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Abstract

Background: Hospitalizations account for amost one-third of the US $4.1 trillion health care cost in the United States. A
substantial portion of these hospitalizations are attributed to readmissions, which led to the establishment of the Hospital
Readmissions Reduction Program (HRRP) in 2012. The HRRP reduces payments to hospital s with excess readmissions. In 2018,
>US $700 million was withheld; this is expected to exceed US $1 billion by 2022. More importantly, there is nothing more
physically and emotionally taxing for readmitted patients and demoralizing for hospital physicians, nurses, and administrators.
Given thishigh uncertainty of proper home recovery, intelligent monitoring is needed to predict the outcome of discharged patients
to reduce readmissions. Physical activity (PA) is one of the major determinants for overall clinical outcomes in diabetes,
hypertension, hyperlipidemia, heart failure, cancer, and mental health issues. These are the exact comorbidities that increase
readmission rates, underlining the importance of PA in assessing the recovery of patients by quantitative measurement beyond
the questionnaire and survey methods.

Objective: This study aims to develop a remote, low-cost, and cloud-based machine learning (ML) platform to enable the
precision health monitoring of PA, which may fundamentally ater the delivery of home health care. To validate this technology,
we conducted aclinical trial to test the ability of our platform to predict clinical outcomesin discharged patients.

Methods: Our platform consists of awearable device, which includes an accelerometer and a Bluetooth sensor, and an iPhone
connected to our cloud-based ML interface to analyze PA remotely and predict clinical outcomes. This system was deployed at
a skilled nursing facility where we collected >17,000 person-day data points over 2 years, generating a solid training database.
We used these data to train our extreme gradient boosting (XGBoost)-based ML environment to conduct aclinical trial, Activity
Assessment of Patients Discharged from Hospital-I, to test the hypothesis that a comprehensive profile of PA would predict
clinical outcome. We developed an advanced data-driven analytic platform that predicts the clinical outcome based on accurate
measurements of PA. Artificial intelligence or an ML a gorithm was used to analyze the datato predict short-term health outcome.

Results:  We enrolled 52 patients discharged from Stanford Hospital. Our data demonstrated a robust predictive system to
forecast health outcome in the enrolled patients based on their PA data. We achieved precise prediction of the patients' clinical
outcomes with a sensitivity of 87%, a specificity of 79%, and an accuracy of 85%.
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Conclusions: To date, there are no reliable clinical data, using a wearable device, regarding monitoring discharged patients to
predict their recovery. We conducted a clinical trial to assess outcome data rigorously to be used reliably for remote home care

by patients, health care professionals, and caretakers.

(JMIR Cardio 2024;8:e45130) doi: 10.2196/45130
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Introduction

Background

Why are some discharged patients readmitted whereas others
are not? Although often routine and uncomplicated, this
transition of careis complex and, if not arranged properly, can
lead to life-threatening consequences. Clearly, factors such as
disease severity and the intensity of postdischarge care affect
the risk of readmission; however, many other issues may also
have substantial contributions[1]. The top contributory factors
are (1) admission diagnosis. heart failure is the top cause of
readmission, whereas other conditions, including sepsis,
pneumonia, chronic obstructive pulmonary disease, and cardiac
arrhythmia, are considered high risk; (2) insurance: Medicare
and Medicaid patients have the highest rates of readmission;
(3) patient demographics: race, sex, age, and income play akey
role (eg, women who experience heart attacks and populations
with lower-income status); and (4) patient engagement: patients
who lack knowledge, skills, and confidence to manage their
care have nearly double the average readmission rate [2,3].

The hospital readmission rate is approximately 20% in the
United States, and the rates increase proportionately among
those who are aged =50 years[4]. Our health careinfrastructure
is overburdened. Therefore, it is incumbent upon health care
providersto devel op risk stratification algorithms expeditiously
to help predict which patients are at the highest risk for
readmission. However, thisdetermination is extremely difficult
to make, particularly because the magjority of the discharged
patients will not become criticaly ill, require readmission, or
die. Therefore, as we try to mitigate the risks of readmission,
we need to do more than just predict the risk of readmission;
we need to also tailor our home monitoring strategies to this
risk [1]. Furthermore, this monitoring must not overwhelm
health care providers or patients; rather, the aim should be to
deliver smart, robust, and intelligent monitoring of patients
convalescing at home.

Physical activity (PA) is one of the major determinants for
overdl clinical outcomesin chronic diseases, including diabetes,
hypertension, hyperlipidemia, heart failure, and cancer, aswell
as mental hedth issues [5-8]. Moreover, these same
comorbidities increase the risk of readmission. In 2017, the
Centers for Disease Control and Prevention advocated adding
PA asthefourth vital sign after heart rate (HR), blood pressure,
and body temperature [9]. These developments underline the
critical importance of PA in assessing the recovery of patients
and, more importantly, indicate a clear need to measure PA
guantitatively beyond the current questionnaire and survey
methods[4,9,10]. PA isdefined simply asany bodily movement
produced by the skeleta muscles that result in energy

https://cardio.jmir.org/2024/1/e45130

expenditure [11]. However, it has been difficult historically to
directly measure PA. It requires a dedicated laboratory to
measure and perform a kinematic analysis. In addition, the
measurement period is short and hard to monitor over time.
Wearable technology and wireless data transmission have
overcome these limitations and facilitate an accessible and
long-term assessment of PA. A triaxial movement sensor was
foundto beareliable, valid, and stable measurement of walking
and daily PA in patients with chronic obstructive pulmonary
disease [7]. Furthermore, a portable system for PA assessment
inahome environment has been proposed [5]. Theseinnovative
systems provide novel and comprehensive real-time data for
the evaluation of the health and quality of life of participants
with limited mobility and chronic diseases. Finally, an estimate
of step counts and energy expenditure strongly correlated with
observed step counts and measured energy expenditure, using
hip- and wrist-based Fitbit devices [6].

Development of an Advanced Data-Driven Analytic
Platform

We developed an advanced data-driven analytic platform that
predicts clinical outcomes based on accurate measurements of
PA [10]. Artificia intelligence (Al) or machine learning (ML)
analyzes the data to predict short- and long-term health
outcomes. Although there is an overabundance of wearable
devices (WDs) in the market, there are no known clinical
outcome data that could be used reliably for home care by
patients, health care professionals, or caretakers. In conjunction
with AiCare Corp in San Jose, Cadlifornia, United States, we
developed a platform consisting of the following key
components. (1) a WD synced to an iPhone or app, (2) a
web-based open application programming interface (API), (3)
an Al and ML interface, and (4) a Health Insurance Portability
and Accountability Act (HIPAA)—compliant Amazon Web
Services (AWS) server environment. This platform was
deployed at askilled nursing facility wherewe collected >17,000
person-day data points (408,000 person-hour data points). These
data provided the training set for our extreme gradient boosting
(XGBoost) Al algorithm to correlate PA datato health outcomes
in the Activity Assessment of Patients Discharged from
Hospital-I (ACT-I) clinical trial. InthisACT-I trial, we enrolled
52 patients discharged from Stanford Hospital. Our data
demonstrated a robust predictive system to forecast health
outcomes in the enrolled patients based on their PA data. The
clinica study generated a receiver operating characteristic
(ROC) analysis with a sensitivity of 87% and a specificity of
79% in predicting the clinically significant events that were
reported by the patients. Our comprehensive Al profiling of the
PA of the discharged patients predicted their recovery or clinical
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deterioration to enable the precision guidance of appropriate
and timely intervention during the 4-week follow-up period.

