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IMPORTANCE Patient-generated health data captured from smartphone sensors have the

potential to better quantify the physical outcomes of surgery. The ability of these data to

discriminate between postoperative trends in physical activity remains unknown.

OBJECTIVE To assess whether physical activity captured from smartphone accelerometer

data can be used to describe postoperative recovery among patients undergoing cancer

operations.

DESIGN, SETTING, AND PARTICIPANTS This prospective observational cohort studywas

conducted from July 2017 to April 2019 in a single academic tertiary care hospital in the

United States. Preoperatively, adults (age �18 years) who spoke English and were

undergoing elective operations for skin, soft tissue, head, neck, and abdominal cancers

were approached. Patients were excluded if they did not own a smartphone.

EXPOSURES Study participants downloaded an application that collected smartphone

accelerometer data continuously for 1 week preoperatively and 6months postoperatively.

MAIN OUTCOMES ANDMEASURES The primary end points were trends in daily exertional

activity and the ability to achieve at least 60minutes of daily exertional activity after surgery

among patients with vs without a clinically significant postoperative event. Postoperative

events were defined as complications, emergency department presentations, readmissions,

reoperations, andmortality.

RESULTS A total of 139 individuals were approached. In the 62 enrolled patients, who were

followed up for a median (interquartile range [IQR]) of 147 (77-179) days, there were no

preprocedural differences between patients with vs without a postoperative event.

Seventeen patients (27%) experienced a postoperative event. These patients had longer

operations than those without a postoperative event (median [IQR], 225 [152-402] minutes

vs 107 [68-174] minutes; P < .001), as well as greater blood loss (median [IQR], 200 [35-515]

mL vs 25 [5-100] mL; P = .006) andmore follow-up visits (median [IQR], 2 [2-4] visits vs 1

[1-2] visits; P = .002). Compared with mean baseline daily exertional activity, patients with

a postoperative event had lower activity at week 1 (difference, −41.6 [95% CI, −75.1 to −8.0]

minutes; P = .02), week 3 (difference, −40.0 [95% CI, −72.3 to −3.6] minutes; P = .03),

week 5 (difference, −39.6 [95% CI, −69.1 to −10.1] minutes; P = .01), and week 6 (difference,

−36.2 [95% CI, −64.5 to −7.8] minutes; P = .01) postoperatively. Fewer of these patients

were able to achieve 60minutes of daily exertional activity in the 6 weeks postoperatively

(proportions: week 1, 0.40 [95% CI, 0.31-0.49]; P < .001; week 2, 0.49 [95% CI, 0.40-0.58];

P = .003; week 3, 0.39 [95% CI, 0.30-0.48]; P < .001; week 4, 0.47 [95% CI, 0.38-0.57];

P < .001; week 5, 0.51 [95% CI, 0.42-0.60]; P < .001; week 6, 0.73 [95% CI, 0.68-0.79] vs

0.43 [95% CI, 0.33-0.52]; P < .001).

CONCLUSIONS AND RELEVANCE Smartphone accelerometer data can describe differences in

postoperative physical activity among patients with vs without a postoperative event. These

data help objectively quantify patient-centered surgical recovery, which have the potential

to improve and promote shared decision-making, recovery monitoring, and patient

engagement.
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P
atients undergoing surgery are often faced with com-

plex treatment decisions without sufficient informa-

tion regarding theassociationof thesechoiceswithout-

comes that matter most to them. This is especially true for

patients with cancer, for whom multidisciplinary treatment

makes it difficult to appreciate the associationof each therapy

with changes inpatientqualityof life. Traditional surgical out-

comemeasures, such as postoperative complications and re-

admission rates, are often imprecisemeasures of the associa-

tion of cancer surgery with patient quality of life.

