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Physical function and capacity tests are widely used for assessing health across various clinical conditions. However, traditional
assessments may not accurately capture real-world health conditions reliably and frequently. Sensors, smartphones and
wearable devices offer the potential to bridge this gap by collecting data in everyday life that may better reflect participants’
physical capabilities, and could be used to predict clinical outcomes and the performance of physical tests. However, there
is a lack of comprehensive reviews and consensus in the field. This work reviews the literature on passively collected data
from digital health technology in relation to physical function and capacity tests and informs future investigations in this
domain. A systematic literature search was conducted following the PRISMA guidelines on 3 databases. Our analysis identifies
cardiovascular and neurodegenerative diseases as the most frequently studied conditions, and wearables embedding inertial
sensors as the most common device type. Most studies rely on one week-long data collection. Associations between physical
test outcomes and metrics such as step count and activity intensity show correlations as high as 0.89 when machine learning
is introduced. This review provides a comprehensive summary of current research on the use of digital health technology in
free-living conditions and the clinical significance of data when associated with physical tests.
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1 Introduction
Advances in wearable sensors and mobile devices have opened up new possibilities for the continuous monitoring
of human physical activity, heart rate, and sleep patterns, among other health-related metrics [1]. The analysis of
mobility and physiological data collected passively during everyday life (real-world or free-living conditions)
by commercial wearable devices, smartphones, and related sensors (digital health technology (DHT)) has the
potential to introduce new clinical evaluation methods that could improve healthcare efficiency and complement
traditional clinical assessments [2]. However, to use these data for clinical purposes, they must be associated with
clinically meaningful indicators such as the results of validated and objective physical tests. Standard physical
tests are common practice when assessing and monitoring patients’ physical function and capacity. Among the
most used ones are the 6-Minute Walk Test (6MWT), which measures the distance that the patient can walk in 6
minutes at a natural pace, and the Timed Up and Go Test (TUG), which investigates the time required to stand
up from a chair, walk three meters, turn around, go back and sit down on the chair again. These tests evaluate
whether a person can perform certain basic or instrumental activities of daily living [3, 4] or the extent to which
the person can sustain physical effort [5].

Despite their widespread use in clinical areas such as cardiopulmonary disease, neurological disorders, and
geriatrics, these simple clinical tests can still be burdensome as they require the presence of clinicians and require
patients to travel to the clinic. The associated costs and inconvenience for patients and healthcare providers lead
to infrequent testing and may therefore fail to capture symptom variability. In addition, the clinical tests may not
always reflect patients’ actual physical function in everyday settings. Several studies highlight such limitations,
noting that they lack comprehensive information about how an individual’s mobility translates to real-world
conditions [6]. Bansal et al. [7] furthermore argue for shifting the focus from purely capacity-based measures
— especially in populations with positive test outcomes (e.g., gait speed ≥ 0.49𝑚/𝑠 or 6-Minute Walk Distance
(6MWD) ≥ 204𝑚) — to observing community ambulation via wearable devices to capture post-stroke ambulation
better. Similarly, Zajac et al. [8] emphasize the importance of continuous data collection in monitoring individuals
with Parkinson Disease (PD) rather than relying solely on test-derived measurements.

Real-world physical activity is becoming increasingly relevant in clinical trials as a complement to the 6MWT
[9], for example, in pulmonary arterial hypertension, where physical activity is associated with quality of life and
clinical outcomes. This is an example of how obtaining equivalent or complementary information to physical tests
may support clinicians in decision-making and highlights the importance, meaning, and use of data collected in
real-world conditions.

In a review of wearable devices used in cancer [10], 25 studies were found where accelerometers and their
variants were used. This was primarily done to measure physical activity, circadian rhythm, sleep, and skin
temperature. Of those studies, 9 reported correlations between wearable data and patient-reported outcomes
such as quality of life, symptoms and mental health. While the review indicates that data from wearables can be
related to clinical outcomes, at least in cancer, the outcomes that were used were self-reported and therefore
somewhat subjective, thus leaving a need to explore the link with more objective health indicators.

A systematic review on the influence of wearable devices in chronic diseases identified 30 studies where
these devices were used as a means to improve healthcare outcomes [11]. The most studied chronic conditions
were diabetes, Parkinson’s disease and chronic lower back pain. The use of wearables was often associated with
outcomes such as pain, quality of life, and physical function. The review focused on the positive impact of the use
of the devices, mostly as a result of behavioural changes caused by the information provided by the devices and
their companion apps. While providing useful information, the review does not discuss the clinical significance
of the data produced by those devices.

Other reviews on sensors and wearable devices [12, 13, 14] report mostly technical and usability aspects. These
include form factor, sensing capabilities, as well as hardware and software characteristics rather than the clinical
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relevance of the data collected by such devices. Reviews also exist that investigate the use of passively collected
data, such as the one by Giurgiu et al. [15] for adults and by Bernaldo et al. [16] for stroke patients. However,
none of these reviews assess the association between physical function and capacity tests and passively collected
data.

Subsequently, while there is growing interest in the use of DHT in daily life for healthcare purposes [17, 18],
comprehensive reviews of the clinical validity of continuous passive monitoring are still scarce. To the best of
our knowledge, no review has examined the relationship between data collected in free-living conditions and
physical tests such as the 6MWT and the TUG.

1.1 Objectives and research questions
This review aims to provide a comprehensive summary of current research on the use of sensors in free-living
conditions and their clinical significance. Based on this, we additionally identify guidelines and methodological
considerations relevant for future studies that want to investigate people’s physical performance, function and
capacity through the use of widely available technology.

The following are the research questions addressed in this systematic review:
RQ1 Is it possible to associate data collected by DHT in a free-living environment with standard physical tests?
RQ2 Which are the most common DHT used to collect passive data from users?
RQ3 Which metrics are extracted from the data during daily living, and how are these metrics associated with

physical function and capacity tests?
RQ4 What are the most common characteristics of the experimental protocols in the reviewed studies?
The remainder of this review is structured as follows: Section 2 provides a detailed background on the review

topic. Section 3 describes the search strategy and analysis methods. Next, Section 4 presents the analysis and
findings from the reviewed articles according to each theme addressed. Finally, Section 5 discusses the findings in
relation to the proposed research questions, and Section 6 concludes the review by outlining the key insights and
suggestions for future research.

2 Background
In scientific literature, numerous tests are described to evaluate physical health through the measurement of
function and capacity [19]. By physical function, we mean that set of aspects linked to the neuromotor sphere
through which it is possible to perform “basic mobility skills” as daily activities and tasks, such as standing up,
sitting down, maintaining balance or walking in a coordinated manner [3]. In this case, we refer to a qualitative
evaluation of human movement, which passes through concepts such as ability (or motor skill) and takes into
account factors linked to proprioception and intramuscular and intermuscular coordination [20]. Physical capacity
is a quantitative measurement of the ability to carry out tasks without undue fatigue, reflecting the health of
various physiological and neurological pathways. The most widely used capacity indicator is VO2max, with
which the amount of oxygen used while exercising is measured, but other indicators are also used, such as speed
and endurance [21].

2.1 Physical capacity and function tests
A plethora of specialised tests are adopted for objectively measuring physical capacity and function [22], such as
the Cardiopulmonary Exercise Test (CPET) to measure maximal aerobic capacity (VO2max) on a treadmill or cycle
ergometer, or the Fullerton Functional Fitness Test Battery [23, 24], which provides useful information on function
in daily activities. Such tests tend to be lengthy, cumbersome to execute and require specialised personnel as well
as costly equipment. Since our research focuses on the representativeness of data from free-living situations,
CPET tests are not well-suited as points of comparison. Instead, clinical tests that are administered in a way which
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shares more similarities with daily life are needed. This includes common activities such as walking, getting up,
sitting down, and walking on stairs. Below, we elaborate on four groups of such clinical tests. We intentionally
did not consider clinical scales such as the MDS-UPDRS scale for Parkinson’s Disease, given their subjectivity
and intra-rater variability [25].

The first group includes various distance- and time-based walking assessments. Examples of distance-based
tests are the 10-meter walk test and the 400-meter walk test, which measure the time taken for the patient to
cover a given distance and uses this as a measure of physical capacity [26, 27, 28]. An example of the time-based
test is the 6MWT, often used in the monitoring of conditions such as Multiple Sclerosis (MS), pulmonary arterial
hypertension (PAH) and other chronic diseases, as well as physical capacity in elderly populations [29, 30, 31].
Gait speed and endurance indicators from these tests are strongly correlated with the level of independence and
life expectancy[32]. In terms of convenience and simplicity, these sub-maximal capacity tests do not require
expensive instruments, but a stopwatch and a path with a known distance to walk are enough. Executing the tests
is also a simple matter of walking for a certain distance or duration, which causes much less strain on test subjects
whose physical condition often means they would struggle to complete maximal capacity tests. These aspects
have made them widely adopted in gait analysis and capacity testing, especially for people with pathologies [33].

The second group focuses on the TUG test, which is of particular interest for neurological disorders such as
Parkinson’s [34]. The test asks the patient to stand up from a chair, walk straight for 3 meters, turn around,
walk back and sit on the chair again. This procedure involves inclinations and rotations of the trunk axis, which
can determine the functional qualities of the patient, including their balance. To collect data on these aspects,
technologies such as sensorized mats and Inertial Measurements Units (IMUs) can be used, obtaining valuable
information regarding the quality of movements such as gait symmetry, baropodometric load distribution and
step rhythm [35, 36].

By only measuring performance time, the TUG test remains a strong indicator of the risk of falling or gait
anomalies [35]. Through the use of a stopwatch, it is possible to establish the speed of execution of the test: this
data point is able to reveal functional insufficiencies linked to pathologies. In this case, it is also a quick test to
conduct, and, as with the walking tests, there is no requirement for expensive or bulky equipment to collect the
performance time [37].

The third group of tests covers the Sit-to-Stand (STS) test, which is commonly performed among Chronic
obstructive pulmonary disease (COPD) patients [38] for instance, or to estimate fall risk in PD patients [39]. The
sit-to-stand action corresponds to the transition that a person performs from sitting to standing. The STS test is
usually performed by doing multiple sit-to-stand transitions to evaluate balance and muscle strength [40]. In this
category, the most adopted tests are the 5 times Sit-To-Stand Test (5xSTS) and the 30 seconds Sit-to-Stand Test
(30STS). From these tests, one can consider the duration required to complete a given number of transitions or
the number of repetitions within a selected time window, where an increased number of STS repetitions may also
demonstrate muscle endurance capacity, for example, in the 30STS. To capture the outcomes of these tests it is
required to have a stopwatch and a standard armless chair, in addition to the guidance and observation of experts.

