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Abstract

Objective: To explore association of patient characteristics and
telehealth alert data with all-cause key medical events (KMEs) of
emergency department (ED) visits and hospitalizations as well as
cardiac-related KMEs of ED visits, hospitalizations, and medi-
cation changes. Materials and Methods: A 6-month retrospec-
tive study was conducted of electronic patient records of heart
failure (HF) patients using telehealth services at a Massachu-
setts home health agency. Data collected included patient de-
mographic, psychosocial, disease severity factors and telehealth
vital signs alerts. Association between patient characteristics
and KMEs was analyzed by Generalized Estimating Equations.
Results: The sample comprised 168 patients with a mean age of
83 years, 56% females, and 96% white. Ninety-nine cardiac-
related KMEs and 87 all-cause KMEs were recorded for the
subjects. Odds of a cardiac-related KME increased by 161% with
the presence of valvular co-morbidity (p=0.001) and 106% with
increased number of telehealth alerts (adjusted p<0.0001).
0dds of an all-cause KME increased by 124% (p=0.02), 127%
(p=0.01), and 70% (adjusted p<0.0001) with the presence of
cancer co-morbidity, anxiety, and increased number of telehealth
alerts, respectively. Overall, only 3% of all telehealth alerts were
associated with KMEs. Conclusions: The very low proportion of
telehealth vital sign alerts associated with KMEs indicates that
telehealth alerts alone cannot inform the need for intervention
within the larger context of HF care delivery in the homecare
setting. Patient-relevant data such as psychosocial and symptom
status, involvement with HF self-management, and presence of
co-morbidities could further inform the need for interventions
for HF patients in the homecare setting.

Key words: cardiology/cardiovascular disease, home health moni-
toring, telehealth
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Introduction
eart failure (HF) is the most common chronic illness in
home health, affecting almost 6 million Americans today.'
To assist HF patients manage their complex condition, home
health agencies across North America are increasingly im-
plementing new technologies, such as telehealth.” However, an over-
looked consequence of large numbers of patients with HF using
telehealth is the resulting data explosion.>* Telehealth data overload
has been considered a significant barrier to the sustained use of tele-
health for managing HF.>® Clearly, the volume of telehealth-generated
data could overwhelm the home health clinicians managing HF pa-
tients® and impair efficient responses to telehealth alerts.'’ Recent
researchers have found a lack of association of telehealth with im-
proved health utilization outcomes.” ' Decision support models uti-
lizing relevant patient parameters may inform prioritization of care
and home health interventions in response to telehealth alerts, which
may help improve efficiency of telehealth for HF management.

This study explored the association of patient characteristics and
telehealth alert data with key medical events (KMEs) experienced by
patients with HF receiving telehealth services from a home health
agency. KMEs are events that resulted in a change in the level of care
delivered by home health nurses to their HF patients. Cardiac-related
KME in this study was defined as a cardiac-related emergency de-
partment (ED) visit, hospitalization, or medication changes, and all-
cause KME was defined as an all-cause ED visit or hospitalization
experienced by the HF patient.

Materials and Methods

This study was a retrospective chart review of electronic patient
records from a Massachusetts home health agency. This agency has
been using electronic documentation for nursing services and tele-
health for over 10 years. In this study, telehealth consisted of an
electronic device in the patient’s home through which the patient daily
transmitted his or her physiological data (weight, blood pressure, heart
rate [HR], and oxygen saturation [0, sat]) and questionnaire on specific
daily symptoms. The telehealth nurse was responsible for telehealth
alerts, and the visiting nurse followed up on abnormal telehealth vital
signs by visiting the HF patient and/or contacting the referring phy-
sicians or cardiologists to consult on patient care.

The sample included Medicare patients 65 years of age or older
admitted to the home health agency with HF as a diagnosis and who
had used telehealth between March and September 2011. HF patients
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with telehealth data transmitted for less than 3 days or missing any of
the five vital sign parameters (weight, heart rate (HR), systolic blood
pressure (SBP), diastolic blood pressure (DBP), and pulse oximetry [0,
sat]) were excluded from analysis.

