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Abstract
Background: Knee osteoarthritis is a heterogeneous condition characterized by chronic pain, stiffness, and fatigue that
fluctuate rapidly over time. Traditional clinical assessments provide only static diagnoses of disease severity, failing to capture
the dynamic, day-to-day symptom variability that impacts patient quality of life. While wearable technologies offer the
potential for continuous, high-frequency monitoring, previous reviews have examined general technological interventions for
knee osteoarthritis management, yet they lack a specific synthesis of technologies for symptom monitoring.
Objective: This study aims to synthesize current research on sensor technologies used for the continuous monitoring of
knee osteoarthritis symptoms in free-living or simulated daily environments. Specifically, the review seeks to (1) map sensor
modalities to specific symptom domains (biomechanical, physiological, and behavioral); (2) evaluate the alignment between
objective sensor metrics and patient-reported outcome measures; and (3) identify gaps in current monitoring paradigms.
Methods: A systematic literature search was conducted across PubMed, Embase, Web of Science, and IEEE Xplore. The
review followed the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) guidelines. Eligibility criteria included studies involving participants with knee osteoarthritis using wearable
or portable sensors capable of continuous monitoring (eg, inertial measurement units and electrocardiography) and assessing
clinical symptoms (eg, pain, fatigue, and stiffness). Studies relying solely on stationary laboratory equipment (eg, force plates)
without a portable component were excluded to ensure relevance to real-world applicability. Data regarding sensor types,
sampling frequencies, monitored symptoms, and the statistical association between objective features and subjective symptom
severity (key findings) were extracted.
Results: A total of 16 studies met the inclusion criteria. The summary constructed from the results revealed a distinct
technological saturation: the majority of studies (n=6) used inertial measurement units to quantify biomechanical deficits (eg,
gait asymmetry and range of motion), which showed robust correlations with functional limitations. In contrast, there was
a notable scarcity of research using physiological sensors (eg, electrocardiography and bioimpedance) to monitor systemic
symptoms. Crucially, findings highlighted a significant discrepancy between subjective and objective data, particularly in sleep
monitoring, where poor self-reported sleep quality predicted pain exacerbations despite stable objective actigraphy metrics.
Furthermore, most systems operated as passive data loggers, with a lack of integration into active feedback loops.
Conclusions: Unlike previous reviews focused solely on biomechanics, this study innovatively maps the use of sensors across
a multidimensional symptom spectrum, revealing a critical gap in the monitoring of fatigue and physiological stress. The
findings suggest that current sensor applications are limited by a lack of integration with subjective patient experiences.
Real-world implementation requires a hybrid monitoring paradigm that combines the ecological validity of wearable sensors
with the clinical relevance of patient-reported outcomes. This approach paves the way for digital phenotyping and active
feedback systems, offering a personalized strategy for managing the complex symptom burden of knee osteoarthritis.
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Introduction
Knee osteoarthritis is a prevalent degenerative joint disease
characterized by the progressive loss of articular cartilage,
subchondral bone remodeling, synovial inflammation, and
the formation of osteophytes, ultimately leading to joint
pain, stiffness, and functional limitations [1]. Knee osteoar-
thritis primarily affects older adults, with a global prevalence
estimated at 10%‐15% among individuals aged 60 years
and older [2]. Beyond structural joint damage, the disease
is clinically defined by its debilitating symptoms, primarily
pain, stiffness, tenderness, and swelling [3]. These symptoms
are not static; rather, they fluctuate daily or even hourly,
influenced by physical activity, weather, and psychological
factors [4,5]. This variability significantly impacts patients’
mobility and quality of life, necessitating timely and dynamic
management strategies [6].

Traditional assessment methods, such as clinical physical
examinations and self-reported questionnaires (patient-repor-
ted outcome measures [PROMs]), remain the gold stand-
ard for evaluating these symptoms [3,4]. However, these
subjective measures are limited by recall bias and typi-
cally provide only a snapshot of the patient’s condition
during clinical visits, often failing to capture the continu-
ous, real-world variability of knee osteoarthritis symptoms
[7,8]. To overcome these limitations, objective and longitu-
dinal data are needed to reflect the patient’s actual daily
status. Wearable sensing technologies offer a robust solution
by enabling the continuous collection of physiological and
biomechanical data outside of clinical settings [9,10].

Importantly, these technologies enable the collection of
objective digital markers that are increasingly explored
for monitoring and characterizing osteoarthritis symptoms
in daily life [11,12], complementing rather than replacing
patients’ subjective reports. Although sensors do not measure
pain or stiffness directly, they provide quantifiable metrics
that track the physiological and biomechanical consequences
of these symptoms. For instance, published evidence suggests
that heightened knee pain often manifests objectively as
reduced gait speed, altered gait symmetry [11], or elevated
physiological stress markers [13,14], whereas joint stiffness
is typically associated with restricted range of motion (ROM)
or specific kinematic deviations during daily activities [12].
Identifying and validating these specific digital markers is the
fundamental step for developing future monitoring systems
that can infer symptom status without burdening patients with
constant manual reporting.

However, the current landscape of these digital markers
remains fragmented. While various sensor-derived metrics
exist, it is often unclear which specific combinations of
markers effectively capture the multidimensional nature of
knee osteoarthritis symptoms in a free-living environment.
Most existing monitoring approaches leverage only a subset

of available technologies, lacking a comprehensive evidence
base regarding their association with specific symptoms [10,
15,16]. Therefore, a comprehensive synthesis of the current
state-of-the-art digital markers is needed to support the
development of technologies capable of more accurately
capturing daily symptom fluctuations and reflecting the
patient’s multidimensional symptom profile.

Previous reviews have examined general technological
interventions for knee osteoarthritis management [15,16], yet
they lack a specific synthesis of biomarkers for symptom
monitoring. Therefore, this scoping review aims to map
the existing literature to identify objective digital markers
that represent knee osteoarthritis symptoms in free-living
settings. Specifically, we explore the evidence linking these
objective sensor-derived metrics to subjective knee osteoar-
thritis symptoms across a spectrum of settings, ranging from
laboratory-based validation studies to continuous monitoring
in free-living environments. Therefore, our specific research
objectives are to (1) map available sensor modalities to
a multidimensional spectrum of clinical symptoms, includ-
ing underresearched domains like fatigue, sleep quality,
and physiological stress; (2) evaluate the current evidence
regarding the alignment or discrepancy between objective
digital markers and subjective PROMs; and (3) identify which
digital markers are the most promising candidates to guide the
development of future hybrid monitoring paradigms.

Methods
Overview
The scoping review was conducted following the PRISMA-
ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidelines
[17].
Search Strategy
To ensure a comprehensive identification of relevant
literature, we developed a systematic search strategy
in accordance with the PRISMA-S (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses and
search extension) guidelines [18]. We expanded our search
beyond standard biomedical databases to include engineer-
ing and technology-focused repositories to capture sensor-
based research. The electronic databases searched included
PubMed, Embase, Web of Science, and IEEE Xplore.

