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Abstract
Increasing evidence suggests that digital health interventions (DHIs) are an effective tool to reduce hospital readmissions by improving
adherence to guideline-directed therapy. We investigated whether sociodemographic characteristics influence use of a DHI targeting
30-day readmission reduction after acute myocardial infarction (AMI). Covariates included age, sex, race, native versus loaner iPhone,
access to a Bluetooth-enabled blood pressure monitor, and disease severity as marked by treatment with CABG. Age, sex, and race
were not significantly associated with DHI use before or after covariate adjustment (fully adjusted OR 0.98 (95%CI: 0.95–1.01), 0.6
(95%CI: 0.29–1.25), and 1.22 (95%CI: 0.60–2.48), respectively). Beingmarried was associated with high DHI use (OR 2.12; 95%CI
1.02–4.39). Our findings suggest that DHIs may have a role in achieving equity in cardiovascular health given similar use by age, sex,
and race. The presence of a spouse, perhaps a proxy for enhanced caregiver support, may encourage DHI use.
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Abbreviations
DHI Digital health intervention
AMI Acute myocardial infarction
CABG Coronary artery bypass grafting
STEMI ST-elevation myocardial infarction

Introduction

Readmission after AMI is common, and in many cases, po-
tentially preventable through implementation of best practices
[1, 2]. These include comprehensive education, pre-discharge
follow-up planning, and personalized reinforcement of medi-
cation adherence [3]. Readmission reduction has consequently
become a priority for several countries, including the USA,
England, Denmark, and Germany, with interest in identifying
effective strategies to improve the hospital-to-home transition
[3, 4]. A small but growing body of literature on digital health
interventions (DHIs) demonstrates their promise in addressing
this challenge by helping to modify cardiovascular risk factors
and increasing adherence to guideline-directed therapy [5–9].
In particular, recent digital health studies have shown a trend
towards a reduction in cardiovascular-related re-hospitaliza-
tions and emergency department visits after acute coronary
syndrome, as well as a reduction in the all-cause 30-day read-
mission rate of heart failure patients [8, 10, 11].

A key unanswered question is whether DHI use in cardio-
vascular patients is influenced by sociodemographic factors
[7]. Prior studies that have assessed sociodemographic predic-
tors of DHI use have done so within the community or primary
care set t ing [12–16]. In this pat ient populat ion,
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sociodemographic factors such as age, sex, race, marital status,
educational level, and income/employment status have been
investigated, demonstrating conflicting findings and a concern
that digital health may be least used by patients who need it
most [12–17]. Little is known about whether DHIs that are
targeted towards secondary prevention or hospital readmission
reduction are similarly influenced by such factors [7, 18–20].
Given the recent flood of investment in cardiovascular digital
health and the championing of digital health as a way to tackle
gaps in secondary prevention of cardiovascular disease, it is
critical that potential sociodemographic disparities in DHI use
are explored and mitigated to avoid exacerbating already pres-
ent health disparities [21]. Our study thus leverages
smartphone app analytics data to identify sociodemographic
predictors of DHI use in patients recovering from AMI using
the Corrie Health Digital Platform (“Corrie”).

Corrie is a DHI targeting self-management in type 1 AMI
patients during the hospital-to-home transition [18]. In the
Myocardial infarction, COmbined-device, Recovery
Enhancement (MiCORE) Study, we found that AMI patients
using Corrie had a significantly reduced rate of all-cause un-
planned 30-day readmissions compared with a historical com-
parison group [22]. Here, we sought to characterize the daily
use patterns of DHI features and examine associations with
sociodemographic characteristics.

