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Abstract
Introduction: Wearable technologies can enhance mea-
surements completed from home by participants in de-
centralized clinical trials. These measurements have shown
promise in monitoring patient wellness outside the clinical
setting. However, there are challenges in handling data and
its interpretation when using consumer wearables, re-
quiring input from statisticians and data scientists. This
article describes three methods to estimate daily steps to
address gaps in data from the Apple Watch in cancer
patients and uses one of these methods in an analysis of
the association between daily step count estimates and
clinical events for these patients. Methods: A cohort of 50
cancer patients used the DigiBioMarC app integrated with
an Apple Watch for 28 days. We identified different gap

types in watch data based on their length and context to
estimate daily steps. Cox proportional hazards regression
models were used to determine the association between
step count and time to death or time to first clinical event.
Decision tree modeling and participant clustering were
also employed to identify digital biomarkers of physical
activity that were predictive of clinical event occurrence
and hazard ratio to clinical events, respectively. Results:
Among the three methods explored to address missing
steps, the method that identified different step data gap
types according to their duration and context yielded the
most reasonable estimate of daily steps. Ten hours of
waking time was used to differentiate between sufficient
and insufficient measurement days. Daily step count on
sufficient days was the most promising predictor of time to
first clinical event (p = 0.068). This finding was consistent
with participant clustering and decision tree analyses,
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where the participant clusters emerged naturally based on
different levels of daily steps, and the group with the
highest steps on sufficient days had the lowest hazard
probability of mortality and clinical events. Additionally,
daily steps on sufficient days can also be used as a predictor
of whether a participant will have clinical events with an
accuracy of 83.3%. Conclusion: We have developed an
effective way to estimate daily steps of consumer wearable
data containing unknown data gaps. Daily step counts on
days with sufficient sampling are a strong predictor of the
timing and occurrence of clinical events, with individuals
exhibiting higher daily step counts having reduced hazard
of death or clinical events. © 2025 The Author(s).

Published by S. Karger AG, Basel

Introduction

Clinical trials that allow patients to complete at least
some of the required measurements from home have
become more common [1, 2]. Decentralized clinical trials
may reduce patient and sponsor burden by reducing the
number of required visits to the clinical site [3, 4] and are
financially viable [5]. Decentralized clinical trials that
leverage wearable and connected technologies support
the FDA’s Patient-Focused Drug Development guidance
[6, 7] by enhancing patient engagement and enabling the
assessment of real-world measures that matter to patients
and reflect their life experience [8, 9]. Enabling patients to
use their own mobile device in trials (“Bring Your Own
Device” [BYOD]) has demonstrated equivalence in
measurements obtained compared with a provisioned
device, along with high patient acceptance [10–13].

Patient-reported outcomes collected remotely can
predict adverse events, including hospitalization, and
addressing them may extend survival [14, 15].
Wearable sensors also have the potential to add health
information with clinical implications to home-based
monitoring [16]. In oncology patients, step counts
measured at home were associated with chemotherapy
symptoms [17, 18], hospitalization, and treatment
delays during radiation therapy [19, 20], health-
related quality-of-life indicators [21], postoperative
physical recovery [22], and survivorship [23]. Pas-
sively measured steps from consumer wearables have
been established as predictors of clinical outcomes as
well as quality of life in cancer patients [24].

Utilizing consumer wearable devices for continuous
sensor data collection offers a distinct advantage over
episodic assessments in clinical settings as it provides
comprehensive and real-time insight into patients’ health

behaviors and physiological responses in a low-burden
and sensitive way [25, 26]. It is feasible to collect data
from wrist-worn smartwatches inside the home envi-
ronment without clinical oversight [27], even among
senior citizens [28].

However, there is a lack of consensus on how to
process, analyze, and interpret data from consumer
wearable sensors for clinical purposes [24, 29]. Analyzing
and interpreting sensor data requires input from statis-
ticians and data scientists to ensure clinical validity [30,
31]. This article aimed to (1) describe our method to
estimate daily steps from the Apple Watch used at home
by patients undergoing treatment for cancer and (2)
evaluate the impact of our method by analyzing the
associations between estimates of daily step counts and
clinical events for these individuals.

