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BACKGROUND: COVID-positive outpatients may benefit
from remote monitoring, but such a program often relies
on smartphone apps. This may introduce racial and
socio-economic barriers to participation. Offering multi-
ple methods for participationmay address these barriers.
OBJECTIVES: (1) To examine associations of race and
neighborhood disadvantage with patient retention in a
monitoring program offering two participation methods.
(2) To measure the association of the program with emer-
gency department visits and hospital admissions.
DESIGN: Retrospective propensity-matched cohort
study.
PARTICIPANTS: COVID-positive outpatients at a single
university-affiliated healthcare system and propensity-
matched controls.
INTERVENTIONS:Ahomemonitoring programproviding
daily symptom tracking via patient portal app or tele-
phone calls.
MAIN MEASURES: Among program enrollees, retention
(until 14 days, symptom resolution, or hospital admis-
sion) by race and neighborhood disadvantage, with strat-
ification by program arm. In enrollees versus matched
controls, emergency department utilization and hospital
admission within 30 days.
KEY RESULTS: There were 7592 enrolled patients and
9710 matched controls. Black enrollees chose the tele-
phone arm more frequently than White enrollees (68%
versus 44%, p = 0.009), as did those from more versus
less disadvantaged neighborhoods (59% versus 43%, p =
0.02). Retention was similar in Black enrollees and White
enrollees (63% versus 62%, p = 0.76) and in more versus
less disadvantaged neighborhoods (63% versus 62%, p =
0.44). When stratified by program arm, Black enrollees
had lower retention than White enrollees in the app arm
(49% versus 55%, p = 0.01), but not in the telephone arm
(69% versus 71%, p = 0.12). Compared to controls,
enrollees more frequently visited the emergency depart-
ment (HR 1.71 [95% CI 1.56–1.87]) and were admitted to
the hospital (HR 1.16 [95% CI 1.02–1.31]).

CONCLUSIONS: In a COVID-19 remote patient monitor-
ing program, Black enrollees preferentially selected, and
had higher retention in, telephone- over app-based mon-
itoring. As a result, overall retention was similar between
races. Remote monitoring programs with multiple modes
may reduce barriers to participation.
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INTRODUCTION

Infections caused by SARS-CoV-2 have caused a pandemic
that has pushed healthcare systems worldwide to their limits.
Fortunately, most patients present with mild symptoms that
can be managed via home quarantine.1,2 Patients require care-
ful monitoring during their quarantine, because deterioration
requiring hospitalization may occur after a period of apparent
stability.3,4 Remote monitoring at home is an attractive man-
agement strategy because it reduces transmission risks associ-
ated with in-person follow-up5,6 and because it eliminates
transportation barriers for economically disadvantaged or geo-
graphically distant patients.7–9 Traditional home monitoring
programs are labor-intensive, requiring nurses to call patients
daily to assess symptoms.10 Emerging technologies have en-
abled automation of this process via smartphone apps, engag-
ing staff only when medical intervention might be
warranted.11,12

Although automated home monitoring programs are attrac-
tive due to their scalability, these programs may create barriers
to patient engagement. Patients must have access to a smart
device and a reliable internet connection to participate. The
well-described “digital divide” may prevent Black, economi-
cally disadvantaged, or older patients from participating in an
app-based remote monitoring program.13–16 Accordingly, we
designed a program that allowed for either app-based or
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telephone-based engagement options, with the goal to enable
patients from all racial and economic groups to remain en-
gaged. It was also necessary to understand the impact of the
program on emergency department (ED) and hospital utiliza-
tion because these facilities had become flooded with patients
during the pandemic.5 It was unclear whether the program
would decrease ED and hospital utilization due to earlier
treatment of deteriorating patients in virtual settings or if it
would increase utilization due to increased surveillance. Thus,
the specific aims of this report were (1) to examine the asso-
ciations of race and neighborhood economic disadvantage
with patient retention in our program and (2) to measure the
association of the program with ED visits and hospital
admissions.