HOME HEALTH ELECTRONIC HEALTH RECORD
DATA SOURCES

Initially, the electronic health record (EHR) database of the home
health agency was queried using the ICD-9-CM codes 428.0, 428.2,
428.3, 428.43, 428.9, and 402 and telehealth alert data to identify eli-
gible subjects with a diagnosis of HF and who had used telehealth
services. The search returned a list of medical record numbers of eligible
subjects in Microsoft® (Redmond, WA) Excel sheet format, which was
used for data analysis. The medical record numbers of the subjects,
which are unique to the home health agency, were entered as the search
criterion in the home health agency electronic documentation system to
find corresponding study data for the subjects. Study data included
Medicare-mandated Outcome and Assessment Information Set (OASIS)
patient data as well as nursing documentation notes and telehealth logs.

Data on patient demographics (age, race, and gender), psychoso-
cial status (anxiety, depression, and living situation [assessed by
presence or absence of caregivers]), disease characteristics (dyspnea,
type [primary/secondary] of admitting HF diagnosis), number and
types of co-morbidities, number of medications, type of cardiac
medications, and status of HF diagnosis (new/chronic) were obtained
from OASIS and nursing documentation notes. Telehealth alert
characteristic data (type of telehealth vital sign alert [weight, SBP,
DBP, HR, or 0, sat]) were obtained from the telehealth logs for all the
days that the HF patients were using telehealth during the study
period. Telehealth questionnaire data on symptoms experienced by
patients (for example, did you experience shortness of breath in the
past 24 h, how many pillows did you use while sleeping, etc.) were not
available consistently for all subjects in this study and hence could
not be collected for this study.

The electronic nursing documentation notes also provided docu-
mentation of home health nursing interventions and medication
change events in response to the telehealth alerts. An event was
coded as a medication change KME if the HF patient’s medication was
changed in response to symptoms experienced while receiving home
health nursing service. OASIS and nursing documentation notes on
ED visits, re-admissions to inpatient facilities, and resumption of
home health were used to collect data on outcome variables of all-
cause and/or cardiac-related ED visits and hospitalizations and were
coded as KMEs. An ED visit followed by a hospitalization was coded
as a single KME. Within the study period, data for each subject were
collected for an entire episode of telehealth (from admission to dis-
charge) for the HF patient at the home healthcare agency. Institu-
tional Review Board approval to conduct this study was obtained
from the academic institution affiliated with the researchers.

DATA ANALYSIS
Descriptive statistics were calculated for all patient characteristic,
telehealth alert data, and outcome variables. To account for the
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within-subject correlation among the time-varying predictors,
Generalized Estimating Equations (GEE) was thought to be an ap-
propriate analysis method. GEE was used to analyze patient char-
acteristics of demographic factors, psychosocial factors, disease
severity factors, and telehealth vital signs alerts (type and number)
with KMEs of (1) cardiac-related medication changes, ED visits, and
hospitalization and (2) all-cause ED visit and hospitalization.

Univariate analysis was used to eliminate variables with associa-
tions at a significance level >0.25 with outcome variables.'? Then all
variables with association of p <0.25 were examined for inclusion in
the initial GEE model. Variables were eliminated in an iterative
fashion until the final GEE model included variables with association
of p<0.1. The effects of potential effect modifiers and confounders
(covariates without significance in prior steps) were investigated, and,
if found significant, they were included in the final model. The best
GEE model was determined through lowest value of quasi-likelihood
information criterion (QIC) goodness-of-fit statistics.'®> SPSS version
20 (SPSS, Inc., Chicago, IL) was used for the GEE analysis. An auto-
regressive correlation structure indicates that two observations taken
close in time within an individual tend to be more highly correlated
than two observations taken far apart in time from the same individ-
ual."'® As the telehealth vital sign values of the patients tend to be
similar when they are closer in time, an autoregressive correlation
matrix was thought appropriate for the GEE analysis.