Lastly, the fourth group of tests includes step tests. This type of testing is usually performed within occupational
health and fitness evaluation [41], targeting healthy adults but also people with chronic heart diseases or COPD
[42]. There are many types of step tests, which are distinguished by characteristics such as duration, step height,
or the presence of phases such as initial warm-ups or heart rate thresholds to be reached for the test to end. For
instance, in the specific case of the Chester Step Test, participants are required to step up and down a 30cm high
platform at a progressively increasing rate set by a metronome or music beat. During this activity, the heart rate
is monitored every two minutes; the overall test duration may vary from subject to subject.
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Fig. 1. Progression towards the introduction and use of technology in relation to physical assessments.

2.2 Physical capacity and function in free-living activities
Nowadays, DHT such as sensors in smartphones and wearables can capture many aspects of daily life activity,
such as walking intervals, activity type, or heart rate, characterising a person’s overall physical activity. The
International Classification of Functioning, Disability and Health (ICF) [43] provides a framework for the
characterisation of health, introducing the concept of physical activity as performance. This describes what an
individual does in his or her environment, stressing the fact that this performance is dependent on the natural
context of the individual. At the basis of our research is the hypothesis that information collected by DHTs in a
natural environment, is impacted by the physical function and/or capacity of the people using the technology.
DHT may be introduced in different contexts, including clinics, homes, and the community. In this way, clinicians
would be provided with complementary information about performance [44]. In order to investigate the role
of technology in relation to functional and capacity assessment, it can be helpful to view its introduction as a
progression through four steps (Figure 1).

The first step corresponds to the performance of the standard physical test, performed in a clinical environment,
with supervision and guidelines provided by experts. This is the traditional way of doing tests, and the use of
sensor technology is usually absent. In the second step, DHT is introduced. The test is still performed in the
clinic with an expert supervising the patient as well as operating any technology aids that tests may require to
complement subjective expert observations. The use of a controlled environment is a common approach when
developing methods and algorithms for DHT to ensure clinical relevance and accuracy. Step three involves
patients reproducing the same test without the supervision of a clinical expert, making use of the technology.
This method ensures that the patient understands and follows the expected testing process, mimicking a clinical
environment but in their home or community environment. This approach has been extensively researched and
validated, with a significant body of literature exploring its effectiveness and reliability [45, 46].

Building on these foundations, the fourth step involves using DHTs without performing controlled tests. This
approach relies on data collected passively from participants as they focus on their everyday life activities, while
the DHT assesses if this data can be associated with any clinically relevant tests. In other words, this approach
aims to objectively measure performance and investigate how it relates to measures of capacity through data
gathered in free-living conditions during their natural, daily activities [47]. While this method is still emerging, it
represents a more seamless and unobtrusive means of monitoring, which is likely to allow participants to feel
less like patients and more like healthy individuals. The collection of data within free-living conditions has the
potential to provide richer insights into a patient’s actual physical state during their everyday life, rather than
the time-bound in-clinic tests on a given day. Such tests may, to a varying degree, be affected by external factors
that only apply to that specific day, which introduces misleading test results despite the controlled environment
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and procedure they follow. Despite its recognized potential [15], the validity and clinical actionability of data
collected during daily living are not well understood.

3 Literature Review Methodology

3.1 Search Strategy
The search strategy used in this article follows the guidelines promoted by PRISMA [48]. Three main databases
were considered in the identification phase for the literature review: Scopus, PubMed, and Web of Science. The
literature search focused on articles published within the last decade (2014 to 2024), which were accessible and
available in English. Papers from conference proceedings and journals were both considered. In the first screening
phase, articles were distributed among five researchers and titles and abstracts were matched against inclusion
and exclusion criteria. In a second eligibility phase, the full text of each article was assessed by the researchers.
For articles deemed eligible, relevant information and key aspects were extracted and organized into tables for
further analysis.

The queries used in the database were run on the 10th February 2025, and they are as follows:

(1) TS=(“meter? walk* test” OR “minute? walk* test” OR ?mwt) AND TS=(“free-living” OR “free living”
OR “ecologic* monitor*” OR “passive* data collect*” OR “in-the-wild” OR “real-world” OR (remote*
NEAR/3 collect*) OR “remotely collect*”) AND TS=(sensor* OR mobile* OR smartphone* OR wearable*
OR accelerometer OR device* OR smart* OR tracker) AND PY=(2014-2024)

(2) TS=(“time* up and go” OR TUG) AND TS=(“free-living” OR “free living” OR “ecologic* monitor*” OR
“passive* data collect*” OR “in-the-wild” OR “real-world” OR (remote* NEAR/3 collect*) OR “remotely
collect*”) AND TS=(sensor* OR mobile* OR smartphone* OR wearable* OR accelerometer OR device* OR
smart* OR tracker) AND PY=(2014-2024)

(3) TS=(“sit to stand” OR STS OR “sit-to-stand”) AND TS=(“free-living” OR “free living” OR “ecologic*
monitor*” OR “passive* data collect*” OR “in-the-wild” OR “real-world” OR (remote* NEAR/3 collect*) OR
“remotely collect*”) AND TS=(sensor* OR mobile* OR smartphone* OR wearable* OR accelerometer OR
device* OR smart* OR tracker) AND PY=(2014-2024)

(4) TS=(“step test” OR “chester step test” OR chester) AND TS=(“free-living” OR “free living” OR “ecologic*
monitor*” OR “passive* data collect*” OR “in-the-wild” OR “real-world” OR (remote* NEAR/3 collect*) OR
“remotely collect*”) AND TS=(sensor* OR mobile* OR smartphone* OR wearable* OR accelerometer OR
device* OR smart* OR tracker) AND PY=(2014-2024)

(5) TS=(“physical capacity” OR “physical function”) AND TS=(“free-living” OR “free living” OR “ecologic*
monitor*” OR “passive* data collect*” OR “in-the-wild” OR “real-world” OR (remote* NEAR/3 collect*) OR
“remotely collect*”) AND TS=(sensor* OR mobile* OR smartphone* OR wearable* OR accelerometer OR
device* OR smart* OR tracker) AND PY=(2014-2024)

The query structure is defined by three main components that were all considered relevant, and thus the
AND operator is used between them. The first component is the type of physical test considered. As reported in
Section 2, we consider four main groups of tests: walk tests, timed up and go test, sit to stand and step tests. The
second component of the query corresponds to the data collection environment, which, in this case, is limited to
free-living conditions. The third component pertains to the presence of technology, including wearable devices,
smartphones, or sensors. While the data collection environment and technological aspects remain constant, the
type of test varies to cover different groups. In addition to these test groups, we run a more general query in
relation to “physical capacity” and “physical function”. Given the relevance of physical function and capacity
in this work, adding this query allows capturing broader range of articles in addition to the ones focusing on a
specific test type.
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3.2 Inclusion and exclusion criteria
Studies were included or excluded based on several criteria to ensure relevance and focus on the research
objectives. Inclusion criteria included studies that (1) considered real-world or free-living data collection, (2)
included one or more standard physical tests, and (3) performed an analysis between the real-world passively
collected data and physical test outcomes (e.g. distance for the 6MWT). Reviews that aligned with the research
topic were retained for related works. During the identification phase, duplicate records were removed. Articles
were excluded if they were (1) out of the scope of the review, (2) only focused on reproducing physical tests
in non-clinical environments, (3) did not make use of technology or sensors, or (4) the manuscript type was a
protocol, editorial, or review.

3.3 Thematic analysis
In the field of remote activity monitoring in free-living conditions, particularly concerning assessments of physical
function and capacity, we identified several key themes to explore within the reviewed articles. These aspects
relate to the research questions outlined in Section 1.

To investigate the possibility of relating passively collected data to standard clinical tests (RQ1), we extracted
the proposed associations between these two entities from each reviewed article, such as correlations between
physical activity indicators and test results. From a more technical perspective, we extracted information (model,
position, sensor modality) of the DHT used within each study (RQ2), and the metrics computed on the raw
data collected in a free-living environment and how these are associated to the standard tests (RQ3). This is
particularly helpful for future studies that aim to validate certain technological choices in determined contexts.

In relation to the experimental protocol (RQ4), we extracted details on the structure of study designs, including
the physical tests adopted and the methods or instruments used to establish the ground truth for the physical
assessments. As free-living monitoring is of particular interest, we analysed the monitoring duration window
chosen in the articles to understand what is the most common duration required to collect physical activity data
that can match clinical standards. We furthermore investigated the device-wearing time constraints proposed
by the articles, which reflect the minimum conditions required to validate data collected in an unsupervised
environment. Given the relevance of wearing time and participant collaboration in this type of study protocol,
we finally reviewed the percentage of participants who adhered to the protocol outlined in the included papers.
Adherence is defined here as the ratio between the number of participants who successfully completed the
protocol respecting the minimum recommended duration and the number of recruited participants.

3.4 Risk of bias assessment
Research studies investigating DHT within cohort target populations may incur into biases of different types. We
followed the methods suggested by Cochrane, particularly the ROBINS-I assessment, more tied to interventions,
and the ROBINS-E assessment, tied to exposure, both used in non-randomized studies [49]. The articles included
in this review are mostly cross-sectional observational studies, not focusing directly on interventional aspects;
therefore, the bias assessment addresses two main types tied to pre-intervention stages, as suggested in Table
25.6.a from Sterne et al. [49], namely, confounding bias and selection bias. To obtain an overall risk of bias, we
select the one with highest risk among the two.

For the confounding bias, we investigated whether the reporting of baseline physical fitness levels and other
confounding factors is reported. Confounding bias is rated using the ROBINS scale as follows. Low risk: when
relevant confounders are adequately measured and controlled for; Moderate risk: when some confounders are not
fully accounted for but are unlikely to substantially affect outcomes; Serious risk: when important confounders
are missing, poorly measured, or not adjusted for; Critical risk: when confounding is so severe that the study
estimates are likely to be substantially distorted.
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For the selection bias, we examined how and how many participants were identified and recruited, and whether
the included sample differed systematically from the target population. Selection bias is likewise rated using the
ROBINS scale. Low risk: when recruitment is clearly described, sample size is greater than 15 and the group is
representative of the target population; Moderate risk: when sample size is greater than 15, and minor deviations
from representativeness are present; Serious risk: when sample size is less than 16, or when recruitment or
exclusions result in a sample that may differ systematically from the target population; Critical risk: when sample
size is less than 16 or when the selection process severely undermines the validity or generalisability of the
results.

To address this aspect of the systematic literature review, we made use of the AI-based tool Anara [50]
to highlight sections of the papers under review related to 2 concrete questions: 1) Does the article present
confounding bias? and 2) does the article present selection bias?. All outputs provided by Anara were further
manually verified by one researcher vis-a-vis the text of the paper. This ensured efficiency and robustness to the
investigation. The Anara tool was used only for risk of bias assessment, and no other parts of the review were
addressed through this approach.

4 Results
The following section presents the findings of the systematic review and begins with an overview of the search
results, followed by a description of the populations and health conditions addressed in the articles. The remainder
of the section presents the themes that emerged during our thematic analysis of the identified articles. This
includes an outline of DHT, an analysis of the experimental protocols used, and a report on extracted metrics
and their relationships with standard clinical assessments. The section concludes by reporting on wearing time
and user adherence from the identified articles.