Methods

Study Participants

The design of the MiCORE study (NCT03760796) has been
described previously [18]. Briefly, the study was a multi-cen-
ter, prospective study with a historical comparison group in-
vestigating the effect of Corrie in reducing 30-day
readmissions after AMI. From October 1, 2016 to April 14,
2019, 200 type 1 AMI patients ages 18 years and older who
owned a smartphone, spoke English, and had no hemodynam-
ic instability or severe impairment that would interfere with
smartphone use were enrolled in the Corrie intervention
group. Enrollment occurred at four hospitals including Johns
Hopkins Hospital, Johns Hopkins Bayview Medical Center,
Reading Hospital, and Massachusetts General Hospital.
Patients were provided with the Corrie iPhone application
and Apple Watch as early as possible during their hospitaliza-
tion. After the pilot phase, patients additionally received a
Bluetooth-enabled blood pressure monitor on enrollment.
Notably, our study was not limited to iPhone users; to mitigate
selection bias, patients who did not own a Corrie-compatible
iPhone were provided a loaner iPhone, and all analyses were
adjusted by this variable. Patients had access to the interven-
tion while hospitalized and for 30 days post-hospital dis-
charge. The protocol was reviewed and approved by the

Johns Hopkins University School of Medicine Institutional
Review Board (IRB00099938) and other participating sites.

The Corrie platform was divided into four features: (1) med-
ication management, (2) vital signs monitoring, (3) educational
videos and articles, and (4) follow-up appointment scheduling
assistance. Patients were encouraged to review educational con-
tent and schedule follow-up appointments while inpatient. App
analytics data were extracted from the backend Corrie Data
Platform, which sourced data through Apple HealthKit,
ResearchKit, and CareKit. AmongCorrie users, 34 patients were
excluded because they participated in theMiCORE study before
the ability to capture smartphone app analytics data was devel-
oped (Fig. 1), smartphone analytics data were missing due to the
app never being put to use (n = 11), account not being created (n
= 2), technical failure (n = 11), or no use of features of interest in
the study period (n = 9), resulting in a total of 133 patients
included in this analysis. There were no significant differences
in age, sex, or race between patients who were included com-
pared with those who were excluded (Supplementary Table 1).

Assessment of Feature Use

Our primary outcome was use of the vital sign monitoring and
medication tracking features. We focused our primary out-
come on these two features since the remaining two features
(education and follow-up appointment scheduling) were
heavily targeted towards use prior to discharge instead of
post-discharge.

DHI use was defined as the total number of days that pa-
tients used any aspect of the medication or vital signs feature.
Use of each feature was first individually categorized into
tertiles from the data distribution. Since we found that use of
the medication feature was highly correlated with use of the
vital signs feature (p < 0.001), we further derived a composite
measure of DHI use (Supplementary Table 2). Patients in the
lowest tertile of use of both features were considered low DHI
users, while those who were in the highest tertile of both
features were considered high DHI users. All other patients
were considered moderate DHI users. Additionally, a heat
map was created to visually assess feature use by day for each
patient over the 30-day period.

Sociodemographic and Clinical Characteristics

Demographic, clinical, and digital health characteristics were
collected on each participant from the electronic medical re-
cord and patient self-report questionnaires. Exposures of inter-
est included age, sex, race, marital status, and insurance status.

Potential predictors that were considered included income
and education level; however, they did not trend towards cor-
relation with DHI use in bivariate analysis and were thus not
included in the multivariable adjusted model.
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Statistical Analysis

Sociodemographic and digital health characteristics were
compared among trichotomous DHI use categories using
analysis of variance for continuous data and Chi-squared
tests for categorical variables. We conducted ordered lo-
gistic regression models to examine the association be-
tween high DHI use and each sociodemographic factor
including age, sex, race, marital status, and insurance sta-
tus. All analyses were initially adjusted for age, sex, and
race, followed by additional adjustment for loaner iPhone
and treatment with CABG as a surrogate measure of dis-
ease severity (Table 4). Analyses that included use of the
vital signs feature were additionally adjusted for presence
of Bluetooth-enabled blood pressure monitor.