The demand for high-frequency patient-centered out-

comemeasures after oncologic surgeryhas led tonovelmeth-

ods of collecting not only patient-reported outcome mea-

sures (PROMs)butalsoother formsofpatient-generatedhealth

data. As a result, there have been a growing number of inves-

tigations describing the use of wearable digital activity-

trackers toquantifypatient activity around the timeofahealth

care event.1,2 In 2016, Torous et al introduced digital pheno-

typing as “moment-by-moment quantification of the indi-

vidual-level humanphenotype in-situusingdata fromsmart-

phones and other personal digital devices.”3(pe16) Unlike

wearable digital activity-trackers, digital phenotyping har-

nesses data from smartphone sensors (eg, global positioning

systems, accelerometer, gyroscope, etc) and logs (eg, commu-

nication logs, screen-activity logs) without additional active

participation fromtheuser.Thiseffectivelycapitalizesonhard-

ware already in the hands of patients rather than introducing

additionaldevices.4Bycouplingdigitalphenotypingwithhigh-

frequency,digitally collectedPROMs, thismethodcanbeused

toanalyzebehavioralpatterns, social interactions,physicalmo-

bility, grossmotor activity, andcognitive function, all ofwhich

may inform patient quality of life.5

Therefore, the objective of this proof-of-principle study

was to demonstrate the feasibility and efficacy of quantify-

ing physical activity from smartphone accelerometer data

to describe physical recovery among patients after cancer

operations. We hypothesized that metrics derived from

smartphone accelerometer data could be used to demon-

strate differences in physical recovery among patients with

vs without clinically significant postoperative events. If so,

this methodology has the potential to provide patients and

surgeons with a novel and scalable approach to quantify

recovery after surgery, which may better inform shared

decision-making, improve recovery monitoring, and pro-

mote patient engagement.

Methods

Patient Selection

This study was approved by the Partners Human Research

Committee institutional reviewboard.Thewrittenconsent re-

quirement was waived in favor of documented verbal con-

sent. Adults (age ≥18 years) who spoke English, had a cancer

diagnosis, andwere scheduled for surgery between July 2017

and April 2019 were approached for inclusion. Patients were

excluded if they did not own a smartphone with an Android

or iOS operating system. Patients were eligible if they were

scheduled to undergo an operation for breast,melanoma, ex-

tremity, or truncal sarcoma; thyroid or parathyroid tumors

(skin, soft tissue, head, and neck tumors); or any gastric, co-

lorectal, adrenal, retroperitoneal, hepatic, or peritoneal tu-

mors (abdominal tumors).

Aftergivingverbalconsent,patientsdownloadedtheBeiwe

smartphone application, which is the front-end component

of theopen-sourceBeiwe researchplatformcreatedbyour re-

search team.3 In this study, Beiwe prospectively and pas-

sively collected raw smartphone accelerometer data continu-

ously preoperatively and for 6 months postoperatively.

Collection of Clinical Data

The following variables were extracted from themedical rec-

ords of enrolled patients to understand the diverse perspec-

tive of patients engagingwith this tool: age, sex, self-reported

race, American Society of Anesthesiology classification, type

of surgery, prior chemotherapy or radiation, operative time,

blood loss, hospital length of stay, discharge location, opioid

prescriptions,numberof follow-upvisitswiththeoperatingsur-

geon, perioperative complications, mortality, emergency de-

partment admissions, readmissions, and scheduled or un-

planned reoperations. All data were stored on Research

Electronic Data Capture (REDCap).

Collection of Smartphone Sensor Data

The Beiwe application passively and continuously collected

raw accelerometer data from patients’ smartphones through

theentiretyof the6-fmonth studyperiod.Accelerometerdata

were sampled identically for each patient, alternating be-

tween a 10-second on-cycle and a 10-second off-cycle. Dur-

ing on-cycles, the smartphone’s triaxial accelerometers were

sampled, capturing acceleration in a 3-dimensional orthogo-

nal coordinate system. This sampling design yielded dense

temporal datawithout causingextensivephonebatterydrain-

age, an issue that the research team has studied.6-8

Accelerometer data captured the smartphone’s move-

ment andwereused as a surrogate of individual patient activ-

ity patterns.3 Smartphone accelerometers have been tested

against industrial accelerometersused in clinical researchand

have found to be reliable in capturing and distinguishing be-

tween exertional and nonexertional activity.9,10

Key Points

Question Canmetrics derived from smartphone accelerometer

data capture differences in physical recovery among patients after

surgery?

