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ABSTRACT

Recurrent hospitalizations are common in
longitudinal studies; however, many forms of
cumulative event analyses assume recurrent events
are independent. We explore the presence of event
dependence when readmissions are spaced apart by
at least 30 and 60 days. We set up a comparative
framework with the assumption that patients with
emergency percutaneous coronary intervention (PCl)
will be at higher risk for recurrent cardiovascular
readmissions than those with elective procedures. A
retrospective study of patients who underwent PCl
(January 2008—-December 2012) with their follow-
up information obtained from a regional database
for hospitalization was conducted. Conditional gap
time (CQ), frailty gamma (FG) and conditional frailty
models (CFM) were constructed to evaluate the
dependence of events. Relative bias (%RB) in point
estimates using CFM as the reference was calculated
for comparison of the models. Among 4380 patients,
emergent cases were at higher risk as compared
with elective cases for recurrent events in different
statistical models and time-spaced data sets, but the
magnitude of HRs varied across the models (adjusted
HR [95% Cl]: all readmissions [unstructured data]—
CG1.16[1.09t0 1.22], FG 1.45[1.33 to 1.57],
CFM 1.24[1.16 to 1.32]; 30-day spaced—CG1.14
[1.08 to 1.21], FG 1.28 [1.17 to 1.39], CFM 1.17
[1.10 to 1.26]; and 60-day spaced—CG 1.14 [1.07
t0 1.22], FG 1.23[1.13 to 1.34] CFM 1.18 [1.09

to 1.26]). For all of the time-spaced readmissions,
we found that the values of %RB were closer to

the conditional models, suggesting that event
dependence dominated the data despite attempts
to create independence by increasing the space

in time between admissions. Our analysis showed
that independent of the intercurrent event duration,
prior events have an influence on future events.
Hence, event dependence should be accounted for
when analyzing recurrent events and challenges
contemporary methods for such analysis.

INTRODUCTION

Recurrent hospital admissions after percu-
taneous coronary intervention (PCI) occur
between 8.9% and 22% of subjects and
pose a significant burden to the hospital and

Significance of this study

What is already known about this subject?

» Recurrent hospitalizations are common in
longitudinal studies.

» Recurrent events are considered as
independent events.

» Different models are employed for
analyzing recurrent events.

What are the new findings?

» Traditional time-to-first event analysis
does not measure the future events that
occur following the first event and hence
does not measure the actual burden of the
disease.

» Emergent as compared with elective
percutaneous coronary intervention
patients were at higher risk for recurrent
cardiovascular readmissions.

» Independent of the intercurrent event
duration, prior events have an influence on
future events.

How might these results change the focus

of research or clinical practice?

» Event dependence should be accounted for
in recurrent event analysis.

healthcare system.! Recurrent hospitalizations
are common in longitudinal studies; however,
most trials employ composite endpoints based
on the time to the first event, which results
in a substantial loss of information on the
natural course of the health condition. Use
of the traditional time-to-first event analysis
does not measure the future events that occur
following the first event or if the intensity of
the events differs. Hence, they do not account
for the actual burden of the disease. Several
statistical models have been proposed for the
analysis of recurrent event data; however,
most of these models assume that subsequent
event times are independent of one another.”
Most of these recurrent events are correlated,
and the underlying data structure must be
accounted for when choosing the statistical
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Total No. of Patients (2008 — 2012) = 4758

\
Elective = 2891

Emergency = 1867

N=8 Died during index admission N=32

N=167 Died during follow-up N=171

Total No. of Patients included in the Recurrent event analysis = 4380
( |
Elective = 2716 Emergency = 1664

Figure 1  Patient inclusion flow chart.

model. Variance-corrected and frailty effect models, which
are variants of Cox models, are employed to account
for the correlation. The Andersen-Gill model, Prentice,
Williamson, and Peterson conditional model, and the
marginal risk Wei, Lin, and Weissfeld models are the most
commonly used variance-corrected models.> The condi-
tional model stratifies the data by event allowing the base-
line hazard to vary between the events, which accounts for
within-subject correlation due to event dependence.” The
frailty effects models incorporate heterogeneity as a random
effect, which captures the unobserved effects among the
individuals. This model assumes that some subjects may
be inherently more prone to experience repeated events
than others.” ® The conditional frailty model proposed by
Box-Steffensmeier and De Boef’ accounts for both event
dependence and heterogeneity among the subjects. Admis-
sions within 30 days are considered to be related, and it is
assumed that the dependence diminishes as the events are
spaced further. However, there are instances when read-
missions happen later than 30 days and are strongly related
to the prior event. In this study, we explore the presence of
event dependence when readmissions are spaced apart by
at least 30 and 60 days. We also hypothesize that patients
undergoing emergency PCI will be at higher risk for recur-
rent events than those undergoing elective PCI.
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Adjusted Hazard Ratios for Emergency vs. Elective PCI

Figure 2 Adjusted HRs for emergent percutaneous coronary
intervention (PCI) (event 1 through event 10). Adjusted for age,
gender and comorbidities (diabetes, hypertension, cerebrovascular
accident, hyperlipidemia, peripheral vascular disease, chronic lung
disease and chronic heart failure).