METHODS

Study Design and Administration

The remote monitoring program was implemented as a quality
improvement project at BJC Healthcare and Washington Uni-
versity School of Medicine, a large university-affiliated
healthcare system based in St. Louis, Missouri. A multidisci-
plinary team of clinicians, including internal medicine,
pulmonology, and infectious disease specialists, refined the
care pathway used in the program. This pathway was modeled
on the program developed by the Cleveland Clinic using
Epic’s Care Companion Home Monitoring Program app.17,18

In parallel, an operational team allocated resources for patient
monitoring and configured the Care Companion platform to
accommodate the desired workflows in conjunction with an-
alysts from Epic electronic health record (EHR). The first
patient was enrolled on 4/6/2020. This manuscript presents a
retrospective propensity-matched cohort study of patients who
enrolled in the home monitoring program and COVID-
positive outpatients who did not enroll in the program. The
Human Research Protection Office at Washington University
School of Medicine approved this cohort s tudy
(#202,103,247) and granted a waiver of informed consent to
obtain data from the EHR. This report was written in compli-
ance with STROBE guidelines.19

Patient Population

This study includes all patients who enrolled in the home
monitoring program between 4/6/2020 and 12/7/2020. Pa-
tients were enrolled either by outreach from program staff or
by their healthcare provider offering the program to them.
Inclusion criteria for outreach from program staff included
(1) a positive COVID-19 lab result in the past 14 days, (2)
“confirmed COVID-19 infection” added to the EHR problem
list within the past 30 days, or (3) an active COVID-19
isolation flag in the EHR. Exclusion criteria included age <
18 or inability to converse in English. Eligible patients with
active Epic MyChart accounts received automated invitations

in English to enroll through the app. Eligible patients without
active MyChart accounts or who did not respond were en-
rolled by telephone.
Matched controls were selected from the group of adult

patients residing inMissouri or Illinois with a positive COVID
test performed in an outpatient setting in the BJC network
between 4/1/2020 and 12/7/2020. Because the controls were
limited to outpatients, any enrolled patients whose initial
COVID test had been performed in an inpatient setting were
excluded from the propensity-matched analyses.

Intervention

Each morning, patients completed a structured questionnaire
via the Care Companion app or via telephone assessing appe-
tite, cough, diarrhea, fever, shortness of breath, vomiting, and
weakness (Supplement Figure S1). Temperature and oxygen
saturation were also reported if the patient could measure
them. Patients could choose between the app and telephone
calls at the time of enrollment. Patients in the app arm who did
not complete the questionnaire received an outbound call from
a medical assistant to collect responses. If the patient’s symp-
toms or self-reported vital signs fell outside pre-specified
parameters (Supplement Table S1), then the case was escalat-
ed to a triage nurse. The nurse phoned the patient the same day
to assess further and either advised the patient to self-monitor,
arranged a video visit with a physician or an in-person respi-
ratory clinic visit, or instructed the patient to seek emergency
medical care. Daily symptom monitoring continued until
symptom resolution, or for 14 days if the patient remained
asymptomatic. Patients were automatically removed from the
program if they were admitted to a hospital or if they could not
be contacted for three consecutive days. In addition, patients
could opt out at any time. Daily symptom questionnaire re-
sponses and notes documenting all phone calls were stored in
the EHR.

Variable Definitions

Among the enrollees, key exposure variables included race
and neighborhood disadvantage. Race was extracted from the
EHR. The degree of neighborhood disadvantage was estimat-
ed using the Area Deprivation Index (ADI) score associated
with the patients’ zip codes.20 Patients residing in zip codes
with an ADI score greater than the 6th nationwide decile
(which was the median value in this dataset) were classified
as experiencing neighborhood disadvantage.
Among enrollees, the primary outcome metric compared

across race and neighborhood disadvantage groups was reten-
tion in the program. Retention was defined as the percentage
of enrollees who remained in the program until symptom
resolution (or until 14 days if asymptomatic) or until hospital
admission.
Among enrollees and matched controls, the outcome met-

rics were emergency department visits and hospital admis-
sions. Encounters at any of the 12 BJC locations in Missouri
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or Illinois that use the Epic EHR were included. Each ED visit
or admission was classified as potentially COVID-related if
the primary diagnosis and/or primary problem associated with
encounter contained any of the following text strings: anos-
mia, asthma, bronch*, COPD, corona*, cough, COVID, dys-
pnea, emesis, fatigue, febrile, fever, flu, hypox*, leukocytosis,
mental status, myalgia, nausea, pneumonia, pulmonary, respi-
ratory, sepsis, septic, shortness of breath, smell, SOA, SOB,
URI, viral, virus, vomit, weak. For program enrollees, each
ED visit or admission was further classified by whether the
patient’s case had been escalated to a home monitoring triage
nurse during program enrollment.