The proportional odds assumption was examined by
using both the likelihood ratio test and the Brant test.
Interactions between risk factors and other covariates
were assessed in the fully adjusted models. Exploratory
analyses were performed to assess for association between
DHI use and hospital readmissions. All statistics were
performed using the Stata version 15.1 software package
(StataCorp LLC). A heat map was created using Displayr,
Inc.

Results

Participant demographic and major clinical characteris-
tics are shown in Table 1. The mean age was 58.3
years (SD 11.5, range 30 to 89 years), with 31%

female, 68% White, and 62% married. Private health
insurance was owned by 53% of participants and 33%
of patients had Medicare. Patients who did not have
private insurance or Medicare either had Medicaid or
were uninsured.

Our study sample’s mean calculated BMI was 30.9 kg/
m2 (SD 5.9) and median length of inpatient admission
was 5 days (IQR 3–11). Forty-two percent of patients
had a diagnosis of ST-Elevation Myocardial Infarction
(STEMI), and 29% of patients were treated with CABG.
Patients had access to Corrie for a median of 2 days from
enrollment to discharge (IQR 1–6) in addition to the 30-
day post-discharge period, and 40% of patients used a
loaner iPhone to access the intervention. Over the study
period, participants accessed the medication tracking fea-
ture a median of 11 unique days (IQR 2–27) and accessed
the vital signs feature a median of 7 unique days (IQR 1–
25) (Table 2).

Each patient’s use of the medication and vital signs
features by day post-discharge is shown in the heat map
in Fig. 2. Close to a third (30%) of patients used the
medication feature for 22 or more days and also used
the vital signs feature for 18 or more days (subsequent-
ly categorized as “high composite DHI use”; see
Table 2). A third (33%) of patients used the medication
feature for less than 3 days and vital signs feature for
less than 2 days (“low composite DHI use”). There was
more use in the first half of the month compared with
the second (50% vs 40% of patient-days and 37% vs
29% of patient-days for the medication and vital signs
features, respectively). Seventeen patients used the vital

989 STEMI or Type 1 NSTEMI patients
Admitted at JHH/JHBMC, MGH, & Reading from

10/01/2016-04/14/2019

216 patients enrolled

773 patients excluded
• Not interested (n=253)
• Non-smartphone owner (n=191)
• Auditory, visual, cognitive, or physical impairment

precluding smartphone use (n=97)
• Non-English speaker (n=74)
• Critically ill (n=42)
• Substance abuse (n=35)
• Cardiology considered ineligible (n=33)
• Other (n=48)

67 Patients lacked adequate DHI use data
• Back-end data collection capabilities were not yet developed

(n=34)
• Never used the app (n=11)
• Never had accounts created (n=2)
• Events failed to synchronize to the backend due to too short app

opening time, poor wifi or technical bugs (n=11)
• Patients did not have available backend data for any of three

usage features of interest in the current study (n=9)

16 patients withdrew due to death in hospital, feeling
overwhelmed, or technical issue

133 patients

200 Corrie patients completed 30-day follow-
up post-discharge

Fig. 1 Screening and enrollment of study participants
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signs feature almost every day (missed 0–1 days) and
25 patients used the medication feature almost every
day (missed 0–1 days). Four of these patients used both
features daily.

Table 3 shows the sociodemographic characteristics of
each group of patients, categorized by use of individual
features and composite DHI use. Being married or having
private insurance was significantly associated with high
use of the vital signs feature, medication feature, and
composite use of the DHI overall.

Multivariable-Adjusted Associations with High
Composite DHI Use

After adjust ing for age, sex, and race, marr ied
patients had higher odds (OR: 2.40, 95% CI: 1.18–4.88)
of being in the high composite DHI use group compared
with those who were unmarried (see model 1; Table 4).
Similarly, patients with private insurance had higher odds
(OR: 3.57, 95% CI: 1.22–10.41) of being in the high

composite DHI use group compared with those without.
When additionally adjusted for presence of loaner iPhone
and treatment with CABG, the association persisted for
married status (OR: 2.12, 95% CI: 1.02–4.39). While the
OR remained > 2, the confidence interval no longer ex-
cluded 1.0 for private insurance (OR: 2.62, 95% CI: 0.81–
8.46). In contrast, age, sex, and race were not significantly
associated with DHI use before or after adjustment with
covariates (Table 4).