4.1 Search results and risk of bias assessment
A total of 678 articles were initially identified from the three databases, Scopus, PubMed, and Web of Science, with
the defined search criteria described in Section 3. Of these, 39 studies passed all inclusion criteria and are assessed
in this review. In addition, 8 studies were added through snowballing techniques, such as by reviewing relevant
cited references, obtaining a total of 47 articles. Figure 2 shows the flowchart corresponding to the phases of the
search, screening and review process, while Table 1 shows the initial results from the query for each category.
After removing duplicate articles across databases, 298 were left for investigation. To track the progression
of research over time, we examined the publication year of the studies. Figure 3 illustrates the distribution of
publication years across the selected papers. The distribution shows articles from 2009 until today, highlighting
the increasing relevance of this research topic over time.

Table 1. Query search results and number of articles included in the review.

Scopus Pubmed Web of Science Total
MWT query 22 43 52 117
TUG query 37 32 31 100
STS query 98 76 86 260
STEP query 7 6 7 20
CAPACITY query 70 58 53 181

678

Confounding and selection bias were assessed across the articles, resulting in 10/47 articles with an overall low
risk of bias, 31/47 with a moderate risk of bias, 6/47 with a serious risk of bias and no articles with a critical risk of

ACM Trans. Comput. Healthcare

 



Associating Physical Function and Capacity Tests to Free-Living Sensor Data • 9

Records identified from 
Databases : 678

Records removed
(duplicates ): 380 

Records screened : 298 Records excluded : 200

Records sought for 
retrieval : 98

Records assessed for
eligibility : 98

Records excluded : 59
Manuscript type : 1
No device or not specified : 0
Test not mentioned : 13
Out of scope : 20
Out of scope within the area: 20
Only test reproduction : 4

Identification of new studies via databases Identification of new studies via other methods

Snowballing articles : 9

Records assessed for 
eligibility : 9

Id
en

ti
fic

at
io

n
Sc

re
en

in
g

In
cl

ud
ed

Studies included in the 
review: 39

Total studies included
in review: 47

Records that passed
eligibility : 8

Records excluded 1
Only test reproduction : 1
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Fig. 3. Publication year distribution across the studies selected for the review.

bias. In particular, articles with a serious risk of bias included those with 15 or less number of analysed participants
([51, 52, 53, 54]); the white-paper from Apple Watch [55] that considered participants non-representative of the
U.S. population with COPD, and, lastly, the work from Sokas et al. [56] which considered as baseline physical
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assessment the outcome of standardised equations including age, weight, sex, and maximal heart rate. Table 8, in
the appendix, shows the outcome of the risk of bias assessment for each article.

4.2 Populations
The populations included in this review represent a diverse range of participants, for a total number of 7910
subjects across all studies and with various health conditions. As visible in Table 2, out of 47 articles, 14 studies
(30%) did not explore explicit conditions and instead include common-dwelling adults or elderly [57, 58, 59, 60, 55,
61, 62, 63, 64, 65, 66, 67, 68, 69], 9 studies investigate cases of MS (19%) [70, 71, 72, 73, 74, 75, 76, 77, 78], 6 (13%)
studies consider cardiovascular conditions [79, 56, 53, 52, 80, 81], and 4 (8.5%) consider Parkinson’s disease [82, 8,
83, 84]. We group musculoskeletal conditions as juvenile idiopathic arthritis, knee osteoarthritis or frailty [85, 86,
87]. Neurological conditions as stroke, or cerebral palsy [54, 88, 89], and at last neuromuscular disorders such as
fascioscapulohumeral dystrophy, autoimmune myasthenia gravis or Duchenne muscular dystrophy [90, 91, 92].
Other conditions or contexts are observed in single articles, such as chronic kidney disease [93], pre-elective
surgery [94], or fallers [51].

The population sample sizes are between 12 [82] and 2001 participants [86].

Table 2. Conditions reported in the 47 included articles.

Condition
Multiple Sclerosis 9
Cardiovascular Disease 6
Parkinson’s 4
Musculoskeletal Disease 3
Neurological Condition 3
Neuromuscolar Disorder 3
Cancer (survivors) 2
After Orthopedic Surgery 1
Chronic Kidney Disease 1
Fallers 1
Pre-elective Surgery 1
Unspecified condition 13

4.3 Digital Health Technologies
The articles analysed in this literature review use a range of wearable technologies and sensors, with a strong
focus on IMUs, used mainly for raw accelerometry, physical activity type, and step count. IMUs can be embedded
in smartphones or in wearable devices, like smartwatches and fitness trackers (e.g. Fitbit, Withings Steel HR
smartwatch, Apple Watch, etc.), and other wrist-worn actigraphy devices (e.g. GENEActiv, ActiGraph, ActivPal,
etc.). Other studies incorporate Global Positioning System (GPS) for location tracking for spatial motion analysis.
Within the reviewed studies, only one does not use technology directly attached to the participant’s body. Instead,
[59] utilises a system of ambient sensors (presence sensors, door and fridge sensors, and bed sensors) to monitor
the individual’s activities within their home environment. Figure 4 illustrates different body positions, sensor
modalities and device models included in the articles.
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Wrist (18/47)
[79, 55 ] IMU , PPG, Apple Watch
[56, 93, 70, 94, 54 ] IMU, PPG, FitBit
[53, 72, 73, 95 ] IMU, FitBit
[58, 71, 68, 72 ] IMU, ActiGraph
[90] IMU, PPG, Withings Steel HR+
[80] IMU, Micro Motionlogger Watch
[81] IMU, GeneActiv

Shoes (3/47)
[82] IMU, Mobile GaitLab
[52] IMU, Actiped
Ankle
[8] IMU, Stepwatch

Thigh (5/47)
[77, 67, 97 ]  IMU, ActivPAL
[60] IMU, ActiGraph
[66] IMU, UKK RM42

Waist (11/47)
[89, 87 ] IMU, Actibelt
[76, 62, 85, 84, 86, 63, 64, 92 ] IMU, ActiGraph
[64] IMU, PiezoRx

Lower back (7/47)
[91, 88 ] IMU DynaPort McRoberts
[65, 61, 78 ] IMU, ActiGraph
[74, 83 ] IMU, AX3 -Activity

Undefined (9/47)
[70, 51 ] IMU, Smartphone
[79] IMU, iPhone
[57] GPS, iBlue or V990
[59] Ambient sensors
[75] IMU, ActiGraph
[95] GPS, Smartphone
[80] GPS, DG100 GPS
[54] IMU, MyInertia Platform

Chest (1/47)
[69] IMU, Senior Mobility Monitor

Fig. 4. Human body representation with highlights on device position, sensor modality and brand.

4.4 Experimental protocol
The experimental protocols of the included papers are generally based on cross-sectional designs, with an initial
supervised visit, typically conducted in a clinic in the presence of expert researchers or clinical staff, followed by
a period of real-world data collection during which participants wear or carry a device with them. Supervised
visits typically involve mobility assessments, during which patients perform physical tests under the observation
of expert clinicians or researchers. In some cases, experts also employ tools to establish reference outcomes for
the tests. For example, distance is often measured using trundle wheels [89, 87, 93, 53, 74, 75, 78], ergometer
[85], pressured gait mats [57, 84], photocells [88] or using floor markings at known distances. Time duration is
commonly recorded using a stopwatch [53]. To accurately count steps, additional inertial sensors are used to
establish ground truth step counts [58, 72, 57]. If no instrumentation is specified, standard clinical guidelines are
assumed to be used for running supervised physical tests. Only two studies did not include an initial visit. The
first one [82] asked two trained human annotators to label the start and stop of a test performed by the participant
in their home environment, while in the second case [56], the 6MWD was estimated using an equation that uses
anthropometric variables.

Table 3 summarises the clinical tests across the 47 articles. In particular, some less common tests that shared
certain characteristics were grouped together:

• X-Meter Walk Tests: Walking tests based on fixed lengths such as 3m, 4m, 10m, 20m, or 400m.
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• X-Minute Walk Tests: Walking tests based on fixed duration such as 1, 2, 4, 10 minute walk tests.
• STS related Tests: 5xSTS, STS, 30STS.
• Walking Capacity Tests: Shuttle test, Balke Treadmill Test, Gardner-Skinner treadmill protocol, and the
Strandness treadmill protocol.

• Balance Tests: Sway test, Mini-BESTest, standing balance test, Tinetti Performance Oriented Mobility
Assessment (POMA)

• Lower Limb Capacity Tests: Chair sit-and-reach, Watt-maxtest, Isometric Knee Extension strength
• Upper Limb Capacity Tests: Back scratch, arm curl

Table 3. Standard physical test assessment and their frequency in the reviewed studies.

Test #Articles
6 Minute Walk Test (6MWT) 26
X-Meter Walk Tests 16
Timed Up and Go Test (TUG) 12
X-Minute (other than 6) Walk Tests 8
Sit-to-Stand (STS) related Tests 7
Timed 25-Foot Walk Test (T25FW) 6
Walking Capacity Tests 5
Short Physical Performance Battery Test (SPPB) 5
Balance Tests 4
Hand Grip Strength Test 4
Lower Limb Capacity Tests 3
Upper Limb Capacity Tests 2
Figure of Eight Walk Test 1
Four Square Step Test (FSST) 1

In addition to physical assessments, patients are sometimes required to complete questionnaires aimed at
investigating various aspects of their health and daily life. These questionnaires may be the Health-relatedQuality
of Life (HRQoL) questionnaire [53] to explore various dimensions of an individual’s well-being, the Clinical and
Patient Global Impression scales (CGI and PGI, respectively) to assess patients’ global functioning [83], or the
Expanded Disability Status Scale (EDSS) [72] which targets particularly MS patients. While we recognize the
relevance of questionnaires to complement physical tests, these fall outside of the scope of this review.

After the first supervised visit, the experimental protocols rely on a period of real-world data collection. During
this passive monitoring phase, participants may be asked to perform unsupervised physical tests as a complement
to continuously wearing the included devices as they pursue their daily routines and activities. As shown in Figure
5, the most common monitoring duration is one week, even though longer periods of time are also considered,
such as 6 months [79], between 6 and 24 months [59, 72, 70] and an unspecified period of time [55]. In the latter
study, even though the monitoring duration is not specified, the data processing phase for algorithm development
is likely to be referred to a time window selected by researchers.

4.5 Metrics of passive monitoring and relationship with physical tests
Table 4 reports the extracted summary metrics from the reviewed studies. The most frequent metric is related to
step count and multiple statistics of this variable, such as average per day, or standard deviation of daily steps.
The second most frequent metric corresponds to the time spent across different activity intensity types. The third
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Fig. 5. Free-living monitoring duration across the articles.

most frequent type of metrics are gait parameters extracted from accelerometry data, such as walking symmetry
and stride-to-stride pattern [69, 51]

Table 4. Categorized summary metrics across the articles.

