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Abstract—The Timed Up and Go (TUG) test is a widely used
clinical assessment for mobility, balance, and fall risk. Tradi-
tional TUG tests rely on manual timing, which can introduce
unwanted subjectivity and variability. Smartphones, with their
embedded inertial sensors, offer a promising alternative for
automated, objective, and remote TUG assessment. This paper
presents a novel algorithm for computing TUG test duration
from inertial data collected using smartphones, which makes
use of the acceleration and the orientation signals produced
by smartphones. The algorithm was assessed using data from
a study involving 33 participants. Our results demonstrate
high agreement between the computed TUG times and those
measured by a reference device (maximum absolute LoA=2.9s).
This has relevance for conditions such as Parkinson’s disease,
frailty, and cardiac patient monitoring.

I. INTRODUCTION

Health systems are struggling to meet the growing need for
care in a cost-effective way. Patient monitoring through digital
health technologies is therefore becoming relevant to support
clinical practice. To investigate physical capacity, balance and
symptom changes overall, clinicians often rely on submaximal
physical tests such as the Timed Up and Go (TUG) test rather
than expensive and time-consuming golden standard options.
The outcome of a TUG test is the time required for a person to
stand up from a chair, walk three meters forward, turn around,
walk back, and sit back down on the chair [1]. This simple but
effective test is performed to quantify physical capacity and
balance [2] in a wide range of populations, such as older and
frail adults [1], cardiovascular patients [3], and Parkinson’s
disease patients [4].

Traditional TUG tests rely on manual timing, which can
introduce unwanted variability. Smartphones, with their em-
bedded inertial sensors, offer a promising path for auto-
mated, objective, and remote TUG assessment. To confirm
the feasibility of this, we assess the technical validity of a
novel algorithm which uses inertial data from smartphones
to conduct TUG tests, using data from a study involving 33
participants at two sites, comparing the output against both a
validated sensor and an observer.
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II. RELATED WORK

Within the context of TUG, several works propose an in-
strumented version of the test using inertial sensors, showing
excellent accuracy and reliability [5]. An example of commer-
cially available sensors for the TUG test is the GWALK (BTS
Bioengineering, Italy) [6]. While dedicated devices offer a
clinically validated instrument, they are often expensive, must
be operated with the supervision of an expert, and are not
meant to be used by patients.

In a systematic review from 2020 [7], the authors identify
28 studies where a smartphone based version of the TUG was
used. They observe that most studies use the low-cost inertial
sensors in the phone including gyroscope, magnetometer, and
accelerometer, from which they extract different parameters
of the test, including sub-phases duration and gait parameters
such as cadence and stride length. In [8], inertial sensors data
was recorded from an iPhone placed on subjects performing
a TUG test. They use accelerometer and orientation signals
with an expert observer to identify 180° rotations of yaw
rotation signal, which are associated to first turn at mid test,
and the second turn which is made in order to sit down. While
measurements show excellent agreement with a reference
accelerometer, segmentation is performed manually, requiring
trained professionals. Another example of manual analysis of
signals collected using phones is presented in [9], where 49
subjects performed a TUG test while wearing a smartphone
attached to an elastic belt on the lower back. Results of
the manual segmentation of the signals were compared to
the results produced by a reference gait analysis system
(McRoberts Dynaport Hybrid), showing very low Bland-
Altman limits of agreement between -0.045 and 0.040 sec.

While literature supports smartphone-based TUG, most
studies lack automatic data segmentation needed for unsu-
pervised scenarios. An exception is [10], which validated
an app on 52 community-dwelling older adults (>67 years
old). Based on [9] with simplifications and automation (e.g.,
phone in pocket), their app showed excellent agreement with
a reference device (r=0.99 total duration, LoA -2.99/-2.44s)
and high test-retest agreement in clinic (ICC=0.9) and at
home (ICC=0.79) over 5 supervised tests and 37 repeat home
measures.



