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Predictors of Health Service Use in Persons with Heart Failure 

Abstract 

by 

MARY ANN C. LAWLOR 

Heart failure is a growing epidemic with more than 26 million individuals affected 

worldwide and an estimated 800,000 new cases diagnosed annually. Heart failure 

accounts for a disproportionately high amount of health service use, including more than 

2% of all national hospitalizations. Increasing rates of heart failure diagnoses coupled 

with the rapidly aging population result in frequent and unnecessary use of health 

services such as visits to the emergency department, hospitalizations, and 30-day 

readmissions. The purpose of the study was to (1) identify the strength of the relationship 

between the community-based socioeconomic predisposing, enabling, perceived need, 

and environmental predictors and outcomes of health service use (2) build a model to 

predict health service use in the heart failure population, and (3) determine the time to 

event and relative risk of health service use for persons with heart failure. The 

longitudinal retrospective study used the Medicare Expenditure Panel Survey (MEPS) 

database (N=1714). Variables include age, gender, race, income, education, employment, 

marital status, insurance coverage, body mass index, smoking status, comorbidity, 

physical functioning, mental health, and hospital length of stay. Data were analyzed using 

logistic regression and Cox Proportional Hazards (time to event) analysis. Predictive 

models for each health service use outcome were built using the SPSS Modeler package. 

Risk factors and predictors of hospitalizations and emergency department visits include 

persons over the age of 65 who have self-reported poor physical functioning, and baseline   
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asthma/COPD, kidney, and cardiovascular disease. Risk factors and predictors of 30-day 

hospital readmissions include persons of Asian descent who were divorced, had seven or 

more comorbid conditions at baseline, and experienced a prior hospital length of stay 

longer than one week. Individuals experienced hospitalizations (M=5.5 months) and 

emergency department visits (M=5.3 months) at similar rates after study enrollment. The 

predictive models for hospitalizations and emergency department visits performed poorly 

(average AUC 0.589), however the 30-day hospital readmission models performed 

slightly better (average AUC 0.704). Many of the risk factors identified in the study are 

modifiable. Further research is necessary to examine implications of socioeconomic 

factors and their impact on health service use in a community-based heart failure 

population.   
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Introduction  
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Problem and Purpose         

 Heart failure (HF) is a dynamic disease process that requires a multifaceted and 

individualized approach to care. As a result of the challenges of disease trajectory and 

treatment complexity, persons with HF often experience frequent use of health services 

such as emergency department visits, hospitalizations, and 30-day readmissions 

(Ambrosy et al., 2004). Recent research has attempted to identify factors and build 

models that predict health service use in persons with HF, but the results of these studies 

remain inconsistent, and existing predictive models lack generalizability and 

reproducibility (Chamberlin et al., 2018 & Eapen et al., 2015). Furthermore, much of the 

current HF literature focuses on 30-day readmission risks for acute patients, rather than 

persons living in the community. Consequently, the rates of health service use in the 

national HF population continue to rise (Aranda et al., 2007), leading to poor patient 

outcomes. To address this problem, the purpose of the current study was to (1) identify 

factors that are most predictive of health service use (i.e., emergency department visits, 

hospitalizations, and 30-day readmissions) in persons with HF, (2) create a model that 

predicts health service use in persons with HF and (3) determine the time to event and 

relative risk of health service use for persons with HF. 

Background           

 Heart Failure          

 Heart failure affects approximately 26 million individuals worldwide, almost six 

million of whom live in the United States alone (Ambrosy et al., 2014), and continues to 

be one of the most rapidly growing medical diagnoses with 800,000 new cases identified 

worldwide each year (Holley, Harvey, & John, 2014). Heart Failure can be an acute or   
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chronic state of cardiac disease characterized by the clinical symptoms of dyspnea, 

fatigue, and fluid retention. The notable symptoms of HF occur because of a weakening 

of the cardiac muscle, increased cardiac filling pressures secondary to pulmonary 

hypertension, or a combination of the two etiologies (Hosenpud and Greenburg, 2000). 

Causes of HF can be the result of genetic predisposition, unhealthy lifestyle, postpartum 

complications, myocardial infarction, congenital abnormalities, substance abuse, 

hypertension, and a multitude of additional factors (American Heart Association [AHA], 

2017). According to the New York Heart Association (NYHA), HF is classified by 

degree of severity, with some individuals experiencing no symptoms (Class I) and others 

experiencing extreme shortness of breath at rest (Class IV) (Raphael et al., 2006). More 

than half of persons with HF are over the age of 75 (Farre et al., 2017) and have multiple 

comorbidities further adding to treatment complexity. Diagnosis and treatment regimens 

of HF vary significantly among individuals and can be quite complex, especially in 

elderly patients. The complexity of this disease and lack of appropriate self-management 

skills results in higher mortality (17%) and frequent health service use such as emergency 

department visits (Birmingham et al., 2017), hospitalization, and 30-day readmission 

rates (30%) within a year of diagnosis (Ambrosy et al., 2014). 

 Hospitalization and 30-Day Readmission  

 Clarification of terms is needed to facilitate understanding of the HF population 

under study, where the phrase persons with HF is used to describe the population, and 

patients with HF is used to describe those who are currently or have recently experienced 

an inpatient hospitalization requiring medical treatment. Health service use will refer to   
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the unplanned use of hospital-based services including, emergency department visits, 

hospitalizations, and 30-day readmissions. 