After considering various functionalities and requirements, the
WD offered the most practical and compliant design solution
to monitor discharged patients intelligently. However, the
wearable technology for discharged patients should embody
different applications and designs specific to their needs. Inthis
paper, we will demonstrate these specifications in more detail.
We will present AiCare’'s comprehensive technology solution
consisting of aWD, Bluetooth low energy (BLE)—enabled iOS
infrastructure, an ML agorithm to implement Al in patient care,
and API-enabled web technology to measurethe daily activities
of patients. In this study, remote data coll ection, robust X GBoost
Al analysis, and thereliable prediction of clinical outcomesare
reported.

Methods

Patient Recruitment

We screened patients discharged from Stanford Hospital general
cardiology and advanced heart failure program.

Ethical Considerations

We obtained approval from the Stanford University Institutional
Review Board (53805) and recruited patients discharged from
Stanford Hospital. They wereinvited to participatein aresearch
study to demonstrate the safety and feasibility of the AiCare
platform. Informed consent was obtai ned from each participant
who consented to primary data collection and secondary data
analysis without additional consent. The privacy and
confidentiality of participants are protected by a deidentified
code that is assigned to each patient. No compensation was
offered to participants.

ML Predictive Platform

Our comprehensive ML profile of the discharged patients was
designed to predict their proper recovery to enablethe precision
guidance of timely intervention during the 4-week follow-up
period. We developed an advanced data-driven XGBoost
analyticsplatformto predict clinical outcomes based on accurate
measurements of PA [10].

We compared severa techniques to analyze our training data
set, including logistic regression, naive Bayes, support vector
machine, and XGBoost. We measured precision, recall, F;-score,
area under the ROC curve (AUC-ROC), and average critical
activity level, using different data sets. Throughout the analyses,
XGBoost provided the highest area under the curve (AUC)
values and other measurements.

We chose XGBoost because of its interpretability through the
model training process, resistance to trivial features, and the
reduced risk of overfitting. For our health care use case, model
transparency was an important evaluation criterion. XGBoost
visualized the feature prioritization and automatic weight
assignments, which allowed us to explain the model insightsto
the stakeholders for solution adoption. Occasionally, there are
noises in sensor data. To reduce the risk of overfitting, we
experimented with max_depth of 2, 3, 4, and 5 and
min_child_weight of 1, 2, 3, 4, and 5. On the basis of our list
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of PA-related input feature set and data volume (>17,000
person-day data points), the hyperparameters we used were
max_depth of 3, learning_rate of 0.01, min_child_weight of 4,
and n_estimators of 100. This achieved the balance of model
accuracy, reducing the risk of overfitting and reaching a
tolerable learning speed. We experimented with both XGBoost
1.4.1 and XGBoost 1.7.5. A mean absolute error of 1.7.x was
introduced, which boosted the training algorithm convergence
process. Some assumptions we made regarding the X GBoost
model that should be considered include that the encoded integer
values for each input variable have an ordinal relationship; it
should not be assumed that all values are present. Our algorithm
could handle missing values by default. In our tree-based
algorithm, missing values were learned during the training
phase.

Our Al platform predicted clinical outcome risk during the
4-week follow-up period using the continuous PA data stream.
The PA features were measured by the number of occurrences
of the multiples of g-force (1 g, 2 g, and 3 g) in each 1-hour
time window. One hour was further divided into 7200 time
interval s of 500 milliseconds each. Within each 500-millisecond
period, the AiCare platform detected whether the minimum
level of acceleration (1 g) had occurred. If yes, it increased the
1-g value by 1 count. Therefore, on an hourly basis, arestless
user could potentially accumulate up to 7200 valuesof 1 g. The
same detection and computational logic applied to 2-g and 3-g
values. The directionless g-force was an aggregation of the

g-forces in 3 axes (directionless g-force = \ [g-force x* +

g-force y? + g-force_7%]). This trial used the initial 72-hour
period to build nonrisk baseline data and generated an aert
when any deviation occurred, which indicated worsening health
condition. The platform was able to detect the precursors of
rehospitalization.

A decision tree ensemble-based multiclass classification
approach was used to predict no risk, mild risk, and risk. A
maximum tree depth of 3 levels was deployed. The intrinsic
graph of the decision tree facilitated the explainability of the
model. Figure 1 presents a sample decision tree from our model.

Thisdecision tree visualization providesinsight into the gradient
boosting process. Figure 1 illustrates the importance and data
coverage of each input feature(1 g, 2 g, and 3 g) and the
decision-making process. We chose cross-entropy—based
softprob objective (the loss function in the first term of the
training objective equation presented after this paragraph) to
predict the probabilities of 3 categories in the risk profile.
Because of the tendency of the decision tree to bisect the data
space and to overfit the training data when classes are not well
separated, we introduced a regularization term to balance the
bias-variance trade-off (the second term of the training objective
equation presented after this paragraph).

n t
Training Objective = Z { (yl-, yjmt{.(t)) + Z Q)
i=1 i=1
el
Cross — Entropy = —log (c——
Py g (E; o)

)
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To reduce false-positive results, we further enhanced the
platform with the clinician’s cognitive decision-based alerts.
The Al model was trained continuously with the patients
up-to-date PA data. Besidesthe Al model (Figure 1), the AiCare
prediction platform was designed for higher scalability. The
inbound data pipeline supports open APIs that are hardware

Figure 1. Sample decision tree.

3g<74.4499969

yes, missing

leaf=-0.0190080032

Wireless Protocol

Considerations regarding the requirements of data collection,
long-term use, power consumption, wireless transmission
distance, legal radio frequency, home use, popularity, and cost
led to choosing BLE as the optimal protocol for home care
indoor use. The iPhone was connected to the cloud server via
the standard wireless or cellular protocol.

ID System and Data Collection

The personalized data were anonymized using an internally
specified ID system for data collection. A BLE media access
control address for each band enabled this functionality. The
patients wore the WD (a battery-powered smart band
[Rockband; AiCare Corp]) at all times to enable continuous
data collection (the Rockband has a battery life of 45 days for
continuous use).

