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Abstract

Background: Multimorbidity (> 2 conditions) increases the risk of adverse outcomes and
challenges health care systems for patients with acute coronary syndrome (ACS). These
complications may be partially attributed to ACS clinical care which is driven by single-disease-
based practice guidelines; current guidelines do not consider multimorbidity.

Obijectives: To identify multimorbidity phenotypes (combinations of conditions) with suspected
ACS. We hypothesized that: 1) subgroups of patients with similar multimorbidity phenotypes
could be identified, 2) classes would differ according to diagnosis, and 3) class membership would
differ by sex, age, functional status, family history, and discharge diagnosis.

Methods: This was a secondary analysis of data from a large multi-site clinical study of patients
with suspected ACS. Conditions were determined by items on the Charlson Comorbidity Index
and the ACS Patient Information Questionnaire. Latent class analysis was used to identify
phenotypes.

Results: The sample (n=935) was predominantly male (68%) and middle-aged (mean= 59
years). Four multimorbidity phenotypes were identified: 1) high multimorbidity (Class 1) included
hyperlipidemia, hypertension (HTN), obesity, diabetes, and respiratory disorders (COPD or
asthma); 2) low multimorbidity (Class 2) included only obesity; 3) cardiovascular multimorbidity

Corresponding author: Katherine M. Breen, PhD, MSN, RN, T32 Post-Doctoral Fellow, Nell Hodgson Woodruff School of Nursing,
Emory University, 1520 Clifton Road, Atlanta, GA 30322, (404) 727-7980, Kbreen2@emory.edu.

Conflicts of/competing Interests
The authors declare that there are no conflicts of interest.

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our
customers we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review of
the resulting proof before it is published in its final form. Please note that during the production process errors may be discovered
which could affect the content, and all legal disclaimers that apply to the journal pertain.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Breen et al. Page 2

(Class 3) included HTN, hyperlipidemia, and coronary heart disease; and 4) cardio-oncology
multimorbidity (Class 4) included HTN, hyperlipidemia, and cancer. Patients ruled-in for ACS
primarily clustered in Classes 3 and 4 (OR 2.82, 95% CI 1.95-4.05, p=0.001 and OR 1.76, 95%
Cl 1.13-2.74, p=0.01).

Conclusion: Identifying and understanding multimorbidity phenotypes may assist with risk-
stratification and better triage of high-risk patients in the emergency department.

Keywords

Multimorbidity; ACS; Latent Class Analysis; Multimorbidity Phenotypes; Cardiovascular-
Oncology

Introduction

Emergency departments (EDs) evaluate 5.5 million patients for acute coronary syndrome
(ACS) annually in the United States—but only 13.5% of these patients are ultimately
diagnosed (ruled-in) with ACS.1 Accurate risk stratification and diagnostic testing are
critical for the time-dependent therapies required for restoring blood flow to the
myocardium, thereby reducing cardiovascular morbidity and mortality.2 Still, ACS diagnosis
remains challenging, as no single risk stratification model (e.g., Thrombolysis in Myocardial
Infarction [TIMI] risk score; history, ECG, age, risk factors, Troponin [HEART] score) or
diagnostic strategy identifies all ACS cases accurately and no clear reference standard exists.
3 Risk stratification models have yet to explore the utility of multimorbidity (examining the
presence of >2 chronic conditions) to identify patients with a high risk for ACS. Previous
studies examined the association between ACS and individual chronic conditions, including
chronic obstructive pulmonary disease (COPD),* diabetes,® and heart failure (HF),8-10 on
outcome variables such as mortality and hospital readmission rates after an ACS diagnosis.
Multimorbidity and ACS, however, are under-studied phenomena, and there is a need to
determine the different multimorbidity phenotypes that health care providers will encounter
in the emergency department.*