Analyses

Analyses were conducted in R version 4.0.03 (R, Vienna,
Austria). All available data were used, so the sample size
was determined by the number of patients who had enrolled
in the home monitoring program (with no sample size calcu-
lation). Demographic characteristics of the population were
compared across race and neighborhood disadvantage strata
using Pearson’s chi-squared test (categorical variables), Fish-
er’s exact test (race), or the Wilcoxon rank sum test (age).
Patient zip codes were used to classify each patient as living
either in the urban core of the city (Rural–Urban Commuting
Area (RUCA) code equal to 1) or not.21 Program arm selection
(telephone versus app) and retention were compared across
race and neighborhood disadvantage strata using a chi-squared
test. Comparisons across race strata were limited to White
patients and Black patients due to the small number of patients
reporting other races.
For the matched analysis, enrollees (excluding those initial-

ly diagnosed with COVID as an inpatient) were matched 1:2
to control patients based on the propensity score for enroll-
ment. Propensity scores were calculated using a logistic

regression adjusting for age, sex, ethnicity, residence in the
urban core, diabetes, hypertension, coronary artery disease,
heart failure, arrhythmia, chronic lung disease, chronic kidney
disease, chronic liver disease, hypothyroidism, depression,
and any cancer. Satisfactory matches had propensity scores
within a caliper of 0.1 standard deviation, plus exact matches
for race and neighborhood disadvantage. Matching was per-
formed using the MatchIt package.22 Time from positive
coronavirus test to ED visit and to hospital admission was
compared between the matched groups in a Cox proportional
hazards model. Patients were right-censored in the ED visit
analysis if they were directly admitted to a hospital. The Cox
model was repeated within each race and neighborhood dis-
advantage stratum, and within each program arm. Statistical
significance was determined using α = 0.05.

RESULTS

Patient Population

Between 4/6/2020 and 12/7/2020, 7592 patients enrolled in
the program (Fig. 1). The enrollees included 5083 White
patients (67%), 2160 Black patients (28%), and 349 of other
or unknown race (5%). Black enrollees were younger than
White enrollees, more likely to be female, and more likely to
live in disadvantaged neighborhoods or in the urban core
(Table 1). Of the 7465 enrollees whose addresses could be
mapped to an ADI score, 3585 (48%) lived in more disadvan-
taged neighborhoods, while 3880 (52%) lived in less disad-
vantaged neighborhoods. Those from more disadvantaged
neighborhoods were slightly younger and less likely to live
in the urban core but had a similar sex distribution (Table 1).
Compared to White enrollees, Black enrollees were more

likely to select the telephone arm (68% versus 44%, p =

Fig. 1 Flow of patients through the home monitoring program
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0.009, Table 2). Compared to enrollees from less disadvan-
taged neighborhoods, enrollees from more disadvantaged
neighborhoods were more likely to select the telephone arm
(59% versus 43%, p = 0.02). Enrollees with higher age, male
sex, and chronic health conditions were also more likely to
select the telephone arm (Supplement Table S2).
A total of 2497 enrollees were excluded from the

propensity-matched analysis because their initial COVID test
had been performed during a hospital admission, and 11 had
no suitable match (Fig. 1). Thus, 5084 enrollees were matched
to 9710 COVID-positive outpatient controls. The matched
enrollees had a higher frequency of female sex, hypertension,
and asthma/COPD than matched controls (Table 1).

Retention of Enrollees

The enrollees were followed for a median of 8 (IQR 5–11)
days (Supplement Figure S2). Enrollees in the app arm re-
quired a telephone call due to nonresponse on 4937 of 50,215
patient-days (10%). Excluding the 639 enrollees still actively
participating at the time of data collection, 4337 of 6953
enrollees (62%) stayed active in the program until symptom
resolution or hospital admission. Compared to White
enrollees, Black enrollees had similar rates of retention (63%
versus 62%, p = 0.76, Table 2). These findings were driven by
differential retention by program arm: Black enrollees had
lower retention than white enrollees in the app arm (49%
versus 55%, p = 0.01) but not in the telephone arm (69%
versus 71%, p = 0.12). Enrollees from more versus less
disadvantaged neighborhoods had similar retention, both in
the program overall and within each program arm (Table 2).