Methods

Study Design
This single-arm, longitudinal, mixed-methods,

prospective usability study enrolled a cohort of cancer
patients receiving treatment at Kaiser Permanente
Northern California (KPNC), an integrated healthcare
delivery system. The study population and recruitment
process have been detailed elsewhere [32]. In brief,
participants were eligible for participation if they
were ≥18 years of age, actively receiving infusion
therapy, had an informal caregiver (≥18 years), had an
iPhone 6 and above, and had sufficient cognitive ca-
pacity to provide informed consent. Participants used
an iPhone app known as Digital BioMarkers for
Clinical Impact or DigiBioMarC, which was integrated
with the Apple Watch.

The study participants (demographic data available in the
online supplementary material; for all online suppl. material,
see https://doi.org/10.1159/000543898) were instructed to
utilize the mobile app and watch for at least 28 days, during
which themobile app delivered surveys and activity requests,
and the Apple Watch captured specific digital activity data
concurrently. Among the 50 participants, 12 already owned
their own Apple Watch (version 3 or above), while the
remaining participants were provisioned with a loaner Apple
Watch (version 3 or 4) that was mailed to them at no cost.
Participants who completed the study received a USD 100
Amazon gift certificate for their time. The study was re-
viewed and approved by the KPNC Institutional Review
Board. All data collected using the app was stored in a secure
HIPAA-compliant cloud that was managed by KPNC
project staff.
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Estimation of Daily Steps
Participants’ step counts were passively collected during

the study on the Apple Watch using the Apple HealthKit
software native to the device. In an at-home study with a
consumer device such as the Apple Watch, gaps in the step
counts can arise due to participants forgetting to wear or
charge their watch, or extended periods of inactivity. Because
of this, we employed three distinct methods to estimate the
number of daily steps. These methods made different as-
sumptions about the gaps in sampling. Online supple-
mentary Figure S1A illustrates an example of gaps in
sampling, with time stamps modified to ensure privacy. A
summary of each method is provided below.

Method 1: Assumed all gaps represented inactivity and
calculated the sum of all recorded steps to estimate the
daily step count. This method is also considered the
method without preprocessing.

Method 2: Assumed all gaps were because the par-
ticipant was not wearing the watch (non-wear) and, thus,
employed a normalization approach by averaging the
daily steps to impute the number of steps during gaps
with the assumption that participants were awake for
16 h during each 24-h period.

Method 3: Identified different gap types according to
their length and context. Utilized gap type-based
normalization of steps by extracting the measure-
ment period of all the channels from Apple HealthKit
except for Basal Energy Burned (BEB) and Apple
Exercise Time (AET). Gaps were identified when no
channels registered measurement. The longest gap for
each noon-to-noon period was recognized as sleep
(SLEEP), allowing for short measurements of 2 min for
any movement or awakening during sleep. All gaps
with lengths shorter than 3.5 h were considered short
gaps with inactivity (SED for short of sedentary). Any
gaps longer than 3.5 h were categorized as non-wear
(NONWEAR). We chose the threshold of 3.5 h because
this duration is well above the typical maximum
sedentary duration for healthy populations, which
range from 100 to 120 min [33, 34]. Daily waking wear
time (DWWT) was defined as the sum of time with
measurement (RECORDED) and short gaps of inac-
tivity (SED). Days with at least 10 h of waking wear
time were considered days with sufficient measure-
ment [35]. Daily waking time (DWT) was defined as
the sum of daily waking wear time (DWWT) and long
non-wear gaps (NONWEAR).

The recorded daily steps were collected over daily
waking wear time (RECORDED + SED); therefore, the
estimation of daily steps for Method 3 was derived
through the following calculation:

Recorded daily steps

Daily waking wear time min( ) × Daily waking time min( )

where,

Daily waking wear time DWWT( ) � RECORDED + SED

Daily waking time DWT( ) � DWWT +NONWEAR

Digital Biomarkers of Physical Activity
We determined eight digital biomarkers of physical

activity, considering both daily steps and the availability
of activity data itself:
(1) Number of days with sufficient measurement: this

refers to the count of days with waking wear time
equal to or exceeding 10 h, hereafter referred to as
“sufficient days.”

(2) Number of days with insufficient measurement: this
indicates the count of days with waking wear time less
than 10 h, hereafter referred to as “insufficient days.”

(3) Median daily steps on sufficient measurement days:
for days with sufficient measurement, the median
daily steps were adjusted for estimated non-wear
time using Method 3.

(4) Median daily steps on insufficient measurement
days: similar to the previous digital biomarker (#3),
the median daily steps were adjusted for estimated
non-wear time (Method 3) for days with insufficient
measurement.