Multimorbid patients who receive an ACS diagnosis experience elevated risks for
suboptimal care as they frequently receive lower rates of revascularization®” and evidence-
based pharmacologic treatments.#6.7 Multimorbidity increases the rate of in-hospital
complications, such as mortality, length of stay, and post-procedural bleeding.411 These
disparities and complications may be partially attributed to ACS clinical care which is driven
by single-disease-based practice guidelines aimed at diagnosis, management, and decision-
making; current practice guidelines do not consider multimorbidity.12 Clinical guidelines are
based on randomized clinical trials that exclude multimorbid patients, limiting applicability
to complex patients.}2 Conversely, most patients evaluated in the ED for ACS are ultimately
ruled-out and remain understudied because most investigations focus on patients ruled-in for
ACS.1 Therefore, the aims of this study were to examine the presence of multimorbidity
phenotypes across a range of pre-existing chronic conditions and to determine whether these
differed by diagnosis (ruled-in versus ruled-out for ACS). We hypothesized that: 1)
subgroups of patients with similar multimorbidity phenotype classes (latent classes) could be
identified and 2) these classes would differ according to diagnosis. An exploratory aim was
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to examine if class membership would vary based on demographic variables such as age,
sex, educational level, household income, race, functional status, tobacco use (current,
former, and never), and family history of sudden cardiac death at < 55 years of age.

Study Design

The study was a secondary data analysis of de-identified data from the 7hink Symptoms
study.1* The parent study was approved by the Institutional Review Board at the sponsoring
institution, and all participating clinical sites. This analysis received an exemption from the
IRB. All human subject involvement, characteristics, potential risks, benefits, strategies to
minimize risks and benefits were addressed in the parent study (ROLNR012012), and all
participants gave written informed consent.

Sample and Setting

Measures

The main aim of the parent Think Symptoms study was to characterize the influence of sex
on symptoms during ACS.14 Data were collected at five academic medical centers and a
large community hospital located in the Midwest, Southwest, Pacific Northwest, and
Western regions of the United States. Data were collected between January 2011 and
December 2014. Given the exploratory nature of this study conditions were included if 1)
they had a frequency of >5% (n=52) of the parent study dataset (n=1064) on either the
Charlson Comorbidities index and ACS Patient Information Questionnaire that were present
in >5% or 2) were considered theoretically and clinically relevant (i.e. peripheral vascular
disease (n=48) and systemic lupus erythematosus (n=36)).

Patients were included in both the parent study and this analysis if they were high risk for
ACS (abnormal electrocardiogram [ECG] or positive troponin), English speaking, = 21 years
of age, had telephone access, and had intact cognition. A positive troponin was defined as
any value exceeding the institutional reference norm. Cognitive capacity was considered
acceptable if the patient understood the purpose of this study and could provide written
informed consent. Patients were excluded from the parent study and therefore present
analysis if they had a history of HF or were diagnosed during initial evaluation for HF
exacerbation (B-type natriuretic peptide > 500 ng/mL), were admitted from a hemodialysis
center, or were referred for cardiac dysrhythmia evaluation.

Charlson Comorbidities Index (CCI).—This 19-item, weighted index is the most
extensively studied method of quantifying risk associated with comorbid conditions.1516
Higher scores represent a greater burden of disease. Studies have demonstrated that the CCl
is a valid measure for predicting disability and death following ischemic stroke and heart
disease, 16 as well as hospital readmission and length of stay, with correlations ranging from
0.35-0.93 (p < 0.001).17:18 The following six conditions were extracted from the self-
reported CCI: (1) prior history of M1 (CCI-1); (2) vascular disease (CCI-3); 13 stroke/
transient ischemic attack (CCI-4); (4) lupus (CCI-7); (5) dyspnea (CCI-2) and asthma
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(CCI-6) combined (to form a new variable of respiratory disorders), and (6) all cancer-
related items (CCI 14, 15, 16, and 18; combined to form the cancer variable in the analysis).

ACS Patient Information Questionnaire.—The demographic and clinical
questionnaire was designed using the standardized reporting guidelines for studies
evaluating risk stratification of ED patients with potential ACS.10 Criteria were established
by the Multidisciplinary Standardized Reporting Criteria Task Force and are supported by
the Society for Academic Emergency Medicine, American College of Emergency
Physicians, American Heart Association, and American College of Cardiology. Three
conditions were measured by the ACS patient information questionnaire for this analysis:
hypertension, hyperlipidemia, and kidney disease.

