]
Sleep disturbances [44,45,59,66,73,83,103,104] [44,73]
Voice and speech quality [41,90,109] [41]
Urinary dysfunction [66,104]

The studies related to non-motor clinical variables reported assessments both in clini-
cal settings and home environments and highly heterogeneous validation methods, which
limit generalization of the results. Moreover, some of the non-motor clinical variables (i.e.,
affective state, anxiety, brain dysfunction, constipation, depression, emotional dysfunction,
fatigue, hallucinations and delusions, impulse control disorders, pain, voice and speech
quality, and urinary dysfunction) were addressed in a limited number of primary studies,
mainly proof-of-concept studies; therefore, there is not sufficient evidence to draw conclu-
sions.

Regarding the remaining non-motor measurements, analyzing correlations against
gold-standard clinical instruments, wide differences between devices were found for heart
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variability [104], significant modest correlations were found for sleep disturbance [59],
and considerable correspondence was found for orthostatic hypotension [104]. In turn,
significant differences were observed between PwP and healthy controls for autonomic func-
tion [44]. Finally, concerning cognition, contradictory findings were reported: (i) Daalen
et al. [104] found sensitivity to progression towards mild cognitive impairment and de-
mentia; (ii) van Wamelen et al. [66] suggested that gait parameters measured by wearable
inertial devices could be useful as an indirect indicator of cognitive decline; and (iii) Craig
et al. [118] concluded there are mixed results on how digitalized tests compare with pa-
per/pencil versions.

3.5.3. Physical Rehabilitation

Eighteen studies [46,49,61,65,67,70,71,80,92,96,97,99,102,106,112,114-116], including
six meta-analyses [65,71,80,99,106,115], addressed the physical rehabilitation of PwP.

One study, a meta-analysis [65], compared exergaming rehabilitation and conventional
physiotherapy in relation to the quality of life of PwP and concluded that the analyzed ran-
domized control trials, most of them performed in clinical settings or research labs, showed
statistically significant improvements in quality of life and function when performing daily
activities in the exergame rehabilitation experimental groups compared to conventional
physiotherapy control groups.

The other studies addressed the rehabilitation of gait disorders (i.e., 11 studies [46,49,
70,71,97,99,102,106,112,115,116]), balance (i.e., 6 studies [67,70,71,80,96,114]), and tremor
disorders (i.e., 2 studies [61,92]).

Wearable devices [46,71,97,102,106,115,116], smartphones [49,99,112], and online plat-
forms [67] were used for the rehabilitation of gait disorders, some of them at home. Turning
to the results of the meta-analyses of randomized control trials, Lai et al. [106] concluded
that the intervention group showed a significant improvement in gait speed, and stride
length was also shown to improve, but heterogeneity across studies was moderate. Zhang
et al. [115] concluded that wearable cueing devices did not demonstrate efficacy on gait
functions, Ozdenet found smart application-based rehabilitation not superior to standard
rehabilitation [99], and Bowman et al. [71] concluded that it was not possible to reach firm
conclusions about the effectiveness of wearable devices’ biofeedback rehabilitation due to
the current quality of the literature.

In terms of balance rehabilitation, the reviews reported on wearable devices [70,71,80],
exergames [96], and online platforms [67,114] in clinical settings, research labs, or at home.
The meta-analysis performed by [71] included a small number of randomized control trials
to draw significant conclusions, while the meta-analysis by Yue et al. [80], with the data
of 14 primary studies, indicated that wearable-based exercise had a significant short-term
effect on balance, although improvements did not reach statistical significance in other
outcomes such as functional gait capacity or risk of falls.

Finally, two studies [61,92] reported the use of wearable devices to support the rehabil-
itation of tremor disorders. However, the primary studies related to tremor rehabilitation
were limited and mainly cross-sectional and proof-of-concept studies.

3.5.4. Cognitive Rehabilitation

Cognitive rehabilitation was addressed by eight studies [56,62,77,93,98,117,118,121]:
(i) five studies [56,62,77,118,121], including a meta-analysis [77], analyzed cognitive training
applications based on serious computerized games applied to different settings, including
home, community, long-term care, and rehabilitation settings; (ii) one study [98] analyzed
smart applications integrating virtual-reality-based computerized cognitive training and
wearable devices; (iii) and two studies [93,117] analyzed music interventions in institutional
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settings [93] supported by wearable devices (e.g., headphones) and mobile applications,
and dance interventions [117], including home interventions, supported by mobile and
online smart applications.