AiCare Technology

The AiCare platform enabled data collection and real-time
analysis as described herein. The technology consisted of the
following: (1) the low-cost and water-resistant Rockband with
a battery life of 45 days for continuous use, (2) iPhone
connectivity, (3) a cloud-enabled HIPAA-compliant AWS
server, (4) open APl architecture, (5) an ML and XGBoost
interface, (6) an iPhone app, and (7) an Al-enabled
COVID-19-specific questionnaire. Thiscomprehensive platform
was deployed in an iOS environment to analyze the patients
PA data. We assessed PA by a triaxial accelerometer, which
providesthe optimal solution between technol ogical complexity
and reliable measurement of PA. This service was designed to
ensure a smart, safe, and secure environment enabled with
real-time, intelligent, and timely tracking, detection, and analysis
to promote a healthy and independent lifestyle for discharged
patients.

https://cardio.jmir.org/2024/1/e45130
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agnostic and integrate with the PA features collected from
different hardware devices. The outbound patients' predictive
risk profiles were streamed to various clinical applications to
support broad clinical use cases. The ACT-I trial showed early
signs of clinical efficacy with this low-cost noninvasive
approach, enabling further scalability.

2g<36.2200012

[yes, lTllSS].llg

leaf=0.231602103

Data Collection and Analysis

We used the Rockband for data collection. First, we defined the
moving average (MA) of PA. The visualization of time series
dataobtained from AiCare’s platform alowed usto (1) identify
changes in energy level (EL) and movement percentage, (2)
establish a personalized baseline for each discharged patient,
and (3) understand the data trend to predict any deviation in
daily activity pattern.

The MA of PA

The MA method iswidely used to smooth out time series data
by calculating the average values for achosen period [4,12]. In
this study, we used simple MA (SMA) to avoid the noisy
measurements of the EL and movement percentage feature.
Each data point was calculated using SMA in time series data
and weighted equally. There was no need to set any weighting
parameters such as the weighted or exponential MA method to
generate SMA EL or movement percentages parameter. The
SMA formulawas defined as follows:

PR +Pi{—l + e + Pk—(?‘l—l]

n

SMA =

)

where P, represented the data point at time k, and n was the
chosen number of data points. A longer-term SMA was less
sensitive in reflecting the change in data movement compared
with ashorter-term SMA, which was used to highlight the major
trends in time series data. A shorter-term MA was relatively
faster to react to changes in trend, which was beneficia to
applications that required a QR code. The adjustment of the
value n in the equation measured the different effects of trend
analysis. The specific features and the definitions of PA are
outlined in Textbox 1.
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Textbox 1. Studied features and definitions for physical activity patterns.

Yang et a

«  Daytimeenergy level (EL): the EL obtained during the daytime period

« Nighttime EL: the EL obtained during the nighttime period

« Daily EL difference (ELD): the difference between daytime EL and nighttime EL

« Normalized ELD: the daily ELD in percentage values

«  Daytime active percentage (AP): 100% minus daytime resting percentage (RP)

. Daytime RP: the percentage of zero movements during the daytime period

«  Nighttime AP: 100% minus nighttime RP

« Nighttime RP: the percentage of zero movements during the nighttime period

« Daily active percentage difference: the difference between daytime AP and nighttime AP

Kinetic EL
In this study, the estimation of kinetic energy was used to

describe the EL of PA. The original formula of kinetic energy
isasfollows:

Kinetic energy = % x mass x velocity? = % x mass
x (acceleration x At)?

3

The unit of kinetic energy isthe joule (1 joule=1 kg m%/s?). To
obtain a directionless measurement of acceleration from the
accelerometer embedded in the Rockband, signal vector
magnitude (SVM) was applied to calcul ate the overall magnitude
of acceleration [13]:

SVM = Jaxz +ay,? + a;?

(4)
where a,, a,, and a, are the accel eration values from the triaxial

accelerometer. In this system, the sampling rate of the
accelerometer (At) isfixed and is equal to 50 Hz. The formula
of kinetic energy can be rewritten as follows:

Kinetic energy = (% x mass x At?) x acceleration’

= Constant x SYM?
®)
For each individual, the constant portion of this equation would
be the same at any given time. Therefore, kinetic energy could
be defined as SVM? (m?%/s?/kg). As a result, the estimation of
total EL from time O to time n is defined as follows:

Total energy level = SYM2(t1) + SYM2(t2) + ... +
SVM2(tn)

(6)
After obtaining the estimated wake-up time and resting time
from the cloud platform, we can calculate the total energy

expenditure during the daytime period and nighttime period,
respectively.

The daytime period is equal to the time between wake-up and
resting times on the same day, and the nighttime period is equal
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to the time between resting time and subsequent wake-up time
on the following day. We used daytime EL to estimate the total
intensity of all PAs that happened during the daytime period
and nighttime EL to represent the total intensity of all PAsthat
happened during the resting period. In addition, the daily EL
difference (ELD) has been used to evaluate the daily PA
changes:

Daily energy level difference =
ELNighttime

(")

A positive value of daily ELD indicates that daytime EL is
greater than nighttime EL. It may represent that an individual
isactive during the day or inactive (leepswell) during the night,
which is a healthy PA pattern. A negative value of daily ELD
can be obtained when nighttime EL isgreater than daytime EL.
High nighttime EL may represent disrupted sleep patterns, and
thus movements can be detected by the Rockband at night. A
negative EL difference also meansthat the observed individual
isinactive during the day. To compare the change in individual
EL D, normalization hasto be performed to convert the absol ute
values of ELD into the percentage of ELD, which isdefined by
the following equations:

ELDaytime —

Daily energy level dif ference

Normalized energy level dif ference = The first day of energy level dif ference

Countyero movemen t
+ Count,

Resting percentage(%) = Count
zero

(8)

Active percentage (%) = 100% — resting percentage
(%)
€)
Daily active percentage difference (%) = Active
percentageDaytime — Active percentageNighttime
(10)

ML Algorithm for PA Analysis

Three key features—daily ELD, normalized ELD, and daily
active percentage difference—were used to create the algorithm
to predict the possible clinical worsening of discharged patients
who demonstrate specific PA patterns. A risk alert was generated
when the values of the features that were lower than a specific
threshold were detected. The collected data correlated with the
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detailed measurement of the patients PA. We assessed the
patients' quality of recovery through accurate measurements of
their activitieswhile they were awake, while performing various
activitiesof daily living (ADL) or participatingin PA, and while
resting. Multiple layers of big data analytics, data mining
algorithms, and ML methods were tested. Specifically, we
applied the XGBoost ML algorithm. Our solution refined the
predictive capability by using the individual PA differences
during the active phase (walking, standing, or sitting) versus
the resting phase (lying down). XGBoost enhanced the
predictive accuracy of healthy recovery versus deterioration at
home and determined the need to contact heath care
professionals. X GBoost distinguished itself from other gradient
boost learning methods by using clever penalization of trees,
proportional shrinking of leaf nodes, Newton boosting, extra
randomization parameter, and the implementation of single
distributed systems. These features enabled efficient ML
classification of the real-time monitoring of PA to refine the
patients’ risk assessment. X GBoost distributed the feed-forward
module of PA. The integration started with the PA module of