The search strategy was designed to capture the inter-
section of 4 key concepts. First, we defined the popula-
tion, specifically targeting patients with knee osteoarthritis.
Second, we identified the target symptoms, which included
pain, stiffness, fatigue, and ROM. Third, we established
the monitoring context, focusing on daily, continuous, or
ambulatory settings. Finally, we specified the technology,
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encompassing wearable sensors, mobile apps, and physiologi-
cal signals.

The search string used a combination of medical subject
headings and free-text keywords, including specific sensor
modalities (eg, “accelerometry,” “photoplethysmography,”
and “electromyography”) and digital tools (eg, “smartphone
applications”), as detailed in the Introduction section. The
search was updated and re-run on February 5, 2026. To
ensure the review focused on contemporary sensor technol-
ogies relevant to current clinical practice, the search was
limited to studies published in the last 5 years (from January
1, 2019, to the search date). This timeframe was selected to
align with the rapid proliferation of wearable technology and
smartphone integration in health care. The full search terms
are reported in Multimedia Appendix 1 and were adapted for
the specific requirements of each database.

To fully adhere to the PRISMA-S reporting guidelines, we
explicitly state the following methodological details regarding
our search process: the search strategy was developed
collaboratively by the research team but was not formally
peer-reviewed by an independent medical librarian (PRESS
[Peer Review of Electronic Search Strategies]). No specific
methodological search filters (eg, study design filters) were
applied, nor were the search strategies adapted from prior
literature reviews. Additionally, our search was restricted to
the above databases; we did not search clinical trial registries,
browse unindexed online resources, or contact authors and
manufacturers for additional data, as our focus was strictly
on peer-reviewed published evidence. To address potential
gaps in electronic indexing and maximize coverage, we also
performed a manual hand-search of the reference lists of
included studies and relevant systematic reviews to iden-
tify additional eligible articles. Furthermore, regarding other
search specifics, all databases were searched independently
on their respective platforms; no simultaneous multidata-
base searching via a single platform was performed. No
additional information sources or search methods beyond
those explicitly described were used. Additionally, no formal
update search protocols or automated email alerts were
implemented throughout the review process.

All identified citations were collated and uploaded
into EndNote (Clarivate Analytics), and duplicates were
removed. Specifically, the deduplication process involved
using EndNote’s automated “Find Duplicates” function,
followed by a manual verification by the reviewers to ensure
accuracy. To minimize selection bias and ensure rigor, the
screening process was conducted in two distinct stages. In
the first stage, which involved title and abstract screening, 2
independent reviewers (BC and YW) evaluated the records
against the predefined inclusion criteria. In the second stage,
representing the full-text review, potentially eligible articles
were retrieved and assessed in detail for final inclusion. Any
disagreements between the reviewers at either stage were
resolved through discussion or, if necessary, consultation with
a third reviewer to reach a consensus.

Eligibility Criteria
Studies were selected based on the following inclusion and
exclusion criteria, explicitly designed to identify technologies
suitable for the objective, ecological monitoring of symp-
tom-related variables. For the population, studies needed to
focus on adults diagnosed with knee osteoarthritis. Regard-
ing technology and feasibility, the study had to use non-
invasive wearable sensors (eg, IMUs and smartwatches)
or mobile health technologies (eg, smartphone apps) that
are portable and capable of unsupervised data acquisition
without requiring constant health care professional involve-
ment, thereby ensuring applicability for free-living monitor-
ing. Conceptually, the study needed to investigate objective
biomechanical or physiological digital markers and explic-
itly assess their association with subjective symptoms. In
terms of context, we included studies conducted in free-living
environments (home or community) or laboratory settings,
provided that the laboratory studies simulated daily living
activities (eg, level walking and sit-to-stand tasks) to validate
the sensor’s potential for real-world application. Finally,
eligible study designs were restricted to original quantitative
or qualitative research published in English.

Conversely, studies were excluded based on several
criteria. Regarding the population, studies were excluded if
participants had undergone total knee arthroplasty, ensuring
our focus remained on monitoring natural disease progres-
sion. We also excluded studies based on technological
constraints; specifically, if the monitoring method relied on
stationary clinical infrastructure (eg, optoelectronic motion
capture systems and nonportable force plates) that pre-
cludes ecological integration into free-living environments,
or if it relied solely on manual clinical assessment tools
(eg, hand-held dynamometers, visual inspection scales, or
manual goniometry performed by a therapist), as these do
not represent automated, continuous monitoring technolo-
gies. Furthermore, regarding intervention focus, studies were
excluded if their primary aim was to evaluate therapeutic
interventions, such as rehabilitation programs, pharmacolog-
ical clinical trials, acupuncture, or radiological diagnostics,
unless sensor-derived symptom markers were explicitly
investigated as a primary outcome. Finally, publication
types such as literature reviews, study protocols, editorials,
or conference abstracts without available full texts were
excluded.

Data Charting Process
Data extraction was conducted using a standardized data
charting form developed specifically for this review. To
ensure consistency and rigor, the form was pilot-tested on
a random sample of 5 studies. Data were extracted by one
reviewer (BC) and verified by a second reviewer (YW) for
accuracy. Any discrepancies were resolved through discus-
sion.
Data Items
We extracted data at two levels: study characteristics and
specific monitoring variables. Specifically, the extracted
study characteristics included the author, year, country, study

JOURNAL OF MEDICAL INTERNET RESEARCH Cui et al

https://www.jmir.org/2026/1/e84262 J Med Internet Res 2026 | vol. 28 | e84262 | p. 3
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84262


design, setting (laboratory vs free-living), and participant
demographics such as sample size, age, sex, and BMI.
Regarding the specific monitoring variables, we systemat-
ically categorized the data into 3 main areas. First, for
monitoring technology, we recorded the sensor type (eg,
IMU, electromyography [EMG], and photoplethysmography
[PPG]), body placement (eg, lumbar, shank, and wrist),
sampling frequency, and duration of monitoring. Second, for
symptom assessment, we extracted the method of symptom
quantification (eg, VAS, WOMAC, and NRS), the specific
symptom domains measured (such as pain, stiffness, and
fatigue), and the frequency of data collection (eg, momentary,
daily, or weekly). Finally, we documented the key findings,
focusing on the reported statistical associations between
the objective sensor-derived variables and the subjective
symptom scores.
Critical Appraisal of Evidence
As this is a scoping review aiming to map available literature
rather than assess efficacy, a formal risk of bias assessment
(eg, Cochrane ROB) was not performed. However, to address
the rigor of the included evidence, we classified studies based
on their design (eg, proof-of-concept, validation study, and
longitudinal monitoring) and setting (controlled laboratory
vs unsupervised free-living environment). This classification
allows for a nuanced understanding of the current maturity of
sensor-based symptom monitoring.
Data Synthesis and Categorization
In accordance with JBI (Joanna Briggs Institute) guide-
lines for scoping reviews, the extracted data were analyzed
descriptively. We used simple frequency counts to summa-
rize study characteristics, sensor modalities, and targeted
symptom domains. Furthermore, a basic qualitative content
analysis was applied to map and categorize the findings into
distinct physiological and biomechanical domains, identi-
fying overarching trends and evidence gaps. We synthe-
sized the results narratively, grouping studies based on the
primary physiological or biomechanical domain targeted
by the sensor. To align with the extracted data, the find-
ings were categorized into five functional domains. First,
we identified biomechanical and functional changes, which
encompass gait kinematics (eg, speed and stride length),
joint angles, and functional movement patterns measured