ED Visits and Hospital Admissions in the
Propensity-Matched Cohort

Of the 5084 enrollees included in the propensity-matched
analysis, 708 (14%) had an ED visit and 338 (7%) had a

hospital admission within 30 days. Five hundred forty-eight
of these ED visits (77%) and 259 of these hospital admissions
(77%) occurred without a preceding escalation to a home
monitoring triage nurse. Of the 9710 controls, 732 (8%) had
an ED visit and 505 (5%) had a hospital admission within
30 days. Enrollees were more likely to visit the ED (hazard
ratio 1.70, 95% CI 1.56–1.87) and be admitted to the hospital
(hazard ratio 1.16, 95% CI 1.02–1.31) compared to matched
controls (Fig. 2). The ED visit results were similar in all race
and neighborhood advantage groups, with larger effect sizes in
the telephone arm than in the app arm (Table 3). The increase
in hospital admissions was not observed in the app arm, nor
was it observed in White enrollees or those from less disad-
vantaged neighborhoods.

DISCUSSION

We have described the implementation of a home monitoring
program for COVID-positive patients offering two options for
patient engagement (app and telephone), and we assessed its
patient engagement characteristics and impact on ED and hos-
pital utilization. Black enrollees had lower program retention
rates than white enrollees in the app arm, but not in the tele-
phone arm or in the program as a whole. Enrollees from more
and less disadvantaged neighborhoods had similar retention
rates. Program enrollees were more likely to visit the ED and
be admitted to the hospital than propensity-matched controls.
Even though Black patients had lower retention than White

patients in the app arm, preferential selection of the telephone
arm by Black enrollees caused there to be no difference in
retention across racial strata in the program as a whole
(Table 2). Although we do not know what would have hap-
pened if the telephone arm had been unavailable, its presence
appears to have bridged an engagement gap for Black patients.
Failure to bridge this gap might have worsened disparities

Table 2 Patient Engagement Measures Among Enrollees

Variable All enrolled patients (N =
7592)

By race* By neighborhood disadvantage†

White
(N = 5083)

Black
(N = 2160)

p Less disadv.
(N = 3585)

More disadv.
(N = 3880)

p

Programarmselection
Telephone arm 3899 (51%) 2224 (44%) 1471 (68%) 0.009 1673 (43%) 2132 (59%) 0.02
App arm 3693 (49%) 2859 (56%) 689 (32%) – 2207 (57%) 1453 (41%) –

Retention‡

Whole
program

4337/6953 (62%) 2872/4621
(62%)

1264/2020
(63%)

0.76 2167/3515
(62%)

2075/3315
(63%)

0.44

Telephone arm 2555/3636 (70%) 1467/2063
(71%)

951/1385 (69%) 0.12 1110/1551
(72%)

1369/1993
(69%)

0.06

App arm 1782/3317 (54%) 1405/2558
(55%)

313/635 (49%) 0.01 1057/1964
(54%)

706/1322 (53%) 0.79

Disadv. disadvantage
*No comparisons performed for patients reporting other races or patients not reporting race due to small numbers
†Neighborhood disadvantage was defined as patients whose home address mapped to an Area Deprivation Index score greater than the median value
within the cohort. Excludes 127 patients for whom home address could not be mapped to an Area Deprivation Index value
‡Defined as continued participation until symptom resolution (or 14 days if asymptomatic) or until hospital admission. Enrollees who were still
participating in the program at the time of the data collection are excluded
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between Black patients and other patients that already exist
due to structural injustices (e.g., housing discrimination, lim-
ited public transportation) that limit access to primary care,
nutritious food, and exercise.23–26We did not ask patients why
they chose one program arm over the other, sowe do not know
if limited access to smart devices, limited internet connectiv-
ity, data privacy concerns,27,28 or other factors impacted their
choices. Distrust in healthcare organizations that have
mistreated Black patients in the past may contribute to the
engagement gap.29,30 Our findings suggest that home moni-
toring programs may need to offer non-app-based options for
participation to ensure they reach all groups of patients.
Enrollees in our home monitoring program were more

likely to visit the ED or be admitted to the hospital than
propensity-matched controls. This finding may illustrate the
role of the home monitoring program in identifying patients
who are deteriorating and directing them to seek care. How-
ever, the majority of ED visits and hospital admissions were
patient-initiated or provider-initiated without following the
formal escalation pathway through the home monitoring pro-
gram. This may mean the criteria for triggering an escalation
need to be loosened so the monitoring program becomes more
sensitive, or it may mean patients did not complete the daily
questionnaire on days when they felt worse because they
already had alternative access to care.
The experiences of a few other groups offering remote mon-

itoring to patients with COVID-19 provide context for our
findings. A group from Northwestern Medicine used an EHR