Presence of individual telehealth vital sign alert of SBP, DBP, HR,
0, sat, and weight on a day was coded as 1, and absence of that
telehealth alert on a day was coded as 0. Then, the median value of
the individual telehealth alert for that week was calculated for an
individual patient. For example, if an SBP telehealth alert was gen-
erated for 4 of 7 days in a week, that variable was coded as 1 for that
week. Median of number of all telehealth alerts generated that week
was also calculated, and the presence of a KME that week was noted
from the EHR log. Longitudinal telehealth data were condensed to a
weekly basis as opposed to daily telehealth data because (1) daily
telehealth data were considered too sparse for analysis and (2) time
lag of a day or two was evident between generated telehealth alerts
and home health nurse and physician responses to the alerts, as is
typical in a home health setting. Compared with daily telehealth data,
weekly telehealth data enabled us to appropriately capture the se-
quence of generation of telehealth alert, associated home health in-
terventions, and corresponding KME, if any, within a single data
point.

Results

The initial sample comprised 188 Medicare HF patients who used
telehealth from March to September 2011. The final sample com-
prised 168 subjects after excluding subjects who had incomplete
telehealth vital sign data or less than 3 days of telehealth data. One
hundred forty-eight subjects (88%) had at least 1 week of incomplete
transmitted telehealth data. Overall, 1,188 weeks of patient data were
analyzed over the 6-month study period. Collection of weekly data
and calculation of median values within a week were able to mini-
mize the impact of missing daily telehealth data. Only the status of HF
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Table 1. Descriptive Information of Patient Characteristics Table 1. continued
DEMOGRAPHICS DEMOGRAPHICS VALUE
Age (years) [mean (SD)] 82.75 (7.6) Cancer 14 (8.3)
Race [n (%)] Musculoskeletal disorders 85 (50.6)
American Indian/Alaska Native 0 Dementia 19 (11.3)
Asian 0 Psychiatric disorders 42 (25)
African American 3(1.8) Anxiety co-morbidity 15 (8.9)
Hispanic or Latino 4 (2.4) Anemia 24 (14.3)
Native Hawaiian/Pacific Islander 0 Obesity 40 (23.8)
White 161 (95.8) Infection 31 (18.5)
Gender [n (%)) Dermatological disorders 25 (14.9)
Male 74 (44.0) Reproductive disorders 19 (11.3)
Female 94 (56.0) Medications
HF disease characteristics® Cardiac medications
Type of HF diagnosis ACEI/ARB 79 (47)
Primary 91 (54) Beta-blockers 134 (79.8)
Secondary 77 (45.8) Diuretics 144 (85.7)
Status of HF diagnosis Total n of medications 12.87 (4.64) [4-30]
Newly diagnosed 23 (13.7) Psychosocial [n (%)]
Chronic HF 141 (83.4) Living alone 46 (27.4)
Unknown 4 (2.4) Anxiety
Dyspnea (at admission) 0 (no anxiety) 102 (60.7)
0 (never) 24 (14) 1 (less often than daily) 40 (23.8)
1 (climbing stairs) 57 (33.9) 2 (daily, not constantly) 25 (14.9)
2 (with dressing, bathing) 60 (35.7) 3 (all the time) 1(.6)
3 (with eating, conversation) 23 (13.7) Depression 27 (16.1)
4 (at rest) 4 (2.4) Telehealth alert characteristics [n (%)]
Co-morbidities (n types of co-morbidities) 5.52 (1.9) [2-12] Total n telehealth alerts 6,025

Average telehealth alerts generated by subjects

35.9 (30.8) [0-201]

Telehealth alerts for

Weight

2,285 (37.9% of all alerts)

SBP

1,458 (24.2% of all alerts)

HR

1,017 (16.9% of all alerts)

DBP

990 (16.4% of all alerts)

0, saturation

275 (4.6% of all alerts)

Myocardial infarction 26 (15.5)
Cardiac arrhythmia 71 (47.0)
Valvular disorders 12 (7.1)

Pulmonary disorders 70 (40.5)
Vascular disorders 122 (70.6)
Hypertension 107 (63.7)
Neurological disorders 21 (12.5)
Diabetes mellitus 45 (26.8)
Thyroid disorders 39 (23.2)
Renal disorders 52 (31.0)
Gastrointestinal disorders 25 (14.9)
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ACEl, angiotensin converting enzyme inhibitor; ARB, angiotensin receptor
blocker; DBP, diastolic blood pressure; HF, heart failure; HR, heart rate; SBP,

systolic blood pressure; SD, standard deviation.