by motion sensors. Second, the domain of neuromuscu-
lar control and postural stability includes muscle activity
patterns (eg, surface electromyography [sEMG]), postural
sway metrics, and balance parameters that serve as proxies
for pain-induced inhibition or instability. Third, we grouped
physiological markers, capturing autonomic responses such as
heart rate variability (HRV), skin temperature, and electro-
dermal activity, used to infer pain-related stress. Fourth,
physical activity patterns were categorized to include gross
activity levels, step counts, and energy expenditure reflecting
functional capacity. Finally, the fifth domain addresses sleep
and circadian interactions, detailing actigraphy-derived sleep
quality metrics and their temporal relationship with symptom
fluctuations.

Furthermore, to visualize the extent and nature of
the available literature, we constructed an Evidence Gap
Map. This synthesis matrix cross-referenced the identi-
fied sensor modalities against the five clinical symptom
domains, enabling the systematic identification of areas
with technological saturation versus those with critical
evidence gaps.

Results
Literature Search and Selection
The search strategy and selection process were conducted
in accordance with the PRISMA-S [18]. Figure 1 illustrates
the PRISMA flow diagram. The comprehensive electronic
search across multiple databases yielded a total of 3085
records. Following the removal of duplicates, 2452 unique
records remained for title and abstract screening. Of these,
2396 records were excluded as they did not meet the primary
inclusion criteria based on the title and abstract review.

Consequently, 56 full-text articles were retrieved and
assessed for eligibility. At this stage, 40 studies were
excluded. To strictly follow the feasibility requirements for
free living monitoring, studies relying solely on nonporta-
ble, stationary laboratory equipment (eg, force plates and
isokinetic dynamometers) or those lacking direct correlation
between sensor data and clinical symptoms were excluded.
Finally, a total of 16 studies [19-34] met all inclusion criteria
and were included in this scoping review.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Study Characteristics and Rigor of
Evidence

Study Design and Setting
Table 1 summarizes the characteristics of the included
studies. Regarding the rigor and setting of the evidence, the
studies were categorized into two distinct environments. A
total of 11 studies [19-23,25,28,30,31,33,34] were conduc-
ted in controlled laboratory settings, using cross-sectional
designs to validate sensor metrics against gold standards or to
differentiate between symptoms during simulated daily tasks
(eg, walking and stair climbing). In contrast, 5 studies [24,26,
27,29,32] used free-living protocols, monitoring participants
in their home environments for durations ranging from 5 days
to 12 weeks. These longitudinal studies primarily focused on
capturing symptom fluctuations and functional decline over
time, offering higher ecological validity but often lacking
simultaneous ground-truth validation.

JOURNAL OF MEDICAL INTERNET RESEARCH Cui et al

https://www.jmir.org/2026/1/e84262 J Med Internet Res 2026 | vol. 28 | e84262 | p. 5
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84262


Ta
ble

 1
. S

um
ma

ry 
of 

ch
ara

cte
ris

tic
s f

or 
the

 1
6 

inc
lud

ed
 st

ud
ies

 e
va

lua
tin

g 
sen

so
r t

ec
hn

olo
gie

s f
or 

kn
ee

 o
ste

oa
rth

rit
is.

 D
ata

 d
eta

il 
the

 sp
ec

ifi
c 

sen
so

r m
od

ali
tie

s u
sed

 (e
g, 

IM
Ua , E

M
Gb , E

CG
c ), 

sen
so

r
pla

ce
me

nt,
 du

rat
ion

 of
 m

on
ito

rin
g i

n f
ree

-li
vin

g s
ett

ing
s, 

an
d t

he
 al

ign
me

nt 
be

tw
ee

n o
bje

cti
ve

 se
ns

or 
me

tri
cs 

an
d s

ub
jec

tiv
e c

lin
ica

l s
ym

pto
ms

 (e
g, 

pa
in,

 fa
tig

ue
, a

nd
 st

iff
ne

ss)
 (M

ult
im

ed
ia 

Ap
pe

nd
ix 

2).
Ca

teg
ory

Stu
dy

 in
for

ma
tio

n a
nd

 de
sig

n
Po

pu
lat

ion
Te

ch
no

log
y a

nd
 pr

oto
co

l
Sy

mp
tom

 as
ses

sm
en

t
Ob

jec
tiv

e m
ark

ers
 an

d k
ey

 fi
nd

ing
s

Ye
a

r
Co

un
try

Stu
dy

de
sig

n
En

vir
on

m
en

t

Sa
mp

l
e s

ize
,

n

Ag e (y)
,

me an (S
D

)

BM
I

(kg
/

m2 ), me
a

n (S
D)

Se
x

(fe
ma

le)
, n

Se
ns

or
Pla

ce
me

n
t

Sa
mp

lin
g r

ate
(H

z)
Du

rat
ion

To
ol

Sy
mp

to
m

Fr
eq

ue
n

cy
M

ark
er

M
ain

 fi
nd

ing
Bi

om
ec

ha
nic

al
an

d F
un

cti
on

al
Ch

an
ge

s [
19

]

20
22

Jap
an

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

20
60 (5.

7
9)

23
.9

(3.
26

)
15

RG
B-

Dd
Kn

ee
 jo

int
20

On
e-t

im
e

ca
ptu

re
VA

Se
Pa

in
On

e-t
im

e
Kn

ee
 jo

int
tra

jec
tor

y
Ea

rly
 pa

tie
nts

 w
ith

 K
OA

f
sh

ow
ed

 R
KJ

Tg
 w

as 
10

mm
 la

rge
r t

ha
n t

he
 co

ntr
ol

gro
up

 (P
=.0

4),
 co

rre
lat

ing
wi

th 
pa

in 
sev

eri
ty.

Bi
om

ec
ha

nic
al

an
d F

un
cti

on
al

Ch
an

ge
s [

20
]

20
21

Jap
an

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

21
24

.9
(3.

4)
72

.1
(7.

10
)

17
IM

U
Fu

ll-
bo

dy
60

5 s
VA

S
Pa

in
On

e-t
im

e
Kn

ee
 fl

ex
ion

ex
cu

rsi
on

,
mu

scl
e s

tre
ng

th

As
 w

alk
ing

 sp
ee

d
inc

rea
sed

, s
tri

de
 le

ng
th

an
d k

ne
e f

lex
ion

ex
cu

rsi
on

s s
ign

ifi
ca

ntl
y

inc
rea

sed
. K

ne
e f

lex
ion

sco
re 

co
rre

lat
ed

sig
nif

ica
ntl

y w
ith

 pa
in

sco
re 

an
d m

us
cle

 st
ren

gth
.