METHODS

This is a retrospective study including all patients who
underwent PCI at Baylor Heart and Vascular Hospital
and Baylor University Medical Center, Dallas, Texas, from
January 2008 to December 2012. The data were abstracted
from the information captured for the American College
of Cardiology CathPCI Registry. Readmission details for
3years following PCI were obtained from the Dallas-Fort
Worth Hospital Council Foundation. Dallas-Fort Worth
Hospital Council Foundation maintains a comprehensive
Regional Master Patient Index database, which maintains
data on patients admitted to different hospitals in the North
Texas region.'’ Only readmission due to cardiovascular (CV)
reasons were included in the analysis and were restricted
based on the International Classification of Diseases, Ninth
Revision, Clinical Modification codes.!’ Mortality was
validated by obtaining data from the Death Master File
provided by the National Technical Information Service'>
for cases where vital status was uncertain. Event dependence
is defined as the relationship between events indicating that
the occurrence of an event influences or is related to the
following event. The inclusion of the frailty term in these
models indicates the heterogeneity that is caused by the
unmeasured covariates and is a random-effect model for
time event data analysis.

Data sets based on spacing of events

We created different data sets based on the time to the
events. The first data set (all non-fatal readmissions)
included all CV readmissions post-PCI that happened over
the period of 3years. We then created a data set in which
the events were spaced at least over 30 days. Any event that
occurred within 30 days was considered as a single event
(30-day spaced readmissions). Patients with more than one
event within 30 days were considered as one event and all
events were systematically spaced 30 days. Another data set
was created in which the events were spaced over 60 days
(60-day spaced readmissions). Similar to the 30-day spacing,
all events were spaced 60 days. Any event between 0 and 60
days of the prior event/index procedure was considered as
a single event.

Statistical analysis

Statistical analyses were conducted using STATA V.14.2 and
R V.3.2.1. Differences in baseline characteristics, procedural
details, and complications between emergency and elective
procedures were compared using */Fisher’s exact tests for
proportions and Student’s t-test/Wilcoxon rank-sum test for
continuous variables where applicable. The independent
risk factors were identified by the multivariable analysis by
including all the factors that were significant by bivariate
analysis. The objective of this paper was to identify the risk
factors for readmissions and to explore the dependence
between events. Because we did not aim to compare hospi-
tals or time cohorts, we did not employ a risk-standardized
approach.

Fatal and non-fatal events

Including both fatal and non-fatal readmissions, we
conducted a time-to-event analysis. The HRs of the
different covariates were calculated separately for the first
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Table 1 Demographics and clinical characteristics

Emergent  Elective

(n=1835) (n=2883) P value
Age (years), mean+SD 61.2+12.0  64.7£109  <0.001
Male, n (%) 1224 (66.7) 1973 (68.4) 0.21
Diabetes mellitus, n (%) 633 (34.5) 1134 (39.3) 0.001
Hypertension, n (%) 1482 (80.8) 2600 (90.2) <0.001
Hyperlipidemia, n (%) 1618 (88.2) 2729 (94.7)  <0.001
Cerebrovascular accident, n (%) 144 (7.9) 236 (8.2) 0.68
Peripheral vascular disease, n (%) 186 (10.1) 392 (13.6) <0.001
Chronic lung disease, n (%) 155 (8.5) 200 (6.9) 0.06
Chronic heart failure, n (%) 283 (15.4) 443 (15.4) 0.96
Family history of coronary artery 574 (31.4) 1016 (35.4) 0.005
disease, n (%)
Prior percutaneous coronary artery 532 (28.9) 1128 (39.1)  <0.001
intervention, n (%)
Prior coronary artery bypass grafting, 260 (14.2) 703 (24.4) <0.001

n (%)

through the tenth subsequent events by a Cox proportional
hazard survival analysis. A forest plot was constructed to
represent the adjusted HRs for the emergency scheduling of
the individual recurrent events.