 National hospital admission rates are rapidly increasing with more than 2% of all 

hospitalizations attributed to HF (Evans et al., 2014) and its many complications. Once 

hospitalized, persons with HF experience abnormally long lengths of stay (M=3.4 days) 

compared with most diseases, with more than 20% of patients staying at least a week and 

the most critical patients experiencing lengths of stay from several weeks to months 

(Aranda, Johnson, and Conti, 2009). Of further concern, it is estimated that more than a 

third of the patients discharged from a HF-related hospitalization will experience an 

unplanned hospital readmission within 30-days (Allam et al., 2019) and up to half of 

those patients will be readmitted within six months (Aranda, Johnson, and Conti, 2009). 

Surprisingly, it is estimated that more than 65% of HF-related hospitalizations and 

readmissions are preventable. Recent studies indicate that a combination of factors 

including improper medical management, medication non-adherence, deficits in self-care 

maintenance, hospital or facility procedures and discharge disposition may impact 

unnecessary readmissions (Chen et al. 2016). Not only are hospitalizations and 

readmissions preventable in HF, but they pose an enormous financial burden on the 

health care systems, and result in poor patient outcomes. It is estimated that up to twenty-

five percent of patients experiencing mortality within one year of an inpatient hospital 

admission (Farre` et al., 2017).

 Emergency Department Visits in HF       

 There are a multitude of studies interested in identifying factors related to 

increased hospitalizations and 30-day readmissions in persons with HF, however very   
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few studies exist that attempt to predict emergency department visits in the HF 

population. A recent study (Krieg et al., 2016) conducted as a scoping review noted a 

significant lack of data related to the prediction of emergency department visits in 

persons with chronic conditions such as HF.  A few studies were found that discuss 

predictors of emergency department visits in the general population (Posada et al., 2018 

& Birmingham et al., 2017 & Pines et al., 2011) as well as in specific groups such as 

Medicaid users (Capp et al., 2016), however these studies included diverse samples and 

were not specific to the HF population. Of the general population-based studies of 

emergency department visits, one study reported that a diagnosis of HF was among the 

most frequently processed diagnoses in the emergency department (Montoy et al., 2019). 

Another study of costs related to HF reported that in 2006, there were nearly one million 

HF-related emergency department visits nationally, from which 80% of patients were 

directly admitted to the hospital (Storrow et al., 2014).  In one recently published study, 

the authors (Posada et al., 2019) used multiple regressions to identify predictors of 

clustered emergency department visits in patients with HF; however, the timeline of the 

study was limited to within six months of a prior hospitalization. After dichotomizing the 

outcome variable by number of emergency department visits, the study found that 

persons with HF who visit the emergency department three of more times within 6 

months of a hospitalization are typically men, between the ages of 65 and 74 with 

multiple comorbidities (OR=2.0) (Posada et al., 2019).

 Factors that Predict Health Service Use 

 Several factors have been postulated to predict health service use in persons with 

HF. The most cited factors in the HF literature include age, gender, race, clinical   
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laboratory values (brain natriuretic peptide, sodium, hemoglobin, and potassium), 

echocardiogram results, and prior hospital admission data (McLaren et al., 2016 & Chen 

et al., 2017 & Eapen et al., 2015). However, the significance of these factors in study 

models is grossly inconsistent and inconclusive. As a result, the relationship among 

patient factors and health service use in persons with HF remains unclear. Nevertheless, 

current HF research continues to attempt to clarify these relationships. Factors that were 

often reported as significant predictors of health service use in current studies include, 

race, comorbidity, mental health, physical health, and insurance status. Belonging to a 

minority race of African American (Blecker et al., 2018) or Hispanic (Ponce et al., 2018) 

is repeatedly predictive of increased health service use in the HF population. 

Comorbidities including renal failure (McLaren et al, 2016), chronic obstructive 

pulmonary disease (COPD) and diabetes (Au et al., 2012) were often identified as 

predictors of frequent hospitalizations in persons with HF. Depression (Chamberlin et al., 

2018 & McLaren et al., 2016) and physical limitations as measured by decreased ability 

to complete activities of daily living (Yamada et al., 2017) were also found to be 

significant predictors of frequent health service use. Persons with Medicare (OR=1.35) 

and Medicaid (OR=2.3) insurance coverage (Chamberlin et al., 2018) were found to be 

extremely high risk for unplanned health service use, specifically 30-day readmissions. 

However, the factors of age, gender, education, income, BMI, smoking status, marital 

status, and employment vary significantly in their reported predictability and 

significance. Age of the individual is heavily debated as a predictive factor, as some 

authors report those over the age of 65 were more likely to use health services (Hamner et 

al., 2005), while others report those under 65 are at higher risk (Ahmad et al., 2018). Of   
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note, more than half of persons with HF are over the age of 65 (Ambrosy et al., 2004). 