Bi
om

ec
ha

nic
al

an
d F

un
cti

on
al

Ch
an

ge
s [

21
]

20
22

US
A

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

25
64 (07

)
29 (04

)
13

IM
U

Lu
mb

ar
12

8
2 m

in
KO

OS
h

Pa
in

On
e-t

im
e

Ga
it p

ara
me

ter
s

Ga
it v

elo
cit

y, 
ca

de
nc

e,
ste

p c
ou

nt,
 an

d s
tri

de
len

gth
 w

ere
 th

e m
os

t
im

po
rta

nt 
fea

tur
es 

for
cla

ssi
fyi

ng
 K

OA
 ve

rsu
s

pa
in 

lev
els

.
Bi

om
ec

ha
nic

al
an

d F
un

cti
on

al
Ch

an
ge

s [
22

]

20
24

US
A

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

28
68

.7
(2.

4)
31

.5
(1.

6)
18

Cl
ev

ela
nd

Cl
ini

c
co

nfi
gu

rat
ion

ma
rke

r

Fu
ll-

bo
dy

20
0

On
e-t

im
e

ca
ptu

re
W

OM
AC

i
Pa

in
On

e-t
im

e
vG

RF
j

Hi
gh

er 
pe

ak
 tib

ial
ac

ce
ler

ati
on

 is
 lin

ke
d t

o
wo

rse
 kn

ee
 pa

in 
(r=

0.3
9;

P=
.01

) a
nd

 hi
gh

er 
ve

rti
ca

l
loa

d r
ate

s.
Bi

om
ec

ha
nic

al
an

d F
un

cti
on

al
Ch

an
ge

s [
23

]

20
24

US
A

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

42
60

.4
(12

.
6)

30 (6.
8)

28
IM

U
Ti

bia
10

00
3 m

in
VA

S
Pa

in
On

e-t
im

e
PT

Ak
An

 as
so

cia
tio

n e
xis

ts
be

tw
ee

n p
ain

, o
be

sit
y, 

an
d

inc
rea

sed
 an

kle
-jo

int
loa

din
g d

uri
ng

 th
e w

eig
ht-

ac
ce

pta
nc

e p
ha

se 
of 

sta
ir

de
sce

nt 
(P

<.0
01

).
Bi

om
ec

ha
nic

al
an

d F
un

cti
on

al
Ch

an
ge

s [
30

]

20
20

Be
lgi

um
Cr

os
s-

sec
tio

na
l

Stu
dy

La
b

19
65

.1
(5.

2)
26 (2.

2)
7

IM
U

Lo
we

r l
im

b
joi

nts
60

On
e-t

im
e

ca
ptu

re
KO

OS
Pa

in,
AD

Ll
On

e-t
im

e
Jo

int
 an

gle
s

IM
U 

sy
ste

m 
su

cc
ess

ful
ly

dis
cri

mi
na

ted
 pa

tie
nts

wi
th 

KO
A 

fro
m 

co
ntr

ols
in 

all
 ta

sk
s e

xc
ep

t s
it-

to-
sta

nd
. P

ati
en

ts 
wi

th 
KO

A
sh

ow
ed

 re
du

ce
d k

ne
e

fle
xio

n R
OM

m  
ac

ros
s

wa
lki

ng
, lu

ng
es,

 sq
ua

ts,
an

d s
tai

rs 
(P

=.0
01

).
Ne

uro
mu

scu
lar

Co
ntr

ol 
an

d
20

25
Gr

ee
ce

Co
ho

rt
Stu

dy
Da

ily
 lif

e
21

51 (8)
—

n
13

sE
M

G
Qu

ad
ric

ep
s

20
00

8 w
ee

ks
W

OM
AC

Pa
in

Da
ily

M
us

cle
pe

rfo
rm

an
ce

Sig
nif

ica
nt 

Gr
ou

p ×
 T

im
e

int
era

cti
on

 fo
r R

M
S

 

JOURNAL OF MEDICAL INTERNET RESEARCH Cui et al

https://www.jmir.org/2026/1/e84262 J Med Internet Res 2026 | vol. 28 | e84262 | p. 6
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84262


  Ca
teg

ory
Stu

dy
 in

for
ma

tio
n a

nd
 de

sig
n

Po
pu

lat
ion

Te
ch

no
log

y a
nd

 pr
oto

co
l

Sy
mp

tom
 as

ses
sm

en
t

Ob
jec

tiv
e m

ark
ers

 an
d k

ey
 fi

nd
ing

s

Ye
a

r
Co

un
try

Stu
dy

de
sig

n
En

vir
on

m
en

t

Sa
mp

l
e s

ize
,

n

Ag e (y)
,

me an (S
D

)

BM
I

(kg
/

m2 ), me
a

n (S
D)

Se
x

(fe
ma

le)
, n

Se
ns

or
Pla

ce
me

n
t

Sa
mp

lin
g r

ate
(H

z)
Du

rat
ion

To
ol

Sy
mp

to
m

Fr
eq

ue
n

cy
M

ark
er

M
ain

 fi
nd

ing
Po

stu
ral

Sta
bil

ity
 [2

4]
(P

<.0
01

). I
nc

rea
se

in 
sE

M
Go

 R
M

Sp
(ac

tiv
ati

on
) c

oin
cid

ed
wi

th 
a s

ign
ifi

ca
nt

de
cre

ase
 in

 W
OM

AC
pa

in 
sco

res
.

Ne
uro

mu
scu

lar
Co

ntr
ol 

an
d

Po
stu

ral
 St

ab
ilit

y
[25

]

20
21

US
A

Co
ho

rt
Stu

dy
La

b
16

66
67

.2
(7.

6)
32 (13

)
98

5
sE

M
G

Qu
ad

ric
ep

s
an

d
ha

ms
tri

ng
s

10
00

On
e-t

im
e

ca
ptu

re
W

OM
AC

Pa
in

On
e-t

im
e

M
us

cle
Co

ac
tiv

ati
on

Sig
nif

ica
nt 

inv
ers

e
ass

oc
iat

ion
s b

etw
ee

n
ha

ms
tri

ng
 co

ac
tiv

ati
on

an
d q

ua
dri

ce
ps

 st
ren

gth
.

Lo
we

r q
ua

dri
ce

ps
 st

ren
gth

pre
dic

ts 
inc

ide
nt 

KO
A

an
d p

ain
.

Ne
uro

mu
scu

lar
Co

ntr
ol 

an
d

Po
stu

ral
 St

ab
ilit

y
[34

]

20
25

M
ala

ys
ia

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

64
69 (4)

25
.92

(3.
25

)
19

sE
M

G
Lo

we
r l

im
b

joi
nts

9M
On

e-t
im

e
ca

ptu
re

Ul
tra

so
nic

sy
ste

m
Sti

ffn
ess

On
e-t

im
e

M
us

cle
Co

ac
tiv

ati
on

Ind
ex

Qu
ad

ric
ep

s s
tif

fne
ss 

wa
s

sig
nif

ica
ntl

y g
rea

ter
 in

 th
e

KO
A 

gro
up

 an
d c

orr
ela

ted
wi

th 
fun

cti
on

al 
de

fic
its

.
Ph

ys
ica

l A
cti

vit
y

Pa
tte

rns
 [2

6]
20

22
Ch

ina
Co

ho
rt

Stu
dy

Da
ily

 lif
e

65
61

.3
(5.