III. METHODS

A. Participants and Data Collection

Data for this study was collected from 2 cohorts of older
adult (>65 year old) participants without any specific condi-
tion required to participate, recruited at two sites: Helsingborg
(HBG), Sweden, and Pisa (PI), Italy. Data collected at HBG
was used for developing and tuning the algorithms, whereas
the data collected at PI was used to validate the algorithms.
Tests in both sites were conducted according to the standard
protocol [1], which includes standing up from a chair, walking
a pre-measured straight path of 3m, turning around, walking
back, and sitting down on the chair again. Both sites relied
on GWALK (BTS Bioengineering), a medical-grade device
for physical tests, for collection of reference data.

1) Procedures at HBG: Data were collected within the
study ”Synergy: relationship between everyday life and phys-
ical capacity”, based on ethical approval (2024-04886-01)
from the Swedish Ethical Review Authority. As part of the
study first round of enrolment, participants are invited to
perform a TUG test in a community centre for seniors in
Helsingborg, and in their homes on a weekly basis for 2
months. Participants use the Mobistudy app on their own
phones, which allows participants in clinical studies to collect
data using smartphones [11]. The app guides users through
the test, then waits for the user to press the ”start” button to
initiate the test and the ”stop” button to end it. When the test
is running the app uses Web standard APIs to record motion
(acceleration, rotation rate) and orientation (yaw, pitch and
roll) related data and shared these with a server.

In the community centre, the GWALK reference device
was worn by participants while they were performing the
test using Mobistudy on their smartphones. In addition to
the GWALK, an observer also recorded the time using a
stopwatch. At their homes, participants reproduced the same
procedure without supervision, observer, or reference device,
using only the Mobistudy app.

2) Procedures at PI: Participants were recruited as part
of the Tuscany Health Ecosystem (THE) study where par-
ticipants performed a series of physical capacity tests in
a gymnasium, under the supervision of the research team.
For the TUG test, they were instructed to conduct the test
while carrying a smartphone with the Sensor Logger app1

logging data from sensors embedded in the phone, including
accelerometer, gyroscope, magnetometer, and derived data
such as orientation.

While using the Sensor Logger app, participant tests were
monitored using the GWALK reference device. Data acquisi-
tion was started by a researcher, after which the phone was
handed to the participant. The test starts after a few seconds
(required by the GWALK to stabilise), while the phone is
collecting data. At the end of the test, the phone was handed
back to a researcher who stopped the data acquisition. A
Google Pixel 7 Pro phone was used for all participants.

1https://www.tszheichoi.com/sensorlogger

B. Data curation and preprocessing

A combined dataset was composed putting together the
files generated by the Mobistudy app, the Sensor Logger app,
the GWALK software (GStudio), and the manual annotations.
Signals related to inertial sensing, which include tri-axial
acceleration, tri-axial acceleration with the gravity vector
removed, and tri-axial rotation rates (gyroscope) were merged
into one file, as they are all produced in the same sampling
process by the smartphones’ APIs. An additional file was
created containing information about the orientation of device
(pitch, yaw and roll) as this is produced by a separate API
with a different sampling process. Meta information about the
TUG tests, including dates, start and end times recorded by
the observer as well as from when the participants pressed
the ”start” and ”stop” buttons on the Mobistudy app, and
reference test duration from GWALK, were included as a
table together with demographics of participants (age and
sex), extracted from notes.

During pre-processing the dataset was parsed, and orienta-
tion data was resampled to align timestamps as the accel-
eration and gyroscope data uses linear interpolation. Both
apps used 60Hz as sampling frequency. For files collected
at the PI site, where the app was started and stopped by a
researcher, the part of the signals belonging to those phases
were removed. Using two different ways to start and end the
TUG test in the two sites was to ensure that we could validate
if unsupervised testing is a feasible approach.

To handle the 360-degree wrap-around of orientation data
and gimbal lock, the angular difference between consecutive
samples was calculated, and values exceeding 90 degrees
were nullified to prevent discontinuities. This ensured that
the orientation signal has no sudden variations which would
be incompatible with natural movement. In addition to the
raw signals, the following derived signals were calculated:
magnitude of the acceleration vector, moving variance of the
magnitude of the acceleration over a 1s window (referred to as
accelMagnVar in this paper), derivative of the yaw orientation
signal, and a smoothed version of the derivative of the yaw
signal using a 0.5 s moving average of the derivative (named
yawDerSmooth in this paper).