Gender, defined as being biologically male or female, is often inconsistently reported 

across studies, as some studies report females (Ponce et al., 2018 & Mortazavi et al., 

2016) are more likely to experience a 30-day readmission, while many other studies 

reported being male was more predictive (Eapen et al., 2015 & Ahmad et al., 2018). Of 

the few models that include educational attainment and income, those persons with less 

than a high school education (Golas et al., 2018) and those with income below the second 

quartile (Chamberlin et al., 2018) were more likely to experience an unplanned 

readmission than those with formal college education or of higher socioeconomic status. 

Marital status is not often included in predictive models and is described as data that are 

not routinely collected during inpatient hospital stays (Yu et al., 2015). However, marital 

status is a component of large administrative databases, and was included in the current 

study model to add depth to the HF literature. There is much debate on the most reliable 

source of data for such models, as well as the number of factors needed for an accurate 

predictive model. Many studies have built predictive models that utilize only clinical 

factors, such as laboratory values from a sample of electronic health records, while other 

studies focus on only sociodemographic data from administrative datasets. Additional 

studies have attempted to identify a combination of clinical and demographic factors that 

may predict health service use; however, the results continue to vary significantly 

(Bradford et al., 2016). Based on the available data as well as results from prior literature, 

the variables of age, gender, race, education, employment, income, marital status, 

insurance, physical function, mental health, smoking status, BMI, comorbidity, and 

hospital length of stay will be included in the proposed study model.  
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  Individual Characteristic Clusters       

  A novel approach to predictive modeling has been applied in a small 

number of studies that attempt to cluster or group individuals based on common 

characteristics. The clustering approach allows researchers to identify “types” of patients, 

who are most likely to use health services. This approach is unique in that it may allow 

for clinicians to have a general picture, or phenotype, of what high risk patients look like 

so that they may identify and intervene earlier to prevent unnecessary health service use. 

A few studies (Go et al., 2019 & Son and Won, 2018 & Ahmad et al., 2018) utilized this 

approach to predict 30-day readmissions in the HF population.  Only one was found to 

identify patient clusters that predict emergency department visits (Posada et al., 2019). 

Go et al., (2019) identified two clusters of patients, those admitted to the hospital with 

high frequency (two or more HF admissions in a year) and those admitted with low 

frequency (fewer than two admissions). The authors report that 25% of the study 

population was classified in the high frequency cluster and these individuals were likely 

male, current smokers, and had multiple comorbidities (Go et al., 2019). Another similar 

study conducted in Korea clustered patient factors by symptomatology, whereby those 

who reported “bodily pain and energy insufficiency” had the most frequent 30-day 

hospital readmissions (Son and Won, 2018). One additional study was found to examine 

clusters of characteristics relative to emergency department visits in persons with HF. 

The authors dichotomized outcomes as three or more emergency department visits per 

year and found that those in this category were often male, ages 65-74 with multiple 

comorbidities (Posada et al., 2019). While these patient clusters may significantly change   



17 
 

 
 

 

the mode by which clinicians identify and treat patients with HF, current research is still 

inconsistent and does not consistently include emergency department use as an outcome.             

 Large Databases         

 Large administrative databases are often used in risk prediction and cost-related 

studies for their ability to provide large samples and robust medical data. The Medicare 

Expenditure Panel Survey (MEPS) is an example of a large database and was used for the 

current study. The MEPS database was founded in 1996 and is a large national claims 

database that collects information regarding both the use of health services and costs of 

such services across the general population. The MEPS database is managed by the 

Agency for Healthcare Research and Quality (AHRQ) under the United States 

Department of Health and Human Services. MEPS data are unique in that they are 

collected annually and followed longitudinally, allowing for continuous analysis and 

results dissemination. The MEPS recruits a new study sample annually, then follows each 

sample over a two-year study period, during which time participants provide information 

throughout five rounds, or waves, of surveys. Data collection includes two types of 

surveys, household and insurance, with all MEPS data collected via self-report. Data on 

demographics, health conditions, income, employment, use of health services and 

insurance coverage are collected throughout the subsequent waves. On average, MEPS 

collects data on approximately 30,000 individuals each year. 

Conceptual Framework         

 The Health Service Use Model (Andersen, 1968) was used to guide the study. The 

Andersen model posits that population characteristics, specifically predisposing, enabling, 

and evaluated need factors have an impact on health service use. Andersen’s original   
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Health Services Utilization Model (1968) was developed to explain the relationship 

between individual and community factors that lead to health service use in the general 

population. Since its development, the model has been applied to a variety of populations, 

including the HF population. Andersen’s original model (Figure 1) and revised model 

(Figure 2) are displayed below, as components of both models were used in developing the 

current study model and theoretical substruction.  The conceptual model for the proposed 

study (Figure 3) includes the concepts and variables of interest.   
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Figure 1- Andersen Health Service Use Model (1968) 

Figure 2 – Andersen’s Revised Model (1995)
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        Figure 3 – The Conceptual Model for the Proposed Study
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Application of Conceptual Model for the Current Study     

 The concepts and variables of the study were defined both theoretically and 

operationally to provide an accurate representation of the relationships among variables. 