9
9)

28
.7

(28
.6

6)

30
IM

U
W

ris
t

60
7 d

ay
s

W
OM

AC
Pa

in
Da

ily
Ste

ps
W

ea
k b

ut 
sig

nif
ica

nt
co

rre
lat

ion
 be

tw
ee

n
ch

an
ge

 in
 m

ea
n s

tep
s p

er
da

y a
nd

 gl
ob

al
im

pro
ve

me
nt/

W
OM

AC
fun

cti
on

 (P
=.0

8).
Ph

ys
ica

l A
cti

vit
y

Pa
tte

rns
 [2

7]
20

24
UK

Pr
oo

f o
f

Co
nc

ep
t

Da
ily

 lif
e

38
58 (9)

—
33

IM
U

W
ris

t
—

12
 w

ee
ks

M
SK

-H
Qq

Pa
in

Da
ily

Ac
tiv

ity
 le

ve
l

Sig
nif

ica
nt 

im
pro

ve
me

nts
ac

ros
s a

ll s
ym

pto
m

do
ma

ins
 (P

<.0
01

).
La

rge
st 

eff
ec

t s
ize

s
ob

ser
ve

d f
or 

fat
igu

e
(d=

1.3
0) 

an
d d

ay
 pa

in
(d=

1.0
3) 

fol
low

ing
int

erv
en

tio
n.

Ph
ys

iol
og

ica
l

M
ark

ers
 [2

8]
20

24
Ge

rm
an

y
Cr

os
s-

sec
tio

na
l

Stu
dy

La
b

14
8

66 (27
)

30
.6

(5.
8)

68
EC

G
Ch

est
60

5 m
in

PS
Q-

20
r

Pa
in

On
e-t

im
e

He
art

 ra
te

va
ria

bil
ity

W
ea

k n
eg

ati
ve

 co
rre

lat
ion

be
tw

ee
n H

RV
s  a

nd
 pa

in.
W

OM
AC

 pa
in

sig
nif

ica
ntl

y c
orr

ela
ted

wi
th 

Co
rti

so
l (

po
sit

ive
)

an
d D

HE
A-

S (
ne

ga
tiv

e).
Ph

ys
iol

og
ica

l
M

ark
ers

 [2
9]

20
23

US
A

Co
ho

rt
Stu

dy
Da

ily
 lif

e
10

73
.5

(8.
2

6)

—
9

Bi
oim

pe
da

nc
e

sen
sin

g
Kn

ee
 jo

int
64

7 d
ay

s
ES

M
Pa

in
Da

ily
Bi

oim
pe

da
nc

e
Re

su
lts

 su
gg

est
bio

im
pe

da
nc

e m
etr

ics
 ca

n
be

 us
ed

 as
 a 

pre
dic

tor
 fo

r
ac

tiv
e p

ain
 ex

pe
rie

nc
es 

in
kn

ee
 os

teo
art

hri
tis

.
 

JOURNAL OF MEDICAL INTERNET RESEARCH Cui et al

https://www.jmir.org/2026/1/e84262 J Med Internet Res 2026 | vol. 28 | e84262 | p. 7
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84262


  Ca
teg

ory
Stu

dy
 in

for
ma

tio
n a

nd
 de

sig
n

Po
pu

lat
ion

Te
ch

no
log

y a
nd

 pr
oto

co
l

Sy
mp

tom
 as

ses
sm

en
t

Ob
jec

tiv
e m

ark
ers

 an
d k

ey
 fi

nd
ing

s

Ye
a

r
Co

un
try

Stu
dy

de
sig

n
En

vir
on

m
en

t

Sa
mp

l
e s

ize
,

n

Ag e (y)
,

me an (S
D

)

BM
I

(kg
/

m2 ), me
a

n (S
D)

Se
x

(fe
ma

le)
, n

Se
ns

or
Pla

ce
me

n
t

Sa
mp

lin
g r

ate
(H

z)
Du

rat
ion

To
ol

Sy
mp

to
m

Fr
eq

ue
n

cy
M

ark
er

M
ain

 fi
nd

ing
Ph

ys
iol

og
ica

l
M

ark
ers

 [3
1]

20
22

US
A

Cr
os

s-
sec

tio
na

l
Stu

dy

La
b

30
58

.3
(9.

3)
33

.5
(5.

8)
20

Po
rta

ble
 ga

s
ex

ch
an

ge
sy

ste
m

Fa
ce

10
10

 m
in

KO
OS

Pa
in,

fat
igu

e
On

e-t
im

e
VO

_2
 pe

ak
,

he
art

 ra
te,

en
erg

y c
os

t

Hi
gh

er 
en

erg
y c

os
t f

or
wa

lki
ng

 is
 lin

ke
d t

o
red

uc
ed

 ph
ys

ica
l a

cti
vit

y.
Hi

gh
er 

fat
igu

e a
nd

fat
iga

bil
ity

 m
ed

iat
ed

 th
e

ass
oc

iat
ion

s b
etw

ee
n

wa
lki

ng
 en

erg
eti

cs 
an

d
ac

tiv
ity

.
Ph

ys
iol

og
ica

l
M

ark
ers

 [3
3]

20
20

Br
az

il
Cr

os
s-

sec
tio

na
l

Stu
dy

La
b

11
63

.1
(9.

5)
28

.7
(4)

—
Inf

rar
ed

 se
ns

or
Th

igh
, le

g
30

On
e-t

im
e

ca
ptu

re
W

OM
AC

,
VA

S
Ph

ys
ica

l
fun

cti
on

,
pa

in

On
e-t

im
e

Te
mp

era
tur

e
Af

fec
ted

 kn
ee

s h
ad

 hi
gh

er
tem

pe
rat

ure
, th

ou
gh

 no
t

dir
ec

tly
 as

so
cia

ted
 w

ith
pre

ssu
re 

pa
in 

thr
esh

old
s i

n
thi

s s
ma

ll s
am

ple
.