Non-fatal readmissions

Three different models were constructed to study the details
on event dependence and heterogeneity: (1) the condi-
tional gap time model (CG) assumed the failure times were
conditional on the occurrence of the prior event and thus
used information about the time in between successive
repeated events; (2) the frailty gamma model (FG) included
heterogeneity as a random-effects term in the model which
captured the unobserved effects among the individuals
and thus allowed some subjects to be more prone to expe-
riencing recurrent events; and (3) the conditional frailty
model (CFM) proposed by Box-Steffensmeier and De Boef’
accounted for both the event dependence by stratification
and captured heterogeneity by including a random effect.
In order to minimize the problems with convergence in
the presence of many event-order strata, we set the limit of
events per individual to 11. Any event greater than 10 was
considered to be equal to 11 in our analysis.

Relative bias
We compared the results of the three models using the rela-
tive bias (%0RB) in point estimates using the CFM as the
reference.”

%RB= (HR [FG or CG] — HR [CFM])/HR (CFM)x 100
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Table 2 Adjusted HR and 95% Cl for the different covariates for the different models and time-spaced readmissions

6596)

Frailty gamma

60-day spaced readmissions (

7283)

30-day spaced readmissions (n

9642)

All admissions (n

Conditional frailty
1.18 (1.09 to 1.26)
1.07 (1.00 to 1.15)
1.24 (1.16 to 1.34)
1.26 (1.17 t0 1.35)
1.15(1.02 to 1.30)
1.27 (1.13t0 1.43)
1.29(1.11 to 1.51)

Conditional frailty ~Conditional gap

1.17 (1.10 to 1.26)
1.05(0.99 to 1.13)

Frailty gamma

Conditional frailty Conditional gap

1.24(1.16 t0 1.32)
1.02 (0.96 to 1.09)
1.19(1.12 t0 1.27)
1.23(1.15t0 1.30)
1.13(1.03 to 1.25)
1.25(1.12t0 1.38)
1.22 (1.08 to 1.38)

Frailty gamma

Conditional gap

1.23(1.13t0 1.34)
1.09 (1.00 to 1.19)
1.30(1.20 to 1.42)
1.31(1.21t0 1.43)
1.18(1.02 to 1.35)
1.34(1.16 to 1.55)
1.35(1.13t0 1.62)

1.14(1.07 to 1.22)
1.06 (1.00 to 1.13)
1.19(1.12 10 1.27)
1.22(1.14101.29)
1.15(1.02 to 1.28)
1.23(1.11 10 1.35)
1.26 (1.10 to 1.45)

1.28 (1.17 t0 1.39)
1.06 (0.98 to 1.16)

1.14(1.08 to 1.21)
1.04 (0.98t0 1.11)

1.45(1.33t0 1.57)
1.02 (0.94 t0 1.10)
1.24(1.14 10 1.34)
1.34 (1.24 10 1.45)
1.16 (1.02 to 1.31)
1.36 (1.18 t0 1.57)
1.32 (1.13 to 1.55)

1.16 (1.09 to 1.22)
1.02 (0.96 to 1.08)
1.15(1.08 to 1.21)
1.15(1.08 to 1.22)
1.10 (0.95 to 1.27)

Cerebrovascular accident 1.21 (1.09 to 1.34)

Emergency scheduling

Age =63

1.24(1.16 t0 1.33)
1.25(1.17t0 1.33)
1.13(1.01 to 1.26)
1.28 (1.15t0 1.43)
1.30 (1.13 to 1.50)

1.32 (1.21 to 1.45)
1.33(1.22 t0 1.45)
1.14 (1.00 to 1.31)
1.39(1.20to 1.61)
1.40 (1.17 to 1.67)

1.19(1.12 t0 1.26)
1.20(1.13t0 1.27)
1.12 (1.01 to 1.25)
1.24(1.13 10 1.36)
1.28 (1.12 to 1.45)

Female

Diabetes mellitus
Hypertension

1.22 (1.08 to 1.36)

Hyperlipidemia

Peripheral vascular

disease

1.30(1.18 to 1.44)
1.13(1.00 to 1.29)
1.33(1.21 to 1.45)

0.4

1.39(1.23t0 1.57)
1.17 (1.00 to 1.37)
1.42 (1.27 t0 1.59)

0.9

1.24(1.14 10 1.34)
1.10 (1.00 to 1.22)
1.25(1.16 t0 1.34)

1.30(1.18 t0 1.43)
1.13(1.00 to 1.27)
1.33(1.22 to 1.45)

0.3

1.40 (1.23t0 1.58)
1.17 (1.00 to 1.37)
1.46 (1.30 to 1.63)

1.0

1.24(1.1510 1.33)
1.09 (0.99 to 1.22)
1.25(1.17 t0 1.34)