Due to the reduced number of primary studies and the heterogeneity of the respective
designs, it was not possible to draw conclusions about the effectiveness of virtual-reality-
based computerized cognitive training, music, and dance interventions. In terms of the
impact of computerized cognitive training on cognitive functions (e.g., global cognition,
attention, memory, or processing speed), Orgeta et al. [56] found no clear evidence that
cognitive training improves global cognition at the end of treatment, although the cogni-
tive training groups present improvements in attention and verbal memory compared to
control groups, and Gavelin et al. [77] concluded that the overall cognitive effect of serious
computerized games was small and statistically significant with moderate heterogeneity.

3.5.5. Disease Management

In total, ten studies [49,51-53,69,82,87,99,111,119], including a meta-analysis [99], ad-
dressed disease management smart applications: (i) two studies [53,111] reported the
use of wearable devices, smartphones, and online platforms (e.g., synchronous technolo-
gies in the form of videoconference) to support the management of communication and
swallowing disorders; (ii) four studies [51,52,69,99] addressed smart applications based
on the use of wearable devices [51,69,99] or exergames [52] to promote physical activity;
(iii) one study [82] addressed peer support based on social networks; (iv) and three stud-
ies [49,87,119] addressed smart mobile applications to empower PwP in terms of disease
management (e.g., applications providing information on the disease and assistance in
treatment).

Theodoros et al. [53] and Boege et al. [111] concluded that using smart applications to
support the management of communication and swallowing disorders showed generally
high user acceptance but were not able to determine the effectiveness of the applications due
to the respective study designs. Similarly, the number of primary studies and their quality
do not support conclusions about peer support and disease management applications.
Finally, in terms of physical activity, due to the heterogeneity of the primary studies, the
meta-analysis reported by Ozdenet [99] only included two primary studies.

3.6. Challenges and Open Issues

The challenges and open issues were identified using a thematic analysis of the dis-
cussions and conclusions presented by the reviews. As shown in Figure 9, four major
categories cut across all areas of application identified by this umbrella review: (i) experi-
mental design, (ii) clinical viability, (iii) acceptability, and (iv) regulatory conformity. The
subcategories of these major categories are presented in Table 6.

One important aspect emerging from the thematic analysis is that, in terms of primary
studies, extensive engineering-oriented research has been undertaken, but clinical research
significantly lags behind its engineering counterpart. This is evident in the experimental
design of the primary studies, since 61 reviews reported several inconsistencies in terms of
experimental designs of the primary studies.

As a result, it is not possible to confirm the clinical viability of the proposed smart
applications due to a broad range of issues pointed out by the 81 reviews.

Moreover, 36 reviews reported challenges related to the acceptability of smart appli-
cations in terms of adherence, user experience, and comfort; improving this requires the
proposed smart applications, to be minimally invasive, as well as training and technical
assistance, and 15 reviews pointed out unsolved regulatory aspects regarding conformity
requirements, security and data protection, risk analysis, and standardized assessment criteria.



Future Internet 2025, 17, 376

19 of 33

Challenges and open issues

Experimental design

Clinical viability

Acceptability

Regulatory conformance

o

10 20 30 40 50 60 70 80
Figure 9. Challenges and open issues.

Table 6. Challenges and open issues: categories and sub-categories.

90

Category

Sub-Category

Experimental design

Heterogeneity of methods.

Heterogeneity of outcomes.

Heterogeneity of participants.

Representativeness of the participants.

Number of participants.

Variability and specification of scripted tasks.
Specification of the placement of the wearable devices.
Correlations with clinical assessment instruments.
Learning effects.

Confounding variables.

Reproducibility.

Clinical viability

Clinical utility.

Limited research evidence on the efficiency and efficacy of smart applications with

contradictory findings, namely when used in home environments.
Translation to clinical practice.

Long-term impact on health outcomes.

Sociocultural factors affecting adherence to new clinical models.
Cost effectiveness.

Integration within clinical workflows.

Efficient clinical management tools.

Unscripted and unconstrained daily tasks and activities.
Variability of metrics.

Usefulness of some metrics.

Non-motor clinical variables.

Variability of the number and placement of the wearable devices.
Transparency of the outcomes.

Passive monitoring versus active monitoring.