Yang et a

3 physical acceleration features (1 g, 2 g, and 3 g). The
penalty-based system determined the initial risk profiling by
PA weight and retrained in a stage-agnostic way to determine
the features and penalties to enhance the weight from PA. The
final stage repeats the same cycle as stage 2 and provides each
patient’s final weight and risk score. Astheindividua stageis
algorithm agnostic, this method provides randomized nonbiased
Newtonian analysis. The training data set was achieved by our
solution by predicting the clinical outcome based on the
individual PA differences during the active phase (walking,
standing, or sitting) versus the resting phase (lying down). On
the basis of >17,000 person-day data points of 36 participants
(unpublished data), we predicted healthy recovery versus death
in skilled nursing facility residents based on the PA data and
analysis (Figure 2). Using this training data set, our XGBoost
algorithm was designed to detect deterioration in the health
condition of the discharged patients to generate a risk alert,
which suggested the need for early medical intervention by
contacting health care professionals, and prevent hospital
readmission.

Figure 2. Datafor clinical prediction. (A) Healthy outcome (physical activity [PA] ratio of active and resting phase: >60/40 ratio). (B) Deteriorating
(deceased) outcome (PA ratio of active and resting phase: <60/40 ratio). ALA and BPE are the anonymized names of the patients.

AI Predicts death and clinical outcome from physical activity

v

17,000 person/days

BPE (Healthy)

30

20
N 601 S ARG B IPESBRS

Healthy outcome
Activity during active phase: >60%
Activity during resting phase: <40%

2023 AiCare

Statistics and the AUC-ROC Curve

The ACT-I trial was an observational study, and we performed
a correlational analysis between PA and clinical outcomes by
using the Al model. The population consisted of 249 patients
discharged from Stanford Hospital general cardiology and heart
failure services. The measurement unitsrelate to 36 (14.5%) of
the 249 patients who compl eted a28-day anaysis. The response
istheclinical outcome, and thefactor isacomprehensive profile
of PA from the patients. The choice of model is XGBoost.
XGBoost-generated graph is a commonly used graph that
summarizes the performance of a classifier over al possible
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ALA (Deceased)

Deceased outcome
Activity during active phase: <60%
Activity during resting phase: >40%

Intersection of active and resting phase

Proprietary

thresholds. It is generated by plotting the true-positive rate
(y-axis) against the false-positive rate (x-axis) as the threshold
for assigning observations to a given class. AUC measures the
entire 2D area under the ROC curve. The maximum value it
can reach is 1; generally, the greater the value, the better the
performance of the model.

ROC analysis was used to evaluate a classifier's prediction
performance in biological and medical applications. Each data
point in the ROC curve comprises a pair: true-positive rate
(sensitivity) and false-positive rate (1-specificity), generated
by adiscrete classifier with aspecific threshold [14]. This study
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used several periods of MA from 3 days to produce all ROC
points in the ROC space. Considering the effect of the
imbalanced data set, meaning that the number of healthy
discharged patients is greater than the number of discharged
patients classified as deteriorating, we aso used the
recall-precision curve to evaluate the performance of the
proposed agorithms. In the recall-precision curve space, the
x-axis and y-axis represent the recall values and precision
values, respectively, calculated from the different thresholds.

User Interface

On the weekly report, we displayed the line chart, which kept
track of the patient’s activity level, and at the bottom, we

Yang et a

generated a user-friendly emoji to report the health condition
measured by our algorithm every 12 hours. The descriptor
“Excellent” and a smiley face emoji indicate a healthy and
normal pattern. The descriptor “Concern” and a pensive face
emoji mean that there was an unusua pattern, indicating that
the patients should be aware of the possible worsening of their
clinical condition. Finally, the descriptor “Urgent” and a sad
face emoji signify an unhealthy signal from the patient’s PA
pattern. This prediction suggeststhat the patients should contact
their health care professionals (Figure 3).

Figure3. Graphic user interfacefor alert notificationsin 3 representative patients. MAY L, AVIC, and LOPA are a so anonymized names of patients.The
descriptor and smiley face emoji indicate (A) “Excellent” health followed by the descriptor “Concern” and pensive face emoji for mild risk, (B)
“Excellent” health followed by the descriptor “Concern” and pensive face emoji for mild risk, and (C) “Excellent” health followed by the descriptor

“Urgent” and sad face emoji for indication of risk. ast: assistance.
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Patient Enrollment

We screened 249 patients discharged from Stanford Hospital
genera cardiology and heart failure services. Of these 249
patients, 52 (20.9%) were enrolled, and 36 (14.5%) completed
a 28-day analysis. The reasons for noncompletion were as
follows: (1) withdrawal from study (10/16, 63%), (2) battery
failure (4/16, 25%), and (3) early readmission (2/16, 13%). Of
the 36 patients, 30 (83%) responded to the ADL questionnaire
and 30 (83%) responded to the satisfaction questionnaire.
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Our data demonstrated a robust prediction system to forecast
theworsening clinical outcomes of these patients based on their
PA data, achieving a sensitivity of 87% and a specificity of
79%. Onthe basis of real-time assessment of PA, our technology
offered clinically reliable predictions regarding the discharged
patients who would need to contact their health care
professionals or caretakers to report their worsening clinical
condition. This capability allowed early intervention to prevent
further deterioration of these patients (Figure 4) [10].

After the patient’s discharge to home, the AiCare platform is
deployed to the patient via the Rockband and iPhone. PA data
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and trend are displayed on the iPhone app. If there is any
negative change in PA, the patient is contacted for a clinical
evaluation. The ADL questionnaireisadministered to the patient
to see whether thereis any correlation.

Our solution provided arobust |ow-cost technology to measure
PA and predict clinical outcomes. Our platform also included
the nudge technology for an Al-enabled questionnaire. This
platform was designed to deliver a seamless, low-cost, and
user-friendly environment for the remote monitoring of
discharged patients at hometo empower the patientsand family
members. This study analyzed the predictive capability of our
platform as described in Textboxes 2-4.

The clinical diagnoses were categorized into true positive, true
negative, false positive, and false negative as shown in Textbox
5.

Yang et a

The technical parameters were achieved and categorized into
true positive (TP), true negative (TN), false positive (FP), and
false negative (FN) as shown in Textbox 6.