Summary metrics #Articles
Steps 23
Sedentary-light-MVPA activities 18
Gait parameters (from IMU) 11
Raw accelerometry statistics 10
Movement intensity 7
Speed 5
Localization parameters 4
Heart rate 3
Sit to stand parameters 3
Postural transition 2
Ambient sensors parameters 1
Stepping endurance [duration] 1
Heart rate over steps 1
Smartphone interactions 1
Wear time 1
Walked distance 1

Table 7, in the Appendix A, reports, for each article, the association between passively recorded data and one
or more standard tests among the ones in Table 3. Out of 47, 37 articles (78.7%) do correlation analysis or provide
more general considerations on the relation between passively collected data and standard tests. In addition,
7/47 (14.9%) articles use passive data to predict the outcomes of the 6MWT or the TUG, classifying classes of
performance, while 2/47 articles (4.3%) provide a regression estimation of the TUG duration.
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Figure 7 and Figure 6 show indicators of the association between summary metrics and the test of interest. For
the 6MWT, step metrics are used in a multitude of articles reporting significant correlation values between 0.21
and 0.68. The metrics with the highest correlation with the 6MWT are the NET-F index (0.68, 𝑝 < 0.001) [94]
in a population of pre-elective surgery patients, the Peak-30CAD and Peak-1CAD for the MS population (0.68,
𝑝 < 0.01 and 0.67, 𝑝 < 0.001) [76], and, for MS patients, the average daily movement (0.63,𝑝 < 0.001) [75]. For
the TUG, the data aggregation techniques that best align with the clinical assessment are the empirical TUG
estimation from Silva et al. [51] (correlation of 0.89) and the estimated TUG value from Saporito et al. [69] (0.7
correlation and Area Under the Curve (AUC) of 0.89). The estimate from [51] is obtained from a regression model
whose features include demographic information, gait speed and stride, number of steps, a postural transition
parameter and the result of a questionnaire on fear of falling. Notable in relation to the TUG test are the results
from Low et al. [95], which show that TUG duration correlates significantly with peak gait cadence (-0.72) and
daily step count (-0.61) but not with localization information, possibly because it is unsuitable and too diverse.
The estimate from [69] relies on six mobility indicators: walking quantity and quality, chair-rise ability, and
durations of active and inactive bouts.

While most works focused on the regression of the test outcomes, some others provide a classification of
the test outcome in predefined classes, such as above or below a certain threshold. Table 5 shows the values of
roc-AUC obtained for the classification of the test results. In particular, for the 6MWT, Rens et al. [79] binary
classify the 6MWD with a threshold of 300-meter, while [55] uses a threshold of 360-meter. Sun et al. [70] consider
the upper 25% and lower 25% of the reference values. Regarding the TUG duration, [59] uses a cut-off threshold
of 12-second, while [69] sets a 10-second threshold.

Table 5. AUC values for the articles that perform classification of the 6MWT and TUG test outcomes.

6MWD AUC TUG AUC
300m threshold [79] 0.64 12s threshold [59] 0.79
360m threshold [55] 0.95 10s threshold [69] 0.89
upper and lower 25% 6MWD [70] 0.87
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Fig. 7. Correlation between free-living features and the 6MWT distance.
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Table 6. Minimum amount of data for collecting a valid day and valid collection (more days). PIR = Passive infrared sensor.

Valid day hours >3, 8, 9, 10, 14, or 18 steps >0, 100, 128 or 300 PIR >300s Walk >5 min

Articles
[69, 55, 85, 97, 76, 93, 75]
[62, 86, 64, 89, 53, 92, 95]
[80, 84, 87, 65, 68]

[72, 79, 70, 54] [59] [88]

Valid collection 30/84 or 10/28 days 2, 3, 4, or 6 days out of 7 At least 1 day 5 or 10 /14 days 3/4 days

Articles [69, 55]
[60, 75, 85, 87, 66, 81, 93]
[84, 64, 53, 91, 92, 80, 61]
[57, 95, 55]

[76] [90, 59] [62]

4.6 Wearing time and user adherence
Device wearing time is essential when relying on passive data collection from wearable devices. The majority of
the articles placed significant emphasis on this aspect, enforcing specific constraints for including or excluding
data, while others acknowledged that they were missing some data or had non-wear time periods Some studies
investigated methods for detecting non-wear time. For example, [71] uses the method from Choi et al. [96], which
considers intervals of 90 minutes of activity as absence, while [69] classifies non-wear time as the absence of
movement intervals within 15 minutes, which is similar in approach to [62] who consider a window of 60 minutes
with no movement as absence.

The majority of articles report considerations on the minimum valid amount of data when doing real-world
data analysis. This includes constraints for considering a day as having sufficient data or longer time periods. As
seen in Table 6, most works base the minimum threshold of collected data on duration restrictions, while others
focus on sufficient sensor information (e.g. steps >threshold for the step count to be valid on a single day).

Finally, Figure 8 reports the adherence percentage, monitoring duration and population size of each study,
together with a simplified visualization of the same information. The ratio [days/days] corresponds to the number
of days the user adhered to the protocol divided by the expected overall number of days, whereas the percentage
without notation corresponds to the number of people who successfully completed the protocol versus the overall
number of people included in the studies. Studies that consider a monitoring duration of one week have an
average adherence of 82%. Some studies report adherence not as the number of compliant participants among the
recruited participants, but as the valid collected days over the expected number of worn days.

5 Discussion
This systematic review analyses 47 articles related to the feasibility of associating free-living DHT data to physical
tests. It aims to provide a comprehensive overview of the current state of research on the relationship between
passive monitoring and standard clinical assessment and to identify and analyse the most common methods and
practices within these studies. After presenting our reflections on the PRISMA [48] based search strategy, we
discuss our findings in relation to each of our four research questions, where RQ1 is more general while RQ2-4
break down our results from the reviewed papers down into more nuance, including suggestions for further
research associated with each RQ.

5.1 Search results and risk of bias assessment
Five queries were run to include a wide variety of physical function and capacity tests that use movement patterns
that are commonly performed during everyday living, such as walking, transitioning from sitting to standing, or
ascending stairs. We experimented with the query engines of Scopus, PubMed, and Web of Science databases.
The fifth query was included to broaden the results beyond the specific tests we had identified as relevant for
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Article User adherence Monitoring days Population size
[77] Mate et al. 99% [days/days] 7 125

[75] Motl et al. 98% 7 256

[69] Saporito et al. 94% 3 254

[84] Nero et al. 91% 7 100

[92] Nair et al. (1w) 90% 7 127

[68] Choudhury et al. 90% 7 94

[66] Karavirta et al. 90% 7 495

[85] Nørgaard et al. 87% 7 70

[71] Zhai et al. 87% 7 158

[91] Birnbaum et al. 87% 7 38

[88] van de Port et al. 86% 7 47

[65] van Gameren et al. 85% 7 229

[95] Low et al. 84% [days/days] 30 40

[72] Block et al. 83% [retention] 365 63

[94] Angelucci et al. 83% 7 29

[57] Crane et al. 82% 7 182

[81] Rowlands et al. 82% 7 238

[53] Straiton et al. 73% [days/days] 8 15

[80] Chaudru et al. 73% 7 23

[79] Rens et al. 73% 210 107

[61] Wright et al. 72% 7 105

[56] Sokas et al. 71% [days/days] 7 99

[89] Wiedmann et al. 69% 7 88

[90] Zhuparris et al. 66% [days/days] 42 38

[76] Zheng et al. 63% 7 321

[59] Schütz et al. 57% 365 21

[97] Bachman et al. 57% 7 86

[54] Katzan et al. 53% 90 15

[92] Nair et al. (1yr) 45% 365 127

[83] Bouça-Machado et al. 41% 6 39

[92] Nair et al. (2yrs) 23% 730 127
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Fig. 8. Participants adherence in relation to the number of participants and monitoring duration. The table on the left side
provides all measurements and articles are reported in descendent order based on user adherence. The three dimensional
figure on the right side shows user adherence on the X-axis, population number on the Y-axis, and the size of the circle
represents the number of monitoring days considered for the study. This is shown in the upper right legend. The grey lines
correspond to the medians of each axis.

function and capacity. Our search yielded 39 articles that met our inclusion criteria. To expand the number of
papers included in the review, we reviewed references included in the 39 studies that our queries had provided us
with. This resulted in the addition of 8 studies, for a total of 47 papers. As a sanity check, we investigated why the
papers obtained through snowballing techniques were not included in the query results. Three of those papers
were not found through our queries because they were published before 2014. We set 2014 as a starting point
since technology penetration has primarily escalated during the last decade [98] and further expect publications
to follow the growing technology trend during the last and coming five years [99]. Four articles did not use
keywords within the article title or abstract that allowed us to identify the physical tests they used or the type of
technology they employed. Finally, one article is a white-paper from an industry source ([55]) and was therefore
not indexed in the considered databases.

We investigated the risk of bias across the included manuscripts, in particular the confounding and selection
biases. The analysis showed that the majority of studies (31/47) had a moderate risk of bias. This is largely due to
the shared challenge of recruiting participants representative of specific health conditions and populations. Most
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studies, in fact, include a relatively healthy population compared to the condition under investigation. This is
most likely due to the challenges inherent in the use of technology, even passive sensors, when subjects with
limited mobility are involved. It is natural, especially in a pilot study, to include those participants who are more
likely to be willing and capable of using the technology throughout the duration of the study. This is also visible
in the data where, with a few exceptions, adherence decreases as the number of monitoring days increases.

5.2 Associating passively collected data with physical tests (RQ1)
Most studies perform correlation analyses between passively collected data and standard clinical tests. While
correlation can highlight the significant association between passive measurements and clinical test results,
it does not clarify the underlying causal mechanisms driving these relationships, which can be important in
determining applicability to clinical practice. Two studies establish physical capacity and function scores derived
during the baseline assessment. Both show a positive correlation between the baseline score and a physical
activity metric. In particular, Santos et al. [62] calculate a functional fitness score from a multitude of physical
tests and observe a positive correlation with the duration of Moderate to Vigorous Physical Activity (MVPA) and
a negative correlation with sedentary duration. Wright et al. [61] define physical activity as “what you do”, while
physical capacity as “what you can do”, encapsulating multiple parameters within each term (e.g. active duration
and movement intensity for physical activity, and 6MWT distance or STS duration for physical capacity). Based
on this, they report a positive correlation between physical activity as performance and physical capacity.

Most articles show a significant correlation between free-living-derived metrics and standard physical assess-
ments. However, a few articles report contrasting outcomes, claiming the absence of an association between
metrics and the tests. In particular, Rekant et al. [58] note that “neither summary measures of global health nor
physical activity were significantly related to 6MWT performance”. This could be an effect of the considered
population being veterans interested in health and wellness programs without any specific condition, capable
of walking independently, or the fact that the monitoring duration for this group was only 1 day. Such a short
duration may not be representative of the general physical activity of the participant, being influenced by multiple
factors that may only occur on a single day. Moreover, Straiton et al. [53] report that physical activity in the
free-living environment is not associated with physical capacity post-aortic valve replacement in clinical settings.
In this case, the population is a sample of 15 patients with aortic stenosis, and the window of the investigation
was four days before cardiovascular surgery and after (1 month). A reason for the absence of correlation may be
the low sample size and the specific condition as well as reactions to surgery that can vary significantly from
subject to subject. Following, van Gameren et al. [65] declare a weak correlation between the Short Physical
Performance Battery (SPPB) test and daily life gait quality and quantity. The authors justify this outcome from
the wide inter-individual variation of physical activity during daily life and the narrow variation of SPPB scores.