Theoretical definitions are definitions of the concepts and variables of the study are based 

on previously published studies, reports, and reviews. Theoretical definitions were 

derived mainly from Andersen’s models (1968, 1995). Operational definitions, also 

called empirical indicators are detailed descriptions of the context in which the variable is 

being measured. Operational definitions of the variables were derived from the MEPS 

database from which the data for the current study were originally obtained. Concepts 

that originated from the Andersen model (1968) that were in the current study model 

include: predisposing factors, enabling factors and perceived need factors. Concepts that 

originated from the revised Andersen model (1995) that were used in the current model 

include the environmental factors. Independent predictor variables for the current study 

include age, gender, race, income, employment, insurance status, marital status, BMI, 

smoking status, physical functioning, and mental health. The dependent outcome variable 

of health service use included emergency department visits, hospitalizations, and 30-day 

readmissions. Of note, Andersen reports that the enabling factors have the strongest 

impact on health service use and will be explored in this study (Andersen, 1995). 

Theoretical Substruction         

 The theoretical substruction of the concepts of the study (Figure 4) are presented 

below. The template for the theoretical substruction was developed by Bekhet and 

Zausneiwski (2008), to explain the relationships among the constructs, concepts, 

variables, and empirical indicators of a study. Constructs, concepts, and variables 
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presented in the substruction were derived from Andersen’s original (1968) and revised 

(1995) Healthcare Utilization Models and are also reflected in the conceptual model for 

the study (Figure 3). A review of the existing HF literature

 supports a moderate relationship between the constructs and concepts presented in the 

substruction.  
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         Figure 4. Graphic Representation of the Theoretical Substruction of the Concepts of the Study   

Patient Factors 
Health Service 

Use 

Age 

Gender 

Race 

Income 

Education 

Insurance 

Marital 
Status 

 

E.D. Visits 

Hospitalizations 

Readmissions  

 - Self-reported MEPS demographic data 
-  SF-12 Tool 
- PHQ-2 Scale 

 
 
 
 

 Number of 
visits to the 
emergency 
department, 

hospitalizations 
or 30-day 

readmissions 
    

Population Characteristics 

 

Health 
Behavior 

Predisposing Enabling Perceived 
 

Comorbidity 

Mental 
Health 

Physical 
Function 

Smoking 
Status 

BMI 

Environment
 

Hospital 
Length of 

Stay 



23 
 

 

Research Questions          

 The proposed study identified factors that are most predictive of health service 

use in persons living in the community with HF. Guided by Andersen’s Healthcare 

Utilization Model and using the Medical Expenditure Panel Survey database, the research 

questions of the study were as follows:

RQ1: What are the relationships among the predisposing (age, gender, and race), 

enabling (income, employment, education, marital status, and insurance status), perceived 

need (comorbidity, BMI, physical functioning, mental health, and smoking status) and 

environmental (length of stay) factors, and: 

 RQ1a: emergency department visits in persons with HF? 

 RQ1b: hospitalization in persons with HF?  

 RQ1c: 30-day hospital readmission in persons with HF?          

Exploratory RQ2: Using the significant predictors (predisposing, enabling, perceived 

need and environmental) how accurate is a model at predicting:

 RQ2a: emergency department use in persons with HF? 

 RQ2b: hospitalizations in persons with HF?  

 RQ2c: 30-day readmissions in persons with HF 

RQ3:  Using a time-to-event analysis, what is the likelihood that a person with HF will 

experience a hospitalization or emergency department visit, and how long on average did 

it take for a participant to experience a hospitalization or emergency department use after 

enrollment in the study.    
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Definition of Concepts in the Study 

Predisposing Factors          

 Predisposing factors are defined as personal characteristics of natural origin that 

are unable to be adjusted by the patient (Andersen, 1995). Variables of interest in this 

category include age, gender, and race. While there is some disagreement among current 

literature as to the true predictive significance of the variables of age, gender and race, 

they are consistently used in current predictive models. The debate among results may 

stem from the self-reported nature of data collection for demographic variables.  

 Age. Age was theoretically defined as the number of years a person has lived on 

Earth from 0-100 years. Age was operationally defined through self-report based on 

month and year of birth.  

 Sex. Sex was theoretically defined as the biological assignment of male or female 

based on genetic makeup (World Health Organization, 2019). Sex was operationally 

defined through self-report of male or female.      

 Race. Race was theoretically defined as a socially defined construct based on 

self-identification that is not biologically or genetically based (United States Census 

Bureau, 2020) Race was operationally defined through self-report where an individual 

can indicate, Caucasian, Hispanic, African American, Asian or other. 

Enabling Factors         

 Enabling factors are defined as personal characteristics that are specific to the 

person throughout a lifetime that may or may not be adjusted by the individual 

(Andersen, 1995). Variables in this category include income level, employment status, 

marital status, level of education and status of insurance coverage.    
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Income Level. Income level was theoretically defined as the amount, in dollars, that an 

individual earns in a year. Income was operationally defined based on a self-reported 

scale of the amount of money an individual earns in a year starting from zero.  

 Employment Status. Employment status was defined as the established 

relationship between an individual and an organization, including the time spent earning 

a wage for services (Centers for Medicare and Medicaid Services, 2019). Employment 

status was operationally defined by self-report of being unemployed, working full time, 

or part-time, as well as being retired. 