1.27(1.17 10 1.39)
1.11 (0.99 to 1.24)
1.27(1.17 10 1.38)

0.4

1.34(1.19t0 1.51)
1.19(1.02 to 1.39)
1.36 (1.22t0 1.51)

1.20(1.11 t0 1.30)
1.1

1.09 (0.99 to 1.20)
1.19(1.12101.27)

Chronic lung disease
Chronic heart failure

8 (0.004)

981 (<0.001)
—34,318.12

4071 (<0.001) 333 (<0.001) 1704 (<0.001) 29 (0.00001)
—49,295.01 -40,427.00 —34,071.00

-61,834.99

Likelihood ratio for ©

—29,766.69

-30,689.75

—35,066.19

Log-likelihood for model -51,046.43

We postulated that the estimates of the conditional model
would be close to the CFM in circumstances where event
dependence was strong, while the estimates of the frailty
model would be closer to the estimates of the CFM in situ-
ations where heterogeneity was strong.

RESULTS

There were a total of 4758 patients who had an index
PCI during our study period. The mean age of the cohort
was 63.4+11.5 years and 67.7% were male. Of these,
1867 (39.2%) had an emergency procedure. A total of 40
(0.8%) patients died during the index procedure and 338
(7.1%) died during the 3-year follow-up. A majority of the
patients who died had undergone an emergency procedure
(203/378) (figure 1). The crude mortality rate per 1000
patients was 109 deaths for emergent procedures vs 61
deaths for elective procedures. The number of readmis-
sions ranged between 1 and 60 (median=2) for emergent
procedures and between 1 and 47 (median=2) for elective
procedures.

Fatal and non-fatal events
The characteristics of the patients excluding those who died
(n=40, 0.8%) during the index admission are presented
in table 1. By Cox proportional hazards survival analysis,
adjusted HRs were calculated individually for the first
through the tenth event. Those with an emergent PCI had
an increased risk for CV readmission after adjusting for age,
gender and comorbidities (diabetes, hypertension, cere-
brovascular accident, hyperlipidemia, peripheral vascular
disease, chronic lung disease and chronic heart failure).
Furthermore, this risk stochastically increased for subse-
quent CV readmissions. For example, those with emergent
PCI were at 1.5 times higher risk of CV readmission, 1.54
times the risk of having second CV readmission, and 1.66
times the risk of third CV readmission (figure 2).

Non-fatal CV readmissions

We excluded 338 patients who died during the 3-year
follow-up post-PCL. Of the 4380 patients, 1597 (36.5%)
did not have a CV readmission during their follow-up. The
distribution of the proportion of events for the different
time-spaced admissions is presented in figure 3. Table 2
summarizes the HR estimates along with their 95% CIs of
the covariates of the three different models for the different
time-spaced readmissions. The adjusted HR showed that
patients who underwent an emergency PCI had a consis-
tently elevated risk of recurrent events, regardless of the
model and/or time-spaced consideration. The values of
RB% of the point estimates were then calculated for the
different covariates and time-spaced readmissions with CFM
as the reference. For example, the RB% of CG (—6.59%,
—2.2%, 2.3%) was closer to CFM compared with FG
(17%, 8.2%, 4.2%) for ‘emergency procedure’ in unstruc-
tured, 30-day and 60-day spaced readmissions, respectively,
suggesting event dependence in the data. For all of the
time-spaced readmissions, we found that the values of %RB
were closer to the conditional models, suggesting that event
dependence dominated the data (figure 4). The cumulative
hazards by event number based on the CFM are presented
figure SA-C, and the cumulative hazards can be seen to vary
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% Relative Bias [Reference = CFM]
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Age=63

All readmissions (unstructured)
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Diabetes mellitus

Hypertension

Cerebrovascular accident

Hyperlipidemia

Peripheral vascular disease

Chronic lung disease

Chronic heart failure

-12.00 -7.00 -2.00

3.00 8.00 13.00 18.00

Emergency

Age=63 —

CV readmissions spaced at least by 30 days

Female

Diabetes mellitus

Hypertension f — |
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Peripheral vascular disease

Chronic lung disease

Chronic heart failure
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3.00 8.00 13.00 18.00

Emergency "
Age=63 ———
Female

CV readmissions spaced at least by 60 days

Diabetes mellitus

Hypertension -!=|

Cerebrovascular accident

Hyperlipidemia

Peripheral vascular disease

Chronic lung disease

=mmmm Conditional gap

Chronic heart failure

Favors Event

= Frailty gamma
- Favors Event

Dependence ~

Independence

Figure 4 Relative bias of the models in reference to conditional frailty model (CFM). CV, cardiovascular.

by event number. With the spaced data (at least by 30 or 60
days), it can be seen that the cumulative hazards increase in
varying magnitude for those with prior events, supporting
the presence of event dependence. Including heterogeneity
and event dependence, the baseline hazards seem to vary by
event numbers in this graph.