Findings In this cohort study, smartphone accelerometer data

captured decreases in daily exertional activity in patients with a

postoperative event (eg, complication, reoperation) compared

with baseline at up to 6 weeks after surgery. Similarly, these

data demonstrated that fewer of these patients achieved at least

60minutes of daily exertional activity in the first 6 weeks after

surgery compared with patients without a postoperative event.

Meaning Physical activity measured passively through

smartphone accelerometer data can be used to quantify

differential recovery trends after surgery.
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All newly collected data were immediately encrypted on

thesmartphone.Thesmartphoneapplicationattemptedadata

uploadevery3600seconds (1hour); if successful, thedatawere

deleted fromthedevices.Uploadsoccurred throughwifi rather

than cellular networks to avoid costs for patients. Once up-

loaded, data were received by an Amazon Elastic Compute

Cloud(EC2)serverandre-encrypted.Thedatawere thenstored

in Amazon Simple Storage Service (S3) industry-standard se-

cure storage, in compliance with the Health Insurance Porta-

bility and Accountability Act.

Exposure andOutcomeMeasures

Raw measured accelerometer data were processed to deter-

mine a summary statistic calleddaily exertional activity for in-

dividual patients; this was defined as the number of minutes

each day when the sum of smartphone accelerometer vari-

ances exceeded a threshold selected a priori, normalized by

the number of minutes when accelerometer data were col-

lected that day (eMethods in the Supplement). The predeter-

mined activity threshold of 0.15g2 (1 g = 9.807 m/s2) was de-

termined by identifying an accelerometer variance level that

correlated with exertional activity each minute. Exertional

movements (ie, the activity above the threshold level) in-

cluded going up or down stairs and vigorouswalking. Nonex-

ertional (or stationary) activity included standing, sitting, or

lyingdown.Distinguishingbetween theseexertional andnon-

exertionalactivitieswasclinicallymeaningfulbecausetheycor-

respondwith patient functional status andmetabolic equiva-

lents assessed by surgeons before an operation.

To determine the ability of accelerometer data to demon-

stratedifferential activitypatternsafter surgery, trends indaily

exertional activity were determined among patients with vs

without a clinically significant postoperative event and com-

paredwithmeanpreoperative baseline daily exertional activ-

ity. In this study, apostoperativeevent includedanyperiopera-

tive complications, mortality, emergency department

presentations, readmissions, and scheduledor unplanned re-

operations. Scheduled reoperations includedcompletionof re-

sections in staged surgery (eg, primary colectomy followedby

hepaticmetastasectomy) or reconstructiveprocedures (eg, an

implant reconstructionaftermastectomy).Although these re-

operations do not represent a complication of an initial sur-

gery, theywere included because a second operationmayde-

layrecovery,aswouldacomplication.Todemonstratepotential

clinical uses forpatient-level data,wealso identified selectpa-

tientswithpostoperativecomplications to illustrateuniqueac-

tivity patterns that emerged.

The primary end points were trends in daily exertional

activity and the ability to achieve at least 60minutes of daily

exertional activity after surgery amongpatientswith vswith-

out a clinically significant postoperative event. Sensitivity

analyses at 30and90minutes of daily exertional activity, rep-

resenting milder and more vigorous activity thresholds, re-

spectively, were performed to test alternative thresholds.

Statistical Analysis

Data were summarized using mean with SDs or median with

interquartile ranges (IQRs) for continuous measures and fre-

quency with percentages for categorical variables. To deter-

mine significant covariates among patients with vswithout a

clinicallysignificantpostoperativeevent,bivariateanalysiswas

performedusing2-sample t tests for continuousvariables and

χ2 tests for categorical variables. Trends indaily exertional ac-

tivity compared with baseline were determined using unad-

justedrestrictedcubicsplineregressionwithprespecifiedknots

at each enrollmentweek (eg, days 7, 14, 21, 28, 35, 42, and49).

Generalized estimating equations under naive independence

wereused to estimate the spline regressionparameters. These

analytic methods were selected because they protect against

biases associatedwith differences in the distribution ofmiss-

ing data among patients with vs without a postoperative

event.11 Tests on the equality of proportions were used to de-

termineunadjusteddifferences in thenumberof patients able

to achieve at least 60 minutes of daily exertional activity. All

statistical analyses were performed using Stata software ver-

sion 15.1 (StataCorp). Statistical significance was defined as

a 2-sided P value less than .05.