Closed-loop applications.

Interoperability.
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Table 6. Cont.

Category Sub-Category
Adherence.
User experience.
. Comfort.
Acceptability Invasiveness.

Stakeholders’ perspectives.
Technical and training assistance.

Regulatory conformaty

Conformance requirements.
Security and data protection.
Risk analysis.

Standardized assessment criteria.

4. Discussion
4.1. Measurement and Interaction Technologies

Concerning the measurement and interaction technologies being used (i.e., the first
research question), most studies reported the use of biomechanical wearable devices (e.g.,
inertial measurement units, accelerometers, gyroscopes, magnetometers, force-sensitive
insoles, or custom-made gloves), or inertial sensors embedded in the current smartphones.
The studies also reported the use of other wearable devices to measure physiological
parameters (e.g., electrical activity of brain, heart, or muscles; reactivity cycles; sleep
parameters; or galvanic skin response). In addition, serious computerized games, including
virtual-reality-based serious games, were used for rehabilitation, and other technologies,
such as ambient intelligence (e.g., force platforms or motion capture systems), computer-
based objective assessments, or online platforms, were also identified. Notably, ambient
intelligence devices assume little importance, although they can be useful in passively
monitoring the patients [136].

Additionally, some studies used a broad range of machine and deep learning tech-
niques, either alone or in combination, to process monitoring data for improving diagnostic
accuracy.

4.2. Types of Smart Applications

Considering the types of patient-oriented smart applications being proposed for
improving healthcare provision for PwP (i.e., the second research question), about 70% of
studies investigated the use of smart applications to support continuous patient monitoring,
mainly using wearable devices and smartphones. This is an important aspect, considering
that continuous monitoring of patients allows for the tracking of disease progression and
treatment optimization.

Since wearable devices and smartphones can measure movement parameters, most
studies focus on the measurement of motor clinical variables (e.g., gait disturbances, includ-
ing the freezing of gait, balance, tremor, bradykinesia, dyskinesia, hypokinesia, fine motor
impairments, rigidity, impaired bed mobility, functional activities, physical activity, falls,
and swallowing disorders). In turn, although non-motor clinical variables (e.g., cognitive
impairment or pain) also impact the quality of life of the patients, only a small number of
studies targeted non-motor clinical variables.

Symptom changes must be accompanied by responses to changes, including rehabili-
tation (i.e., physical and cognitive rehabilitation) and disease management (e.g., healthy
behaviors) to maintain a healthy life for as long as possible. In this respect, 21% of studies
analyzed smart applications to support physical rehabilitation, 7% analyzed smart applica-
tions focused on cognitive rehabilitation, and 9% reviewed the use of smart applications to
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support disease management, including the empowerment of the patients, peer support,
and the adoption of healthy behaviors (e.g., physical activity).

4.3. Effectiveness of the Proposed Smart Applications

In terms of the effectiveness of the proposed smart applications (i.e., the third research
question), one of the drawbacks of current research on the topic is the heterogeneity of
primary studies in terms of objectives, methods, procedures, outcomes, placement of the
wearable devices, or characteristics and number of participants, which limits quantitative
comparisons. This justifies the small number of meta-analyses included in this umbrella
review and the fact that most studies give qualitative synthesis of primary studies instead of
quantitative synthesis, which prevents drawing robust conclusions about the effectiveness
of the proposed smart applications. Therefore, the analysis of the effectiveness of the
proposed smart applications was based on the results expressed by the reviews, and no
standardized qualitative assessments were performed.

Starting by analyzing the meta-analyses, in terms of the measurement of motor clinical
variables, Alfalahi et al. [78] concluded that the analysis of keystroke dynamics presents
good accuracy, sensitivity and specificity to discriminate PwP from healthy controls, al-
though the quality of evidence was moderate based on the application of the Quality
Assessment of Diagnostic Test Accuracy [137] to the included primary studies. Concerning
physical rehabilitation, the meta-analyses concluded: (i) when compared to conventional
physiotherapy, exergaming rehabilitation has a positive, statistically significant impact on
patients” quality of life and their daily activities [65]; (ii) wearable devices are associated
with a significant improvement in gait speed and stride length, although heterogeneity
across studies was moderate [106]; (iii) physical rehabilitation monitored using wearable
devices had a significant impact on balance, but there is no evidence of improved postural
control during daily activities [80]; (iv) smart application-based rehabilitation was not
superior to standard rehabilitation [99]; and (v) firm conclusions about the effectiveness
of biofeedback rehabilitation based on wearable devices could not be drawn due to the
current quality of the literature [71]. Regarding cognitive rehabilitation, Orgeta et al. [56]
concluded that there was no clear evidence of the impact of cognitive training on global
cognition, and Gavelin et al. [77] concluded that the overall cognitive effect of serious
computerized games was small and statistically significant with moderate heterogeneity.
Finally, considering disease management, Ozdenet [99] could not analyze the effectiveness
of physical activities due to the heterogeneity of the primary studies, which meant that the
meta-analysis only included two primary studies.