In two studies, sedentary behaviour was not associated with the 6MWD nor any physical fitness measure [91,
64], in contrast, sedentary time was correlated to STS performance in the work from Choudhury et al. [68] and it
was negatively correlated (-0.32, p<0.05) to submaximal VO2 in [97]. Karle et al. [78] did not find correlations
between the 2-Minute Walk Test (2MWT) cadence and the duration of walking time at 100%, 90%, 80%, and 70%
of 2MWT cadence. They explain the lack of correlation by the fact that they wanted to compare higher intensity
walking correspondence, differing from other works that focused on more generic metrics such as steps per day
[72].

Seven studies ([72, 70, 59, 94, 69, 55]) introduce a model that classifies daily living physical activity into distinct
performance classes rather than relying on regression analysis (Table 5). Stratifying physical activity in relation
to a standard test into categories (e.g., high vs. low performance) may be simpler and more accurate from an
algorithmic perspective. However, the significance of a binary outcome should be further investigated in relation
to its applicability within a clinical context, especially in relation to decision-making. This remains an unexplored
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area, but it is likely that this information could still be helpful as a complement to other assessments and should
motivate further research in the direction of finer classifications through the use of time series analysis approaches
that combine machine learning and other advanced techniques.

While the association between metrics obtained from free-living physical activity and standard assessment is
significant in the majority of the proposed works (see Table 7), there is disagreement in some of the articles. This
could be due to the focus on different populations and conditions. Participants with small mobility impairments
likely show high variability in daily movement (the “what you do”) with little association with capacity or
function (the “what you can do”). This indicates a clear need for further investigation in this area, particularly to
understand generalizability and differences across population demographics and health conditions.

5.3 Digital Health Technologies (RQ2)
Sensors and devices are the means that allow collecting data from participants’ during their everyday life. Given
how different daily activities and environments are, it is crucial to discuss DHT usage across the studies. This
review identifies the most common device location as the wrist (18/47), largely as a result of the popularized
wrist-worn devices from brands such as FitBit, Apple Watch, Withings, and ActiGraph. Following, other popular
wear positions are the waist/hip position (11/47). This finding is in agreement with a review study from Olmedo
et al. [12], on the use of wearable for elderly remote monitoring where it was shown that, among 56 studies, the
most frequent devices are wrist-worn watches (25%), followed by wrist-worn bracelets (17%) and patches (17%).
Another review by Storm et al., however, that focuses on assessing the 6MWT with wearable inertial sensors
[100], reports that the most common device position is the lower back (18/28 articles), followed by the shank
(8/28 articles) and ankle (7/28 articles). Compared with our findings, two differences can be highlighted: first, the
focus only on the inertial sensing type of technology used and second, their focus on the reproduction of the test
is in line with what we define as the 3rd step in Figure 1, rather than the 4th step where unsupervised collected
data from everyday life is associated with physical tests. Regardless of the step targeted, findings are relevant to
the advancement of the field. The more integrated DHT are expected to be in the everyday life of users, the more
important it becomes to identify device positions that provide high-quality data as well as accommodate comfort
and acceptance from users.

Furthermore, with a smartphone penetration rate higher than 85% globally [101], these devices are a natural
DHT to include and/or to integrate wearables. Some differences come with relying on smartphone sensors over
wearables, in part as a result of the body position, where a smartphone cannot be assumed to always be in the
same location. Still, smartphones and wearables are both promising to collect data and insights about one’s
mobility.

In addition to IMUs and video sensory data, localization information is used in the study from Crane et al. [57],
Zhuparris et al. [90], Santos et al. [55] and Low et al. [95]. In particular, studies consider solely space-related
features such as the maximum distance from the home environment, time spent out-of-home, area of the distance
covered outside and compactness [57, 95, 90]. While the industry white-paper [55] uses localization information
only with the goal of estimating a more accurate 6MWD. The results from these studies are promising, but more
investigation is needed to cover the privacy and ethical aspects concerning the continuous passive monitoring of
one’s location.

Somewhat surprisingly to us, no video cameras were present in the reviewed studies, even though this type of
sensor is highly spread in multiple contexts (e.g., surveillance and gait analysis) and is natural to many smartphone
users for documenting personal or social experiences. This may be due to several factors, ranging from recording
of videos or pictures being viewed as potentially privacy-invasive to the fact that videos are computationally
expensive to store and analyse or that cameras are often impractical and obtrusive to use in daily life contexts for
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recording symptoms. Some of the included studies made minor use of cameras, where, e.g. [87] relies on video to
capture steps as part of their ground truth measurements, but not as devices to be used to measure daily activity.

5.4 Metrics extraction and their association with physical tests (RQ3)
A key aspect of the reviewed articles is their emphasis on extracted metrics and their association with the
outcomes of standard physical tests. These statistics vary significantly depending on the type of acquisition
sensor, the observation window, and, most importantly, the nature of the feature itself and what it represents.

Statistics related to step count are the most common ones across the reviewed articles. This may be a result of
steps being a good proxy for distance estimation and/or overall mobility throughout the day, which both carry
potential meaning in terms of function and capacity. Examples of such features are the best 6-minute step count
(B6SC) [93], which captures the highest number of steps performed during a window of six minutes throughout
the day. This metric has a correlation of 0.26 (𝑝 < 0.01) with 6MWT. Angelucci et al. [94] consider the average
step count with a correlation of 0.59 (𝑝 < 0.01). Steps per day obtain a correlation of 0.37 with 6MWT [93], and
equally with STS in the work from O’Brien et al. [64].

Different studies end up with significantly different results on relatively similar features, indicating the need
for finer investigation across groups and protocols. Very often used are also metrics related to the duration of
sedentary-light-or moderate-to-vigorous activities. These show to correlate with a variety of physical tests such
as the 6MWT [93, 66], STS [68], or with submaximal VO2 [97].

Among the metrics with the highest correlation with the 6MWT we find the Non-Exercise Testing Cardiorespi-
ratory Fitness (NET-F index) (0.68, 𝑝 < 0.001) [94], which corresponds to a combination of parameters such as
the sex, age, BMI, resting HR, and physical activity levels, but also in relation to walking intensity, Peak-30CAD
and Peak-1CAD for the MS population (0.68, 𝑝 < 0.01 and 0.67, 𝑝 < 0.001 [76]. These two metrics are determined
by taking the average cadence of the highest 30 (or 1) non-consecutive minutes recorded in a day. Lastly, among
highly correlated statistics, we find the average daily movement (0.63, 𝑝 < 0.001) [75], derived from the vertical
axes of the accelerometer. Studies also use time spent in activities of different intensities, such as [93], that
correlates time spent in MVPA minutes every hour with the 6MWT obtaining 0.31 (𝑝 < 0.01); Santos et al. [62]
report that sedentary behaviour is negatively associated with a fitness functional score, upper and lower body
strength, balance and lower flexibility; and [71] which notes that there is a stronger association between MVPA
and and clinical measures in comparison to steps per minute. Another reason why steps and activity intensity
are frequently considered is their wide availability and accessibility from commercial devices such as wrist-worn
devices and smartphones.

In the analysis from Zheng et al. [76] daily step count in a healthy control group and in a population suffering
from MS show correlations of 0.38 and 0.60 𝑝 < 0.01 with 6MWD, respectively. Correlation values related to the
MS population are higher in comparison to those of the healthy control group in the study. This consideration is
similarly reported in the study from Motl et al. [75], where the correlation of average daily movement with the
6MWD is higher for a population with severe MS disability (0.47, p-value=0.001) in comparison to a population
with milder symptoms (0.33, p-value=0.003). This may be due to healthy individuals engaging in a wider range of
different activities in their daily routines, which makes daily movement less descriptive of physical function and
capacity. Additionally, a ceiling effect may be present, where healthy subjects would all perform similarly across
the identified features and tests. On the other hand, in people with mobility impairments, daily movement may
more accurately reflect their actual health status and physical capabilities. This suggests that passively recorded
features may be more applicable as predictors of health status in a non-healthy population, particularly where
conditions affect mobility such as in neurological or cardio-pulmonary diseases.

ACM Trans. Comput. Healthcare

 



22 • Caramaschi et al.

5.5 Experimental protocol characteristics (RQ4)
5.5.1 Population. Physical function and capacity tests are usually considered within neurodegenerative diseases
such as MS and PD, cardiovascular diseases, but also to monitor frailty within ageing people.This is also confirmed
by the reviews from Storm et al. [100] and Pires et al. [102], where they report the majority of populations across
their articles suffering from MS and cardiovascular diseases. The papers selected for review in this article (Table 2)
match these populations. A third of the studies (30 %) did not consider a specific condition for participating in the
data collection. This can be explained by an interest in associations across several conditions or in overall elderly
frailty, such as in [69], who underwent hip replacement. It could also be the result of the early phase in which
this type of research is in and, subsequently, a need for more validation across and within specific conditions. It
is, for instance, feasible that different conditions have different thresholds for when an association is relevant
from a clinical perspective. Additionally, the relationship between passively collected data and physical function
and capacity may not provide similar results across populations where age and health vary. Only two of the
selected articles addresses a paediatric population (3-12 and 5-15 years old) [89, 85], while one study includes a
population of teenagers [92]. Given the different patterns that children could have compared to older adults, this
is one example where additional research is needed.

5.5.2 Protocol design. Nearly all studies included a design with at least a visit with supervised tests and a
passive monitoring period using a DHT, with certain studies following up with additional supervised visits as
in [92]. This may depend highly on the specific population condition (i.e. in the work from Nair et al. this is
Duchenne Muscular Dystrophy [92]). This highlights the need for a supervised standard assessment to establish
the significance and relevance of data collected in free-living environments. However, standard assessments may
themselves have limitations or lack comprehensive representation of participants’ health, including ceiling and
learning effects [103, 104]. Therefore, future studies are also needed for broad baseline assessments using multiple
tests, questionnaires, and tools to establish an accurate and thorough initial understanding of each participant’s
condition.

The most commonly used test is the 6MWT, featured in 26 of the 47 studies. This test is widely explored and
used in multiple health conditions and environments, owing to its straightforward administration and clear
outcome metric (walked distance) [105]. Mueller et al. [87] note that “longer gait tests are the most reflective of
real-world walking behaviour,” which supports the relevance of the test for real-world application and suggests
the idea of administering the test remotely in an unsupervised fashion. Several studies, such as those by Salvi et
al. [106] and Ziegl et al. [107], have explored algorithms for reproducing the 6MWT in unsupervised settings.
Home-based administration of the test allows for more frequent testing and in more naturalistic conditions, such
as a walk in the park. The 6MWT can be augmented by processing daily life data, which can even be used to
estimate an equivalent 6MWT outcome as already incorporated into the Apple Watch [55].