Results

Patient Recruitment and Data Volume

Of the 139 patients contacted preoperatively, 9 were unable

to be reached, and 18 were ineligible because they lacked a

smartphone or had technical issues using a smartphone. Of

the 112 eligible patients, 64 patients (57.1%) downloaded the

Beiwe application, and accelerometer data were available for

62 patients for final analysis (Figure 1). Among these 62

patients, the mean (SD) age was 65.7 (13.0) years; 39 were

female (63%). Accelerometer data from the 62 patients who

participated were available for a median (IQR) of 5 (2-12)

days preoperatively and a median (IQR) of 147 (77-179) days

postoperatively. These were fewer than the number of days

each patient was enrolled in the study (Table), representing

a median (IQR) of 22.2% (4.5%-58.4%) of days with missing

accelerometer data.

Clinical Outcomes

Among the 62 patients included, 45 patients (73%) experi-

enced no clinically significant postoperative events, while 17

(27%)experienced 1ormoreevent (Figure 1; Table). Eventsoc-

curred at a median (IQR) enrollment of 23 (8-40) days. Pa-

tients with a postoperative event had a longer operative time

(median [IQR], 225 [152-402] minutes vs 107 [68-174] min-

utes;P < .001)withgreaterestimatedblood loss (median [IQR],

200 [35-515] mL vs 25 [5-100] mL; P = .006). These patients

hada longerhospital stay (median [IQR], 5 [2-9]daysvs2 [0-4]

days; P = .007), were more likely to be discharged with visit-

ing nursing services (31 of 45 participants [69%] vs 5 of 17 par-

ticipants [31%]; P = .009), and had a greater number of fol-

low-up clinic visitswith theoperating surgeon (median [IQR],

2 [2-4] visits vs 1 [1-2] visits; P = .002).

Trends in Exertional Activity

Figure 2 shows the estimates of daily exertional activity dur-

ing the first 6 postoperative weeks for patients with vs with-
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outaclinically significantpostoperativeevent.Comparedwith

mean baseline daily exertional activity (99.3 minutes), there

appeared to be an increase in daily exertional activity peak-

ing 3weeks postoperatively (at enrollment day 28) amongpa-

tientswithoutapostoperativeevent (19.9 [95%CI,−5.0 to44.8]

minutes; P = .12; Figure 2A). In contrast, patientswith a post-

operative event had a decrease in daily exertional activity

compared with baseline (104.7 minutes) at week 1 (differ-

ence, −41.6 [95% CI, −75.1 to −8.0] minutes; P = .02), week 3

(difference, −40.0 [95% CI, −72.3 to −3.6] minutes; P = .03),

week 5 (difference, −39.6 [95% CI, −69.1 to −10.1] minutes;

P = .01), andweek 6 (difference, −36.2 [95%CI, −64.5 to −7.8]

minutes; P = .01) postoperatively (Figure 2B). Among pa-

tients with a clinically significant postoperative event, 2 pa-

tients who underwent abdominal surgerywere selected to il-

lustrate thepotentialofpatient-level trendanalysis (eAppendix

and eFigure in the Supplement).

Differential Exertional Activity Levels

Theproportion of patientswith vswithout a clinically signifi-

cant postoperative event who were able to achieve at least

Figure 1. Recruitment of Patients for Study Participation, Including

Screening for Eligibility and Reasons for Refusing Participation

139 Patients approached

112 Patients eligible

64 Patients enrolled

62 Patients analyzed

45 No postoperative event

27 Screened out

12 Did not own a smartphone

9 Unable to be contacted for consent

3 Uncomfortable using a smartphone

2 Difficulty reading a phone screen

1 Unable to read English-language instructions

48 Did not enroll

23 Declined without reason

11 Had concerns about data collection

6 Consented but did not download app

4 Overwhelmed by cancer diagnosis

4 Saw no perceived benefit

2 Consented and downloaded the app, but
accelerometer data were unavailable

17 Had postoperative events

7 Unscheduled readmissions

6 Emergency department admissions

6 Scheduled reoperation

4 Wound complication

4 Postoperative red blood cell transfusion

3 Urinary tract infection

2 Sepsis cases

1 Unplanned reoperation

1 Pneumonia case

1 Pulmonary embolism

1 Death

Thirty-six postoperative events are described for 17 patients because 8 of 17

patients experiencedmore than 1 event.