(5) Daily unmeasured time on sufficient days: this rep-
resents the unmeasured time on days with sufficient
measurement, calculated as the difference between
24 h and the daily waking wear time, estimated as the
sum of time with measurement and short gaps.

(6) Daily unmeasured time on insufficient days: similar
to digital biomarker 5, this denotes the unmeasured
time on days with insufficient measurement.

(7) Count of days with no measurement: this indicates
the number of days with no recorded measurements.

(8) Insufficient day to sufficient day ratio (ISR): this is
computed as the ratio of insufficient days to sufficient
days.

Definition of Clinical Events
The timing of death and other adverse clinical events

was collected from the participants’ electronic health
records (EHRs) for a period of up to 6 months following
the end of the study period. The clinical events of interest
included palliative care referrals, hospice referrals, and
death within 6 months and emergency department visits
and hospital visits if within 3 months.
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Analysis of Clinical Events and Digital Biomarkers of
Physical Activity
To determine whether digital biomarkers of physical

activity predicted time to death and time to first clinical
event, Cox proportional hazards regression models were
implemented using the coxph and Surv function from the
R package survival [36, 37]. Kaplan-Meier survival curves
were generated using the ggsurvplot function in the R
package survminer [36–38]. A power analysis was per-
formed on the Cox proportional hazards regression
model with nonbinary covariates.

To assess the utility of digital biomarkers of physical
activity and identify the digital biomarker that was most
predictive of the occurrence of clinical events, a decision
tree model was used. Specifically, DecisionTreeClassifier
in the module sklearn.tree of the scikit-learn library [39]
was deployed to select the digital biomarker that dis-
tinguished the participants with at least one clinical event
(Class = 1) from those having no reported clinical events
(Class = 0). Gini impurity [40], the probability of in-
correct classification when all labels are randomly chosen,
was automatically generated with this same method as a
part of the output.

We also examined whether participant groups
naturally emerging from patterns in digital biomarkers
of physical activity were associated with the time to
death or time to clinical events. Participants were
grouped into clusters using the hclust function in the R
base [41] based on their median daily step count on
sufficient and insufficient days. Clusters were then
analyzed for their hazard ratio to death or clinical
events using Surv and Survfit functions from the R
package survival [36], and Kaplan-Meier survival
curves were generated using the ggsurvplot function in
the R package survminer [38].

Step Estimation Method Comparisons: Impact of
Methods on Clinical Analyses
The impact of the data preprocessing steps deployed

using Method 3 was assessed by conducting parallel
analyses with step data derived directly from Apple
Watch (i.e., Method 1). p values were compared to
evaluate whether the data preprocessing procedures
contributed additional insights into clinical event pre-
diction compared to the use of raw recorded steps.

Compliance of previously owned versus provisioned
Apple Watches. To assess whether compliance varied by
whether participants already owned an Apple Watch (n =
12) or were provisioned an Apple Watch (n = 37), a t-test
was used to compare the daily unmeasured time between
these two participant groups.

Results

Estimation of Daily Steps: Comparison of Proposed
Methods
We used three methods to treat gaps in sampling when

estimating daily steps using consumer-grade wearable
device data. Online supplementary Figure S1B illustrates
how the three methods handle gaps, using a represen-
tative example. Simply summing up daily recorded steps
(Method 1) resulted in an average of 3,981 ± 11,041 steps
per day, while a simple normalization of recorded
stepping time to a predefined 16 h of waking time
(Method 2) estimated an average of 30,487 ± 18,125 daily
steps. On average, ± SD, 5,011 ± 3,354 daily steps were
estimated using Method 3. The three methods to estimate
the daily step count of an example participant are shown
in online supplementary Figure S2.

The distinction between Method 1 andMethod 3 lies in
their treatment of prolonged gaps in collected data during
the daytime. Method 1 assumes all gaps imply no steps,
whereas Method 3 reintroduces steps for long gaps during
waking hours, which may not solely indicate inactivity. On
days without such prolonged gaps, both methods yield
identical step estimates. Despite these identical estimates, a
one-sided paired t-test comparingMethod 1 andMethod 3
yielded a p value of 3.618e-06, indicating a significant
difference between the two methods. The identification of
gap types in Method 3 allows for estimating the amount of
data collection time for each day, thereby influencing the
quality of the data.