Sle
ep

 an
d

Ci
rca

dia
n

Int
era

cti
on

s [
32

]

20
19

US
A

Co
ho

rt
Stu

dy
Da

ily
 lif

e
16

0
71 (4)

29
.6

(3.
4)

99
IM

U
W

ris
t

60
5 d

ay
s

W
OM

AC
,

BF
I

Pa
in,

fat
igu

e,
sle

ep

Da
ily

Ac
tiv

ity
 le

ve
l,

sle
ep

 du
rat

ion
Co

ntr
ast

 be
tw

ee
n

su
bje

cti
ve

 an
d o

bje
cti

ve
da

ta.
 B

ett
er 

su
bje

cti
ve

sle
ep

 pr
ed

ict
ed

 lo
we

r p
ain

(P
<.0

01
), b

ut 
ob

jec
tiv

e
me

tri
cs 

sh
ow

ed
 no

me
an

ing
ful

 as
so

cia
tio

n
wi

th 
da

ily
 pa

in
flu

ctu
ati

on
s.

a IM
U:

 in
ert

ial
 m

ea
su

rem
en

t u
nit

.
b E

SM
: e

xp
eri

en
ce

 sa
mp

lin
g m

eth
od

.
c E

CG
: e

lec
tro

ca
rdi

og
rap

hy
.

d R
GB

-D
: r

ed
 gr

ee
n b

lue
-de

pth
.

e V
AS

: V
isu

al 
An

alo
g S

ca
le.

f K
OA

: k
ne

e o
ste

oa
rth

rit
is.

g R
KJ

T:
 ra

ng
e o

f t
he

 kn
ee

 jo
int

 tr
aje

cto
ry.

h K
OO

S: 
kn

ee
 in

jur
y a

nd
 os

teo
art

hri
tis

 ou
tco

me
 sc

ore
.

i W
OM

AC
: W

est
ern

 O
nta

rio
 an

d M
cM

ast
er 

Un
ive

rsi
tie

s O
ste

oa
rth

rit
is 

Ind
ex

.
j vG

RF
: v

ert
ica

l g
rou

nd
 re

ac
tio

n f
orc

e.
k P

TA
: p

ea
k t

ibi
al 

ac
ce

ler
ati

on
.

l A
DL

: a
cti

vit
ies

 of
 da

ily
 liv

ing
.

m R
OM

: r
an

ge
 of

 m
oti

on
.

n N
ot 

av
ail

ab
le.

o sE
M

G:
 su

rfa
ce

 el
ec

tro
my

og
rap

hy
.

p R
M

S: 
roo

t m
ea

n s
qu

are
.

q M
SK

-H
Q:

 M
us

cu
los

ke
let

al 
He

alt
h Q

ue
sti

on
na

ire
.

r PS
Q-

20
: P

erc
eiv

ed
 St

res
s Q

ue
sti

on
na

ire
.

s H
RV

: h
ea

rt 
rat

e v
ari

ab
ilit

y.

JOURNAL OF MEDICAL INTERNET RESEARCH Cui et al

https://www.jmir.org/2026/1/e84262 J Med Internet Res 2026 | vol. 28 | e84262 | p. 8
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84262


Participant Demographics
Sample sizes varied significantly depending on the study
design, ranging from 10 to 1666 participants. Studies
using complex multisensor setups or detailed biomechanical
profiling generally involved smaller sample sizes (n<30) [19-
22,24,25,31,33], whereas longitudinal investigations using
commercial wearable sensors or devices (eg, accelerome-
ters and smartwatches) incorporated larger cohorts [23,26-
30]. The demographic distribution reflected the typical knee
osteoarthritis population, with a notable prevalence of female
participants (approx. 58.2%) and individuals classified as
overweight or obese (BMI>25 kg/m²), which was consistently
reported as a factor influencing both symptom severity and
sensor-derived gait parameters. Geographically, the majority
of studies were conducted in the United States (n=7) [21-23,
26,31,32,34], followed by Japan (n=2) [19,20].

Distribution of Sensor Modalities and
Symptoms
Overall, the descriptive analysis revealed a strong concen-
tration of research in specific domains, alongside notable
evidence gaps. Out of the 16 included studies [19-34], the

majority used biomechanical monitoring (n=6) [19-23,30]
via inertial measurement units (IMUs), focusing on kine-
matics, targeting functional limitations and gait abnormali-
ties. In contrast, physiological monitoring (eg, measuring
inflammation via temperature or stress via HRV) (n=4) [28,
29,31,33] and neuromuscular monitoring (n=3) [24,25,34]
were markedly underrepresented, representing emerging but
less explored domains in recent years. Furthermore, our
frequency counts highlighted a methodological trend: while
all studies aimed to explore free-living symptom monitoring,
a significant proportion (11 out of 16) still relied on lab-
simulated tasks rather than continuous multiday monitoring.
As illustrated in Figure 2, this environmental disparity is
particularly evident within biomechanical and neuromuscular
research, where laboratory settings overwhelmingly domi-
nate. In contrast, sleep and physical activity monitoring are
exclusively conducted in free-living environments. Regarding
symptom assessment, pain was the most frequently evaluated
clinical outcome across all categories (n=14). Interestingly,
pain was correlated with diverse digital markers ranging from
joint angles to sleep efficiency, highlighting the multidimen-
sional potential of sensor-based assessment.

Figure 2. Distribution of sensor modalities across study environments. A stacked bar chart illustrating the total number of included studies
categorized by primary sensor domains. The color segments represent the study setting, highlighting the use of laboratory environments (light purple)
compared to free-living environments (light blue). The chart visualizes the environmental gap, particularly the reliance on laboratory settings for
biomechanical assessments.

Evidence Mapping and Gaps
To visualize the distribution of research efforts, an evidence
gap map (Figure 3) was constructed. The map reveals a
clear concentration of evidence linking biomechanical sensors
(IMUs) to pain and functional limitations, representing the
most mature area of research. In contrast, significant gaps
remain in the application of physiological sensors (eg, HRV

and bioimpedance) and activity level to monitor subjective
symptoms such as fatigue, sleep quality, and stress. While
pain is the most frequently assessed symptom across all
sensor modalities, the multidimensional nature of osteoarthri-
tis symptoms—particularly the interplay between physiolog-
ical stress and fatigue—remains under-investigated in the
current sensor-based literature.
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Figure 3. Evidence gap map illustrating the distribution of research on sensor-based monitoring for knee osteoarthritis (n=16 unique studies). The
matrix cross-references sensor modalities (y-axis) with clinical symptom domains (x-axis). Bubble size is proportional to the number of included
studies, highlighting a saturation of research in biomechanical gait analysis (inertial measurement units). Red “X” markers denote “evidence gaps,”
indicating a scarcity of studies using physiological sensors or monitoring sleep and stress in free-living settings. The total sum of data points across
all bubbles exceeds 16 because several studies used multiple sensor modalities or assessed multiple clinical symptom domains simultaneously.
sEMG: surface electromyography; HRV: heart rate variability; IMU: inertial measurement unit; temp: temperature; biomp: bioimpedance.

To further explain the complex, multilayered relationships
among the used technologies, targeted symptoms, and
specific study settings, a Sankey diagram (Figure 4) was
constructed. The flow pathways visually confirm that
while ’pain’ is the central node connecting nearly all
sensor types, the downstream application reveals a critical

bottleneck: the thickest pathways originating from IMUs
and sEMG frequently terminate in “Lab” settings. Con-
versely, pathways reaching the “Daily life” environment are
sparser and supported by actigraphy or simplified commercial
wearables.