The Duke Activity Status Index.—The Duke Activity Status Index (DASI) is a 12-item
instrument that measures functional capacity. Scores range from 0-58.2, with higher scores
representing better physical functioning. The items on the scale are weighted to reflect
metabolic energy expenditure and correlate highly with peak VO? (7= .80, p< 0.0001)1? in
patients with ACS,20 ischemic heart disease,?! HF,20 and revascularization procedures.?
Concurrent validity was supported by correlations with measures of physical functioning
(r=0.69, p<0.05 & r=0.61, p<0.05) 23. Cronbach’s alpha reliability has ranged from 0.76—
0.85 1922 The tool was responsive to change in patients recovering from cardiac surgery
(p<0.001) 24,

Medical Records Review Form.—Diagnosis of ACS and obesity were extracted from
the medical record. Obesity was defined as a body mass index > 30.

Statistical Analysis

Demographic and baseline characteristics were described according to class membership
using numbers and percentages for categorical variables. Means and standard deviations
were reported for normally distributed continuous variables, and medians and interquartile
ranges for non-normally distributed continuous variables. All tests were two-sided, and
statistical significance was defined as p < 0.05. Statistical analyses were performed in
STATA version 15 (STATA Corp., College Station, TX) and LatentGOLD version 5.1
(Statistical Innovations Inc., Belmont, MA).

The objective of this analysis was to identify patient groups (latent classes) with similar
multimorbidity patterns based on 10 comorbid conditions extracted from the Charlson
Comorbidity Index, ACS Patient Information Questionnaire, and the patient’s medical
record. Using Latent Gold (version 5.1), a latent class analysis (LCA) was used to classify
individuals into groups with similar combinations of conditions. Missing data was handled
in a listwise fashion as less than 5% had missing data on any variables included in the
present analysis. Patients included in the initial class enumeration analysis (n=1003) had to
have complete condition data (no missing data on the CCI or the ACS patient information
questionnaire). For the final adjusted analysis (n=935) in addition to condition data patients
had to have complete covariate data.
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A three-step analytic framework was used. Several class solutions were explored, starting
with a one-class model and subsequently increasing the number of classes up to five. The
best-fitting model was selected based on an assessment of fit indices: specifically,
minimization of the Bayesian information criterion (BIC) and the bootstrap likelihood ratio
test (BLRT). 2° The BIC is based on the log-likelihood of a fitted model and includes a
penalty for the number of model parameters and sample size. 2> The BLRT test has been
demonstrated to be superior to other indices of fit; in simulation studies, the BLRT and BIC
performed well.2> However, The BLRT has been found to be the most consistent indicator
for selecting the correct number of classes.2® Classification quality was evaluated using the
entropy statistic. The theoretical interpretability of the emerging classes was used in
combination with the BIC and BLRT to determine the final number of classes.

Next, covariates that likely influence the probability of class membership were tested.
Between-cluster differences were explored using a one-way analysis of variance for
continuous variables and Chi-square for categorical variables, using Stata. Covariates
examined for significance were age, sex, educational level, household income, race,
functional status, tobacco use, and family history of sudden cardiac death at < 55 years of
age. Statistically significant covariates were included in the final analysis within Latent Gold
through a multinomial logistic regression of the categorical latent variable on the covariates.
Post hoc BLRT testing was conducted to see if the original condition only models or the
covariate adjusted models fit the data better to derive the final model for analysis.

Finally, the classification based on the covariate-adjusted LCA model was exported to Stata,
and a logistic regression model was used to determine if the classes were predictors of
receiving an ACS diagnosis, defined as unstable angina, non-ST segment elevation
myocardial infarction (NSTEMI), and ST-elevation myocardial infarction (STEMI).

Demographic and Clinical Characteristics—The sample (n=935) was 38% female
with a mean age of 59 (+ 14.0) years. Forty-four percent were ruled-in for ACS, with a
diagnosis of NSTEMI (24.2%), STEMI (10.7%), and unstable angina (9.5%).
Approximately 85% were admitted for observation or full admission. Most patients had
decreased functional status, as measured by the DASI (mean score 34.2 = 19.3). The most
prevalent chronic conditions were hypertension, hyperlipidemia, coronary heart disease
(CHD), and obesity (64.9%, 55.2%, 44.7%, and 43.2%, respectively). See Table 1.