Considering the reviews that present quantitative results, for gait disturbances, sig-
nificant differences in gait spatiotemporal parameters were found between the primary
studies, which present high variability in terms of the measurement and placement of
the wearables [47]. However, according to several studies [39,45,68,79,90,103], wearable
devices and smartphones might be used to detect the freezing of gait or to differentiate be-
tween PwP and healthy controls [38,40,90], while gait outcomes measured using wearable
devices present good correlations with clinical scales such as UPDRS, MDP-UPDRS, and
Hoehn and Yahr [81].

In terms of other motor clinical variables, good results for correlation with gold-
standard clinical instruments were found for tremor [40,43,89,94], balance [68], bradykine-
sia [41,54,73,88-90,103], and dyskinesia [43,45,89,103], while other studies found good accu-
racy in the identification of tremor disorders and their severity [49,73,76,81,90,94,103,109],
balance impairment [38,109], bradykinesia [42,43], or dyskinesia [43,45,89,103]. Addition-
ally, Steins et al. [37] and Sou et al. [42] reported applications that are able to discriminate
the Parkinson’s disease-specific mobility patterns of healthy controls based on the mea-
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surement of functional activity, Johansson et al. [45] reported the capacity to discriminate
between sedentary or upright and walking behavior, and the quantification of missteps
and risk of falls was shown to discriminate between non-fallers and fallers, Abou et al. [68]
suggested the discriminative ability of smartphone applications to predict future falls, and
Sica et al. [64] reported that the processing of measures from wearable devices was able to
predict future falls even in patients with no previous fall history.

Concerning non-motor clinical variables, considerable correspondence with gold-
standard instruments was found for orthostatic hypotension [104], and significant modest
correlations were identified for sleep disturbance [59], but wide differences between devices
were identified for heart variability [104].

Furthermore, concerning cognition, smart applications are sensitive to progression
towards mild cognitive impairment and dementia [104], and gait parameters measured by
wearable inertial devices could be useful as an indirect indicator of cognitive decline [68].
However, there are mixed results for how digitalized tests compare with paper/pencil
versions [118].

Finally, for disease management, Theodoros et al. [53] and Boege et al. [111] concluded
that smart applications used to support the management of communication and swallowing
disorders showed generally high user acceptance, despite not being able to determine the
effectiveness of the applications, due to the study designs. Similarly, the number of primary
studies and their quality did not allow for conclusions to be drawn about the peer support
and disease management applications.

4.4. Limitations and Open Issues in Current Research

Concerning the fourth research question (what limitations and open issues of current
research were identified by existing reviews?), the studies identified several limitations
and open issues that make it difficult to translate the proposed smart applications into
clinical practice. Most of these limitations and open issues are not related to the limitations
of existing technologies, since they primarily result from the lack of adequate study de-
signs tailored to provide robust evidence about the improvement of smart applications in
health outcomes, which was also pointed out by other tertiary studies related to remote
monitoring [138,139]. In fact, the full clinical potential of the proposed applications is
not yet demonstrated; this is due to different reasons, including the quality of the clinical
assessments of those applications, and aspects related to their acceptability and compliance
with regulatory bodies that have not yet been adequately studied.

4.4.1. Experimental Design

Different methods, including case studies, cross-sectional, case-control or randomized
and non-randomized longitudinal studies, were employed to assess the proposed smart
applications. Moreover, the primary studies had specific objectives or constraints [116],
which resulted in significant variability in the outcomes measured and results reported.

As for the number of participants, most primary studies were performed with rela-
tively small sample sizes, so they are not representative of the entire population of PwP,
although they involve patients in different stages of the disease. To obtain accurate results,
the applications must be validated by involving a large number of PwP [40]. Moreover, for
studies on diagnostic accuracy, experimental studies should include patients in the early
stage of the disease [40].