Income and education level did not trend towards cor-
relation with DHI use in bivariate analysis and were thus
not included in the multivariable adjusted model.

Exploratory Analyses

Raw readmission data showed a general trend of decreas-
ing readmissions as DHI use increased, with patients in
the high composite DHI use group having the lowest rate
of 30-day readmissions (Table 2).

Table 1 Clinical and digital health characteristics of Corrie participants (n = 133)

Characteristics during hospital admission

Clinical characteristics

Age, years, mean ± SD (range) 58.3 ± 11.5 (30–89)

Age 65+, n (%) 43 (32.3)

Female, n (%) 41 (30.8)

White race, n (%) 91 (68.4)

Health insurance status

Private health insurance, n (%) 70 (52.6)

Medicare, n (%) 44 (33.1)

Medicaid/self-pay, n (%) 19 (14.3)

Annual incomea, median dollars (IQR) 72,000 (33,500–114,500)

Years of educationb, mean ± SD 14.7 ± 3.7

Marriedc, n (%) 82 (61.7)

Body mass index, kg/m2, mean ± SD 30.9 ± 5.9

Current/former smoking status, n (%) 69 (51.9)

Length of admission, median days (IQR) 5 (3–11)

Diagnosis of STEMI, n (%) 56 (42.1)

Patients requiring CABG, n (%) 38 (28.6)

Digital Health characteristics

mHealth literacy score out of 40d, mean ± SD 31.0 ± 6.6

Time with Corrie during admission, median days (IQR) 2 (1–6)

Patients with loaner iPhone, n (%) 53 (39.9)

Patients given Bluetooth-enabled BP monitor, n (%) 108 (81.2)

SD standard deviation, IQR interquartile range, STEMI ST-elevation myocardial infarction, CABG coronary artery bypass grafting, BP blood pressure
a n = 80 for income
b n = 116 for years of education
c n = 128 for marital status
d n = 111 for mHealth literacy
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Discussion

DHI Use Is Similar by Age, Sex, and Race in AMI
Patients

This study sought to identify if there are sociodemographic
factors associated with the use of Corrie, a DHI developed to
empower AMI patients in adhering to guideline-directed
medical therapy and to reduce 30-day readmissions.
Notably, we found that DHI use was similar by age, sex,
and race, suggesting a potential role for DHIs to help achieve
equity in cardiovascular health. We also found that some
sociodemographic characteristics, marital and private insur-
ance status, were associated with high DHI use after account-
ing for age, sex, and race. After additionally adjusting for
loaner iPhone, Bluetooth-enabled blood pressure monitor,
and CABG as a measure of disease severity, marital status
remained significant while private insurance showed a trend,
highlighting two areas that require further investigation.

The digital health literature is beginning to show that pa-
tient outcomes may improve with increased use of DHIs for
secondary prevention. Widmer and colleagues demonstrated
improved weight loss with DHI use in a dose-dependent rela-
tionship among patients following percutaneous coronary in-
tervention, while a study conducted by Park and colleagues
among heart failure patients found a trend towards less fre-
quent use of a DHI in readmitted patients compared with non-

readmitted patients [23, 24]. Given the potential correlation
between high DHI use and improved outcomes, our study
extends prior digital health research by exploring
sociodemographic characteristics that could predispose pa-
tients to higher or lower DHI use in a high risk, post-
discharge cardiac patient population.