C. TUG Algorithms

The objective of the algorithms is to reliably identify the
start and end time, and thus the total duration of the TUG
tests, using the sensors data collected by the phone. We
implemented 3 algorithms: a naive algorithm used as baseline,
a simple algorithm that makes use of only acceleration data,
and a more complex algorithm that uses both the information
provided by the orientation and the acceleration signals. All
the code was implemented in JavaScript, no particular data
processing libraries were used.

1) Naive algorithm: This algorithm uses the start and stop
timestamps from pressing these buttons in the Mobistudy app.
No processing of sensors data is included. The computed
TUG duration is the difference between these two timestamps:



Fig. 1. Example of a TUG test acceleration data. In yellow, the magnitude of
the acceleration signal, in red, the variance of such signal. The 0.5 threshold
for detecting the start and end of the test is marked with a horizontal red
line. The start and end timestamps taken by the obsverer are marked with
blue vertical lines.

Duration = endms−startms. As this only makes sense for
the Mobistudy app, this algorithm is only evaluated for the
HBG cohort.

2) Acceleration-only algorithm: This algorithm uses the
rolling variance of the acceleration in the accelMagnVar
signal to find the start and end of the test (see figure 1
as an example), with a fixed activity threshold of 0.5 g2.
The start of the TUG test is marked as the first timestamp
where acceleration variance exceeds this threshold. The end
of the test is marked as the last timestamp where the variance
drops below the same threshold of 0.5 g2 and no sooner
than 3s. This logic is to capture the entire sequence from
the initial movement of rising from the chair to the final
cessation of movement when sitting down on the chair again.
If start or end events are identified, for example if the signal
is interrupted before the phone is in the resting phase, the
acquisition start and/or end timestamps are used instead as in
the naive algorithm.

The acceleration-only based algorithm can be expected
to struggle when motion artifacts are introduced before the
actual start of the test, for example if the smartphone is moved
after the acquisition of the signal is started, or at the end of
the test before stopping acquisition.

3) Acceleration and orientation combined algorithm: To
improve the accuracy, a combined algorithm using both ac-
celeration and orientation signal may be used. The orientation
signal is processed in order to identify the two large turning
events within the TUG test: at the 3 meter point when turning
around to go back, and at the end when turning around to sit
down again, similarly to it is (manually) achieved in [8]. This
allows detecting the region of interest where the test is very
likely to have been run. Within this region of interest, the
acceleration signal can be analysed to more reliably identify
the phase where a start event and end event can be expected.
The proposed TUG detection algorithm is thus a hybrid, two-
stage process that leverages both orientation and acceleration
data to robustly determine the test duration.

Stage 1: Turn detection and quality assessment. Stage one

Fig. 2. Example of a TUG test orientation data. In yellow, the gimbal-
lock corrected yaw orientation signal. In black, the smoothed (0.5 s moving
average) version of the derivative of the yaw. The manually taken start and
end timestamps are marked with blue vertical lines. Two peaks are easily
identifiable in the black derivative signal, corresponding to the mid and end
turning phases of the test.

identifies the two primary turning events within the TUG
test by analysing the smoothed derivative of the yaw angle
(yawDerSmooth, see figure 2). The algorithm identifies all
local maxima in this signal, which represent moments of
significant rotation. Peaks are defined as samples of the
yawDerSmooth signal that are greater in value than the
surrounding ±4 samples. Given that local maxima can belong
to the same rotation phase, when consecutive peaks are found
that are less than 1 s apart, or belong to a section of the signal
where all samples are above 1.5 times the running mean of
yawDerSmooth, then only the highest of those peaks is kept.

Peaks are then sorted by their angular velocity value, in
descending order and the 2 highest peaks are selected as
candidates for the mid and end turn. Any peak that is placed
before a third of the duration of the whole signal acquisition
is ignored in this process, as the mid turn is expected to
happen at about mid-way into the test, and the end turn
can only happen after that. From the 2 candidate peaks, the
time between peaks is calculated as the time taken for the
walk-back phase, i.e. when the participant walks back to the
chair after having turned around. The walk-forward phase is
assumed to be symmetric, which means that it starts at the
time of the mid turn minus the duration between the two turns.