Usually, during tests to diagnose Parkinson’s disease, the patient performs specific
tasks while clinicians assign scores as defined by clinical instruments such as UPDRS or
MDS-UPDRS. Similarly, measurements of motor clinical variables based on the reported
smart applications follow this paradigm, and the patients should perform predefined tasks
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such as resting tasks, postural tasks, or a 10 m walkway [40]. However, in the studies,
tasks vary greatly, and, in some cases, they are not detailed. Additionally, some studies
explicitly specify the placement of the wearable devices, while others merely refer to general
anatomical regions [105].

Unfortunately, poorly detailed specifications are not exclusive to applications targeting
motor clinical variables, as the same occurs in other types of applications, such as non-
specification of the level of cognitive training intensity performed by participants during
the validation of the smart applications to support cognitive rehabilitation [102].

All these inconsistencies hinder comparison between studies.

Although a significant number of studies identified correlations between experimental
measurements and clinical scales, such as UPDRS or MDS-UPDRS, it is possible that these
scales do not accurately reflect patients’ free-living state [54]. Therefore, if we consider
the hypothesis that new measurement instruments may be more sensitive than traditional
clinical scales, their correlation with these clinical measures may not be desirable [54,120].
In turn, outcomes presenting weak or no correlations with clinical measures are unlikely to
be adopted [120]. Consequently, their ability to measure changes that are meaningful to
PwP should be analyzed as complementary rather than equivalent to existing gold-standard
scales [120].

Other methodological issues identified were the inadequate assessment of learning
effects [84] and inappropriate detail regarding the influence of confounding variables (e.g.,
psychological state, fatigue severity, discomfort, medication adherence, and timing) [38].
The paucity of studies conducting repeated trials of the assessment limits identification of
any learning effects with the use of a new device [84]. In turn, if confounding variables are
not properly considered, manifestations of uncontrolled variables might be reported as
significant changes [38].

Therefore, research on the topic would benefit from more focused efforts with aligned
methods, namely longitudinal randomized controlled trials to assess long-term outcomes,
protocols, data collection instruments, and their specific positioning on the body, collected
parameters, tasks performed by the patients, data analysis procedures, and reports of the
results [43].

These more focused efforts should be supported in existing guidelines (e.g., determin-
ing the sample size for research [140], diagnostic accuracy studies [137], or intervention
studies [141]) and are fundamental to allowing the reproducibility of experiments and
fostering confirmation and comparison of the results and, consequently, their generaliza-
tion, which is fundamental to guaranteeing the clinical viability of the proposed smart
applications [39].

4.4.2. Clinical Viability

The results of this umbrella review show that numerous smart applications specif-
ically designed for PwP are potentially useful. However, independently of the type of
applications (i.e., measurement of motor and non-motor clinical variables, physical and
cognitive rehabilitation, and disease management), scientific evidence of their effectiveness
is scarce and of poor quality and presents contradictory findings, calling for high-quality
experimental assessments with rigorous methods and procedures and an adequate number
of participants and disease profiles. Moreover, evidence of the clinical utility of smart appli-
cations, defined as improved health outcomes or clinical decisions following their use [102],
is scarce. Therefore, to facilitate the translation of research into clinical practice, future
research should include longitudinal randomized studies to evaluate the long-term impact
on health outcomes such as quality of life, self-efficacy, or treatment adherence, and to
allow for comprehensive assessments of sociocultural factors that influence the adherence
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of patients, relatives, and clinicians to new clinical models and how these clinical models
might be effectively translated to clinical practice [48]. Additionally, cost-effectiveness
studies evaluating smart applications to support PwP are required [41,53,103,107].

This means that the real-world benefits of these smart applications in terms of im-
proving clinical outcomes are not yet known. However, this knowledge is essential to
translating the research findings into improved healthcare provision [109].

To guarantee the usefulness of smart applications, clinicians should be able to interact
with them. Therefore, efficient clinical management platforms are required to provide
efficient user-friendly interfaces for clinicians [40] and to guarantee the integration of
patients’ clinical information—specifically, in terms of existing electronic health record
systems used to support clinical workflows [109].