The 6MWT is followed by the group of X-meter walked tests (16 studies), which focus mostly on walking
speed, and the TUG (12 studies). With their presence in 8 studies, the X-minute walk tests resemble the outcomes
provided by the 6MWT but with different time durations. These tests are generally simple to administer for
a healthcare professional, requiring minimal equipment and providing significant information related to gait,
balance, and endurance of patients. The 6MWT and TUG are versatile tests used across multiple health conditions,
while the Timed 25-Foot Walk test (T25FW) is particularly employed within MS [108]. While not including the
activity of walking, STS-related tests are still representative of daily movements. They are reported in 7 studies
and show a positive association with light intensity physical activity and moderate to vigorous physical activity
[68, 64], and a negative association with sedentary behaviour [68]. This highlights the potential of this daily
movement, sitting and standing, and the value of tracking it through DHT.

Not all tests reported in Table 3 are directly associated with passively collected data in the reviewed studies,
but they are recognised as having the potential to be associated with free-living activities that follow similar
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patterns. For example, tests such as the Hand Grip Strength test, the Arm curl or the Shuttle test were not directly
associated with passively collected data in any of the included papers but appear relatively straightforward to
correlate with daily physical activities that patients engage in.

5.5.3 Monitoring duration. Data collection in free-living conditions relies on the reliability and quality of sensor
information obtained about participants’ daily activities. Therefore, one necessary aspect is that participants
wear the devices consistently in order to capture as much data as possible from everyday life. The duration of
passive monitoring, whether shorter or longer, can significantly impact both the value of the data collected and
participants’ adherence to the protocol.

Within the articles selected for this review, we can see that when the monitoring period is relatively short, the
study is typically aimed at capturing a snapshot of the participant’s condition [58]. This may also consider the
intent of investigating the feasibility of remote monitoring. In contrast, longer monitoring periods may provide
more robust insights and tend to focus on tracking changes longitudinally of the participants’ conditions [70, 109],
and may also create a more representative insight into the physical activity patterns of participants. Challenges
can arise with longer protocols for participants, however, such as reduced willingness to comply due to wearing
discomfort or concerns about prolonged surveillance as longitudinal studies increasingly involve complex ethical
and privacy considerations [110].

Sokas et al. [56] state that the number of detected passive 6MWT in a population of healthy control and
cardiovascular disease patients increases for longer device wear time, something which became clear for a
duration that exceeds 3 months. In comparison, periods that were less than a month struggled to show similar
correlation levels. This deviates from the results from Zhuparris et al. [90], who conclude that 1 to 14 days are
enough to estimate symptom severity in a group of people suffering from facioscapulohumeral dystrophy.

Further selected studies included in this review take a different approach by defining a minimum duration
of device-wearing time within a time window (such as a single day) where data shall be considered valid. The
majority of studies suggest a minimum wearing time of one week, which is similar to what is reported in the
review of primarily cancer studies from Beauchamp et al. [10], who saw the most frequent duration of monitoring
as between 8 to 30 days. As the examples from Sokas [56] and [90] show, optimal wearing time duration can
change significantly depending on health conditions and would be a good foundation for future research to
consider.

Our findings are also similar to the systematic review from Alharbi et al. [111] and to the Mobilse-D case study
[112]. On one side, Alharbi et al. investigated the management of data and wearables for older adults. Similarly to
our Table 6, they report that half of the articles reviewed (11/20) consider one week as the monitoring duration.
On the other side, Buekers et al. had an ideal protocol of 24 hours per day, for seven days. The minimum daily
wear time that did not statistically change outcomes was between no requirement to more than 14 hours of daily
data, while for the number of days, it varied from 1 to more than 7 days according to different parameters to
validate against clinical assessment.

5.5.4 Protocol adherence. Only 29/47 (62%) of the studies included in this review report on adherence. Given the
relevance of wearing time in the use of passively collected data, it is of great relevance that future research provides
complete information regarding compliance with their study protocol. Among those that report adherence, values
are generally above 50% with the exception of [83], which used a small sample size (16 participants) and, therefore,
is not comparable with the larger studies, and of [92], who reports adherence at different time intervals (1 week,
1 year and 2 year), clearly observing the problems arising with longer monitoring or follow-up periods. For a
one-week monitoring period (20 studies), the adherence is above 57%, with an average of 82%, which gives further
support for week-long monitoring as a good minimum target. Two studies achieve adherence of 98% [75] and 94%
[69] even though they include a large group of participants (256 and 239, respectively). However, their minimum
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monitoring time is very permissive as they only require a minimum of three days of data collection from each
participant to be counted as compliant.

Two studies that use one year of monitoring obtained 57% [59] and 83% [73] adherence. In longitudinal
monitoring, one may expect low adherence to the study protocol but other factors also affect this, such as the
type of recruitment (common dweller participants not followed by clinical experts [59], or recruited MS patients
through a clinical facility [73]), and the type and position of devices used (unobtrusive passive ambient monitoring
devices [59], or using a device with highly validated form factor [73]). During real-world data collection over a
longer period of time, protocol adherence is reported as improved by contacting participants through phone calls,
as for example, in [70]. Mueller et al. [87] illustrate participants’ adherence, highlighting the weak compliance of
participants throughout their study time and the complexity of managing adherence.

A systematic review of 25 articles on the use of wearables for cancer treatment reports an adherence for
patients wearing time between 60% to 100%, and 45%-94% of valid days [10]. The adherence values reported in
this review are relatively higher. This could be given the fact that the sample sizes of these articles are smaller in
comparison to the ones in this work (7-180 participants vs 10-703) and the fact that cancer patients may be more
engaged in their treatment. Their review, in agreement with our findings, reports that adherence measurement is
inconsistent across studies and, thus, challenging to compare. In the study from Sokas et al. [56], researchers
asked participants to wear a FitBit device for at least one week. Reported adherence is 71.08% in terms of the
days ratio. In addition, 24/28 cardiovascular disease patients and 67/71 healthy subjects exceeded the monitoring
duration of one week, while 16/28 patients and 62/71 healthy subjects exceeded two weeks. Some participants in
this study even exceeded the monitoring duration of 1 and 3 months. This is promising and could highlight the
fact that a good portion of participants are generally willing to use wearable devices.

6 Conclusions
In this review, we aim to provide a comprehensive summary of current research on the use of sensors in free-living
conditions and their clinical significance when associated with standard physical tests. To do so, we defined
four research questions that guided our systematic review of 47 existing studies, in which we outline key results
below - including considerations for future research related to the respective research questions. The studies
were identified following the PRISMA [48] search guidelines, targeting the Scopus, PubMed, and Web of Science
databases in combination with snowballing based on references analysis.

RQ1: Associating passively collected data with physical tests. Yes, it is possible to associate data collected
by DHT in free-living environments with standard physical tests, as many studies demonstrate significant
correlations between these data types. However, exceptions exist where no significant relationship between
free-living physical activity and clinical tests was observed. Also, while correlations and classifications provide
clinical significance to passively collected data, further research is needed to confirm these associations across
different populations and health conditions and to validate their use in clinical practice.
RQ2: Digital health technologies. The most common DHT used for passive data collection are wrist-

worn devices with IMUs from brands like Fitbit, Apple Watch, Withings, and ActiGraph, which is also in
line with the results from other reviews. As the included studies do not compare the data quality with other
devices, it remains unclear if the specific brand or model is more or less relevant than other commonly available
wearables. Smartphones also show promise for data collection due to their accessibility and widespread use
across demographics. Other sensing modalities, such as localization, have the potential for increasing accuracy
and insights, but their impact on privacy and ethical aspects would also need to be considered.
RQ3: Metrics extraction and their association with physical tests. Metrics extracted from daily living

data are most commonly derived from step count and activity intensity levels. Temporal features such as time
spent in moderate-to-vigorous activity are also prominent, with measures like the NET-F index and Peak-30CAD
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showing correlations up to 0.68 [94, 76]. Overall, correlations between passive data and clinical tests tend to be
stronger in populations with physical impairments, suggesting that such features may more accurately reflect
the physical function of individuals with health conditions rather than healthy participants.

RQ4: Experimental protocol characteristics. The reviewed studies share several common characteristics in
their experimental protocols, particularly regarding population, physical tests, monitoring duration, and protocol
adherence.

• Population: Studies primarily focus on populations affected by neurodegenerative diseases (e.g., multiple
sclerosis, Parkinson’s disease), cardiovascular conditions, or frailty due to ageing, as these conditions
impact physical function and capacity. However, numerous studies did not specify a particular health
condition, likely aiming to explore passively collected data in a general population. The risk of bias
analysis highlighted challenges related to the recruitment of representative groups of participants, with
the tendency to recruit people with a higher level of fitness in comparison to a baseline target of interest.
Only three studies included a population below 15 years old, indicating the need for further exploration
in younger age groups.

• Protocol Design: Most studies are characterised by cross-sectional approaches, including a supervised
assessment visit and a passive monitoring period with DHT. Supervised assessments serve as baseline
measures, helping validate data collected in unsupervised settings. To note is that cross-sectional designs
allow establishing statistical correlation rather than causality between performance and capacity. The
6MWT is the most frequently used test, appearing in 26 studies. Future studies would benefit from using
multiple tests and questionnaires to establish a thorough baseline of participants’ conditions.

• Monitoring Duration: Most studies suggest a minimum wearing time of one week, aligning with other
reviews on wearables in health research. Optimal wearing time, however, may vary across conditions, as
seen in studies specifying different minimum durations based on health contexts.

• Protocol Adherence: Short-term monitoring achieves generally higher adherence, with participants more
likely to maintain the protocol over days or weeks. Long-term studies report lower adherence, which may
be mitigated by contacting participants over the phone but remains an issue which needs to be actively
addressed. In some of the selected studies, participants exceeded the required wear time, suggesting that
user engagement with wearable devices can be very high if the DHT provides tangible user value.

Our review has some limitations, which are useful to consider for future research.
First, even if a broad query on physical function and capacity was included, our focus was on 4 types of

standardised physical tests. Regardless of how representative and widely adopted those tests are, there are more
physical tests that can be included, such as the T25FW, which we did not include in the query but appeared as
relevant for MS in the snowballing phase.

Second, the clinical relevance of data collected in free-living conditions can be assessed in other ways rather than
with physical tests, such as by assessing its association with mortality or by measuring response to medication
and treatments in general. These studies, however, require large cohorts and time spans, which may not be easy
to obtain with such recent technologies.

Third, the reviewed papers focussed mostly on non-communicable diseases, particularly chronic conditions that
are known to affect mobility such as neurodegenerative disease, however there may be valuable information in
free living activity data also for other types of conditions, including infectious diseases. For example, a reduction
in physical activity measured through wearables has been associated with the onset of COVID-19 [113] or
influenza [114]. This could be the subject of future research.