Latent Class Model Selection—Latent class models were derived from all available
cases with comorbid condition data to assess relative fit indices for class enumeration (Table
2). Models with 1, 2, 3, 4, and 5 classes were evaluated to determine the best fit. Results
from the BLRT analysis indicated that the 3-class model was better than the 2-class model
and the 4-class model was better than the 3-class model, but the 5-class model was not better
than the 4-class model. The 4-class model was selected as the final class solution for further
analysis based on the fit indices, BLRT testing, and theoretical and clinical interpretability.
Models were then adjusted for age, sex, family history of sudden cardiac death aged < 55
years old, and total weighted DASI score (Table 3).
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Condition-only models (n=1003) were then compared to covariate-adjusted models (n=935).
Listwise deletion was used to eliminate patients from the condition only model that did not
have complete data for the covariate adjusted model. The 4-class covariate-adjusted model
was found to be superior to the condition-only (unadjusted) 4-class model, with a lower BIC
(9710.36 vs. 10633.55), increased amount of variance explained by the model (R2 = 0.62 vs.
0.52), and decreased classification errors (0.20 vs. 0.26). The adjusted models were then
evaluated against each other. The 4-class covariate-adjusted model had the lowest BIC
(9710.37) compared to 2-, 3-, and 5-class covariate-adjusted models (9787.35, 9723.57, and
9734.33, respectively). Finally, the adjusted 4-class model provided the most meaningful
theoretical and clinical interpretation as well as best class separation.

Multimorbidity Phenotype Classes—The probability of a specific co-morbid condition
being present in a class was defined as high (= 0.60-1.0), moderate (= 0.30-< 0.60), or low
(< 0.30). Figure 1 shows condition probabilities by class. Class 1 was labeled Aigh
multimorbidity because it had the greatest number of high-probability conditions (Table 4).
Conditions in Class 1 were hyperlipidemia, hypertension, obesity, diabetes, and respiratory
disorders (COPD or asthma). Class 2 contained no high-probability conditions, had a
moderate probability of obesity, and was labeled fow multimorbidity. Class 3 was labeled
cardiovascular multimorbidity and included a high probability of CHD, hypertension, and
hyperlipidemia. Class 4 was labeled cardiovascular-oncologic (cardio-onc) multimorbidity
and included hyperlipidemia, hypertension, and cancer. Class 3 was the largest, with 384
patients, and Class 4 was the smallest, with 151. Patients with four or more individual
conditions clustered in Classes 1 (43.2%) and 3 (27.2%).

Results showed that class membership varied by sex, with females most often in Class 1
(31.7%). Classes also differed by age, functional status, and family history of sudden cardiac
death aged < 55 years. Patients in Class 4 were the oldest (mean age 80.0 + 6.3 years), while
patients in Class 2 were youngest (mean age 43.4 + 9.8 years, p < 0.001). Patients in Classes
1 and 4 had lower functional status (mean DASI scores 10.1 and 28.2) than patients in
Classes 2 and 3 (mean DASI scores 47.7 and 42.5, p< 0.001). Most patients in Class 3 had a
family history of sudden cardiac death aged < 55 years (58.3%). Patients in Class 2 had a
lower prevalence of a family history of sudden cardiac death than Classes 1 and 4 (27.5% vs.
51.0% and 34.4%, p< 0.001).

Class membership was associated with ACS diagnosis (ruled-in vs. ruled-out). Patients
ruled-in for ACS primarily clustered in Classes 3 and 4 (OR 2.82, 95% ClI 1.95-4.05, p=
0.001 and OR 1.76, 95% CI 1.13-2.74, p=0.01) compared to Class 2. Conversely, Class 1
membership was not significantly associated with ACS diagnosis (OR 1.27 95% CI 0.84—
1.92, p=0.251) compared to Class 2 (OR 0.45 95% CI 0.33-0.61, p= 0.000)