Table. Baseline Demographic, Procedural, Postprocedural Information,

and Smartphone Data Information Among PatientsWith vsWithout

a Postoperative Eventa

Characteristic

Patients, No. (%)

P

Value

Without a
Postoperative
Event

With a
Postoperative
Event

Total 45 (73) 17 (27) NA

Demographics

Age, mean (SD), y 54.5 (12.9) 54.9 (13.7) .92

Female 28 (62) 11 (65) .86

Race/ethnicity

White 44 (98) 14 (82)

.07

Black 0 0

Hispanic 0 1 (6)

Asian 0 0

Other/unknown 1 (2) 2 (12)

Type of surgery

Skin, soft tissue, or head
and neck

25 (56) 7 (41)

.31

Abdominal 20 (44) 10 (59)

Prior chemotherapy

None or >6 mo preoperatively 36 (80) 11 (65)
.21

<6 mo Preoperatively 9 (20) 6 (35)

Prior radiation

None or >6 mo preoperatively 41 (91) 14 (82)
.33

<6 mo Preoperatively 4 (9) 3 (18)

Procedure details

American Society of
Anesthesiologists classification,
median (IQR)

2
(2.0-2.5)

2.0
(2.0-3.0)

>.99

Operative time, median
(IQR), min

107
(68-174)

225
(152-402)

<.001

Blood loss, median (IQR), mL 25
(5-100)

200
(35-515)

.006

Postprocedure information

Hospital length of stay,
median (IQR), d

2 (0-4) 5 (2-9) .007

Discharge location .009

Home 31 (69) 5 (31)

Home with visiting nursing 14 (31) 11 (69)

No of opioid tablets at discharge,
median (IQR)

15 (5-25) 20 (12-20) .34

Follow-up visits with surgeon,
median (IQR)

1 (1-2) 2 (2-4) .002

Smartphones, enrollment, and data

Smartphone operating system

iOS 34 (78) 14 (82)
.57

Android 11 (24) 3 (18)

Time enrolled, median (IQR), d 187
(184-195)

189
(185-193)

.99

Time with accelerometer data,
median (IQR), d

136
(63-179)

172
(123-177)

.21

Time with missing accelerometer
data, median (IQR), d

31
(3.7-65.5)

10.3
(5.4-30.4)

.21

Abbreviations: IQR, interquartile range; NA, not applicable.

a A postoperative event was defined as any perioperative complications,

mortality, emergency department presentations, readmissions, and scheduled

or unplanned reoperations.
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60minutes of daily exertional activity in the first 6 weeks af-

ter surgery are shown in Figure 3. There were no differences

between cohorts at baseline (proportion: 0.71 [95% CI, 0.65-

0.77]vs0.63 [95%CI,0.53-0.73];P = .15).However, ineachsub-

sequent week after surgery, there was a lower proportion of

patients with a postoperative event whowere able to achieve

a minimal daily exertional activity of 60 minutes (propor-

tions:week 1, 0.40 [95%CI, 0.31-0.49];P < .001;week2, 0.49

[95% CI, 0.40-0.58]; P = .003; week 3, 0.39 [95% CI, 0.30-

0.48]; P < .001; week 4, 0.47 [95% CI, 0.38-0.57]; P < .001;

week 5, 0.51 [95%CI, 0.42-0.60]; P < .001; week 6, 0.73 [95%

CI, 0.68-0.79] vs0.43 [95%CI, 0.33-0.52];P < .001). Sensitiv-

ity analyses for daily exertional activity levels of 30 minutes

(eTable 1 in the Supplement) and 90minutes (eTable 2 in the

Supplement) demonstrated similar results. Theexceptionwas

an absence of a significant difference in the proportion of in-

dividuals those with vs without a clinically significant post-

operative event who achieved 30minutes of daily exertional

activity in week 3.