portal-based survey to track patient symptoms, with escalation
to phone calls if the patient reported concerning symptoms or
did not respond to the survey.31 Patient nonresponse was re-
ported on about 20% of patient-days, which is higher than the
daily nonresponse rates in our app arm. One explanation is that
in our program, patients who were more likely to become non-
responders may have been more likely to choose the telephone
option from the start. Enhanced retention using telephone out-
reach may partly be due to patients’ desire to have human
interaction while on quarantine—multiple participants reported
this to be the best part of their experience. The University of
Pennsylvania implemented a monitoring program using auto-
mated text messages, with phone calls from nurses to patients
who reported worsening symptoms.32 Of the first 3000 invited
patients, 78% participated in the program. This adoption rate is
higher than in our study, possibly because invitations were only
sent to patients with cellular phones. In addition, it is unclear
whether clinicians discussed the home monitoring program
with patients prior to sending invitations, which would artifi-
cially increase the reported adoption rate if invitations were only
sent to patients who had verbally expressed interest.32 Similar to
our findings, the majority of ED visits occurred outside of the
program’s escalation pathway. In contrast to our findings, par-
ticipants in a COVID home monitoring program at the Cleve-
land Clinic had fewer hospitalizations but more outpatient visits
compared to non-participants.33 The different results may be
explained by variability in the program escalation pathways

Fig. 2 Time from the date of the patient’s positive COVID test until first emergency department (ED) visit (A), hospital admission (B), COVID-
related ED visit (C), or COVID-related hospital admission (D) among ambulatory patients enrolled in the home monitoring program and a

propensity-matched cohort of COVID-positive ambulatory patients not enrolled in the home monitoring program
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(each program may have a different threshold for referring to
inpatient versus outpatient care).
This work has limitations. Firstly, reliable measures of vital

status were unavailable. This makes it difficult to tell if the
higher ED and hospital utilization rates among program par-
ticipants are preventing deaths that may have occurred if the

patients had stayed home. Secondly, no indicator of COVID
infection severity was available. Although patients were
matched based on demographic characteristics and comorbid
conditions, it is possible that patients with more severe symp-
toms were more likely to enroll in the home monitoring
program and subsequently were more likely to require

Table 3 Propensity-Matched Analysis of Emergency Department Visits and Hospital Admissions

Variable Whole program Telephone arm App arm

Enr Ctrl Hazard ratio
(95% CI)

Enr Ctrl Hazard ratio
(95% CI)

Enr Ctrl Hazard ratio (95% CI)

Allpatients
N 5084 9710 2431 4619 2653 5091
ED visit 708

(14%)
732
(8%)

1.70 (1.56–1.87) 454
(19%)

392
(8%)

2.00 (1.78–2.25) 254
(10%)

340
(7%)

1.31 (1.14–1.52)

COVID-
related ED
visit

541
(11%)

491
(5%)

2.01 (1.79–2.25) 352
(14%)

262
(6%)

2.47 (2.13–2.87) 189
(7%)

229
(4%)

1.46 (1.21–1.75)

Hospital
admission

338
(7%)

505
(5%)

1.16 (1.02–1.31) 233
(10%)

284
(6%)

1.36 (1.17–1.59) 105
(4%)

221
(4%)

0.89 (0.73–1.09)

COVID-
related ad-
mission

278
(5%)

322
(3%)

1.46 (1.26–1.70) 198
(8%)

184
(4%)

1.77 (1.47–2.14) 80
(3%)

138
(3%)

1.00 (0.77–1.31)

White
N 3550 6922 1415 2760 2135 4162
ED visit 421

(12%)
460
(7%)

1.68 (1.49–1.90) 245
(17%)

199
(7%)

2.32 (1.95–2.76) 176
(8%)

261
(6%)

1.21 (1.01–1.45)

COVID-
related ED
visit

342
(10%)

338
(5%)

1.84 (1.59–2.14) 205
(14%)

152
(6%)

2.48 (2.03–3.04) 137
(6%)

186
(4%)

1.32 (1.06–1.64)

Hospital
admission

215
(6%)

363
(5%)

1.04 (0.89–1.22) 141
(10%)

172
(6%)

1.39 (1.13–1.71) 74
(3%)

191
(5%)

0.74 (0.58–0.94)

COVID-
related ad-
mission

179
(5%)

236
(3%)

1.32 (1.09–1.59) 123
(9%)

115
(4%)

1.84 (1.44–2.35) 56
(3%)

121
(3%)

0.81 (0.59–1.10)

Black
N 1323 2400 906 1660 417 740
ED visit 272

(21%)
259
(11%)

1.69 (1.48–1.94) 200
(22%)

185
(11%)

1.80 (1.53–2.11) 72
(17%)

74
(10%)

1.44 (1.11–1.88)