Figure 4. Sankey diagram mapping sensor modalities to monitored symptoms and study environments. The alluvial flow pathways illustrate the
connections between the types of wearable sensors used (left), the specific clinical symptoms assessed (center), and the environment in which the
monitoring occurred (right). The width of the bands is proportional to the number of studies. ADL: activities of daily living; ECG: electrocardiogram;
sEMG: surface electromyography; IMU: inertial measurement unit; RGB-D: red green blue plus depth.
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Biomechanical and Functional Changes
Overview
Wearable IMUs and camera-based systems were the
predominant technologies for quantifying movement quality.
Studies consistently identified that individuals with knee
osteoarthritis exhibit distinct kinematic alterations compared
to healthy controls, specifically reduced knee flexion ROM
during the swing phase of walking and stair climbing [19,
20,30]. Crucially, this sensor-measured reduction in flexion
was not merely a mechanical deficit but was significantly
associated with higher self-reported pain intensity [19,20],
suggesting that stiffened gait patterns serve as a protective
mechanism against pain.

Beyond joint angles, impact loading was a critical
metric. Accelerometers mounted on the tibia revealed that
higher peak tibial acceleration during walking was positively
correlated with both instantaneous and vertical load rates,
which in turn were linked to worse knee pain severity [22,23].
Furthermore, sensors placed on the lumbar region detected
compensatory movements, such as reduced trunk and pelvic
rotation, which correlated with functional decline in daily
tasks [21].

In summary, while biomechanical monitoring represents
a mature technological domain, current evidence indicates
that it predominantly captures the physical consequences and
compensatory mechanics of knee osteoarthritis, highlighting a
need to integrate these metrics with simultaneous subjective
symptom reporting (a hybrid approach) for comprehensive
monitoring.

Neuromuscular Control and Postural Stability
Assessment of neuromuscular function shifted from static
strength testing to dynamic monitoring of muscle activa-
tion and balance. sEMG studies highlighted that altered
muscle coactivation patterns—specifically the simultaneous
contraction of quadriceps and hamstrings (measured by the
TMCf index)—were synchronous with increased pain scores
during functional tasks [25,34]. Longitudinal monitoring
further demonstrated that rehabilitation-induced increases in
sEMG root mean square values (indicating improved muscle
activation) paralleled significant reductions in WOMAC pain
and stiffness scores [24].

Regarding postural stability, smartphone-based accelerom-
eters worn on the lower back effectively quantified pos-
tural sway. Increased sway magnitude (root mean square)
during static standing was identified as a sensitive marker
for impaired neuromuscular control, showing a significant
positive correlation with TUG test duration and fall risk in
end-stage patients with knee osteoarthritis [24].

Collectively, these findings suggest that neuromuscular
sensors are highly valuable for detecting subtle pain-induced
functional inhibition; however, a significant gap remains, as
their application is still largely confined to short-duration,
structured tasks rather than continuous free-living monitoring.

Physiological Markers
Sensors targeting physiological signals provided objective
insights into the internal inflammatory and autonomic state
of the patient with knee osteoarthritis. HRV, derived from
wearable electrocardiography (ECG) sensors, was found to
be significantly lower in patients with late-stage osteoarthri-
tis compared to early-stage osteoarthritis. This reduction
in HRV correlated with higher chronic stress markers (eg,
cortisol/DHEA-S ratio) and elevated WOMAC pain scores,
linking autonomic dysregulation to the experience of chronic
pain [28].

Locally, knee bioimpedance sensors demonstrated the
capacity to discriminate between edematous and healthy
tissue. Changes in tissue impedance were predictive of
active pain experiences and self-reported swelling [29]. While
infrared thermal sensors detected elevated skin temperature in
affected knees, one study noted that this thermal increase did
not directly correlate with pressure pain thresholds in a small
cohort, suggesting that temperature may reflect inflammation
rather than immediate pain sensitivity [33].

Overall, while physiological markers offer a promising
window into the systemic and local inflammatory stress
associated with knee osteoarthritis, the notable scarcity of
studies in this area highlights a critical evidence gap in
multimodal sensor integration for holistic symptom assess-
ment.

Physical Activity Patterns
The relationship between sensor-measured physical activity
and symptoms appeared complex. Portable metabolic systems
revealed that individuals with knee osteoarthritis exhibited
a higher energy cost of walking (VO_2), and this reduced
energetic efficiency was significantly associated with higher
reported fatigue levels [31].

Regarding daily activity volume, results from wrist-worn
accelerometers were mixed. While some longitudinal data
suggested that increased daily step counts were weakly
associated with improvements in WOMAC function over
time [26], other studies indicated that higher intensity activity
could trigger immediate pain exacerbations in specific
subgroups [27]. This discrepancy highlights that the quality of
movement (eg, energetics, impact load) may be more closely
linked to symptom burden than the total quantity (step count)
of movement.

This specific discrepancy highlights a crucial overarch-
ing trend: measuring the biomechanical quality and impact
load of physical activity may be far more clinically relevant
for symptom monitoring than merely tracking gross activity
volume (eg, total step counts).

Sleep and Circadian Interactions
Longitudinal monitoring using wrist actigraphy revealed a
critical discrepancy between perceived and physiological
sleep metrics. Subjective sleep quality was identified as a
robust predictor of next-day symptoms, with poorer self-
reported sleep preceding days of higher morning pain and
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fatigue (P<0.001) [32]. However, objective sensor metrics
(eg, total sleep duration, wake after sleep onset) often
failed to show clinically meaningful associations with daily
fluctuations in pain or fatigue, despite statistical significance
in some models [32]. This suggests that current actigraphy
algorithms may not fully capture the qualitative aspects of
sleep disturbance (eg, fragmentation, micro-arousals) that are
most relevant to the pain experience in knee osteoarthritis.

Discussion
Principal Findings
This scoping review synthesized the current evidence
on sensor technologies for monitoring knee osteoarthritis
symptoms in free-living settings. Relative to our initial
objective of evaluating the feasibility and validity of these
technologies, our primary finding—visualized in the evidence
gap map (Figure 3)—is a distinct technological imbalance.
Research is heavily saturated with biomechanical studies
using IMUs to quantify gait and movement deficits [20,21,23,
26,27,30,32]. In contrast, there is a notable lack of inves-
tigations using physiological sensors (eg, ECG and bioim-
pedance) to monitor systemic symptoms such as fatigue,
stress, and sleep quality [28,29,31,32]. While biomechanical
markers have demonstrated robust discrimination between
patients with osteoarthritis and healthy controls [19], the
link between physiological sensor data and patient-reported
symptom fluctuations remains an emerging field requiring
further validation.
Interpretations and Clinical Implications
While the primary focus of this review is sensor-based
monitoring, discussing PROMs is methodologically and
clinically unavoidable. At present, no noninvasive sensor
can directly quantify a subjective experience (such as pain
or fatigue) without patient input. Therefore, PROMs remain
the indispensable ground truth against which all objective
sensor metrics must be validated [3,4]. However, our review
reveals two critical limitations of relying solely on subjec-
tive reports. First, subjective perception may diverge from
physiological reality. A prime example from our review is
the observation in sleep monitoring: while subjective sleep
quality strongly predicted morning pain, objective actigraphy
metrics (eg, sleep duration) did not [32]. This discrepancy is
clinically revealing: it suggests that for some patients, the
perception of poor sleep (distress) drives pain more than
the actual physiological lack of sleep. Without objective
sensor data to contrast with the subjective report, a clinician
might incorrectly prescribe sedatives for insomnia, whereas
the sensor data would reveal that the patient is sleeping but
unrefreshed.