 Marital Status. Marital status was theoretically defined as the legal agreement of 

marriage between two individuals (Medical Expenditure Panel Survey, 2008). Marital 

status was operationally based on a self-reported of being married, divorced, widowed/er 

or never married. 

 Education. Education was theoretically defined as the number of years of 

completed formal education based on national requirements (Connelly, Gayle and 

Lambert, 2016). Education level was operationally measured based on self-report of 

attending high school, some college, or baccalaureate degree, or graduate degree.  

 Insurance Status. Insurance status was defined as the degree to which an 

individual is legally and financially eligible for coverage for medical services (Medical 

Expenditure Panel Survey, 2008). Insurance status was operationally defined by self-

report where individuals indicate whether they have a form of insurance such as: 

Medicare, Medicaid, no insurance or private insurance

 Evaluated Need Factors        

 Evaluated need factors are defined as personal characteristics of health that the   
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patient can choose to change (Andersen, 1995). Variables in this category include the 

medical comorbidities of which a patient may be currently diagnosed at the time of 

hospitalization, body mass index (BMI), smoking status, physical functioning status and 

mental health status.  

 Comorbidity. Comorbidity was theoretically defined as the presence of any two 

or more medically diagnosed conditions occurring simultaneously (Valderas et al., 2009). 

The presence of a comorbidity was operationally defined by self-report regarding the 

presence of medically diagnosed conditions. For the purpose of the study, the number of 

comorbidities was determined by the presence of any one or more illnesses occurring 

simultaneously with a diagnosis of HF.  

 BMI. Body mass index was theoretically defined as the ratio of height to weight 

of an individual reported as a percentage. According to the Centers for Disease Control 

(CDC) BMI ranges are as follows; below 18.5 indicating underweight, 18.5-24.9 

indicating ideal weight, 25-29.9 indicating overweight and more than 30 indicating 

obesity.  BMI was operationally determined by a calculation of values given through self-

report of an individual’s height and weight.  

 Smoking Status. Smoking status was theoretically defined as the degree to which 

an individual smokes tobacco. Smoking status was operationally defined by self- report 

where an individual can indicate “yes” or “no” to currently smoking tobacco.   

 Physical Functioning. Physical functioning was theoretically defined as an 

individual’s perceived ability to carry out socially defined activities of daily living that 

individuals are generally expected to be able to do (Medical Expenditure Panel Survey, 

2008).  Physical functioning was operationally measured through individual composite   
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scores on the Short-Form12 (SF-12) survey (Ware et al., 1996).     

 Mental Health Status. Mental Health Status was theoretically defined as a 

dynamic state of internal equilibrium that enables individuals to use their abilities 

(Galderisi et al., 2015). Mental health status was operationally measured based on 

individual responses to the Personal Health Questionnaire (PHQ-2) scale (Kroenke, 

Spitzer and Williams, 2003).                                                                    

 Environmental Factors         

 Environmental factors were added to Andersen’s revised model (1995) and are 

defined as external factors of influence that are not modifiable due to current health 

practice and policy. Andersen’s revised model (1995) includes environmental factors 

such as the health care system, and external environment. For the purposes of this study 

the variable hospital length of stay (LOS) will be included as an environmental factor.  

 Hospital Length of Stay. Hospital LOS is defined as the number of days, that a 

patient spends at the hospital during an inpatient admission. Due to the nature of the 

variable, hospital LOS is often out of the control of the patient and are influenced by the 

health care system, specifically its current standards and practices. Hospital LOS was 

determined by self-report for those who have experienced at least one inpatient 

hospitalization. To ensure accuracy of study outcomes, hospital LOS data was only be 

used as a factor in the prediction of 30-day readmissions. 

Health Service Use

  The concept of health service use was originally defined by Andersen as the 

predisposition of the individual to use and secure services based on individual health 

behaviors and illness level (Andersen, 1968). Health services are any public medically   
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based service provided to an individual and can include emergency department visits, 

hospitalizations and 30-day readmissions. For the purpose of this study, health service 

use was the outcome variable and was operationally defined as the number of times in 

one year that an individual a) visits the emergency department b) is hospitalized (c) is 

readmitted to the hospital within 30-days of a prior hospitalization. Many predictive 

models for 30-day readmission include all-cause readmissions rather than only HF-

specific readmissions, therefore the current study reported all-cause health service use. 

All-cause readmission was defined as any unplanned 30-day readmission after a HF-

related hospitalization for any reason. Of note, many studies including all-case 

readmissions report that only 30% of unplanned 30-day readmissions are related to 

complications of HF (Bradford et al., 2017), with other major causes including 

respiratory failure (57%), renal complications (20%), depression or mood disorders 

(15%) (Walsh and Hripcsak, 2014).          

Significance of the Study         

 The current study presents several opportunities to improve care delivery and 

outcomes for persons with HF. The significance of the study is aligned with the 

objectives of the Triple Aim outlined by the Institute for Healthcare Improvement, which 

seeks to (1) improve the patient experience, (2) improve the health of populations, and (3) 

reduce the per capita cost of health care. Thus, the outcomes of the proposed study can 

(1) facilitate the ability of inpatient, outpatient, and homecare and long-term care nurses 

to make significant adaptations to the delivery of care by understanding who is at risk for 

increased health service use in order to tailor nursing interventions, (2) address several 

national reimbursement policies and population health initiatives outlined by the   
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government, and (3) reduce the financial burden of unnecessary health service use on the 

nation and the health care system through early risk identification and prevention of 

unnecessary health services use.