Questionnaires were also administered at the time of risk alert
aswell as at the completion of the study (Textbox 7). The ADL
questionnaire was administered to augment the PA data. The
findings demonstrated modest correlation with the predictive
capability. The patients whose condition deteriorated
(true-positive group) showed the lowest function in terms of
ADL, whereas those who remained stable showed higher
response scores (true-negative group). However, there werelow
ADL scores in the false-positive group and high ADL scores
in the false-negative group. The responses to the satisfaction
questionnaire demonstrated that this platform waswell received.
The majority of the users stated that they would recommend
the technology to others.

Figure4. Patient flow. ADL: activities of daily living; ML: machine learning.

Early outpatient
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Early ML detection
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AiCare activity
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Textbox 2. Duration to risk prediction and intervention categorized into true positive (TP), true negative (TN), false positive (FP), and false negative

(FN).

o Mean number of days from discharge to risk prediction: TP=9 (SD 4); TN=none; FP=7 (SD 3); and FN=none
«  Mean number of days from risk prediction to patient-initiated contact of health care professional: TP=5 (SD 2); TN=none;, FP=2 (SD 2); and

FN=none

. Tota activity (1 g, 2 g, and 3 g per patient): TP=33,351 (SD 15,774); TN=38,998 (SD 19,062); FP=43,430 (SD 16,638); and FN=30,714 (SD

16,998)

https://cardio.jmir.org/2024/1/e45130

XSL-FO

RenderX

JMIR Cardio 2024 | vol. 8| e45130 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR CARDIO

Yang et a

Textbox 3. Formulas of area under the receiver operating characteristic curve metrics (TP=true positive, TN=true negative, FP=false positive, and
FN=false negative).

Accuracy:

TP+TN
TP+TN + FP+FN

Precision and positive predictive values:

TP
TP +FP

Sensitivity, recall, or true-positive rate (TPR):

TP
TP+ FN

Specificity or true-negativerate:

TN
TN+ FP

Negative predictive values (NPV):

TN
TN +FN

False-positiverate (FPR)= 1 - specificity:

FP
TN + FP

Textbox 4. Calculated values for the area under the receiver operating characteristic curve.

Sengitivity: 90.01%

Specificity: 81.55%

Positive predictive value: 77.1%
Negative predictive value: 92.3%
Accuracy: 85%

False-positive rate: 18.45%
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Textbox 5. Clinical diagnosis and prediction data.

Yang et a

True positive (n=17)

o Heartfailure (n=9)
o Arrhythmia(n=6)
o Atria (n=5)

«  Ventricular (n=1)
. Device(n=1)

o Ischemia(n=1)

True negative (n=9)

o Arrhythmia(n=6)
o Atria (n=4)

«  Ventricular (n=2)
« Ischemia(n=2)

o Heartfalure (n=1)

False positive (n=11)

o Arrhythmia(n=5)

o Atria (n=3)

«  Ventricular (n=2)

o Heartfailure (n=2)

o Ischemia(n=2)

«  Pulmonary hypertension (n=2)
False negative (n=2)

«  Arrhythmia, ventricular (n=1)
o Pericarditis (n=1)

Textbox 6. Technica findings.

«  Signal loss hours per patient: TP=79; TN=74; FP=71; and FN=60
« Battery life per patient (d): TP=34; TN=29; FP=32; and FN=19

«  Early replacement of the Rockband (number of patients): TP=1; TN=4; FP=0; and FN=1

Textbox 7. Response to the 7-question activities of daily living (ADL) questionnaire (7/7, 100%: highest function; n=30).

«  Truepositive: 5.5 (positive ADL engagement)
o Truenegative: 6.25

« Fasepositive: 4.7

o  Falsenegative: 7

Discussion

Principal Findings

We screened 249 patients discharged from Stanford Hospital
genera cardiology and heart failure services. Of these 249
patients, 52 (20.9%) were enrolled, and 36 (14.5%) completed
a 28-day analysis looking into the correlation between PA and

https://cardio.jmir.org/2024/1/e45130

RenderX

clinical outcome. Using our XGBoost model, we plotted the
true-positive rates against fal se-positive rates, which helped us
to generate the AUC-ROC curve and calculate the 2D AUC
value to determine the performance of the model. Our data
demonstrated a robust prediction system to forecast the
worsening clinical outcomes of these patients based on their
PA data, achieving a sensitivity of 87% and a specificity of
79%.
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This innovative platform enables low-cost, robust, and precise
PA tracking of patients discharged from hospital to predict
stable versus unstable clinical recovery, using a WD and an
iPhone. This technology is powered by our agorithms,
individualized big data, personalized behavior- and
function-specific web-based software, and intelligent ML
analytics. This comprehensive platform offers an effective
convergence of eHealth, Al, and telemedicine technology over
internet-enabled mobile devices to leverage the economical,
low-cost, and pervasive internet technology and, potentially,
may address the socioeconomic divide seen today. Patient care
at home by family members or by the individual patient is
personalized by Al for maximum safety. This technology will
fill an important gap in telemedicine through the use of
user-friendly, real-time, and 24/7 remote monitoring for clinical
outcome prediction. Patients in transition who are discharged
from the hospital, emergency department, or urgent care clinic
will benefit from this technology, which can monitor their
progress and predict clinical deterioration to enable early
intervention for successful recovery at home.

This ACT-1 trial used monitoring technology to measure
in-home activity and predict clinical outcomes. Although many
innovative technologies claim accurate measurements of vital
signs, there is no platform with proper validation of clinical
outcome prediction data. A wide range of longitudinal studies
to demonstrate the effectiveness of remote monitoring
technology have been performed [10,15]. Most research was
conducted within the area of passive infrared motion sensor
technology, followed by research on body-worn sensors.
Although the research into the use of monitoring technologies
has been extensive, most studies only focused on demonstrating
the functionality of the proposed monitoring technology by
simulating activities in a laboratory setting or on an existing
data set. Asaresult, the functionality of most systems has only
been demonstrated in general terms or mechanical accuracy,
sensitivity, and specificity. The long-term clinical effects of
using monitoring technology are lesswell studied; for instance,
in a meta-analysis on ambient sensors for older adult care, 25
of the 141 studies were pilot studies, with 11 focusing on the
use of passive infrared motion sensor technology and 10 on the
use of multicomponent monitoring technology. Study durations
ranged from 3 weeks to 3 years [16]; only 4 studies were
longitudinal, including 1 randomized controlled trial and 1
implementation study [17]; and all focused on the use of motion
sensor technology. WDs have evolved from merely telling time
to encompassing ubiquitous computing applications,
miniaturized sensors, and wearable computer technol ogy. Fitbit
released itsfirst wearable watch in 2009 and focused on activity
tracking. During the ensuing years, smartwatches became
common technology products manufactured by electronics
companies. These developmentsled to aset of design guidelines
for wearability and WDs that make tracking PA a much more
attractive target for discharged patients [9].