?Data are n (%), mean (SD), or [range].



diagnosis (new or chronic) as an independent variable had missing
data in 4 (2%) cases.

SAMPLE DESCRIPTION

Subjects in the sample had a mean age of 83 (standard deviation
7.6) years, with 96% white and 56% females. HF was a primary ad-
mitting diagnosis in 54% of subjects. Only 14% were newly diag-
nosed with HF. Presence of dyspnea as reported in the OASIS data
source was observed in 86% of subjects. Average number of co-
morbidities was 5.5. Vascular disorders (70%), hypertension (64%),
and musculoskeletal disorders (50%) were the most common co-
morbidities (Table 1). Patients received telehealth service for an in-
terval ranging from 1 to 25 weeks, with a mean duration of 7 weeks.

KME OUTCOMES

In total, 99 cardiac-related KMEs (37 cardiac ED visits or hospi-
talizations and 62 medication changes) and 87 all-cause ED visits or
hospitalizations were recorded for the subjects in the study.
Of the 1,188 weeks of data analyzed for this study, the
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increased by 106% for every additional telehealth alert generated
and increased by 161% with the presence of valvular co-morbidity
(Table 2).

All-cause KMEs: ED visits and hospitalizations. Single predictor
variables that were significant at the p <0.1 level included cancer
and anxiety co-morbidity, median of weekly telehealth flags, and
individual telehealth vital signs alerts of weight, HR, and SBP. In
the best GEE model constructed based on lowest QIC goodness-of-
fit statistics, cancer co-morbidity (adjusted p=0.026) and anxiety
co-morbidity (adjusted p=0.008) emerged as statistically signif-
icant predictors of all-cause KME. The probability of all-cause
KME increased by 1249% and 127% with the presence of cancer and
anxiety co-morbidities, respectively. The probability of all-cause
KME also increased by 70% for every additional telehealth alert
generated (Table 3).

presence of a KME was observed in 148 weeks, and the re-
maining 1,040 weeks did not have any incidence of KMEs. 1320'0
TELEHEALTH ALERT CHARACTERISTICS oo 979%  96.4%  97.1%  97.4%  95.4%  97.2% H Other Alerts
In the 1,188 weeks of patient data analyzed during the ’ B Alerts related to
6-month study period, in total, 6,025 telehealth alerts Cardiac KME
related with the physiological vital signs of weight, SBP, 80.01
DBP, HR, and O, sat were generated, with weight gener-
ating the highest number of telehealth alerts (38%), fol- 60.0 1
lowed by SBP (24%). Overall, for 1,188 weeks of patient
data, only 2.8% of all telehealth alerts were associated 40.0
with cardiac-related KMEs (Fig. 1a) and 1.9% with all-
cause KMEs (Fig. 1b). A telehealth alert was not generated 200 -
for 22% of cardiac-related ED visits and hospitalizations.
However, among telehealth alerts that were associated 00+
with cardiac-related KME, SBP had the highest proportion Weight  sgp DBP HR O2sat  Overall
(5200), followed by weight (47%) (Fig. 2). The most com- b
mon medication changes involved beta-blockers related to 1200
changes in SBP (51%), followed by diuretics related to W Other Alerts
changes in weight (429). 1000.98:3% 98.2% 97.6% 98.5% 96.2% 98.1% B Alerts related to
All-cause KME
GEE MODEL 80.0
Cardiac-related KMEs: ED visit, hospitalization, and cool
medication change. Single predictor variables that were
significant at the p<0.1 level included valvular, vascular, 0.0
and gastrointestinal co-morbidities, median of weekly total
telehealth alerts, and individual telehealth vital sign alerts of 200-
weight, HR, SBP, and DBP.
In the best GEE model constructed based on QIC goodness- 0.0
of-fit statistics, median of weekly total telehealth alerts Weight  SBP  DBP HR  O2sat Overall
(adjusted p<0.0001) and valvular co-morbidity (adjusted Fig. 1. Proportion of telehealth vital sign alerts that were related to (a)