A key sociodemographic variable of interest has been age.
There has been concern in the literature that seniors use digital
health at low rates [25, 26]. Some studies even suggest that the
positive benefits of some digital health interventions, such as
electronic symptom monitoring, may not extend to patients
above the age of 70 [27]. Yet, other studies looking at primary
prevention have found older patients to have the highest rates
of DHI use [12, 14–16, 28]. Our findings suggest that DHIs
are a tool that can be used for readmission reduction after AMI
in patients of all ages. It should be noted that barriers to use
related to age were considered during our initial DHI design.
As the AMI population typically includes older adults, we
collaborated with Apple Inc. to build a user-friendly interface
that optimized color contrast, utilized larger buttons and text
size, andminimized the number of screens to navigate through
each feature. Our results suggest that with early consideration
of patient population characteristics and iterative design, DHIs
can be a suitable and highly utilized tool for elderly patients to
independently and safely manage their own care. Our results
also raise the question of whether patients behave differently
when presented with a DHI for readmission reduction than
when presented with a DHI for primary prevention, and if
hospital discharge may be a particularly opportune time in a
patient’s care to start a patient on a DHI.

Second, sex and race are factors that are known to have
outcome disparities in cardiovascular disease [29]. Our find-
ing that DHI use is not significantly different across sex or
race in the context of post-discharge self-management differs
from prior evidence that looked at digital health use for gen-
eral cardiac risk factor management [12, 28]. This suggests
that DHIs focused on readmission reduction may be a way to
equitably improve adherence to guideline-directed medical
therapy post-discharge for patients regardless of sex and race.

The Presence of a Caregiver May Make Patients More
Likely to Be High DHI Users

Our study shows that the presence of a spouse, used here as a
surrogate for a caregiver, is associated with patients having
high DHI use. Although the confidence interval was relatively
wide (1.02–4.39), our results suggest that caregivers may en-
courage patients to engage more frequently with a given DHI
and ultimately adhere to their care plan. These results are in
agreement with the current body of literature, which suggest
that DHIs that involve caregivers improve cardiac medication
adherence andmay be effective in reducing re-hospitalizations
[30–32]. Further investigation with a larger sample size and

Table 2 DHI use and readmissions 30-day post-discharge

DHI use during 30-day post-discharge period

Time spent on medication feature, median days (IQR) 11 (2–27)

Tertiles of medication feature use

1st tertile (< 3 days), n (%) 47 (35.3)

2nd tertile (3–22 days), n (%) 44 (33.1)

3rd tertile (≥ 22 days), n (%) 42 (31.6)

Time spent on vital signs feature, median days (IQR) 7 (1–25)

Tertiles of vital signs feature use

1st tertile (< 2 days), n (%) 51 (38.3)

2nd tertile (2–18 days), n (%) 38 (28.6)

3rd tertile (≥ 18 days), n (%) 44 (33.1)

Number of patients in composite DHI use groups

Low composite use, n (%) 44 (33.1)

Moderate composite use, n (%) 49 (36.8)

High composite use, n (%) 40 (30.1)

30-day all cause readmissions, n (%) 12 (9.0)

Low composite DHI use, n (%) 4 (9.1)

Moderate composite DHI use, n (%) 6 (12.2)

High composite DHI use, n (%) 2 (5.0)

DHI digital health intervention, IQR interquartile range
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Fig. 2 Medication feature (n = 130) and vital signs feature (n = 121) use over 30 days post-discharge
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direct assessment of the presence/absence of a caregiver is
needed to confirm these findings.