PA is one of the major determinants for overall clinica
outcomesin chronic diseases, including diabetes, hypertension,
and heart disease, aswell asmental health issues[17]. Reaching
asufficient level of PA could reduce the risk of cardiovascular
disease (CVD), type 2 diabetes, obesity, depression, and anxiety
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[18-20]. PA even plays an important role in cancer prevention
at specific sites, including breast and colon cancers [16]. In
2017, the Centersfor Disease Control and Prevention advocated
adding PA as 1 of the 4 vital signs [20]. Despite these efforts,
automated clinical outcome prediction systems do not exist.
There is a need for the accurate prediction of morbidity and
mortality, particularly among older adults who are most
frequently readmitted to the hospital. Patients with chronic
diseases, cardiometabolic syndrome, and dementia are often
underserved, growing in numbers, incurring higher coststo our
society, and becoming increasingly vulnerable. Our large data
set obtained from a skilled nursing facility and consisting of
>17,000 person-day data points (408,000 person-hour data
points of 36 patients captured over 2 years), demonstrated a
high correlation of PA analysis among the residents who
survived versus those who died. Using this as our training data
set, we were able to identify with high accuracy patients who
experienced stable recovery versus those who experienced
unstable recovery during the most vulnerable 1-month
posthospital discharge period.

The evidence-based management of CV Dsrequires substantial
amounts of resources, including advanced therapeutics, complex
diagnostics, and sophisticated clinical trials. However, the
reliable prediction of clinical outcomes after hospital discharge
has presented some challenges [11]. In response, various
approaches using ML models such as artificial neural network,
decision tree, support vector machine, and naive Bayes have
been attempted to predict clinical outcomes, taking into account
steps, vital signs, medical conditions, and demographic
information [11]. In one of the studies conducted on arrhythmic
sudden cardiac death, a deep learning technology approach
termed Survival Study of Cardiac Arrhythmia Risk was
developed to predict risk for 156 patients with ischemic heart
disease. In thismodel, cardiac magnetic resonance images and
covariate data such as demographics, risk factors,
electrocardiogram (ECG) measurements, medication use, and
outcomeswere used asinputsfor the 2 branches, where 1 branch
is used to visualize the heart's 3D ventricular geometry, and
the other is used to extract arrhythmic sudden cardiac death
risk—related imaging features from the cardiac magnetic
resonance images. All these data were then used to create a
survival curve individualized for each patient with accurate
predictions for up to 10 years. However, the limitations of this
study include an inability to account for competing risksfor the
same symptoms and covariates that were not exhaustive or fully
inclusive[17]. In another instance, regression and convolutional
neural network models were used to predict CVD risk for
women. As CVDs are the primary cause of death in women,
with evidence of sex bias in the diagnosis of CVDs , the
exploration of screening factors for risk detection has never
been more urgent. This study assessed the critical risk—screening
opportunities offered to women and how the integration of Al
can greatly benefit health care providersin interpreting dataon
women [17,21]. Al may propel the analysis of patient datainto
meaningful interpretations of patient health, providing health
care providers with an additional layer of guidance for patient
management plans. After patient discharge, ML is till viable
in assi sting with remote health monitoring through systems such
as Wanda-CV D, which uses patients' blood pressure and BMI
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measurements as well as their low-density lipoprotein and
high-density lipoprotein cholesterol levels to coach them and
improve their risk factors for CVD. However, using limited
inputs such as blood pressure readings and cholesterol levels
may not be entirely meaningful. In a previous study, only less
than half of the predictions based solely on cholesterol levels
and BMI measurements were correct [8,22].

In contrast, our XGBoost ML model enhanced the accuracy of
predicting stable recovery versus clinical deterioration after
discharge from the hospital. Specifically, XGBoost performs
self-adaptive feature selection and prioritization among our data
dimensions, mitigates the risk of overfitting by controlling the
complexity of the treeswith penalization on |leaf nodes to cope
with the high-frequency nature of our temporal data set, usesa
Newton boosting algorithm to better learn the tree structures,
and decorrelates the individual trees with a randomization
parameter to reduce the bias and variance of the model.
Compared with the existing approach, our Al-enabled solution
is unique in the following ways. First, our rea-time
PA-based algorithm enables risk prediction during the critical
1-month posthospital discharge period, whereas most of the
other research onrisk prediction focused on amuch longer time
frame of 5 to 10 years. Our approach alows a shift to early
intervention and the prevention of clinical deterioration during
the postdischarge period. Second, our training data set for the
ACT-I clinical trial consisted of a large number of data sets
obtained during a long follow-up period. Our data covered a
2-year duration, which enabled a longitudinal follow-up for a
personalized benchmark to conduct individualized analysisand
risk prediction. Third and last, our low-cost at-home patient
onboarding process did not rely on complex hardware such as
imaging or remote ECG equipment. The Rockband WD was
low cost, maintenance free, and disposable. Our
hardware-agnostic Al framework demonstrated highly and easily
adaptable features using our simple WD.

Limitations

Although the magjority of the patients were satisfied with our
platform, there were some compliance issues related to the use
of the WD. Furthermore, the measurement of PA only may not
provide a comprehensive assessment and prediction of an
individual patient’sclinical condition. Our futuretrial, ACT-II,
will expand on the ACT-I trid’s limitations by improving the

Acknowledgments

Yang et a

specificity (false positive) rate of the ACT-1 trial by evaluating
the efficacy of an augmented X GBoost agorithm. We will use
an Apple Watch to complement PA measurements by also
monitoring HR, HR variability, ECG, oxygen saturation, blood
pressure (separate blood pressure measurement device), clinical
data, and genomics to better identify stable versus unstable
recovery. Our novel platforminaniOS environment will enable
the capture of multidimensional real-time data to enhance
patients awareness of their clinical condition and health care
professionals guidance of patient management. We will
investigate thefeasibility of this platform, consisting of an Apple
Watch, an iPhone, an XGBoost interface, and a
HIPAA-compliant AWS environment, to monitor the dynamic
biometric data, predict patients' clinical outcome, and improve
patient compliance.