DISCUSSION

Our study found emergent as compared with elective PCI
patients were at higher risk for recurrent CV readmis-
sions in all three different models and time-spaced data
sets, but magnitude of the HR varied across the models.
Furthermore, with both the time-spaced data sets (30-day
and 60-day), the %RB of the CG model was closer to the
CFM, implying the presence of strong event dependence
in the data. To limit the issue of convergence (high number
of strata with sparse events), we collapsed the event strata
to 11.

The conditional model accounts for within-subject
correlation and event dependence by stratifying the data by
the events, while the frailty models capture the unobserved
random effects. However, in clinical practice, it has been
well recognized that there exists both heterogeneity and
event dependence among the patients. Even certain patients
with similar baseline characteristics as others may be more

prone to adverse events compared with the others, intro-
ducing the possibility of hidden heterogeneity among indi-
viduals. This unaccounted variability between the subjects is
introduced as a random effect in the frailty model. In addi-
tion, within-subject variations are complicated due to event
dependence where the risk of a new event depends on the
number of previous events. The CFM effectively accounts
for both event dependence and heterogeneity simultane-
ously replicating the complex nature of the clinical data.
Hence, we included CFM as the reference in our analysis
to account for both event dependency and heterogeneity. It
has been previously shown that use of CFMs produce unbi-
ased results when dealing with repeated events that exhibit
both heterogeneity and event dependence.” *° Further,
it has been emphasized that competing risks of mortality
confound the analysis of recurrent events.'® Among patients
with heart failure, it has been observed that mortality
thwarts readmissions leading to skewed result."” Hence,
we excluded those patients who died during the 3-year
follow-up in our analysis in order to handle the issue of
competing risk.

The traditional time-to-first event analysis results in a
substantial loss of information and also does not measure
the complete burden of the disease. The recurrent events
must be accounted for in clinical trials to provide complete
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Figure 5 Estimated cumulative hazards for each event by conditional frailty model. CV, cardiovascular.

details on the progression of the disease, as well as the
economic liability for the hospital and patients. It has been
shown that accounting only for the first event ignored the
additional 44% of heart failure hospitalizations and 42%
of CV deaths in a randomized control trial.'® It has also
been emphasized that there is a need to report the effect of
a drug on the non-fatal events and that the findings should
not be restricted to reporting only the fatal outcomes.”
Clinical trials in CV research have realized the importance
of including recurrent events and have accounted them
for in their statistical analysis plan; however, the issue of
independence of subsequent events has not previously
been handled.?*?* Our results suggest that recurrent events
cannot be considered independent no matter how long a
period of time is inserted between the events. Thus the
assumption of the Andersen-Gill model, which incorporates
the Cox model into a counting process, is valid if the time
between events is facilitated by time-varying covariates.
The Prentice, Williamson, and Peterson conditional model
stratifies the data by the event allowing for the baseline
hazard to vary between events. This model can be fitted
in gap time when the time index resets to zero after each
recurrent event or in total time which calculates the effect
of a covariate from the time of entry into the study. The
marginal means/rates model assumes a baseline hazard for
all events with no mention of a dependence structure or

time-varying covariates and would be inappropriate if event
dependence is of importance.”

Our study has all the limitations of retrospective studies
of prospectively collected data. Importantly, we did not
have time-varying covariates such as blood pressure, lipid
values, and medications such as antiplatelet agents, which
can vary in their intensity when a patient has progressively
more events after PCI. Some of the patients included in the
analysis had a prior PCI. We used %RB to ascertain the
presence of dependence, while the magnitude of depen-
dence between events was not calculated. We recognize we
may have lost patients to follow-up if they were hospital-
ized outside of the Dallas Forth Worth metro area. We were
able to obtain a complete cohort of patients who underwent
PCI at our center and their corresponding CV readmissions
from the Dallas-Fort Worth Hospital Council Foundation,
but had no ability to capture hospitalizations beyond our
region. Being a retrospective study, some bias may have
been induced due to uncaptured covariates in the registry,
such as procedural details, intercurrent revascularization
performed at a distant center, or new important illnesses
such as malignancy.

CONCLUSION
Our analysis showed that irrespective of the period between
events, prior events have an influence on future events when
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we analyze expected risks of hospitalization after urgent
versus elective PCI. Hence, event dependence should be
considered when choosing models to analyze recurrent
events after PCIL.
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