p=0.001) emerged as statistically significant predictors of
cardiac-related KMEs (ED visits, hospitalizations, and medi-
cation changes). The probability of a cardiac-related KME

blood
blood
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cardiac-related and (b) all-cause key medical events (KME). DBP, diastolic

pressure; HR, heart rate; O2 sat, oxygen saturation; SBP, systolic
pressure.
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M All-cause
hospitalization

40 +

29.5% 29.3%
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10 4

Weight SBP DBP HR

02 sat

Fig. 2. Proportion of individual telehealth vital sign alerts among
telehealth alerts that are related to key medical events. DBP, di-
astolic blood pressure; HR, heart rate; O2 sat, oxygen saturation;
SBP, systolic blood pressure.

Discussion

Protocols at the home health agency require that telehealth nurses
address every telehealth alert. The very low proportion of telehealth
alerts (<5%) associated with KMEs (Fig. 1) demonstrates that tele-
health nurses have to expend an inordinate amount of time following
up on redundant alerts just so they do not miss the few meaningful
alerts. One of the main reasons for the low proportion of meaningful
telehealth alerts is the generation of high numbers of telehealth alerts
not related to KME. Although the telehealth parameter of weight
generated 389% of all telehealth alerts, 22% of cardiac-related ED visit
and hospitalization did not have a single telehealth alert associated
with them. In another study on telemonitoring for 168 HF patients,
simple rule-of-thumb algorithms on weight gain such as 3 pounds in
1 day or 5 pounds in 3 days provided no discriminatory power in
predicting worsening HF.'” Causes other than worsening HF were
attributed for the weight fluctuations and the resultant alerts, such as
the patient weighing with and without clothes from day-to-day,
missed medication, or fluid retention caused by high dietary salt
intake the previous day.'”

In the current study, telehealth alerts that had to be responded to
by the telehealth nurse were often false alarms that did not require
any further intervention according to the telehealth nurse docu-

mentation in the telehealth logs. False alarms in this study were
primarily due to inappropriate telehealth measurement techniques
such as varying weight of clothes, unadjusted blood pressure cuff
size, or family members weighing themselves on the telehealth
devices. Telehealth alert thresholds based on initial home health
admission vital signs caused many alerts to be generated as patient
vital signs stabilized at a level different from the alert thresholds set
earlier.

Median of weekly total telehealth alerts was positively correlated
with KMEs in this study, which meant that higher the number of
telehealth alerts, the higher were the odds of a KME. This finding was
also observed in a study by Biddiss et al.,'® who analyzed the asso-
ciation of patient self-rated symptoms along with physiological
telehealth alerts with KMEs for HF patients in a home health setting.
However, in the current study, telehealth alerts only consisted of
physiological alerts, and we explored the association of patient
characteristics in addition to telehealth alerts with KMEs.

Anxiety, which was a key predictor of all-cause KMEs in this
study, has consistently emerged as a predictor of high healthcare
utilization for patients with HF using telehealth.'®'®'® Anxiety needs
to be identified and treated in HF patients, as anxiety has been at-
tributed as a barrier to HF self-management.”® The dual diagnosis of
cancer and HF was a key predictor of all-cause KMEs in this study and
was also associated with increased odds of withdrawal from tele-
health services in another study on association of patient charac-
teristics with home health resource utilization.'® Patients with the
dual diagnosis of cancer and HF could potentially suffer from severe
morbidity and sharp functional decline. Such patients may not be the
best candidates for telehealth, and parameters other than telehealth
vital sign changes need to be monitored for such patients.