The Influence of Socioeconomic Status on DHI Use
Merits Further Investigation

The correlation or lack thereof between insurance status, edu-
cation level, and income with DHI use merits further investi-
gation, particularly as these three markers may be surrogates
for socioeconomic status. Previous studies have identified de-
creased DHI use in people of low socioeconomic status, de-
fined by income stratification, in the setting of primary pre-
vention [6, 25, 33]. These studies raise the specter of DHI
implementation potentially worsening health disparities.
However, in our analyses of patients post-discharge after
myocardial infarction, neither income nor educational level
was a predictor of DHI use. Unlike insurance status, they
did not even trend towards correlation with DHI use. This
leaves several possible interpretations. The first is that socio-
economic status may not influence use of a DHI to reduce
readmissions, indicating that DHIs may have the potential to
address health disparities by improving outcomes across all
socioeconomic strata. Alternatively, a difference in DHI use
by income, education level, or insurance may exist but we
may not have been powered to detect it; in particular, we
had less data available for education level (n = 116) and in-
come (n = 82). Finally, our work may indicate that while
insurance status may influence DHI use, it may be a poor
proxy for socioeconomic status and there may be another,
unexplored association between insurance and DHI use. Of
note, the association between DHI use and insurance status
became non-significant when it was additionally adjusted for
presence of a loaner iPhone. Loaner iPhonemay be a mediator
of these two variables: i.e., Medicaid/uninsured patients may
be more likely to require a loaner iPhone, and this may pre-
dispose them to decreased DHI use. In this context, while
loaner iPhones may improve access to DHIs, there may be
room to further optimize this solution to better meet the needs
of all patients.

One-Third of Patients Used the Medication Tracking
and Vital Signs Features over 50% of the Month

Assessing DHI use by feature, as opposed to number of
global interactions, can lead to insights related to partici-
pant retention. Our work suggests that features that sup-
port daily self-tracking of medication and vital signs mea-
surements are well-tolerated and appreciated by many pa-
tients. However, as there was distinctly different use be-
tween the top third and bottom third of DHI users, it is
clear that there may be opportunities to better support
other patients. Importantly, since many sociodemographic
factors were not significantly associated with DHI use,Ta
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this raises the question if instead there are personality
traits or attitudes that make some patients more likely to
benefit from digital health than others. Future studies
should consider holding focus groups with patients from
high and low use groups to develop solutions tailored to
unique digital health user personas. Finally, more frequent
feature use in the first half of the month compared with
the second is informative. One explanation is that there
may be room for an intervention midway through the
program to help patients stay on track. Alternatively,
DHIs may function as “training wheels” for self-
management habits and may not be needed after a thresh-
old amount of time. In order for DHIs to have the best
chance of improving clinical outcomes, further research is
needed to better identify and characterize trajectories of
use over time.

Strengths and Limitations

To our knowledge, despite the well-established influence of
sociodemographic factors on readmission risk [34, 35], our
s tudy is the f i r s t to explore the assoc ia t ion of
sociodemographic factors and use of a DHI to reduce hospital
readmissions. However, we were limited by the number of
patients in our study, particularly in examining the potential
association between DHI use and readmission risk.

Our relatively small sample size and lack of power also
required us to limit the number of covariates in our
models. Age, sex, and race are well-established con-
founders that we were interested in a priori. In contrast,
we knew little about insurance or marital status with re-
spect to the confounding role they could play on the as-
sociation between DHI use and age, sex, or race. For this

reason, although our exposures of interest included age,
sex, race, marital status, and type of insurance, we limited
our covariates to age, sex, race, loaner iPhone, and CABG
(as a measure of disease severity). Given the insights we
have gained from the current analysis, it is reasonable for
future studies with larger sample sizes to include marital
and insurance status as covariates.

Another limitation is the skewness of the data. This resulted
in tertiles of similar, but not equal, size being generated to
describe feature use, which may have impacted our analyses.
It also created groups with the potential for large intra-
category variation, as the second tertile for both features was
quite large (3–22 days for the medication feature and 2–18
days for the vital signs feature). This intra-category variation
may have attenuated the statistical power in detecting an as-
sociation and could also have contributed to the relatively
higher readmission rate in the moderate composite DHI use
group compared with the low composite DHI use group. We
chose to categorize the data into tertiles in order to explore the
association in a more clinically meaningful context, but future
studies may consider modeling the use data by log
transforming the data or performing non-linear modeling of
continuous variables instead.

We also acknowledge potential for selection bias if patients
included in the analysis were younger and healthier than those
who were excluded. However, on analysis, we found no sig-
nificant difference between the two groups in terms of all
variables of interest including age, sex, race, insurance status,
marital status, and disease severity. The use of Apple products
also carries a risk of selection bias for iPhone users, which
was mitigated by implementing the iPhone loaner program
and adjusting all analyses by this variable.