At the end of the peaks recognition phase, a quality check
is performed. The mid and end turn identification is marked
as unreliable if:

• Less than 2 peaks are identified as candidates.
• If the ratio of the value of any of the candidate peaks

and the mean of the yawDerSmooth signal is less than
2. This suggests that the candidate peaks were not ”tall
enough” compared to the rest of the signal.

• If more than 50% of all the identified peaks (thus not
only the 2 best candidates) are above 1.5 of the mean of
the yawDerSmooth signal. This indicates that there are
too many peaks ”tall enough” that could be identified as
candidates.

• If the walk-back duration is above 4 s. This indicates



a slow walker, in which case there is a high variability
in walking speeds which invalidates the assumption of
symmetric forward and back walk phases.

Stage 2: Movement analysis and start/end detection. The
next stage of the algorithm works as in the acceleration-only
algorithm, but the search for start and end of the test is limited
to 2 s before the walk-forward phase and 2 s after the walk-
back phase. If the quality check fails, the algorithm defaults
to searching for the start and end within the entire recording,
exactly as in the acceleration-only algorithm.

D. Statistical Analysis

To validate our algorithms, we compared the TUG times
computed from the smartphone data with the GWALK refer-
ence as well as the researcher observed start and end times.
We deem the GWALK reference as the ground truth, as human
observers introduce a level of subjectivity to the measure-
ment which may differ from the sensor-based measurement.
However, if the GWALK output differs significantly from the
the manual measurement (more than 5 s), we consider the
GWALK reference as invalid.

We compute statistics regarding concordance: mean differ-
ence, standard deviation of the difference, minimum differ-
ence, maximum difference, maximum absolute value of the 2
Bland-Altman limits of agreement, mean absolute difference,
standard deviation of the absolute value of the difference. Our
target error is the Minimum Clinically Important Difference
(MCID) of the test which is set to around 3.5s for several
health conditions [12], [13], particularly, we aim at Bland-
Altman limits of agreement being below the MCID, which is
a robust and clinically accepted validation criterium [14].

For the home measurements, we rely on the GWALK
measurements from the community centre as reference. Since
these measurements were taken at different times, measure-
ments of concordance are not as relevant. We therefore
instead focus on test-retest reliability, which measures the the
extent to which the test yields the same results on repeated
trials [14]. We use single-measurement, absolute-agreement,
and report 2-way mixed-effects model intraclass correlation
coefficient (ICC), which is recommended for multiple mea-
surements [15]. As target, we adopt an ICC of 0.75 or above
as indicating good reliability [15]. This approach is similar to
the one adopted in [10].

IV. RESULTS

In total, 33 participants were recruited, distributed as fol-
lows: at HBG, 9 participants, aged 73 ± 5.4, 8 female and
1 male; at PI, 24 participants, aged 71.7 ± 4.4, 6 male,
18 female. In total, we obtained data from 9 TUG tests
from the HBG cohort at the seniors centre that also have
reference data, as well as 24 TUG tests from the PI cohort
that also have reference data. From the HBG cohort, we also
have 43 home tests (1 to 7 tests per participant) conducted
without supervision. Variability in home tests comes from
some participants withdrawing from the at-home part of the

study, and as the data collection is still ongoing at the time
of writing.

1) Naive algorithm: Table I shows the concordance met-
rics for the tests that involve the HBG cohort. The naive
algorithm assumes that the user presses the start and end
button on the app, which was only possible for the Mobistudy
app users.

As visible from the negative minimum and maximum
differences, this approach overestimates the duration, which
is something to be expected as the participants are drawn to
look at the screen for confirmation that they correctly pressed
the button and the time has started. It is also possible to
observe that relying on the user-indicated start and stop time
still provides relatively accurate information, with differences
in the total duration between the reference (GWALK or
observer) and the smartphone timestamps being on average
below 2s. However, the variance of the difference is high, with
differences up to 6.8 s and maximum limit of agreement above
the desired target, this algorithm is unsuitable for clinical use
even if it at optimal use may provide fairly good data.