The commonly used threshold of 10 h of waking wear
time was used to differentiate between sufficient and
insufficient measurement days [35]. Figures 1 and 2 il-
lustrate the joint distribution of estimated daily steps and
unmeasured time for each participant on sufficient and
insufficient days. Figure 1 shows the box plot of daily
steps on sufficient and insufficient days, indicating more
steps on sufficient days for most patients. Figure 2 dis-
plays the box plot of daily unmeasured time on sufficient
and insufficient days, with a clear separation at the chosen
cutoff of 14 h. Given the observed differences in different
unmeasured time between sufficient and insufficient
days, the definition of 10 h per day is appropriate. Of the
total measured days, 63% had sufficient measurement.
The percentage of days with sufficient measurement
varied by participants (range: 9%–100%).

Clinical Events Analysis
Using watch data processed with Method 3, we inves-

tigated whether the eight digital biomarkers of physical
activity predicted time to death, first clinical event (Cox
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regression models), or incidence of any clinical event (de-
cision tree analysis). Of the 50 participants, 49 provided both
complete EHR and Apple Watch data; thus, 49 participants
were included in the clinical events’ analysis.

Predicting Time to Death or Time to First Clinical Event
While none of the digital biomarkers of physical activity

predicted time to death (data shown in online suppl.
Table S1), the daily step count on sufficient days tended to
predict the time to first clinical event with a hazard ratio of
0.79, suggesting the hazard decreases by a factor of 0.79 for
every 1,000 increase in daily steps on sufficient days (p =
0.068, Table 1). The power analysis shows at least 14 par-
ticipants with events (57 total participants) will be needed to
achieve 80% power at a significance level of 0.05 with a
hazard ratio of 0.79, based on the current event occurrence
rate and variance of the variable.

Predicting Incidence of Any Clinical Events
Decision tree analyseswere performed to identify the digital

biomarker that differentiated participants with clinical events.
One participant was excluded from this analysis because daily
unmeasured time on insufficient days for this participant was

missing; therefore, 48 participants were included in the de-
cision tree analysis. Dailymedian step count on sufficient days
predicted clinical event occurrence with an accuracy of 83.3%.
Participants with greater than 2,510 median daily steps on
sufficient days were predicted to have no clinical events, and
those with less than 2,510 daily steps on sufficient days were
predicted to have at least one clinical event.

Of the 48 participants included in the analysis, 12 had at
least one clinical event. A naïve classifier would predict that
no one would have a clinical event, but with the rule of
median daily step count <2,510 on sufficient days, 8 par-
ticipants were predicted to have at least one clinical event. Of
the 8 participants classified by median daily steps, 6 were
correctly classified and had at least one clinical event. A
graphical illustration of the decision tree classification and
Gini impurity results are depicted in online supplementary
Figure S3.

Participant Clusters and the Association between
Participant Clusters and Clinical Events
A hierarchical clustering was also performed to ex-

amine patterns of daily steps among participants. Both
steps on sufficient days and insufficient days were

25

Fig. 1. Box plot of daily steps on days with sufficient measurements (“sufficient days”) and days with insufficient
measurements (“insufficient days”). There are more steps on sufficient days for most patients.
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considered in the development of the clusters. Five
clusters, depicted in different colors in Figure 3a and
online supplementary Figure S4, were identified.

The daily steps on sufficient days and insufficient
days for each participant cluster are shown in

Figure 3b. Survival analysis was performed to un-
derstand the death hazard and time to first clinical
event with different clusters, and results are shown in
Figures 3c and 3d, respectively. Cluster 4 (blue) had
the highest hazard in both analyses and had the lowest

Fig. 2. Box plot of daily unmeasured time on sufficient days and insufficient days. There is a clear separation
between unmeasured time at the chosen cutoff of 14 h. The populations have quite different unmeasured time.

Table 1. Digital biomarkers and p values to predict time to first clinical event using univariate Cox regression model

Variable p value Coef 95% CI Hazard ratio

Number of sufficient days 0.678 9.49E−03 (−3.53E−02, 5.43E−02) 1.01

Number of insufficient days 0.396 −0.027 (−0.088, 0.035) 0.97

Steps on sufficient days 0.068 −0.235 (−0.486, 1.72E−02) 0.79

Steps on insufficient days 0.803 −7.57E−02 (−0.671, 0.520) 0.93

Unmeasured time on sufficient days 0.701 −0.056 (−0.345, 0.232) 0.95

Unmeasured time on insufficient days 0.328 −0.119 (−0.359, 0.120) 0.89

Number of days with no measurement 0.306 0.033 (−0.030, 0.096) 1.03

Ratio of insufficient days to sufficient days 0.728 −0.041 (−0.272, 0.190) 0.96

A total of 49 participants were included in this analysis. Of those included, there were 13 participants that experienced at least
one clinical event (see online supplementary material for details on clinical events by participants). The two variables concerning
daily steps have been adjusted to reflect changes per thousand steps per day.
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daily steps on sufficient days. In contrast, Cluster 3
(green) had the lowest hazard in both analyses and the
highest steps on sufficient days.