The two key findings from our analysis were: (1) there were four multimorbidity phenotypes
that we labeled: Class 1 High Multimorbidity, Class 2 Low Multimorbidity, Class 3
Cardiovascular Multimorbidity, and Class 4 Cardio-Onc Multimorbidity. and (2) specific
phenotypes were associated with being ruled-in or ruled-out for ACS.Phenotype
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membership differed by age, sex, functional status, and family history of sudden cardiac
death before age 55. Average age of our geographically and racially diverse sample was
slightly younger (59.9 years) than previous studies examining multimorbidity in the ACS
population, where average ages ranged from 67.7 to 79.4 years.*17.26 The average age was
43.4 years in the Low Multimorbidity phenotype, which had the highest number of patients
ruled-out for ACS as would be expected. Females were more likely to cluster in the High
Multimorbidity phenotype. Differences in our findings could be attributed to the fact that
most prior studies focused on only patients ruled-in for ACS, who tend to be older.4:8:11.27
Patients with lower functional status clustered in the High Multimorbidity and Cardio-Onc
Multimorbidity phenotypes, which aligns with previous findings that multimorbidity was
associated with lower functional status.11:27 Finally, most patients in the High
Multimorbidity and nearly half of the patients in the Cardiovascular Multimorbidity
phenotypes had a family history of sudden cardiac death before age 55. This is consistent
with previous findings that family history of sudden cardiac death before age 55 is a risk
factor for development of CHD,* earlier onset of CHD,* and other cardiovascular diseases
such as hypertension, cardiomyopathies, and arrhythmias such as atrial fibrillation.28

Our 4-class solution varied from the only prior study that used latent class analysis to
examine multimorbidity in the ACS population. Hall et al. found a 3-class solution was
optimal.4 However, their sample was larger, only included acute myocardial infarction
patients, and was conducted in England and Wales over the course of a decade.* Our
analysis included more conditions (obesity, cancer, lupus, and hyperlipidemia) than the
previous study. Obesity was included as a chronic condition, since it was declared a chronic
disease by the American Medical Association in 2013.2% Prior studies have either included
obesity as a risk factor (covariate) or omitted it from analysis.* Finally, our classification of
patients into phenotypes somewhat differs from the high, medium, and low multimorbidity
phenotypes described by Hall et al. 4 Similarly, our analysis found high and low
multimorbidity phenotypes; however, we described additional phenotypes (Cardiovascular
and Cardlio-Onc).

The Cardiovascular Multimorbidity and Cardio-Onc Multimorbidity phenotypes identified
in our study are novel additions to previous classifications multimorbidity phenotypes. Each
had a distinct clinical profile and increased likelihood of individuals being ruled-in for ACS.
However, two conditions were overlapping HTN and HLD. This would be expected given
they are known risk factors for ACS.430 Cardiovascular Multimorbidity phenotype patients
represented 26.2% of our sample, were younger (average age of 58.8 years), were mostly
female (51.6% of class membership), reported higher functional status with no significant
difference in DASI scores compared to the Low Multimorbidity phenotype, and nearly half
had a positive family history of sudden cardiac death before age 55 years. The presence of
the Cardiovascular Multimorbidity phenotype in our study is consistent with prior literature
examining risk factors for ACS, including hypertension, hyperlipidemia, and CHD,*11
which were the three conditions highly associated with Cardiovascular Multimorbidity
phenotype. The Cardio-Onc Multimorbidity phenotype was smallest, including only 14.5%
of our sample. Cardio-Onc Multimorbidity phenotype patients were older, mostly male, had
the lowest rate of family history of sudden cardiac death before age 55, and lower functional
status. The identification of the Cardio-Onc Multimorbidity phenotype in our sample
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potentially reflects increasing cancer survivorship rates,3! coupled with the unfavorable
cardiovascular risk and cardiovascular disease profile present at diagnosis, resulting from the
cancer itself, or from treatment regimens.3!

Count based multimorbidity measures may underestimate true burden of multimorbidity in
patients evaluated for ACS. Patients in the Cardiovascular Multimorbidity and Cardio-Onc
Multimorbidity phenotype exhibited a greater likelihood of being ruled-in for ACS than their
Low Multimorbidity phenotype counterparts. This is consistent with prior literature that
patients with greater multimorbidity burden are at higher risk for CHD events.*11 Our
finding that the high multimorbidity phenotype was not associated with being ruled-in for
ACS supports that multimorbidity phenotypes may provide increased diagnostic utility
compared to count based measures.