For home measurements, the difference between those mea-
surements and the GWALK reference for the corresponding
participant is 0.2±1.9 s, which indicates low deviations. This
is confirmed also by observing high values of ICC(3,1) 0.91
(CI 0.63-0.98) when considering two home repetitions, and
0.82 (CI 0.55-0.98) when considering 6 repetitions.

2) Acceleration-only algorithm: Concordance statistics be-
tween reference and algorithms estimations are shown in table
II. As visible there, the acceleration-only based algorithm
achieves much better agreement with the GWALK reference
than the naive algorithm. The maximum Bland-Altman limit
of agreement of the HBG cohort (less than 1s) is below
the target (3.5s), which makes this algorithm a good choice
for clinical use. In fact, we see lower agreement obtained
with manual measures (2.2s), but still within the clinically
relevant threshold. Considering the validation data from the
PI cohort, the concordance scores are lower than for the HBG
cohort measurements at the senior centre, with a limit of
agreement of 2.9s with the GWALK, still below the threshold.
The error is higher if the output is compared to manual
observations, with limits of agreement (4s) above what is
clinically acceptable. This may be due to different criteria
used by sensors and observers. In home measurements, we
confirm low deviation (difference with GWALK reference =
1s± 2.4s). ICC(3,1) for 2 home repetitions is lower than the
naive algorithm: 0.82 (CI 0.33-0.96) and lowers to 0.78 (CI
0.47, 0.97) for six tests.

3) Acceleration and orientation combined algorithm: The
difference between the output of the combined algorithm and
the GWALK reference is substantially similar to the one
obtained with the acceleration-only algorithm for the HBG
data. The error (table III) appears to be higher for the PI
cohort, with the maximum limit of agreement at 2.9s when
comparing with the GWALK and 3.5s when comparing with
the observer, however slightly lower than the one obtained by



TABLE I
CONCORDANCE METRICS BETWEEN THE OUTPUT OF THE NAIVE ALGORITHM AND BOTH GWALK AND OBSERVER REFERENCE TOTAL DISTANCE. ALL
METRICS ARE IN MILLISECONDS. STD= STANDARD DEVIATION OF THE ERROR, LOAMAX= MAXIMUM OF THE ABSOLUTE VALUE OF BLAND-ALTMAN

LIMITS OF AGREEMENT, MAE= MEAN ABSOLUTE ERROR, MINA / MAXA = MINIMUM AND MAXIMUM OF THE ABSOLUTE ERROR.

Naive
Concordance metrics (ms), HBG, at centre

Reference N Mean error STD LOAmax Min Max MAE STDA MinA MaxA
GWALK 9 -1864 1964 5714 -6835 -409 1864 1964 409 6835
Observer 8 -1960 1827 5540 -5965 -184 1960 1827 184 5965

TABLE II
CONCORDANCE BETWEEN ACCELERATION-ONLY ALGORITHM OUTPUT, GWALK, AND OBSERVER REFERENCE TOTAL DISTANCE.

Acceleration only
Concordance metrics (ms), HBG, at centre

Reference N Mean error STD LOAmax Min Max MAE STDA MinA MaxA
GWALK 9 -320 328 963 -829 97 357 283 22 829
Observer 8 -371 959 2251 -1749 967 875 451 416 1749

Concordance metrics (ms), PI, at centre
Reference N Mean error STD LOAmax Min Max MAE STDA MinA MaxA
GWALK 22 1303 852 2972 -3061 707 1367 738 132 3061
Observer 24 -1445 1349 4090 -6389 551 1491 1296 232 6389

TABLE III
CONCORDANCE BETWEEN ACCELERATION+ORIENTATION ALGORITHM OUTPUT, GWALK, AND OBSERVER REFERENCE TOTAL DISTANCE.