Comparison to Analyses without Preprocessing
To demonstrate the importance of the data pre-

processing that was performed usingMethod 3, we repeated
the aforementioned analyses using raw recorded steps from
the Apple Watch (i.e., Method 1). This comparison eval-
uated whether the data preprocessing procedures contribute
additional insights into clinical event prediction compared
to the use of raw recorded steps.

Raw recorded steps (Method 1) did not predict time to
death (p = 0.513) nor time to first clinical event (p =
0.259). The p value quantifies how likely it is to observe
data at least as extreme as what was actually observed,
assuming the null hypothesis is true. Both of these p
values substantially exceed the ones resulting from our
analysis using Method 3 indicating less substantial or
non-significant results when unprocessed daily steps are
utilized (data not shown).

In terms of predicting clinical event occurrence, a
decision tree model with a depth of 1 yielded an accuracy
of 75.5%. This accuracy was similar to a rudimentary
model that predicts no occurrence of clinical events
(yielding an accuracy of 36/49 = 73.5%), indicating that
raw recorded steps are not predictive of clinical events.

Comparing Compliance between
Participant-Provided and Study-Provided Devices
A t-test was conducted to compare the daily unmea-

sured time between participants (with complete watch
data) using their self-owned Apple Watch (n = 12) and
those using provisioned watches (n = 37). No statistically
significant distinction in compliance was observed (p =
0.215), suggesting similar levels of compliance between
the two groups.

Discussion

Principal Findings
Method for Estimating Daily Steps from
Consumer-Grade Wearable Device Data in Clinical
Trials
Because real-world data acquired from consumer

wearable devices often exhibits gaps in step sampling, we
evaluated three methods to determine step counts. We
describe these methods and present the best of the three to
address these data gaps. Specifically, we devised a robust
preprocessing procedure to distinguish between gaps re-

sulting from inactivity and those arising from non-wear.
This method (Method 3) synthesizes a priori knowledge of
human behavior with heuristic rules, effectively differen-
tiating and categorizing gap types. The method considers
data availability from other channels at the same time,
further enhancing the precision of daily step estimation.
Furthermore, this method mitigates the risk of incorpo-
rating days with exceptionally low step counts due to in-
adequate device wear. By systematically addressing data
gaps in consumer-grade wearable device data, this method
emerges as an asset in ensuring the accuracy and inter-
pretability of consumer wearable devices data.

Importantly, our method, #3, in comparison to the first
two methods, yields estimations of daily step counts from
a consumer-grade wearable sensor that closely aligns with
findings from previous studies that have deployed
research-grade sensors. Our method estimated an average
of 5,011 ± 3,354 daily steps for oncology patients, a
pattern in line with expected human activity levels in
oncology patients. This daily step count is similar to the
reported 4,935 ± 2,884 daily average for metastatic breast
cancer patients prior to a step-increasing intervention
[42], as well as the 4,966 steps recorded for rectal cancer
patients before chemoradiotherapy [43]. Comparable
investigations have documented diverse step counts,
spanning from an average of 6,689 ± 3,261 inpatient steps
following lung resection surgery [44], to 4,099 steps for
children and adolescents prior to chemotherapy [45], and
3,883 steps for head and neck cancer patients at the early
stages of chemoradiotherapy [46].

Analysis of Real-World Daily Step Count, Clinical
Events, and Clinical Implications
This study highlights the potential of daily stepping

behavior to predict both the timing and occurrence of
clinical events based on an analysis of data obtained from
cancer patients undergoing intravenous therapy. This
prediction is evident across Cox regression, decision tree
and clustering models. In our research, a lower count of
real-world steps aligns with clinical events, including
emergency department and hospital visits, palliative care
and hospice referrals, and mortality. This association also
finds some support in scientific rationale and existing
literature that reveals correlations between decreased
steps and heightened fatigue, cumulative symptom count
[45], higher number of chemotherapy-related symptoms
[17], and higher likelihood of hospitalization during
radiation therapy [19]. It is essential to note, however,
that in the current study, the positive signal for daily step
counts was discernible only when utilizing preprocessed
data. Our method reduced the risk of incorporating days
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with exceedingly low step counts during periods when
individuals are not wearing the device, thereby offering a
more precise evaluation of waking stepping behaviors
that accounts for data quality and satisfactory sampling.
While results from this study are preliminary, they
support the continued investigation into the predictive
potential of daily stepping behavior through well-
controlled and sufficiently powered studies.