Significance to Nursing         

 Under provision II of the nursing code of ethics, the nurse’s primary 

responsibility is to the patient; whether an individual, family or population ([ANA], 

2001). As a group, persons with HF comprise a large and vulnerable percent of the 

nation’s population. As such, the nursing profession has a unique opportunity to 

contribute to the reduction of unnecessary emergency department visits, hospitalizations, 

and 30-day hospital readmissions for persons with HF. Not only is it the role of the nurse 

to promote health across populations but also the responsibility of the discipline to 

contribute to the process of health service use reduction. To achieve this goal, as related 

to the concepts and variables of the current study, the nurse can directly impact the 

perceived need factors that affect health service use. The perceived need factors include 

the presence of a comorbidity, BMI, smoking status, physical functioning and mental 

health. Defined by Andersen (1968), perceived need factors are modifiable components 

of an individual’s health status. Nurses can impact patient health outcomes related to the 

perceived need variables through early recognition of high-risk patients, frequent and 

consistent patient education, as well as assisting patients with self-management. 

Specifically, nurses can present programs regarding smoking cessation, engage patients 

in early and frequent physical therapy and address mental health awareness and coping 

skills. It is important for nurses to recognize that health service use can be estimated by 

risk prediction models. In the current study, on average, persons living in the community   
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with HF experienced an unplanned hospitalization or emergency department visit at 

around 5 months. As such, primary care providers, specifically nurses, should be able to 

determine the most likely period of time an individual is at greatest risk for health service 

use. With this information nurses can provide interventions prior to a health decline, 

especially during routine primary care visits. Further, it is essential that nurses become 

familiar with risk prediction models and the factors that identify individuals as high risk. 

While many of the current HF research and prediction models engage in a medically 

based focus, the current study integrates components of the nursing paradigm into HF 

research. Specifically, the socioeconomic variables used in the study capture many of the 

personal, environmental, and holistic health aspects of the nursing paradigm, which 

provides an opportunity for nurses to recognize and impact health behaviors that lead to 

unnecessary and repeated health service use.

Significance to Population Health        

 The current study presents medical providers with several opportunities to 

improve national health systems and patient outcomes. In addition, the study addressed 

many national health goals and initiatives set out by leading governmental organizations. 

The study addressed Healthy People 2020 objective HDS-24, under the topic of Heart 

Disease and Stroke; to reduce hospitalizations of adults with HF as the principal 

diagnosis, as well as subcategory HDS-24.1, to reduce hospitalizations of adults aged 65 

to 74 years with HF as the principal diagnosis. The current study also addressed the new 

Rise Above Heart Failure initiative set out by the American Heart Association. The Rise 

Above initiative is aimed at increasing awareness of HF symptoms and treatments, as well 

as reducing the health system impact associated with the disease. The goals of the   
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initiative are to reduce heart failure hospitalizations by ten percent and increase 

awareness and understanding of this potentially deadly condition by 10% by the year 

2020 (Pamela et al., 2017). If modifiable or treatable, the identified factors from the 

current study may help to significantly decrease health service use, annual health care 

costs and burden on the country’s health care system. Many publications have cited the 

need for further investigation of the use of data science techniques to develop an accurate 

model to aid in the prediction of health service use. In Andersen’s 1995 revision of the 

Health Service Use Model, he commented about the model and stated, “This model 

recognizes personal health practices such as diet, exercise, and self-care as interacting 

with the use of health services to influence formal outcomes; a comprehensive and 

systematic perspective which will be relevant and important for the indefinite future”. 

Significance to Financial Aspects        

 The global financial burden of HF was estimated to be more than 110 billion 

dollars in 2012, and the United States HF expenditure alone accounted for more than 

20% of this global cost (Cook et al., 2014).  Disease related complications of HF amount 

to more than 17% of the national HF expenditure, often the result of unnecessary 

emergency department visits and hospital readmissions (Ambrosy et al., 2014). The 

excessive cost of HF has brought about initiatives to reduce health care expenditures, 

resulting in significant changes to Medicaid reimbursement protocols. The recent 

Hospital Readmission Reduction Program (HHRP) developed by Medicaid penalizes 

hospitals by withholding reimbursements for high numbers of readmissions. In total, 

there are just over 6000 hospitals in the United States, and in 2017 more than 2500 

hospitals, almost half of the nation’s hospitals, were penalized for high rates of   
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readmissions (American Hospital Association, 2019). These national penalties resulted in 

a total withholding of 290 million dollars from U.S. hospitals (Pandey et al., 2016). 

Without these reimbursements, hospitals are unable to provide proper care to those in 

need. This is of great concern as it is estimated that the prevalence of heart diseases, 

including HF are expected to increase by 130% by the year 2030 (Cook et al., 2014). 

Health systems have set out to reduce health service use, specifically hospitalization and 

readmission rates for persons with HF. Early identification of these high-risk individuals 

may allow providers to prevent unnecessary hospitalizations and readmission by 

initiating early screenings and tailored comprehensive care regimens.      