Furthermore, historically, pain was the primary outcome
for knee osteoarthritis symptoms management [1], which can
also be seen from Table 1, with the vast majority of included
studies focusing on pain as the major symptom outcome.
However, our review highlights that fatigue, stiffness, and
sleep disturbances are equally debilitating contributors to
disability [4]. Subjective recall of these fluctuating symptoms

may be biased and varies between patients [8]. Sensors offer
a unique advantage here: they can continuously quantify
symptom drivers, such as micro-arousals in sleep (Actigra-
phy) [32] or elevated muscle coactivation (sEMG) [24,25,34],
before they manifest as conscious pain. This evidence from
our review demonstrates that objective sensor metrics and
subjective reports provide different and additive informa-
tion. Therefore, rather than viewing sensors as a complete
replacement for PROMs, we advocate for a necessary hybrid
approach. In this paradigm, continuous passive monitoring
via sensors can successfully bridge the temporal gaps between
clinical visits, significantly reducing the patient’s active
reporting burden (eg, the need for highly frequent question-
naire inputs), while periodic PROMs continue to capture
the essential subjective ground truth. Indeed, several studies
included in this review have already laid the groundwork
for this by successfully pairing sensor data with standard
subjective questionnaires (eg, WOMAC, VAS, and KOOS)
[19,25,30]. Building upon this existing foundation, future
research should standardize and advance toward a dynamic
hybrid monitoring paradigm, where subjective and objec-
tive measures are collected simultaneously and continuously,
creating a personalized symptom fingerprint that neither
method could achieve in isolation.

We acknowledge that high-precision laboratory instru-
ments, such as force platforms and isokinetic dynamometers,
remain the gold standard for biomechanical assessment [11].
However, their stationary nature limits them to capturing only
a snapshot of the patient’s capacity in a controlled, artifi-
cial environment. This highlights the unique advantage of
sensor-based monitoring: it prioritizes ecological validity to
capture continuous, real-world data (eg, how a patient walks
when tired, or how sleep quality affects morning stiffness)
[10]. For the specific purpose of symptom monitoring,
wearable sensors offer a vital complementary approach rather
than a standalone solution. It is crucial to recognize that
knee osteoarthritis symptoms are inherently multifactorial and
driven by complex biopsychosocial mechanisms [35].

However, it is crucial to emphasize that the relation-
ship between gross physical activity and multidimensional
osteoarthritis symptoms is not strictly linear or inherently
coherent. For instance, recent evidence demonstrates that
in clinical knee osteoarthritis, the total volume of physical
activity is often not associated with knee pain, functional
decline, or health-related quality of life [36]. This lack of
a direct correlation highlights a critical conceptual boun-
dary: simple, isolated objective metrics, such as daily step
counts, cannot serve as standalone proxies for the com-
plex, biopsychosocial spectrum of osteoarthritis symptoms
[26]. Instead, the true value of wearable technology lies in
capturing context-dependent and qualitative markers [23,31],
prioritizing ecological validity over the snapshot precision of
stationary laboratory instruments like force platforms.

Consequently, wearable devices are not expected to
perfectly correlate with or entirely replace subjective
patient-reported outcomes. Instead, their expected validity
lies in capturing the objective behavior and physiological
correlates of these symptoms. By providing this continuous,
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objective dimension, wearables are expected to yield
partial but clinically meaningful correlations with subjective
experiences [26]. Future research should thus focus on using
lab standards to validate these portable metrics, ensuring that
this hybrid approach—integrating objective sensor data with
subjective patient reports—maintains comprehensive clinical
reliability [37].

Beyond biomechanical assessments, physiological sensors
offer a vital systemic view of the disease burden. However,
the specific pathophysiological pathways linking systemic
physiological signals, such as HRV derived from ECG,
to localized joint disease remain to be fully characterized
[28]. Growing evidence suggests that knee osteoarthritis
is associated with broader systemic responses, particularly
regarding autonomic nervous system dysregulation and
central sensitization [28,29]. Thus, physiological sensors may
offer valuable insights into the systemic burden of pain, rather
than the structural pathology of the joint itself. Therefore,
wearable ECG and bioimpedance sensors are not intended to
monitor the joint structure itself, but rather the physiological
cost of pain—the systemic stress and inflammatory burden
that patients experience [28,29]. By capturing these objective
physiological markers, we can potentially identify patients
who may benefit more from stress-management interventions
than mechanical offloading [38].

However, it is important to note that monitoring itself does
not constitute an intervention. The transition from passive
data collection to active symptom management requires
a combination of different technologies and strategies.
Specifically, future research should explore integrating these
continuous monitoring paradigms with just-in-time adaptive
interventions in mobile health [39]. In this model, real-time
objective sensor data and subjective reports act as tailored
triggers to deliver personalized, timely behavioral support
and stress-management interventions, thereby creating a true
active feedback loop.
Limitations
This scoping review provides a comprehensive synthesis of
the current state of sensor-based monitoring technologies,
categorized by their relevance to specific clinical symptoms.

A key strength is the multidimensional approach, moving
beyond pain to include fatigue and physiological stress.
However, limitations exist. First, the heterogeneity of sensor
modalities and study designs precluded a meta-analysis of
sensor-symptom correlations. Second, most included studies
were observational, limiting our ability to infer causality
between sensor metrics and symptom changes. Third, we
excluded non-English studies, which may have omitted
relevant technological advancements from other regions.
Finally, many free-living studies relied on short monitoring
durations (eg,<7 d), which may not fully capture the long-
term fluctuating nature of knee osteoarthritis symptoms.
Conclusions
In conclusion, this scoping review synthesizes the current
landscape of sensor-based monitoring for knee osteoarthritis
by mapping technologies across a multidimensional symptom
spectrum, including fatigue, sleep quality, and physiological
stress. By constructing an evidence gap map, we identified
a distinct saturation in biomechanical gait analysis along-
side a critical gap in physiological monitoring. Crucially,
the observed discrepancies between subjective and objective
data underscore why neither assessment method is sufficient
in isolation. The primary real-world implication of these
findings is the necessity of a hybrid monitoring paradigm.
For sensor technology to successfully translate into daily
patient care, it must integrate objective ecological data with
patient-reported outcomes to enable digital phenotyping—
distinguishing patients driven by mechanical instability from
those driven by systemic stress. Furthermore, while the
current literature primarily consists of observational studies
that successfully fulfill their aims of passive data collec-
tion, a vital future direction is the development of adap-
tive, event-based sampling, where sensor-detected anomalies
trigger real-time subjective assessments. Ultimately, this
hybrid approach will facilitate a shift from merely tracking
disease progression toward supporting just-in-time adaptive
interventions. By combining continuous monitoring with
distinct interventional strategies, future systems can provide
active, closed-loop feedback, thereby empowering patients
to self-manage the complex and fluctuating nature of their
condition.
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