Finally, future work could also examine how categories of physical activity relate to standard test performance
(high vs low performance), emphasizing their use in clinical practice and decision-making. This information may
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usefully complement other assessments and motivate further research on finer classifications using time series
analysis with machine learning and advanced techniques.

Overall, our review contributes by adding to the evidence that sensors and digital technologies are becoming
valuable tools for assessing human health. In the future, these tools may become more effective and timely
at detecting changes than conventional clinical tests and may become a reliable tool for aiding diagnosis and
treatments.
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Table 7. Relationship between data collected in free-living conditions and standard clinical assessment.

Article Found association Device Po-
sition

Type of
sensor

Monitoring
duration

Considered
tests

Participants ad-
herence

Wiedmann
et al. [89]

Gait speed and 1MWT (0.26, 𝑝 = 0.002). Gait speed and 1MWT gait speed (0.40,
𝑝 = 0.004)

Waist IMU 1 week 1MWT 69.32%

Rens et al.
[79]

Passive data ability to distinguish an in-clinic 6MWT distance higher or lower 300m
with AUC 0.643, and with unsupervised reproduced 6MWT distance higher or lower
300m with AUC 0.704 (natural logarithm of the total steps walked per day as counted
by the phone or watch, whichever was higher)

Undefined +
Wrist

IMU, PPG 6 months 6MWT 72.90%

Mueller et al.
[87]

Gait speed in short bouts and 4mWT gait speed (0.23), longer bouts correlated with
6MWT (0.48) and with 400mWT (0.59). Weaker associations for comparison of non-
similar walking bouts. Longer gait tests are the most reflective of real-world walking
behaviour.

Waist IMU 40 days 4MWT, 6MWT,
400mWT

Ullrich et al.
[82]

Good agreement between gait parameters derived from detected 4 × 10MWT in free-
living conditions compared to ground truth 4 × 10MWT labels was observed for all
gait parameters in all speed levels.

Shoes IMU 2 weeks 10mWT

Sokas et al.
[56]

Correlation between estimated 6MWD and reference 6MWD for patients with CVD,
healthy subjects over 40 years, and healthy subjects below 40 years, is 0.39 (𝑝 < 0.01),
0.23 (p=0.07), and 0.42 (𝑝 < 0.05), respectively. Unintentional walk testing is feasible
and could be valuable for repeated assessment of functional performance outside the
clinical setting.

Wrist IMU, PPG 1 week 6MWT 71,08%

Lyden et al.
[93]

Best 6-minute step count correlated with in-clinic assessments as follows: with 6MWD
(0.26, p=0.007), with 4mWT (0.20, p=0.04), with shuttle walk test (0.29, p=0.003). Rise
time correlated with in-clinic assessments as follows: with 6MWD (-0.26, p=0.01), with
4mWT (-0.23, p=0.02), with shuttle walk test (-0.22, p=0.03). Sedentary duration was
not correlated with in-clinic physical function measurements, while MVPA and the
number of steps/day had modest correlation with in-clinic 6-minute walk distance.

Wrist IMU, PPG 1 week 6MWT, Shuttle
Test, 4mWT

Sun et al.
[70]

Minute-level step count had a stronger association with 6MWT. Best features are walk-
ing aids, age, sedentary activity, max steps in short bouts (up to 30 min). Classification
between upper and lower 25% 6MWD derived from maximum, AUC of random forest
= 0.87

Undefined +
Wrist

IMU, PPG,
Smartphone
interaction

6 to 24 months 6MWT

Crane et al.
[57]

Standard deviational ellipse (SDE) area and 6MWT (0.24, 𝑝 = 0.003), Total time and
percentage of total time out-of-home and 6MWT (0.22-0.27, 𝑝 = .01). Total time and
percentage of total time out-of-home and time to complete Figure 8 Walk (-0.20–0.23,
𝑝 = .05). Median time out-of-home was correlated with 6MWT (𝜌 = 0.24, 𝑝 =
.003). The overall maximum distance traveled from home was associated with better
performance on the Trail Making Test, Part B (𝜌 = −0.21, 𝑝 = .01), while the median
maximum distance was related to faster times on the Trail Making Test, Part B (𝜌 =
−0.18, 𝑝 = .03), a greater distance traveled on the 6MWT (𝜌 = 0.24, 𝑝 = .004), and
faster times on the Figure of 8 Walk (𝜌 = −0.16, 𝑝 = .047).

Undefined GPS 1 week 6MWT, Figure
8 Walk Test,
14mWT

81,87%

Straiton et al.
[53]

Improved functional capacity post-AVR in the clinic setting does not always correspond
to improved engagement in incidental PA in the free-living environment and vice
versa.

Wrist IMU 8 days 6MWT, 5mWT,
Hand Grip
Strength Test

73.33%

Rekant et al.
[58]

Neither summary measures of global health nor physical activity were significantly
related to 6MWT performance.

Wrist IMU 1 day FSST, 10mWT,
6MWT

Zajac et al.
[8]

Clinically measured walking capacity significantly contributed to real-world walking
performance (i.e., daily steps and weekly moderate intensity walking minutes) in
a sample of relatively older persons with mild to moderate PD. However, a large
portion of the variance in walking performance was unexplained by capacity measure.
Nonetheless, walking capacity explained more variance in a less active subgroup
compared to a more active subgroup of participants.

Ankle IMU, GPS 1 week 6MWT, 10mWT

Schütz et al.
[59]

Digital exhaust performances on the fall-risk related TUG has ROC AUC values of
0.786

Undefined Ambient
sensors

1 year TUG 57,14%
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Article Found association Device Po-
sition

Type of
sensor

Monitoring
duration

Considered
tests

Participants ad-
herence

Bouça-
Machado et
al. [83]

The analysis using supervised and FL kinematic gait parameters as independent vari-
ables identified step length (adjusted R2 = 0.53) and step time asymmetry (adjusted R2
= 0.51) as the best predictors of TUG changes for each assessment condition.

Lower back IMU 6 days TUG, 5STS 66,67%

Silva et al.
[51]

Both theoretical (parameters weights based on literature odds ratio) and empirical
(parameters weights based on correlation of each one with TUG and POMA tests)
approaches presented strong correlations with the functional tests (TPOMA, 0.80;
T-TUG, 0.79; E-POMA, 0.90; E-TUG, 0.89), and were deemed statistically similar to the
scaled output of these assessments, presenting p-values < 0.1.

Undefined IMU 2 weeks TUG, POMA

Zhai et al.
[71]

Steps/minute showed within all participants weak to moderate correlations with clini-
cal measures (2MWT, 6MWT, FTSTS,T25FW rho = |0.21| 𝑡𝑜 |0.34|, 𝑝 < 0.05). In healthy
controls and pwMS with ambulatory impairment, MVPA had a stronger association
with some of the clinical measures than steps/minute (rho = |0.28| 𝑡𝑜 |0.59|, 𝑝 < 0.05).
Among all variables derived from the smartphone, varVM showed the strongest corre-
lations among all participants with the clinical measures (TTW, 2MWT, 6MWT, FTSTS,
T25FW, rho = |0.56| 𝑡𝑜 |0.61|, 𝑝 < 0.0001).

Undefined +
Wrist

IMU 1 week 5STS, T25FW,
2MWT, 6MWT,
3mTTW

86,71%

Block et al.
[72]

Average daily step count was associated with T25FW times (Spearman’s q = -0.65,
𝑝 < 0.001). Similarly, TUG times and distances walked during the 2MW test were also
significantly associated with step count.

Wrist IMU 1 week T25FW, TUG,
2MWT

Zhuparris et
al. [90]

Time spent at a health-related location (such as a gym or hospital) and call duration
were features that were predictive of clinical assessments. The multitask model had R2
of 0.81 and RMSE of 1.61 for the TUG. The 3 most important features were light sleep
duration, total steps per day, and mean steps per minute. Using an increasing time
window (starting from day 1 to day 14) for the TUG estimation yielded an average R2
of 0.79 and an average RMSE of 2.05.

Wrist IMU, PPG 6 weeks TUG 65,52%

Block et al.
[73]

A decreasing average daily step count during the study was associated with worsening
of clinic-based outcomes (Timed 25-Foot Walk, 𝛽 = −13.09; 𝑃 < .001; Timed-Up-and-
Go, 𝛽 = −9.25; 𝑃 < .001).

Wrist IMU 1 year T25FW, 6MWT,
10MWT, 2MWT

83,16%

Supratak et
al. [74]

Correlation between maximum sustained walking speeds at home and the T25FW
walking speed measured in the clinic R-value = 0.89.

Lower back IMU 1 week T25FW, 6MWT

Motl et al.
[75]

The average of total daily movement counts from the vertical axis of the accelerometer
correlated with T25FW (𝜌 = −0.595, 𝑃 = 0.001) and 6MWD (𝜌 = 0.630, 𝑃 = 0.001).
Among those with mild disability, the correlations resulted in 𝜌 = −0.386, 𝑃 = 0.001
and 𝜌 = 0.333, 𝑃 = 0.003. Among those with moderate/severe disability, the correla-
tions resulted in (𝜌 = −0.431, 𝑃 = 0.001) and (𝜌 = 0.469, 𝑃 = 0.001).

Undefined IMU 1 week T25FW, 6MWT 98,44%

Angelucci et
al. [94]

The NET-F index, HROS1% quantile, and average number of Fitbit step count correlated
with 6MWD with 0.68 (𝑃 < .001), −0.39 (𝑃 = .04), and 0.59 (𝑃 < .001). The conditional
probability of a 6MWT result < 350 m if the mean number of steps is < 10,000 is
0.53. The conditional probability of a 6MWT result < 350 m if the maximum number
of steps is < 10,000 is 0.75. The ROC curve with NET-F index has an AUC of 0.80,
and the optimal threshold, with a TPR of 0.88 and FPR of 0.43, is 7.78. This value can
significantly discriminate the 6MWT walked distance (𝑃 = .01).

Wrist IMU, PPG 1 week 6MWT 82,76%

Moy et al.
[52]

Steps per day were significantly associated with 6MWT distance (10 [4.17] Unadjusted
Coefficient [95% CI]).

Shoes IMU 2 weeks 6MWT

Löppönen et
al. [60]

Laboratory-based STS capacity was associated with the free-living mean STS perfor-
mance (𝑟 = 0.52, 𝑃 < 0.001) and free-living maximal STS performance (𝑟 = 0.65,
𝑃 < 0.001). However, capacity and performance are not interchangeable but rather
provide complementary information. Older and low-functioning individuals seemed to
perform free-living STS movements at a higher percentage of their maximal capacity
compared with younger and high-functioning individuals.

Upper thigh IMU 1 week SPPB, STS
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Article Found association Device Po-
sition

Type of
sensor

Monitoring
duration

Considered
tests

Participants ad-
herence

Saporito et
al. [69]

Remote TUG can estimate TUG values with a median absolute error of 1.4 s (1.3 s),
mean absolute error of 2.1 s (1.7 s), and AUC-ROC of 0.89. A correlation between the
standardized TUG and the estimated TUG was found (0.70), indicating that there was
agreement between sensor-based estimation and the standardized test value.