The effective use of smart applications favors the participation of the patients and
respective informal caregivers and their cooperation with clinicians [48]. Although the
validity and usefulness of many smart applications were assessed in controlled settings (e.g.,
clinic or laboratory settings), models of their remote use in real free-living environments
such as home settings need to be established to advance patient care [42,54,81,86,90,95].

Real-life validation of the practical effectiveness of smart applications is essential to
guaranteeing their translation into clinical practice. However, real-life validation requires
longer data collection periods and may require more complex outcome measures [109].

The basis of most research related to measuring motor clinical variables assumes that
the patients perform predefined scripted tasks. In this respect, passive monitoring based
on wearable devices or ambient intelligence devices may provide similar metrics with
a reduced participant time burden [84,105]. This is particularly important for patients
suffering from apathy or depression, who might not have the motivation to complete the
scripted tasks [41]. However, both passive monitoring and the use of ambient intelligence
devices (encountered extremely rarely in the literature [81]) need further research [105].

Moreover, in terms of the measurement of motor clinical variables, additional re-
search should validate their application during unscripted and unconstrained daily tasks
and activities rather than in scripted tasks (i.e., to support home-based measurements).
This requires high-quality algorithms to discriminate between voluntary and involuntary
movements [88].

Another critical limitation is the high variability in the metrics used to quantify motor
symptoms [61]. Considering the broad range of parameters being measured, their clinical
utility should be assessed in future studies. Moreover, considering the low importance
ascribed to the measurement of non-motor clinical variables when compared with motor
clinical variables, additional research is required on this topic [50,59].

Some of the studies analyzed the use of machine learning and deep learning techniques.
However, they found that most of the primary studies did not provide sufficient details on
the implementation of machine learning and deep learning models, training settings, and
the validation procedure, which limits the validity of the results and reduces transparency
and reproducibility [90]. Consequently, the application of these techniques is difficult to
interpret, and, therefore, they are not easily adopted by clinicians [90].

Moreover, the translation to clinical practice in the home environment requires the
optimization of the number and optimal body placement of the monitoring devices.

The selection of an ideal device system for the quantification of motor clinical vari-
ables is complex. Different individual devices or combinations of devices were proposed
for measuring motor clinical variables. Their selection was mainly based on the type
of symptoms being considered, and no single device was able to capture all the motor
clinical variables related to PwP [43]. Similarly, multiple body parts were identified for
the placement of the wearable devices, since different symptoms are detected by different
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device placements. Therefore, currently, there are no consensual guidelines regarding the
number of monitoring devices and where they should be placed in the body [47]. Thus,
accuracy, redundancy of different wearable devices, and body placement deserve further
investigation [47].

A possible future direction is the integration of data collected by continuous monitor-
ing of smart applications that can deliver treatments [41]. However, this possibility was not
reported by the studies included.

Finally, the interoperability of smart applications and respective devices is a key
problem requiring high-quality standards to aggregate data from different non-compatible
devices [83] and integrate these data in healthcare workflows. According to the reviews
included in this umbrella review, the interoperability of smart applications has not been
sufficiently studied, despite having a significant impact on their clinical viability.

4.4.3. Acceptability

Acceptability needs particular attention, as the effective use of patient-oriented smart
applications depends on a set of characteristics, such as usability, wearability, comfort
of use, aesthetics, instructions for use, and support. These aspects might affect patients
physically or psychologically but are frequently ignored by researchers [64], despite the
existing literature on how to assess them (e.g., [142,143]).

Smart applications to be used by patients should not affect their daily activities neg-
atively, which means the development of obtrusive bulky devices should be avoided
since they can be invasive when used in the community [48]. In fact, uncomfortable solu-
tions with negative user experience, together with their costs and skepticism about their
effectiveness, are substantial barriers to their adoption [61,107].

Although wearable devices facilitate the capture of relevant motor parameters, to
increase their acceptability and reduce their invasiveness, it is important to minimize the
number of wearable devices required and place them in a way that does not interfere with
daily activities [40].

To increase the acceptability of smart applications, it is imperative to consider the
perspectives of PwP and their relatives. Despite these perspectives being critical for
operative and effective clinical smart application, in general, they were not considered by
the primary studies [48]. Moreover, the perspectives of clinicians and service providers
are not duly considered by researchers [53]. Therefore, future studies should consider
the involvement of all stakeholders [53,79] and implement user-centered design methods,
namely co-design approaches.