Conclusions

The ACT-I trial demonstrated a critical proof of concept of the
Rockband WD to enablereal-time analysis of patients' PA data
remotely. We developed a cloud-enabled X GBoost algorithm
and intelligent sensor technology to enable precision home
health care. The XGBoost a gorithm quantified, integrated, and
predicted the pattern of each patient’s outcome seamlessly with
high accuracy, precision, and recall. The Rockband cloud
backend personalized the big data for behavior- and
function-specific interactive software, and ML analyticsallowed
a comprehensive platform to converge eHeadth, Al, and
telemedicine technology. Our internet-enabled mobile devices
leveraged the economical, low-cost, and pervasive technology
to personalize health care by enabling prevention and early
intervention through the real-life clinical implementation of
mobile device technology and Al. Our approach devel oped,
tested, and disseminated the next generation of health care
strategy by focusing on precision health, using diagnostic
information collected in real time from patients’ PA datawhile
they wererecovering at home. Our X GBoost algorithm enabled
this scalable, portable, and distributed processing framework.
This novel technology will introduce a nascent approach to
patient care to redefine clinical practice by predicting patient
outcome based on a comprehensive analysis of behavioral
phenotype. Thisreal-timerisk monitoring and clinical outcome
prediction platform will advance the future of remote patient
care.

The authors appreciate and acknowledge the assistance of Fouzia Khan and Banu Priya Rathinam Radha Rajasekaran in patient

enrollment and trial organization.

Data Availability

We hope to submit our data to JMIR Data. However, we obtained the informed consent to release their datain our repository;

therefore, this may not be possible.

Conflictsof Interest

The manuscript presents a potential conflict of interest due to the financial involvement of its authors, WX's family member,
PCY, ZS, AJ, and PJ in AiCare, the company responsible for sponsoring the clinical trials discussed in the manuscript. The
conflict arises from the authors holding shares in AiCare, indicating a direct financial interest in the success and promotion of

https://cardio.jmir.org/2024/1/e45130 JMIR Cardio 2024 | vol. 8 | e45130 | p. 12

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR CARDIO Yang et al

the company's products. Full disclosure and transparency regarding these financial relationships are essential for maintaining the
integrity of the scientific work and ensuring the reader's ahility to assess potential biases.

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Golightly YM, Allen KD, Ambrose KR, Stiller JL, Evenson KR, Voisin C, et al. Physical activity asavital sign: asystematic
review. Prev Chronic Dis. Nov 30, 2017;14:E123. [FREE Full text] [doi: 10.5888/pcd14.170030] [Medline: 29191260]
Walker B. The top 5 causes of hospital readmissions — and how to prevent them. Upfront Healthcare. Feb 16, 2022. URL:
https.//www. pati entbond.com/bl og/the-top-5-calises-of -hospital -readmi ssions-and-how-to-prevent-them [accessed 2022-08-24]
Mcllvennan CK, Eapen ZJ, Allen LA. Hospital readmissions reduction program. Circulation. May 19,
2015;131(20):1796-1803. [FREE Full text] [doi: 10.1161/CIRCULATIONAHA.114.010270] [Medline: 25986448]
Franklin BA, Wedig 1], Sallis RE, Lavie CJ, Elmer SJ. Physical activity and cardiorespiratory fitness as modul ators of
health outcomes: a compelling research-based case presented to the medical community. Mayo Clin Proc. Feb
2023;98(2):316-331. [FREE Full text] [doi: 10.1016/j.mayocp.2022.09.011] [Medline: 36737120]

Yang CC, Hsu YL. Development of a portable system for physical activity assesement in a home enviorment. Feng Chia
University Global Information System. URL: https://dspace.fcu.edu.tw/handle/2377/3692 [accessed 1999-11-30]

Diaz KM, KrupkaDJ, Chang MJ, Peacock J, MaY, Goldsmith J, et al. Fitbit®: an accurate and reliable device for wireless
physical activity tracking. Int J Cardiol. Apr 15, 2015;185:138-140. [FREE Full text] [doi: 10.1016/j.ijcard.2015.03.038]
[Medline: 25795203]

Parab S, Bhalerao S. Study designs. Int J Ayurveda Res. Apr 2010;1(2):128-131. [FREE Full text] [doi:
10.4103/0974-7788.64406] [Medline: 20814529]

Warburton DE, Nicol CW, Bredin SS. Health benefits of physical activity: the evidence. CMAJ. Mar 14, 2006;174(6):801-809.
[FREE Full text] [doi: 10.1503/cmaj.051351] [Medline: 16534088]

Gemperle F, Kasabach C, Stivoric J, Bauer M, Martin R. Design for wearability. In: Proceedings of the 1998 Digest of
Papers, 2nd International Symposium on Wearable Computers (Cat. N0.98EX215). 1998. Presented at: SWC '98; October
19-20, 1998:116-122; Pittsburgh, PA. URL: https:.//ieeexplore.ieee.org/document/729537 [doi: 10.1109/iswc.1998.729537]
Mkrtchyan FA. On the effectiveness of remote monitoring systems. In: Proceedings of the 2018 Earth Observing Systems
XXI11 on Spie Optical Engineering and Applications. 2018. Presented at: EOS '18; August 19-23; San Diego, CA. URL:
https://doi.org/10.1117/12.2322522 [doi: 10.1117/12.2322522]

Katarya R, Srinivas P. Predicting heart disease at early stages using machine learning: a survey. In: Proceeedings of the
2020 International Conference on Electronics and Sustainable Communication Systems. 2020. Presented at: |CESC '20;
April 28-30:302-305; Coimbatore, India. URL : https:.//ieeexpl ore.ieee.org/document/9155586 [doi:
10.1109/icesc48915.2020.9155586]

Kumar R, Indrayan A. Receiver operating characteristic (ROC) curve for medical researchers. Indian Pediatr. Apr
2011;48(4):277-287. [doi: 10.1007/s13312-011-0055-4] [Medline: 21532099]

Buchman AS, Boyle PA, Yu L, Shah RC, Wilson RS, Bennett DA. Total daily physical activity and the risk of AD and
cognitive decline in older adults. Neurology. Apr 24, 2012;78(17):1323-1329. [doi: 10.1212/wnl.0b013e3182535d35]
Fawecett T. An introduction to ROC analysis. Pattern Recognit Lett. Jun 2006;27(8):861-874. [FREE Full text] [doi:
10.1016/j.patrec.2005.10.010]

Infeld M, Wahlberg K, Cicero J, Plante TB, Meagher S, Novelli A, et al. Effect of personalized accelerated pacing on
quality of life, physical activity, and atrial fibrillation in patients with preclinical and overt heart failure with preserved
gjection fraction: the myPACE randomized clinical trial. JAMA Cardiol. Mar 01, 2023;8(3):213-221. [doi:
10.1001/jamacardio.2022.5320] [Medline: 36723919]

Uddin MZ, Khaksar W, Torresen J. Ambient sensors for elderly care and independent living: a survey. Sensors (Basel).
Jun 25, 2018;18(7):2027. [FREE Full text] [doi: 10.3390/s18072027] [Medline: 29941804]

Steele BG, Holt L, BelzaB, Ferris S, Lakshminaryan S, Buchner DM. Quantitating physical activity in COPD using a
triaxial accelerometer. Chest. May 2000;117(5):1359-1367. [doi: 10.1378/chest.117.5.1359] [Medline: 10807823]