Study Assumptions           

 Assumptions are the unspoken beliefs about the world that seem so obvious they 

do not need to be stated explicitly (Brookfield, 1987). The assumptions of the study are 

as follows.   

 1. Persons with heart failure do not wish to be frequently readmitted to the 

hospital.

 2. Health outcomes are impacted by a multitude of personal and environmental 

factors.

  3. Reducing unnecessary health service use will improve patient outcomes and 

reduce financial and economic burdens.  
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 The chapter will provide applications of the relevant concepts, a background of 

the current health service use trends among persons with HF, a summary of techniques 

used prior to data analytics in the prediction of health service use among persons with 

HF, a review of the current analytic techniques and models utilized in the prediction of 

health service use in persons with HF, and recommendations for future needs based on 

gaps identified in the literature. The aim of this literature review is twofold; (a) to identify 

and understand the current state of the science behind factors most predictive of health 

service use in persons with HF, and (b) to examine current trends surrounding the 

application of data analytic approaches and models used in the prediction of health 

service use among persons with HF.  For the purposes of this review, it is important to 

differentiate between the search terms of interest. The term health service use will be 

defined as any unplanned use of health services by an individual diagnosed with HF, 

specifically visits to the emergency department, hospitalizations or 30-day readmissions. 

A hospitalization is defined as any inpatient hospital stay during a one-year period lasting 

more than 24 hours, while a 30-day readmission is defined as an unplanned subsequent 

admission to a hospital within 30-days after a previous hospital stay.

Characteristics of Persons with Heart Failure

 There are currently two recognized categories of HF (preserved or reduced) both 

differing in disease etiology and treatment recommendations. The two classifications are 

medically diagnosed by an echocardiogram (ECHO) and are based on cardiac ejection 

fraction (EF). EF is the percentage of blood pumped out of the left ventricle and into 

systemic circulation with each heartbeat (AHA, 2015). In the typical healthy adult, a 

normal EF can range from 60-75%, indicating adequate cardiac function. However, in a   
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patient with HF the EF is typically abnormal, and in some cases can reach critically low 

levels. In the current HF literature, there is still some debate on standard ranges of EF 

with most sources citing three ranges: less than 40%, greater than 50% and a “grey” area 

between 41-49% (AHA, 2019). Heart failure with a reduced ejection fraction (HFrEF), 

formerly known as systolic HF, is categorized by an EF of less than 40% and results in a 

decreased flow of oxygenated blood from the heart due to cardiac muscle thinning. 

Persons with HFrEF are typically younger males with an ischemic coronary disease 

(Abebe et al., 2016). Conversely, heart failure with a preserved ejection fraction 

(HFpEF), formerly known as diastolic HF, is categorized by an EF of greater than 50% 

and is the result of increased filling pressures in the heart often due to hypertension or 

coronary artery disease (CAD). HFpEF accounts for more than 60% of cases and 

typically affects older women with hypertension (Abebe et al., 2016). Those individuals 

with an EF between 41-49% often require further diagnostics based on symptomology to 

determine the appropriate HF categorization. Until recently, studies only dichotomized 

the categories of HF as either an EF of less than 40% indicative of HFrEF, or an EF 

greater than 40% indicative of HFpEF (Solomon et al., 2007). While there are clear 

etiological differences between types of HF, a standard categorization based on EF has 

not yet been solidified in medical literature. Heart failure can further be divided into 

classifications of severity as determined by the New York Heart Association (NYHA). 

According to the NYHA, classifications of HF fall on a scale of Class I to IV, with no 

physical limitation seen in Class I, scaling to severe symptoms at rest seen in Class IV. 

Individuals experiencing class III, or IV HF symptoms are the most likely to seek   
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medical attention (Solomon et al., 2007), however HF classifications are not consistently 

reported in predictive models. 

 Impact of Heart Failure on Society and Health Service Use 

 A paucity of studies examined the national and global burdens of HF on health 

care systems both procedurally and financially. Complications of HF alone account for an 

estimated 2% of all hospitalizations, amounting to more than 5 billion dollars in 

healthcare expenditure annually (Ambrosy et al., 2014). The financial burden of the 

disease is expected to increase drastically as the population continues to age, with an 

estimated 50% of individuals with HF being over the age of 65 and 11% being over the 

age of 80 (Angarall et al., 2019). The inconsistent trajectory of disease progression in HF 

coupled with the complexity of disease management and treatment regimens, results in a 

multitude of complications leading to frequent use of health services, especially 30-day 

readmissions. It is estimated that at least 25%, and in some studies up to 50% of patients 

hospitalized with a diagnosis of HF will experience an unplanned readmission to the 

hospital within 30 days of discharge (Allam et al., 2019). Another author reports that up 

to 45% of patients will be readmitted within six months of discharge (Ross et al., 2008). 