Table 4 Multivariable adjusted odds ratios (ORs) with 95% confidence intervals of being in the highest DHI group versus the lower tertiles for various
sociodemographic variables

Composite measure Vital signs feature Medication feature

Model 1a Model 2b Model 1 Model 2 Model 1 Model 2

Age 1.00 (0.97–1.02) 0.98 (0.95–1.01) 1.00 (0.96–1.02) 0.98 (0.95–1.01) 1.00 (0.97–1.03) 0.99 (0.96–1.02)

Female sex 0.51 (0.25–1.01) 0.60 (0.29–1.25) 0.61 (0.30–1.21) 0.70 (0.34–1.45) 0.52 (0.26–1.03) 0.59 (0.29–1.23)

White race 1.30 (0.66–2.55) 1.22 (0.60–2.48) 1.33 (0.68–2.64) 1.34 (0.65–2.77) 1.23 (0.64–2.50) 1.10 (0.55–2.21)

Married status 2.40 (1.18–4.88)* 2.12 (1.02–4.39)* 2.50 (1.23–5.10)* 2.28 (1.10–4.73)* 2.42 (1.20–4.91)* 2.17 (1.06–4.47)*

Insurance status

Medicaid/self-pay 1.00 (Ref.) 1.00 (Ref.) 1.00 (Ref.) 1.00 (Ref.) 1.00 (Ref.) 1.00 (Ref.)

Private insurance 3.57 (1.22–10.41)* 2.62 (0.81–8.46) 3.80 (1.25–11.57)* 3.41 (1.01–11.52)* 3.89 (1.30–11.64)* 2.78 (0.85–9.05)

Medicare 1.53 (0.42–5.55) 1.15 (0.29–4.50) 1.46 (0.38–5.64) 1.22 (0.29–5.17) 1.83 (0.49–6.77) 1.49 (0.38–5.84)

aModel 1: adjusted for age, sex, and race, unless variable was included in model
bModel 2: adjusted for age, sex, race, loaner iPhone, and treatment with CABG as a surrogate measure of disease severity. Analyses that included use of
the vital signs feature were additionally adjusted for presence of Bluetooth-enabled BP monitor

*Reached formal significance
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Finally, we chose to focus on the first 30 days post-dis-
charge, due to 30-day readmission penalties from the Centers
for Medicare and Medicaid Services [2]. However, longer
follow-up is important and should be a focus of future work.

Conclusion

Ultimately, as smartphone ubiquity increases, DHIs can be a
powerful tool to support evidence-based strategies to improve
outcomes in cardiovascular patients. However, it is imperative
to understand howDHIs may affect sociodemographic dispar-
ities, particularly at a time when COVID-19 has pushed
healthcare systems towards rapidly adopting DHIs to fill
emergent clinical needs [36].

First, elderly patients are at higher risk for COVID-19
infection and symptom severity; our work supports DHIs
as a particularly timely intervention for patients of all ages
to improve self-management skills and increase connection
to care, while minimizing exposures [37]. Second, our
work supports the use of DHIs to reduce hospital
readmissions regardless of sex or race, strengthening the
case for DHIs as a tool to help narrow outcome disparities
in patients who experience AMI. Finally, future teams can
further explore the association we found between caregiver
presence and increased DHI use, as the caregiver-DHI
combination may be an untapped, synergistic driver of ad-
herence to guideline-directed therapy. In summary, our
study is the proverbial “tip of the iceberg”; further research
is needed in a larger study population to better understand
the associations between sociodemographic factors, differ-
ent patient attitudes and needs, DHI use, and outcomes of
patients after AMI. Only then will we be able to create a
strong foundation for DHIs to deliver on their promise of
equitably improving cardiovascular health outcomes and
optimizing care delivery during this pandemic and beyond.
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