Strengths and Limitations—Our study had several strengths. Patients ruled-in and
ruled-out for ACS were included. Prior studies focused on patients ruled-in for ACS.
Because most patients with chest pain and associated symptoms are ruled-out for ACS, it is
important to determine similarities and differences between groups to improve diagnostic
testing and safe discharge. Latent class analysis provides insight into how chronic conditions
cluster, using a data-driven probabilistic modeling approach. Previous studies relied on basic
analytical techniques such as correlations and regression modeling, which may not fully
capture the impact of multimorbidity in ACS patients. Those techniques have low statistical
power and high rates of false positives (type | errors) because conditions are considered
independently or additively, or they use all possible combinations of conditions.

Findings should be interpreted with some degree of caution when trying to generalize our
findings to different patient samples and settings (i.e. primary care clinics, cardiac rehab, and
inpatient settings) as there were several limitations to our study. These limitations included
self-reported data (collected through interviews by trained research assistants) and medical
record data, though a previous study32 found a high correlation between self-reported
conditions and national health data (96.6%) and that consistency between self-reports and
medical data was satisfactory to very good (Kappa = 0.8 and 0.67 for diabetes and
hypertension). Unfortunately, as a limitation of the data available for analysis certain CCl
conditions, such as systemic lupus erythematosus and peripheral vascular disease were not
present in great enough frequency to achieve adequate analysis of the statistical results
regarding the loadings of that condition on class membership. We made the choice to include
theoretically relevant CCI items such as peripheral vascular disease and lupus because of
their association with increased risk of cardiovascular events despite not being present in 5%
of the original study population. Also, multimorbidity was determined by the presence or
absence of a specific condition; we were unable to account for differences in severity. For
example, we were not able to differentiate by current or previous cancer diagnosis nor were
we able to discern the type of cancer diagnosis from the CCI. Future studies should
incorporate condition severity to capture the multidimensional nature of multimorbidity and
its impact on patient outcomes. Also, other outcome measures should be examined to see if
the utility of these multimorbidity phenotypes is predictive of other adverse outcomes
(mortality, readmission, and increased length of stay), as well as other patient centered
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outcomes such as medication usage and different types of postdischarge healthcare
utilization.

Conclusions

Four distinct multimorbidity phenotypes were identified in patients evaluated in the ED for
potential ACS. Having a greater burden of overall multimorbidity may not be as predictive
of receiving an ACS diagnosis, rather, specific combinations of chronic conditions may be
more diagnostically useful in ACS. Phenotypes may contribute to improved risk-
stratification in the ED for patients with symptoms suggestive of ACS. Future research
should focus on development of interventions to improve clinical outcomes such as
morbidity, health care utilization, and patient-centered outcomes (quality of life and
functional status).
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Highlights
. Specific Multimorbidity phenotypes were associated with receiving an ACS
diagnosis
. Cardiovascular and Cardio-onc phenotypes had the greatest risk of ACS
. Age, sex, and functional status were predictive of class membership.
. Multimorbidity phenotypes may improve current ACS risk-stratification
models
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Diagnosis by Phenotype

100.0%
90.0%
80.0% 70.0
. 65.0
70.0% 56.0%
60.0%
0.08 .0
=0.0% 36.5
40.0% 31.0
30.0%
20.0%
10.0%
0.0%
High Multimorbidity  Low Multimorbidity Cardiovascular
Multimorbidity
B ACS = Ruled-out
Figure 1.