Within the context of patients undergoing anti-cancer
treatment, data missingness (as measured by insuffi-
ciently measured days) serves as a meaningful feature
extracted from real-world data. This finding could be
interpreted to suggest that patients who are doing more
poorly are less able to adhere to data collection protocols.

Furthermore, we observed that compliance was con-
sistent regardless of whether participants use provisioned
devices or their own (BYOD). This implies that both
provisioning and BYOD options are viable choices [10–13]
as compliance levels in this research did not significantly
differ between the two approaches. Given the relatively
small number of participants that used their own devices
(n = 12), additional studies are needed to confirm this
finding.

Strengths and Limitations
This study includes oncology patients across diverse

cancer types and stages, supported by a data collection
period that captures real-world behaviors over 1 month.
There is evidence that consumer wearable sensors have a
low error rate, particularly for step counting [47]. A case in
point is the Apple Watch, which has been shown to be
extremely accurate for measuring step counts for adults
[48]. While the scope of this study did not include evalu-
ation of all types of consumer wearables that capture similar
data, the utilization of a common consumer wearable like
the Apple Watch adds value to our study as it offers evi-
dence that participants can use devices with which they are
familiar or quickly learn to use provisioned ones.

A key finding of our work is that the method we
developed can effectively address the challenge of
potential gaps in consumer-grade device data, si-
multaneously estimate data missingness and yield
reliable, high-quality step count estimates that cor-
relate with clinical events across multiple analyses.

It is important to acknowledge certain limitations
associated with consumer-grade devices, such as ex-
pense of devices, the potential need for technology
skills to link watches to phones and maintain devices,
and the device-charging needs. Battery life is of par-
ticular relevance for the Apple Watch, as charging is
required daily. When a device is being charged, be-

haviors cannot be measured, and thus, this is an im-
portant factor to consider when selecting a device to
estimate physical activity and other behaviors over 24
h. These devices may also lack transparency from
manufacturers regarding the processing of raw ac-
celerometer data, inaccessible embedded algorithms,
and potential system updates performed without re-
searchers’ or clinicians’ awareness. While our method
and usability research describes a reasonable estimate
of daily steps in oncology patients and demonstrates
lower variance compared to the other two methods, the
absence of an independent validation hinders com-
prehensive performance assessment. Additionally, the
accuracy and reliability of the Apple Watch and its
underlying algorithms for measuring steps in oncology
patients at home remains, to our knowledge, untested.

Finally, it is important to note that this study aimed to
evaluate the usability of real-world physical activity data for
patients with oncology. The sample size was relatively small
and overall there were few deaths and clinical events,
limiting our ability to detect significant predictors. The
model simplified its approach by omitting demographic
factors such as age, cancer type, and stage to ensure broad
applicability across diverse populations, reducing the ne-
cessity for recalibration across varying groups. Physical
activity and its measurements are also impacted by envi-
ronmental biases, such as climatic factors, living environ-
ment (rural or urban), and the doses of chemotherapy
treatment in this oncology population. Despite these lim-
itations, this study provides proof-of-concept evidence that
digital biomarkers of physical activity have clinical relevance
in this patient population. Still, larger prospective studies are
needed to confirm our findings.

Conclusion

We developed a comprehensive data processing and
analysis method to effectively address challenges associated
with data collected using consumer devices, resulting in
reasonable estimates of steps and data missingness. Daily
step counts on days with sufficient sampling is a predictor of
the timing and occurrence of clinical events, with indi-
viduals exhibiting the highest daily step counts having a
reduced hazard of death or clinical events. These findings
hold potential implications for informed clinical decision-
making and the integration of patient-focused drug devel-
opment strategies. Further investigation is warranted to
establish real-world stepping behavior as a potential bio-
marker for disease progression in patients undergoing anti-
cancer therapy. To ensure rigorous study outcomes, the
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incorporation of a research-grade wearable device, coupled
with ongoing data quality assessment, is recommended
throughout a longer study duration. Enhanced statistical
power and refined measure development can be achieved
through the inclusion of a larger dataset encompassing a
higher frequency of clinical events.
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