Additionally, users should first become familiar with smart applications before using
them in daily practice, and clear descriptions of their use should be available [96]. This
means preparing structured training packages with adequate documentation. Moreover, to
overcome difficulties in daily use, technical support teams should be available to tackle
technical issues such as individual calibrations [97] or battery loss [96]. Despite its seem-
ingly simple nature, patients’ lack of trust in technological solutions, their geographical
dispersion, their living conditions, and the heterogeneity of communication infrastruc-
tures can make technical support a highly complex process, which is why it is one of the
constraints placed on the use of smart applications.

Although some experimental studies were conducted over several weeks or months,
further research is required to determine long-term adherence to smart applications.
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4.4.4. Regulatory Conformity

An important issue is approval of the smart application by regulatory authorities
(e.g., the European Medicines Agency or the Federal Drugs Agency) [59], which might be
supported by existing literature (e.g., [144-147]).

Certification by regulatory bodies not only guarantees the medical-grade accuracy,
reliability, and safety of the smart applications [49,75], but it is also important to allow for
reimbursement of the costs.

However, this certification is associated with several open issues. First, the developers
of smart applications, in general, do not properly consider the conformity requirements
needed for certification (e.g., certifiability, safety, security, stability, or trustworthiness).
Second, even when smart applications are noninvasive and pose a relatively low safety
risk, data protection should be guaranteed [84] (e.g., as defined, for instance, by the Health
Insurance Portability Accountability Act [144]), but this was not generally addressed in
the primary studies. Third, additional research is required to develop computationally
efficient risk assessment models able to provide continuous risk assessments of the smart
applications [78]. Finally, the heterogeneity of parameters, measurement protocols, types
of devices, and body locations can hinder standardization, although it is expected that
obligatory certification by recognized regulatory authorities will require standard criteria
for the assessment of clinical applications [100].

4.5. Limitations of the Umbrella Review

When analyzing the results of this review, some limitations inherent to its scope and
methodology must be considered. Given the vastness of the topic, it was challenging to
define the search strategies, which means that the chosen keywords and the databases
that were used, as well as the judgment of the authors when screening the articles, might
potentially exclude relevant studies.

The results of this umbrella review should be analyzed with caution considering the
methodological issues of the primary studies reported by the reviews included. Moreover,
by analyzing the quality assessment performed on the reviews, it is possible to conclude
that they present some limitations, specifically in terms of the explicit statement that the
respective review protocol was registered before the study was carried out, the explanation
of the selection of the designs of the primary studies, comprehensive literature search
strategies, duplicated study selection and data extraction, and satisfactory techniques for
assessing the risk of bias. Additionally, most of the reviews included in the umbrella
review only performed qualitative synthesis, either because this was their objective or
because the small number or heterogeneity of the primary studies they reviewed did
not allow meta-analyses. Therefore, an important limitation of this umbrella review was
the impossibility of presenting more consolidated results on the effectiveness of smart
applications to support healthcare provision for PwP.

5. Conclusions

Based on 85 reviews, analyzing a total of 1867 primary studies, this umbrella re-
view systematized the efforts of a very active research community. Through extensive
engineering-oriented research, a considerable number of smart applications have been
developed. However, it is not possible to reach conclusions about the clinical viability of
most of them due to limited research evidence, with contradictory findings about their
clinical effectiveness, inconsistencies in their assessments, and unresolved issues related
to their acceptability and regulatory conformity. Therefore, future research on the topic
requires more focused efforts with aligned methods, protocols, data collection, data analy-
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sis, and reporting of the results, allowing for reproducibility of the experiments and the
confirmation and comparison of the results.

An important research gap is the translation of patient-oriented applications to clinical
practice to support the diagnosis, rehabilitation, and care of PwP. This translation requires
the integration of interoperable smart applications with existing electronic health record
systems supporting clinical workflows, as well as their real-life validation, which requires
longer data collection periods and more complex outcome measures. For their application
to home environments, smart applications should be optimized in terms of algorithms able
to analyze unscripted and unconstrained daily tasks and activities, rather than scripted
tasks, measurements of non-motor clinical variables, metrics to quantify motor symptoms,
and number and body placement of the monitoring devices.

Finally, since there are so many separate groups working across the world on similar
smart applications to support healthcare provision for PwP, collaborative efforts are needed
to avoid the replication of developments already achieved and instead promote advances
on the topic.
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