Acceleration + Orientation
Concordance metrics (ms), HBG, at centre

Reference N Mean error STD LOAmax Min Max MAE STDA MinA MaxA
GWALK 9 -257 370 982 -829 363 375 230 73 829
Observer 8 -339 953 2207 -1749 967 856 449 416 1749

Concordance metrics (ms), PI, at centre
Reference N Mean error STD LOAmax Min Max MAE STDA MinA MaxA
GWALK 22 -989 1011 2971 -3061 1656 1204 728 359 3061
Observer 24 -1085 1261 3557 -4644 2339 1280 1053 232 4644

the acceleration-only algorithm (2.9s and 4s).
Home measurements differ slightly from the reference

taken at the centre (1.4 ± 2.9s) but maintain low deviation.
ICC(3,1) is 0.82 (CI 0.33, 0.96) when considering two tests
and 0.77 (CI 0.4860.97) for six tests.

V. DISCUSSION

Our results show that the acceleration-only and the com-
bined algorithm of acceleration and orientation obtain excel-
lent concordance between the output of the algorithm and
the reference measured either by the GWALK device or an
observer. In both analysed cohorts, the limits of agreement
when comparing with the GWALK reference are below the
3.5 s threshold considered as clinically relevant, making this
smartphone-based method a valid substitution of the conven-
tional TUG test conducted in clinic. Test-retest reliability also
showed excellent results with ICC coefficients above the 0.75
goal, indicating that the test is repeatable, even at 6 weeks
distance, and that variation between tests is contained.

Compared to manual segmentation, we obtain worse accu-
racy, as [9] achieved limits of agreements of 0.04s. However,
this is to be expected from a completely algorithmic approach.
We obtain similar, if not more encouraging, results to the ones
obtained for the fully-automated “up&go” app, [10]. Their

limits of agreement were -2.9s to 2.4s, compared to our 0.9s
to 2.2s limits obtained when comparing with the GWALK,
and an ICC of 0.79 with 2 tests, comparable to our 0.82. Our
agreement is lower in the PI cohort, which can be explained
by using a different app and procedure which introduced
noise. For the PI cohort, a researcher started and stopped
phone data collection and handled the device to participants.
Despite efforts to trim handing-over phases, noise persisted.
While the combined acceleration and orientation algorithm
partially compensated by identifying mid and end turn points,
some tracks still contained orientation noise, reducing the
algorithm’s effectiveness in removing non-test movement.

In terms of complexity, both acceleration and acceler-
ation+orientation algorithms are simple to implement and
low in resources requirements, with the combined algorithm
providing more robust validation of the signal for unforeseen
circumstances. Signal conditioning, statistics, and peak detec-
tion can be computed on a rolling basis. Therefore, even in
the more complex combined algorithm, most of the processing
can be performed at the pace that samples are being received,
leaving only the final selection of the orientation derivative
peaks and any crossing of the acceleration variance of the
threshold, to a shorter computational loop at the end of the



test. This makes the algorithm suitable for use locally on
smartphones and potentially even low-end wearable devices
too. Similar results from a data quality perspective can be
expected on wrist-worn devices as holding the phone in the
hand as the positions are very close. Performance in terms of
accuracy is similar for both algorithms, with the acceleration-
only performing slightly better in a few cases, which makes
it the preferred approach given its simplicity. The value of a
theoretically more robust signal validation from the combined
algorithm needs further evaluation, as our current data does
not appear to include such cases to a significant degree.

The test has been executed on 10 different phones, includ-
ing both Android and iOS operating systems, which gives
reassurance for the generalizability of the approach. However,
the algorithm also relies on the sensor APIs of the operating
system, which standardize the processed data and provide
an already-computed orientation estimation. As the imple-
mentation of these APIs can change by phone model/make
and operating system version, the approach needs to be
confirmed with more phones and future versions of each OS.
As limitation, it is important to observe that our algorithms
rely on thresholds which have been tuned to the data received.
While the validation data supports the generalizability of the
approach, it is possible that some individuals, or some models
of phones, would produce data that fall outside the ranges
identified in this study. To be noted is also that most of
our participants were relatively healthy. If using a cut-off
of 16 s as an indication of frailty [16], only one of our
participants had a duration above that. Results must therefore
be validated further for slow walkers and participants with
severely reduced mobility, to strengthen the generalizability.