Diagnosis by Phenotype (n=935)
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Demographic and Clinical Characteristics (n=935)

Characteristic n=935
ACS ruled-in (n, %) 415 (44.4)
ACS diagnosis (n, %)

NSTEMI 226 (24.2)

STEMI 100 (10.7)

Unstable Angina 89 (9.5)
Female (1, %) 355 (38.0)
Age (mean, SD) 59.9 (14.0)
BMI (mean, SD) 30.1(7.1)
Duke Activity Status Index Score (mean, SD) | 34.4(19.2)
Family history of SCD < 55 years old (1, %) 436 (46.6)
Current Smoker (7, %) 194 (21.2)
Disposition of patient (n, %)

Full admission 628 (67.2)

Observation 162 (17.3)

Discharge 135(14.5)
Conditions (n, %)

Coronary Heart Disease 421(44.8)
Peripheral Vascular Disease 69(7.4)
COPD or Asthma 248 (26.4)
Diabetes 262(27.9)
Obese 405(43.1)
Cancer 113(12.0)
Cerebrovascular Disease 79(8.4)
Renal Disease 103(11.0)
Systemic Lupus Erythematosus 61(6.5)
Hypertension 610(65.0)
Charlson Comorbidity Index
Weighted score (mean, SD) 1.8(1.9)

Note ACS = acute coronary syndrome;BMI= body mass index; NSTEMI = non-STsegment elevation myocardial infarction; and STEMI =

STsegment elevation myocardial infarction.
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Model Fit Evaluation Information for condition only models (n = 1,003)

Table 2

LL BIC (LL) Npar | df Entropy | BLRT
1-Class | -5390.5707 | 10857.1596 | 11 992 | 1.00 0.00
2-Class | -5203.7200 | 10566.3874 | 23 980 | 0.62 0.00
3-Class | -5178.1890 | 10598.2544 | 35 968 | 0.52 0.00
4-Class | —-5154.3749 | 10633.5552 | 47 956 | 0.52 0.00
5-Class | —5140.9376 | 10689.6095 | 59 944 | 0.57 0.12

Page 15

Note: When assessing BLRT values, one looks for the first non-significant p value (> 0.05) to determine optimal class solution. BIC = Bayesian
Information Criterion. BLRT = Bootstrap Likelihood Ratio Test. LL = Log Likelihood. Npar = Number of Parameters. df = Degrees of Freedom.
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Table 3

Covariates and Latent Class Membership (n=935)

Page 16

Covariate

Class 1: High
Multimorbidity (n = 208,
22.2%)

Class 2: Low
Multimorbidity (n = 195,
20.9%)

Class 3: Cardiovascular
Multimorbidity (n = 381,
40.8%)

Class 4: Cardio-Onc
Multimorbidity (n = 151,
16.1%)_

Sudden Cardiac
death before age 55
(n,%0)

Age (Mean, SD) 63.4 (9.5 3.4 (9.8)%%7 58.6 (7.7)207 80.0 (6.3)22¢
Female (n, %) 113 (318)%¢ 02 (2597¢7 98 (27,57 53 (149)*°
DASI Weighted b.c ad ad abc
Seore (Mean. SD) 10.0 (6.0) 47.7 (15.21) 425 (13.5) 28.2 (16.2)
Family History of 106 (51.0)26¢ 54 (27.6)% 224 (58.3)7 52 (34.4)%

Note. All differences were statistically significant at p<0.05

aSignificant difference from class 1

bSignificant difference from class 2

cSignificant difference from class 3

dSignificant difference from class 4

Heart Lung. Author manuscript; available in PMC 2022 September 01.
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Table 4.

Probability of Condition Occurrence by Multimorbidity Class (n=935)

Page 17

Chronic Conltion N =035 200 (22 | 95 @osoan | Ssea0sse) | =11 (160%)
Diabetes 64.4" 6.9 350" 8.9
Hyperlipidemia 706 17.6 716" 52.9°
Renal 38.1 24 2.1 8.2
Obese (%) 618" 306 543" 134
Coronary Heart Disease (%) 542" 22.3 541" 445"
Peripheral vascular disease (%) 22.0 0 19 10.9
Cerebrovascular disease (%) 19.5 1.4 3.3 15.1
Cancer(%) 14.0 33 5.0 36.5
izmi\:gt)o(r%)l)isorders (COPD or 56 133 218 21.9
Systemic Lupus Erythematosus 10.0 3.7 49 9.4
Hypertension (%) 91.2 19.4 824" 58.0

Bold~ indicates high probability conditions (.6-1) and ~ indicates moderate probability conditions (0.3 to < .60). Models are adjusted for age, Duke

Activity Score Index weighted total score, family history of sudden cardiac death < 55 years, and ACS status (rule-in/out).
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