COVID-
related ED
visit

186
(14%)

143
(6%)

2.30 (1.88–2.80) 140
(15%)

102
(6%)

2.55 (2.03–3.22) 46
(11%)

41
(6%)

1.73 (1.17–2.55)

Hospital
admission

114
(9%)

131
(5%)

1.37 (1.11–1.68) 87
(10%)

104
(6%)

1.35 (1.07–1.71) 27
(6%)

27
(4%)

1.42 (0.94–2.15)

COVID-
related ad-
mission

93
(7%)

82
(3%)

1.78 (1.36–2.33) 72
(8%)

65
(4%)

1.75 (1.3–2.37) 21
(5%)

17
(2%)

1.93 (1.08–3.47)

Lessdisadv
N 2589 5058 1004 1959 1585 3099
ED visit 311

(12%)
330
(7%)

1.65 (1.43–1.90) 172
(17%)

150
(8%)

1.95 (1.61–2.37) 139
(9%)

180
(6%)

1.36 (1.11–1.67)

COVID-
related ED
visit

247
(10%)

236
(5%)

1.93 (1.62–2.29) 137
(14%)

109
(6%)

2.30 (1.81–2.93) 110
(7%)

127
(4%)

1.59 (1.24–2.04)

Hospital
admission

150
(6%)

239
(5%)

1.10 (0.91–1.32) 93
(9%)

110
(6%)

1.39 (1.08–1.80) 57
(4%)

129
(4%)

0.86 (0.65–1.13)

COVID-
related ad-
mission

128
(5%)

152
(3%)

1.44 (1.15–1.80) 83
(8%)

72
(4%)

1.90 (1.42–2.56) 45
(3%)

80
(3%)

0.98 (0.69–1.40)

Moredisadv
N 2495 4652 1427 2660 1068 1992
ED visit 397

(16%)
402
(9%)

1.71 (1.52–1.93) 282
(20%)

242
(9%)

2.02 (1.75–2.33) 115
(11%)

160
(8%)

1.23 (1.00–1.52)

COVID-
related ED
visit

294
(12%)

255
(5%)

2.06 (1.76–2.41) 215
(15%)

153
(6%)

2.58 (2.12–3.13) 79
(7%)

102
(5%)

1.29 (0.97–1.71)

Hospital
admission

188
(8%)

266
(6%)

1.19 (1.02–1.40) 140
(10%)

174
(7%)

1.34 (1.10–1.62) 48
(4%)

92
(5%)

0.93 (0.69–1.25)

COVID-
related ad-
mission

150
(6%)

170
(4%)

1.48 (1.20–1.82) 115
(8%)

112
(4%)

1.69 (1.32–2.15) 35
(3%)

58
(3%)

1.04 (0.69–1.58)

Enr. enrolled outpatients, Ctrl. control outpatients, CI confidence interval, ED emergency department, Disadv. disadvantage
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advanced care. To address this limitation, we excluded pa-
tients whose COVID test was performed during a hospital
admission (who presumably had more severe disease). Third-
ly, data on ED and hospital utilization were only available
within the BJC Healthcare system. Visits to non-affiliated
facilities would not have been detected in our analysis. Fourth-
ly, reliable data on program costs were not available. Tele-
phone monitoring requires much more medical assistant time
than automated monitoring, driving expenses upward. Com-
plete economic analysis, including estimates of savings from
theoretically prevented morbidity, was beyond the scope of
this work but could be explored in the future. Fifthly, tele-
phone monitoring requires a large pool of available medical
staff. Although we addressed this issue by redeploying staff
from locations that had temporarily closed, this need may limit
the scalability or repeatability of this program. In fact, addi-
tional staff needed to be recruited during the final months of
2020 to accommodate a surge in patient enrollment. Sixthly,
this work was conducted within a single healthcare system.
Differences in local patient populations might lead to differ-
ences in engagement if the same intervention were deployed at
other institutions.
In conclusion, a home monitoring program for COVID-

positive outpatients that offered both smart device app–based
monitoring and telephone-based monitoring was able to
achieve modest adoption and moderate-to-high patient reten-
tion, while causing an increase in ED and hospital utilization.
Offering the telephone-based optionmay havemade the program
more accessible to Black patients, removing one barrier that may
affect health outcomes in this population. The lessons learned
here can influence the design of remote monitoring interventions
for other acute health conditions or at other institutions.

Supplementary Information The online version contains supple-
mentary material available at https://doi.org/10.1007/s11606-021-
07207-4.
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