Brodie MA, Coppens MJ, Lord SR, Lovell NH, Gschwind Y J, Redmond SJ, et a. Wearable pendant device monitoring
using new wavel et-based methods shows daily life and laboratory gaits are different. Med Biol Eng Comput. Apr 6,
2016;54(4):663-674. [doi: 10.1007/s11517-015-1357-9] [Medline: 26245255]

McConnell MV, Shcherbina A, Pavlovic A, Homburger JR, Goldfeder RL, Waggot D, et a. Feasibility of obtaining measures
of lifestyle from asmartphone app: the MyHeart counts cardiovascular health study. JAMA Cardiol. Jan 01, 2017;2(1):67-76.
[doi: 10.1001/jamacardio.2016.4395] [Medline: 27973671]

Popescu DM, Shade JK, Lai C, Aronis KN, Ouyang D, Moorthy MV, et al. Arrhythmic sudden death survival prediction
using deep learning analysis of scarring in the heart. Nat Cardiovasc Res. Apr 2022;1(4):334-343. [FREE Full text] [doi:
10.1038/s44161-022-00041-9] [Medline: 35464150]

Adedinsewo DA, Pollak AW, Phillips SD, Smith TL, Svatikova A, Hayes SN, et al. Cardiovascular disease screening in
women: leveraging artificial intelligence and digital tools. Circ Res. Feb 18, 2022;130(4):673-690. [FREE Full text] [doi:
10.1161/CIRCRESAHA.121.319876] [Medline: 35175849]

https://cardio.jmir.org/2024/1/e45130 JMIR Cardio 2024 | vol. 8 | e45130 | p. 13

(page number not for citation purposes)


https://europepmc.org/abstract/MED/29191260
http://dx.doi.org/10.5888/pcd14.170030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29191260&dopt=Abstract
https://www.patientbond.com/blog/the-top-5-causes-of-hospital-readmissions-and-how-to-prevent-them
https://europepmc.org/abstract/MED/25986448
http://dx.doi.org/10.1161/CIRCULATIONAHA.114.010270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25986448&dopt=Abstract
https://doi.org/10.1016/j.mayocp.2022.09.011
http://dx.doi.org/10.1016/j.mayocp.2022.09.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36737120&dopt=Abstract
https://dspace.fcu.edu.tw/handle/2377/3692
https://europepmc.org/abstract/MED/25795203
http://dx.doi.org/10.1016/j.ijcard.2015.03.038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25795203&dopt=Abstract
https://europepmc.org/abstract/MED/20814529
http://dx.doi.org/10.4103/0974-7788.64406
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20814529&dopt=Abstract
http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=16534088
http://dx.doi.org/10.1503/cmaj.051351
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16534088&dopt=Abstract
https://ieeexplore.ieee.org/document/729537
http://dx.doi.org/10.1109/iswc.1998.729537
https://doi.org/10.1117/12.2322522
http://dx.doi.org/10.1117/12.2322522
https://ieeexplore.ieee.org/document/9155586
http://dx.doi.org/10.1109/icesc48915.2020.9155586
http://dx.doi.org/10.1007/s13312-011-0055-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21532099&dopt=Abstract
http://dx.doi.org/10.1212/wnl.0b013e3182535d35
https://www.sciencedirect.com/science/article/abs/pii/S016786550500303X
http://dx.doi.org/10.1016/j.patrec.2005.10.010
http://dx.doi.org/10.1001/jamacardio.2022.5320
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36723919&dopt=Abstract
https://www.mdpi.com/resolver?pii=s18072027
http://dx.doi.org/10.3390/s18072027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29941804&dopt=Abstract
http://dx.doi.org/10.1378/chest.117.5.1359
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10807823&dopt=Abstract
http://dx.doi.org/10.1007/s11517-015-1357-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26245255&dopt=Abstract
http://dx.doi.org/10.1001/jamacardio.2016.4395
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27973671&dopt=Abstract
https://europepmc.org/abstract/MED/35464150
http://dx.doi.org/10.1038/s44161-022-00041-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35464150&dopt=Abstract
https://europepmc.org/abstract/MED/35175849
http://dx.doi.org/10.1161/CIRCRESAHA.121.319876
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35175849&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR CARDIO Yang et al

22. AlshurafaN, Eastwood JA, Pourhomayoun M, Liu JJ, Sarrafzadeh M. Remote health monitoring: predicting outcome
success based on contextual features for cardiovascular disease. Annu Int Conf |[EEE Eng Med Biol Soc.
2014;2014:1777-1781. [doi: 10.1109/EMBC.2014.6943953] [Medline: 25570321]

Abbreviations

ACT-1: Activity Assessment of Patients Discharged from Hospital-I
ADL: activitiesof daily living

Al: artificial intelligence

API: application programming interface

AUC: areaunder the curve

AUC-ROC: areaunder the receiver operating characteristic curve
AWS: Amazon Web Services

BLE: Bluetooth low energy

CVD: cardiovascular disease

ECG: electrocardiogram

EL: energy leve

ELD: energy level difference

HIPAA: Health Insurance Portability and Accountability Act
HR: heart rate

HRRP: Hospital Readmissions Reduction Program

MA: moving average

ML: machinelearning

PA: physica activity

ROC: receiver operating characteristic

SMA: simple moving average

SVM: signal vector magnitude

WD: wearable device

XGBoost: extreme gradient boosting

Edited by A Mavragani; submitted 16.12.22; peer-reviewed by SSarejloo, K Gupta, T Bonten, X Cheng; commentsto author 09.05.23;
revised version received 31.08.23; accepted 19.09.23; published 01.03.24

Please cite as:

Yang PC, Jha A, Xu W, Song Z, Jamp P, Teuteberg JJ

Cloud-Based Machine Learning Platform to Predict Clinical Outcomes at Home for Patients With Cardiovascular Conditions
Discharged From Hospital: Clinical Trial

JMIR Cardio 2024;8:e45130

URL.: https://cardio.jmir.org/2024/1/e45130

doi: 10.2196/45130

PMID: 38427393

©Phillip C Yang, Alokkumar Jha, William Xu, Zitao Song, Patrick Jamp, Jeffrey J Teuteberg. Originally published in IMIR
Cardio (https://cardio.jmir.org), 01.03.2024. Thisis an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the origina work, first published in IMIR Cardio, is properly cited. The complete bibliographic
information, alink to the original publication on https://cardio.jmir.org, as well as this copyright and license information must
be included.

https://cardio.jmir.org/2024/1/e45130 JMIR Cardio 2024 | vol. 8 | e45130 | p. 14
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1109/EMBC.2014.6943953
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25570321&dopt=Abstract
https://cardio.jmir.org/2024/1/e45130
http://dx.doi.org/10.2196/45130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38427393&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