Discussion

The results of this study show that physical activity mea-

sured passively through smartphone accelerometer data was

associatedwithdifferential recovery trendsafter surgery.Prior

studieshavesuggestedthatpatient-generatedhealthdata, such

as PROMs, should be incorporated alongside traditional sur-

gical outcome measures to create the recovery metrics that

mattermost to patients.12Many of these studies have specifi-

callyexaminedtheutilityofpatient-generatedhealthdata from

wearable digital activity-trackers around the time of surgery.

Figure 2. Trends in Daily Exertional Activity ComparedWithMean Preoperative Baselines Among Patients
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Patients without (A) vs with (B) a clinically significant postoperative event. Solid

circles for each trend represent mean daily exertional activity. Solid arrowheads

along the x-axis indicate the timing of postoperative events. Absolute

differences for those with postoperative events varied significantly from

baseline (104.7 minutes) in week 1 (difference, −41.6 [95% CI, −75.1 to −8.0]

minutes; P = .02), week 3 (difference, −40.0 [95% CI, −72.3 to 3.6] minutes;

P = .03), week 5 (difference, −39.6 [−69.1 to −10.1] minutes; P = .01), and

week 6 (difference, −36.2 [−64.5 to −7.8] minutes; P = .01).

Figure 3. Proportion of PatientsWith 60 orMoreMinutes of Daily Exertional Activity in the First 6Weeks of Study Period
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No differences existed at baseline (patients with a postoperative event, 0.63

[95% CI, 0.53-0.73] vs patients without a postoperative event, 0.71 [95% CI,

0.65-0.77]; P = .15). Fewer patients with a postoperative event achieved 60

minutes of daily exertional activity than those without a postoperative event

(week 1, 0.65 [95% CI, 0.58-0.70] vs 0.40 [95% CI, 0.31-0.49]; P < .001; week

2, 0.69 [95% CI, 0.63-0.74] vs 0.49 [95% CI, 0.40-0.58]; P = .003; week 3,

0.67 [95% CI, 0.61-0.73] vs 0.39 [95% CI, 0.30-0.48]; P < .001; week 4, 0.70

[95% CI, 0.65-0.76] vs 0.47 [95% CI, 0.38-0.57]; P < .001; week 5, 0.76 [95%

CI, 0.71-0.81] vs 0.51 [95% CI, 0.42-0.60]; P < .001; week 6, 0.73 [95% CI,

0.68-0.79] vs 0.43 [95% CI, 0.33-0.52]; P < .001).
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Our results similarly describe how longitudinal analysis of

physical activity reflected by smartphone accelerometer data

maybecomeclinically actionable. Furthermore, a digital phe-

notyping methodology, as applied in this study, offered sev-

eralunique insights andpotential advantages for collectingpa-

tient-centered outcomes.13

Patientsmaybehesitant to actively report their ownqual-

ity of life or behavioral activity. In a study by Pevnick et al,14

nearly66000patientswere invitedtouploadtheiractivitydata

from Apple HealthKit,15 Fitbit,16 and Withings17 platforms.

Fewer than 500 patients (0.8%) uploaded data. Concerns re-

gardingdataprivacymaycontribute tohesitation. In this study,

for example, 11 patients expressed similar concerns during re-

cruitment. In addition, active participationmay represent an

additional burden to patients, especially among those coping

with a new cancer diagnosis or facing complex multimodal

treatment.Wearabledevicesare similarly associatedwithpoor

long-termcompliance,18,19potentially associatedwithuser er-

ror or cost.20,21 A digital phenotyping approach as applied in

this study may alleviate this burden by capturing data pas-

sivelywithout the introductionof anewdata-generating tool.

Our results underscored this yield, with only 22.2% of physi-

cal activity data missing in a 25-week period.

Beyond robust data collection, smartphoneaccelerometer

data were analyzed to generate a novel patient-centered out-

come measure of physical functioning: daily exertional activ-

ity. Additionally, smartphone accelerometer data were col-

lected at high frequency (10-second on-cycles and off-cycles)

to generate this outcome. As a result, momentary differences

indailyexertionalactivityamongpatientswithvswithoutpost-

operative events were determined, providing amore frequent

anddurable assessmentof recovery, aswell as abetterdescrip-

tion of the physical manifestations of postoperative events.