Although not always indicative of KME, telehealth alerts provide
home health nurses with the opportunity to reinforce HF self-
management teaching in a contextually relevant manner, identify ways
to improve patient satisfaction with care delivered, and assess the impact
of co-morbidities for the HF patient. The alerts are indicative of patient
health status trends and provide an understanding of how the individual
patient reacts to HF treatment. Although telehealth alerts based on vital
sign changes could potentially provide guidance on the direction of
care, frequent telehealth alerts that do not require follow-up interven-
tions may result in “alert fatigue”'' and decreased efficiency of tele-
health interventions. The low proportion of meaningful telehealth alerts
in this study indicates that telehealth processes could be implemented
more efficiently for managing HF.

Table 2. Generalized Estimating Equations Model for Prediction of Cardiac-Related Key Medical Events

VARIABLE COEFFICIENT () STANDARD ERROR ODDS RATIO (95% CI) P VALUE
Median of weekly total telehealth flags 0.73 0.13 2.06 (1.59, 2.68) <0.0001
Valvular co-morbidity 0.96 0.29 2.61 (1.49, 4.57) 0.001

Cl, confidence interval.
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Table 3. Generalized Estimating Equations Model for Prediction of All-Cause Key Medical Events

VARIABLE COEFFICIENT (f) STANDARD ERROR 0DDS RATIO (95% CI) P VALUE
Median of weekly telehealth flags 0.53 0.13 1.70 (1.33, 2.19) <0.0001
Anxiety co-morbidity 0.82 0.32 2.27 (1.21, 4.25) 0.01
Cancer co-morbidity 0.81 0.35 224 (1.14, 4.43) 0.02

Cl, confidence interval.

A decision support system for telehealth can help eliminate or
filter out grossly inaccurate alerts so the telehealth nurse can expend
his or her time more meaningfully.* Alert thresholds need not be
generic and could be tailored to each patient’s contextual informa-
tion, such as psychosocial status, involvement with HF self-
management, symptom status, and HF disease severity, including
presence of co-morbidities. Effectively engaging HF patients with the
telehealth process and HF self-management could also potentially
reduce the high number of telehealth false alarms due to poor mea-
surement techniques and improve the overall efficiency of telehealth
for HF management. Protocols of communication between physi-
cians and home health clinicians that allow prompt revision of
telehealth alert thresholds in response to newly stabilized vital signs
as well as prompt changes in HF treatment regimen in response to
abnormal telehealth vital signs could contribute to improving effi-
ciency of telehealth for HF management.

LIMITATIONS

The study suffered from low power. Associations of some co-
morbidity variables with KMEs may need to be interpreted cautiously
because of wide confidence intervals with a small number of data end
points available for analysis. However, this study is exploratory in
nature and provided preliminary associations of characteristics of HF
patients using telehealth with KMEs that can be tested more rigor-
ously in future studies with a larger sample set.

As this study was a retrospective review and the dataset was re-
stricted to an available sample, a racially diverse sample could not be
obtained, which limits generalizability of the study findings. Also, HF
severity measures such as ejection fraction or New York Heart As-
sociation class or presence of implanted cardiac devices could not be
analyzed because of unavailability of such data in the home health
setting. Other HF self-management variables such as medication
adherence, diet, and physical activity modifications and HF symptom
variables of daily shortness of breath, which might have been asso-
ciated with KMEs, were not collected for this study.

Conclusions

The findings of this preliminary study provides an understanding
of patient-related factors associated with KMEs experienced by HF
patients using telehealth in a home health clinical setting. The very
low proportion of telehealth vital sign alerts associated with KMEs
indicates that telehealth vital signs alone cannot inform need for
intervention. Other patient-relevant data such as psychosocial status,

© MARY ANN LIEBERT, INC.

involvement with HF self-management, symptom status, and HF
disease severity, including presence of co-morbidities, could further
inform need for interventions for HF patients receiving home health
services. Efficient use of telehealth for HF may also require effective
patient and healthcare provider engagement with the telehealth
process to enable better management of HF.
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