Chest IMU 3 days TUG 94,09%

Zheng et al.
[76]

Daily steps were correlated with all physical performance scores in MS (|𝑟𝑠| =
0.58–0.60), but only correlated with 6MWT in healthy controls (𝑟𝑠 = 0.38), all 𝑃 < .01.
Significant associations were observed between Peak30CAD and Peak-1CAD with
SPPB, T25FW, 6MWT, and TUG in both groups. The magnitudes were stronger in MS
than in controls (|𝑟𝑠| = 0.56–0.68 vs. 0.35–0.62).

Waist IMU 1 week SPPB, T25FW,
TUG, 6MWT

62,62%

Apple
Watch [55]

The ROC curve (AUC 0.946) is the result of e6MWD to classify users with respect to a
threshold of 360 meters.

Wrist IMU, PPG Not specified 6MWT

Wright et al.
[61]

Correlation between the physical capacity and physical activity was investigated.
Largest correlation was 0.46 (p=0.157). The contributors were 6MWD, walking duration
of longer bouts and movement intensity

Lower back IMU 1 week 6MWT, SPPB,
Sway Test, TUG

72,38%

Santos et al.
[62]

When observing results from each test we verified that spending more time in seden-
tary behaviors, independently of MVPA, had a negative impact on upper and lower
body strength, agility/dynamic balance, and lower flexibility. On the other hand, inde-
pendently of sedentary time, a positive association was found between MVPA with
aerobic endurance and upper flexibility

Waist IMU 4 days 30STS, Arm
curl, Chair
sit-and-reach,
Back scratch, 8-
foot up-and-go,
6MWT

Nørgaard et
al. [85]

6MWD correlated 0.3, 0.29, 0.42 with accelerometer mean counts/min, number of
minutes with counts > 1000/min and number of minutes with counts > 2500/min,
respectively.

Waist IMU 1 week 6MWT, Watt-
max test (WMT)

87%

Nero et al.
[84]

Motor impairment is negatively associated with PA in older adults with PD. Motor
impairment, physical function, body mass index and dyskinesia contributed to the
variance of total physical activity, explaining 34% of the variance.

Waist IMU 1 week Mini-BESTest 91%

Agarwal et
al. [86]

IMU derived features obtained in classifying performance values in the first quartile,
interquartile range, and the fourth quartile were 0.62, 0.53, and 0.51 for the 400mWT,
20mWT, and 5STS, respectively (metric: The Goodman-Kruskal Gamma statistic)

Waist IMU 1 week 400meterWT,
20meterWT,
5STS

Urbanek et
al. [63]

Median walking acceleration was associated with physical function (0.332, p = .001),
median cadence was associated with gait speed (0.378, p = .002), and usual-paced
400mWT (-0.799, p = .034) and fast-paced 400mWT (-0.378, p = .002). Daily walking
time was associated with fast-paced 400mWT (-0.318, p = .004).

Waist IMU 1 week 400meterWT,
4meterWT

O’Brien et al.
[64]

Steps per day had moderate positive correlations with predicted VO2max, pushups
and STS (r=0.37–0.58). Sedentary activity was not correlated to any physical fitness
measures nor, grip strength or vertical jump.

Waist IMU 1-2 weeks 6MWT, Grip
strength, 30STS

Van
Gameren et
al. [65]

Weak correlations between the SPPB and sensor-based daily life gait quality and
quantity. This is likely given by the large interindividual variation in daily life gait
quality and quantity data in combination with the small interindividual variation in
the SPPB score in our study population of older adults

Lower back IMU 1 week SPPB 85%

Mate et al.
[77]

Compared with people with 6MWT distance of at least 600 m, people walking less
than 500 m had approximately half the rate of walking bouts of 5 minutes or longer.

Thigh IMU 1 week 6MWT 99.31%

Karavirta et
al. [66]

6MWT speed and acceleration significantly correlated with absolute MVPA (0.57, 0.49);
with daily average acceleration (0.55, 0.49). Only 6MWT acceleration significantly
correlated with relative physical activity (-0.30). Regression analysis showed that
6MWT speed explained 22% of the variation in absolute MVPA (p < .001). Relative PA
was not significantly explained by 6MWT speed.

Thigh IMU 1 week 6MWT 89.7%

Birnbaum et
al. [91]

Symptom severity, disease duration, lower limb strength were not associated with PA
metrics. There was a positive correlation between PA and 6MWD (0.387, p=0.03) but
not with sedentary behaviour (–0.183, p=0.32).

Lower back IMU 1 week 6MWT, Isomet-
ric Kneww Ex-
tension strength

86.84%

Continued on next page
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Katzan et al.
[54]

Correlations at baseline of step count with 2MWT, balance and 4mWT at discharge
were 0.44 (95% CI –0.14 to 0.75),–0.12 (95% CI –0.67 to 0.64), and 0.17 (95% CI –0.46 to
0.66), respectively. Correlations at Day 30 were 0.22 (95% CI –0.45 to 0.71), –0.30 (95%
CI –0.83 to 0.41), and 0.21 (95% CI –0.48 to 0.76) respectively.

Wrist IMU, PPG 90 days Standing Bal-
ance Test,
2MWT, 4me-
terWT

53.3%

De Pontes et
al. [67]

Significant positive correlation was found between total energy expenditure and walk-
ing speed (0.266; p = 0.047), 6MWD (0.424; p = 0.001) maximum handgrip strength (r
0.478; p<0.001).

Thigh IMU 1 week 4meterWT,
6MWT, Hand
Grip Strength
Test, TUG

Choudhury
et al. [68]

STS performance was associated with sedentary behaviour, light-intensity physical
activity and MVPA durations in the regression analysis after adjusting for total wear
time.

Wrist IMU 1 week Hand Grip
Strength Test,
30STS

90%

Karle et al.
[78]

No correlation was found between the 2MWT cadence and free-living walking minutes,
in which participants reached 100%, 90% 80% and 70% of 2MWT cadence.

Lower back IMU 1 week 2MWT

Nair et al.
[92]

Step activity correlated significantly with 10mWT (-0.56) and with 6MWD (0.40).
Results showed that two years prior to LoA, on average, these boys had 32% lower
daily step count compared to age-matched boys with DMD who remained ambulatory
for at least two more years (3219 vs 4468, p=0.02).

Waist IMU 1 week, 1 and 2
year follow up

6MWT, 10me-
terWT

44.88% (1 year),
22.83% (2 years)

Low et al.
[95]

Daily step count and SPPB (0.56 p<0.001), and TUG (-0.61, p<0.001). Peak gait ca-
dence and SPPB (0.66 p<0.001), and TUG (-0.72, p<0.001). Activity fragmentation and
SPPB (-0.69 p<0.001), and TUG (0.71, p<0.001). Time at home, Distance travelled and
geographic mobility did not correlate significantly (p<0.01) with SPPB and TUG.

Undefined,
wrist

IMU, GNSS,
Smartphone
interaction

1 month SPPB, TUG 83.87

Bachman et
al. [97]

Spearman correlation of submaximal VO2 with sedentary time (-0.32 p<0.05), step
count (0.63. p<0.001), light activity (0.4, p<0.01), moderate-to-vigorous activity (0.51,
p<0.001), time in stepping bouts>1 minute (0.54, p<0.001) and peak 30s cadence (0.33,
p<0.05). Weighted median cadence in stepping bouts>1 minute was the only measure
not associated with submaximal VO2 (0.08; P=.61). After accounting for the effects of
demographics and cancer characteristics in a partial Spearman correlation framework,
average daily step count was significantly correlated with submaximal VO2 (0.46;
P=.002), as was time in moderate to vigorous activity (0.33; P=.03).

Thigh IMU 1 week Balke Treadmill
Test

56.98%

Chaudru et
al. [80]

Moderate but significant inverse correlations were found between the mean walking
pain manifestations per day and the maximal walking time (Gardner) (-0.472, P = .027)
and the pain-free walking time (Strandness) (-.543, P = .016), the maximal walking time
(Strandness) (-.527, P = .017). However, these correlations should be interpreted with
caution considering the low number of walking pain manifestations experienced by
the PAD participants.

Undefined,
wrist

IMU, GNSS 1 week Gardner-
Skinner tread-
mill protocol,
Strandness
treadmill
protocol

73%

Van de Port
et al. [88]

The 10mWT was significantly associated with thenumber of steps a day and the step
frequency (0.076, p:0.094*), TUG with step frequency (0.262 p=0.001).

Lower back IMU 1 week TUG, 10me-
terWT

85.71%

Rowlands et
al. [81]

ISWT performance was positively correlated with PA volume (r=0.50, p<0.001) and
absolute intensity (r=0.50, p<0.001), but negatively correlated with relative intensity
(r=-0.13, p=0.025). Quantifying absolute and relative PA intensity of PA could improve
enables personalisation of interventions.

Wrist IMU 1 week ISWT 81.79%
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Table 8. Risk of Bias Assessment

Confounding Bias Selection Bias Overall Bias

Wiedmann et al. [89] + - -

Rens et al. [79] - - -

Mueller et al. [87] + + +

Ullrich et al. [82] - - -

Sokas et al. [56] X - X

Lyden et al. [93] + + +

Sun et al. [70] + + +

Crane et al. [57] + + +

Straiton et al. [53] - X X

Rekant et al. [58] + - -

Zajac et al. [8] + + +

Schütz et al. [59] + - -

Bouça-Machado et al. [83] + - -

Silva et al. [51] - X X

Zhai et al. [71] - + -

Block et al. [72] + + +

Zhuparris et al. [90] + - -

Block et al. [73] + + +

Supratak et al. [74] + - -

Motl et al. [75] + - -

Angelucci et al. [94] - + -

Moy et al. [52] - X X

Löppönen et al. [60] + + +

Saporito et al. [69] - - -

Zheng et al. [76] + - -

Apple Watch [55] + X X

Wright et al. [61] - - -

Santos et al. [62] + - -

Nørgaard et al. [85] + + +

Nero et al. [84] - - -

Agarwal et al. [86] - + -

Urbanek et al. [63] + - -

Continued on next page
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Table 8 – continued from previous page

Confounding bias Selection Bias Overall Bias

O’Brien et al. [64] + - -

Van Gameren et al. [65] - - -

Mate et al. [77] + - -

Karavirta et al. [66] + - -

Birnbaum et al. [91] - - -

Katzan et al. [54] - X X

De Pontes et al. [67] + - -

Choudhury et al. [68] + - -

Karle et al. [78] - - -

Nair et al. [92] + - -

Low et al. [95] + - -

Bachman et al. [97] + - -

Chaudru et al. [80] + + +

Van de Port et al. [88] - + -

Rowlands et al. [81] + - -

Key: + = Low Risk; - = Moderate Risk; X = Serious Risk.
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