Therearefewstudiesofpatientrecoveryfromoncologicsur-

gery using passive collection of patient-generated health data,

which use predeterminedmetrics of physical functioning (eg,

step counts, sleepduration).22Relyingon theseproprietary al-

gorithms, rather than an individual’s raw activity data, limits

thepotential to generatepersonalizedoutcomesandpool data

across patients or long follow-up periods.23 The threshold for

daily activity in this study was selected a priori to distinguish

betweenexertionalandnonexertionalphysicalactivity,but this

can be tailored to study outcomes among different patient

groups (eg, elderly individuals), disease processes (eg, claudi-

cation), or procedures (eg, minimally invasive techniques).

Future Considerations: RecoveryMonitoring, Patient

Engagement, and Shared Decision-making

It was impossible to determine if the changes in physical ac-

tivityobservedamongpatientswithpostoperativeeventswere

predictiveof or attributable to the effect of the event onphysi-

cal activity.Whileboth interpretationsareplausible, theyhave

different potential clinical value. If an indicator of a potential

adverse event, these data, when analyzed in near-real time,

may prove valuable for recovery monitoring. Especially with

theprevalence of early discharge andenhanced recoverypro-

grams,most patients undergoing surgery recover outside of a

clinical setting.24 A digital phenotyping approach may serve

as future tool for surgeons,where subtle changes in passively

collected patient data in an otherwise unmonitored environ-

ment could trigger contact with the patient and escalate care

if needed. From the patient perspective, the ability to moni-

tor one’s progress during recovery improves engagement.25,26

Patients could access these data to evaluate recovery com-

pared with their own baseline or standardized trajectories.

These typesof recoverydatacouldbesharedwith familymem-

bers or caregivers to promote engagement, bolster social sup-

port, and foster communication beyond the direct patient-

clinician interactions.

If these data, however, represented only the outcomes of

certainpostoperativeeventsonphysical functioning, theymay

be incorporated intodecision tools at the timeof surgical con-

sultation to enhance shareddecision-making.5 Surgeonsmay

harness these data to describe thedifferential outcomeof dif-

ferent treatments using metrics that are more meaningful to

patients (eg, likelihoodof returning to baseline exercise or ac-

tivitypatternsafter surgery).This isespeciallyvaluable in fields

similar to surgical oncology,where themultidisciplinaryman-

agement of cancermakesdescribing thephysical outcomesof

not only cancer surgery but also chemotherapy and/or radia-

tion challenging for clinicians.

Limitations

These findingsmust be interpreted in the context of the study

design. First, inclusion required ownership of a smartphone.

Whilepotentially limitinggeneralizability, itshouldbenotedthat

more than 81%ofUS adults own a smartphone,with relatively

equalownershipamongdifferentage, sex, racial/ethnicity, and

socioeconomic groups.4 Second, the computation of daily ex-

ertional activity assumes that physical activity during the por-

tionofeachdaywhenaccelerometerdatawerecollectedisatrue

representation of activity that day and did not account for dif-

ferential phoneusagepatterns.Third, therewere fewerdaysof

preoperativeaccelerometerdatacomparedwithdaysduringre-

covery; therefore, estimatesofbaselineactivity reliedon fewer

data.This isassociatedwith theshort time intervalbetween ini-

tial surgical consultations and the date of surgery procedures.

Fourth, included patients underwent a variety of procedures

with different levels of acuity and, likewise, the clinically sig-

nificant postoperative events were heterogenous. Our rela-

tively small sample size limited any adjusted or subset analy-

ses. Our research group continues to enroll patients from

multiple surgical centers to adequately power subsequent ad-

justed and procedure-specific analyses.

Conclusions

Wedemonstrate that analysis of smartphone sensor data is an

effective method to provide insight into the recovery of pa-

tientsafter cancer surgery.Our futureworkwill focusonstudy-

ing the signals in other smartphone data streams captured

through digital phenotyping. Ultimately, providing these data

in a patient-facing and clinician-facing tool at the time of con-

sultationmay allow for considerable advances in shared deci-

sion-making, recoverymonitoring, and patient engagement.
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