VI. CONCLUSION AND FUTURE WORK

This proposed smartphone-based TUG test is accurate
and repeatable and can allow more reliable, objective, and
frequent testing in different environments, including patients’
homes. Smartphones are widely used and an app allowing
for the TUG test to be conducted at home would make it
convenient to monitor patients from their homes rather than
have to call them into clinic, including people with neurolog-
ical conditions, or at risk of frailty. If followed up regularly,
the results of home-based TUG tests can help clinicians
adjust medications and detect cases of worsening conditions
promptly rather than wait for routine re-evaluations in clinic
every 6-12 months. This provides benefits to clinicians and
patients through better care and improved health in a highly
cost-effective way.

While promising, this research also highlights limitations of
variability among the participants enrolled so far, as most of
them were in relatively good health. We expect future work
to better confirm the reliability of the approach, including
with participants that have more reduced mobility and slower
gate. Additional algorithms could be also tested, for example
employing machine learning approaches, which may increase
accuracy, or reliability in case of tests that deviate from the

typical data collected in our study. Balancing the level of
complexity, including effects on battery consumption and on-
device performance, with tangible benefits from a clinical
perspective will however be relevant to also confirm.
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A. I. Cuesta-Vargas, “Reliability and criterion-related validity with
a smartphone used in timed-up-and-go test,” Biomedical engineering
online, vol. 13, pp. 1–11, 2014.

[9] S. Mellone, C. Tacconi, and L. Chiari, “Validity of a smartphone-based
instrumented timed up and go,” Gait & Posture, vol. 36, no. 1, p.
163–165, May 2012.

[10] M. J. Böttinger, S. Mellone, J. Klenk, C.-P. Jansen, M. Stefanakis,
E. Litz, A. Bredenbrock, J.-P. Fischer, J. M. Bauer, C. Becker et al.,
“A smartphone-based timed up and go test self-assessment for older
adults: Validity and reliability study,” JMIR aging, vol. 8, no. 1, p.
e67322, 2025.

[11] D. Salvi, C. M. Olsson, G. Ymeri, C. Carrasco-Lopez, K. C. Tsang, and
S. A. Shah, “Mobistudy: mobile-based, platform-independent, multi-
dimensional data collection for clinical studies,” in Proceedings of the
11th International Conference on the Internet of Things, 2021, pp. 219–
222.

[12] O. P. Gautschi, M. N. Stienen, M. V. Corniola, H. Joswig, K. Schaller,
G. Hildebrandt, and N. R. Smoll, “Assessment of the minimum clin-
ically important difference in the timed up and go test after surgery
for lumbar degenerative disc disease,” Neurosurgery, vol. 80, no. 3, pp.
380–385, 2017.

[13] S.-L. Huang, C.-L. Hsieh, R.-M. Wu, C.-H. Tai, C.-H. Lin, and W.-S.
Lu, “Minimal detectable change of the timed “up & go” test and the
dynamic gait index in people with parkinson disease,” Physical therapy,
vol. 91, no. 1, pp. 114–121, 2011.

[14] S. Haghayegh, H.-A. Kang, S. Khoshnevis, M. H. Smolensky, and K. R.
Diller, “A comprehensive guideline for bland–altman and intra class cor-
relation calculations to properly compare two methods of measurement
and interpret findings,” Physiological measurement, vol. 41, no. 5, p.
055012, 2020.

[15] T. K. Koo and M. Y. Li, “A guideline of selecting and reporting
intraclass correlation coefficients for reliability research,” Journal of
chiropractic medicine, vol. 15, no. 2, pp. 155–163, 2016.

[16] G. M. Savva, O. A. Donoghue, F. Horgan, C. O’Regan, H. Cronin,
and R. A. Kenny, “Using timed up-and-go to identify frail members
of the older population,” Journals of Gerontology Series A: Biomedical
Sciences and Medical Sciences, vol. 68, no. 4, pp. 441–446, 2013.