With the steadily increasing rate of HF diagnoses, it is imperative that health systems 

continue to work towards reducing the amount of unnecessary health services utilized by 

this population. Fortunately, unplanned readmissions within 30 days of a HF-related 

admission are thought to be preventable (Ambrosy et al., 2014) and are often related to 

poor quality care or discharge management (Chen et al., 2019). However, HF is a 

complex and multifaceted disease process that requires individualized treatment regimens 

and consistent self-care management. Often, for a variety of reasons such as inadequate   
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disease knowledge, age, access to care and medication regimen complexity, the disease is 

mismanaged. Corbretti (2017) reports that approximately 75% of individuals over the age 

of 65 with HF are taking at least eleven medications per day. Other studies cite adherence 

to components of self-management in the HF treatment regimen such as daily weighing, 

medication adherence and symptom recognition as being imperative in preventing disease 

complications (Hawkins et al, 2012). It is well known that self-management in HF is 

crucial to preventing unnecessary health service use, however other components of care 

at the facility level are now thought to impact readmission rates in this population. 

Despite this knowledge hospitalizations and 30-day readmission rates remain high in the 

HF population.  Hospital-based characteristics such as discharge disposition, medication 

reconciliation and nurse staffing levels are factors that may be modifiable to prevent 

unnecessary readmissions (Chen et al., 2019). Regarding readmission risk, one study 

identified that patients who were discharged to a nursing facility experienced unplanned 

30-day readmissions at a higher rate than those who were discharged home (Jiang et al., 

2017). As a result, there is a mandate for health care systems to drastically reduce rates of 

health service use, specifically 30-day readmission in the HF population. 

 In 2012 as an extension of the Affordable Care Act, the Centers for Medicare and 

Medicaid Services (CMS) enacted the Hospital Readmission Reduction Program (HRRP) 

which works to reduce 30-day readmissions by penalizing hospitals for having high rates 

of readmission. In 2017, as a result of the HRRP program, over 2500 hospitals across the 

United States were penalized for high readmission rates, resulting in a withholding of 

reimbursement funds in the amount of $500 million dollars (Kakarmath et al., 2018). 

Since the enactment of HRRP, there has been impetus for healthcare systems and   
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researchers to shift from inpatient disease management to preventing 30-day 

readmissions, specifically HF-related readmissions. Initial studies found a slight 

reduction in readmission rates among persons with HF from 25% in 2009 prior to the 

HRRP initiative, to 23.5% in 2013 a year after its induction (Chamberlin et al., 2018). 

The reductions in readmissions were minimal and more recent studies report sustained or 

increased readmission rates in the HF population. Interestingly, the HRRP program does 

not include penalties specifically for excessive emergency department use, often a 

predecessor to a hospital admission. However, persons with HF tend to experience high 

rates of emergency department use because of mismanagement or misrecognition of 

worsening symptoms (Montoy et el., 2019). For this reason, it is important for future HF 

research to focus on models that examine predictors of emergency department use as well 

as hospitalizations and 30-day readmission.  

Data Science and Health Service Use       

 Before the introduction of the HRRP program in 2012, persons with HF were not 

routinely screened or followed during an inpatient hospital stay for factors that could lead 

to increased readmission risk. Prior to the boom of medical technologies including 

electronic charting and recording, patient data were inconsistently recorded, stored and 

tracked due to an archaic paper charting system. The national adoption of the Electronic 

Health Record (EHR) has allowed researchers to access vast amounts of medical data that 

were previously unavailable or impossible to access. During this time, several risk 

prediction tools including the LACE screener, described later in this review (van   
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Walraven et al., 2010) did exist, however until recently, these tools were not studied or 

validated for use in the HF population. Further advances in statistical analytics have  

encouraged a new age of methodologies that are being used in large databases to identify 

unique characteristics of people who may be at greatest risk for health service use. 

Falling under the realm of data science, predictive modeling techniques including 

multivariate regression and machine learning, rely on computerized algorithms and 

logistics to arrive at a best fitting model. While several methods of building predictive 

models through data analytics have been tested, this review will define and focus on the 

most cited approaches found in the HF literature including linear, logistic and 

multivariate regression, random forest, boosting, neural networks and support vector 

machine (SMV).  Many modeling techniques utilize the area-under-the-curve (AUC) or 

c-statistic as well as the positive predictive value (PPV) to report the effectiveness of the 

model.  For consistency, the AUC statistic will be used in this review to compare the 

predictive ability and effectiveness of the models. For reference, an AUC statistic of 0.50 

would represent a model that could correctly predict an outcome half of the time, no more 

than random chance, while an AUC statistic of 1.0 could accurately predict an outcome 

every time. Of note, the mean AUC statistic across models included in this review is 0.69 

representing a modest predictive ability in the currently available literature used to 

predict 30-day readmissions in persons with HF.  

Literature Search Methods          

 A PubMed and CIHNAL search was conducted using the following MESH terms; 

heart-failure, health service use OR emergency department OR readmission OR 

hospitalization, and prediction OR predictive model. The search was limited to articles   
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published after 1999 and written in English. For the purposes of this review, there was no 

distinction made between types (HFrEF and HFpEF) or classifications (NYHA I –V) of 

HF. The initial search yielded 157 related articles. After removing duplicates across 

databases and all articles that were not specific to the use of health services including 

emergency department visits or readmissions related to the disease of HF, 48 articles 

remained for review. Articles that presented models predicting mortality and readmission 

concurrently were excluded for the purposes of this study. The articles were reviewed 

with a Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

checklist. PRISMA is an evidence-based minimum set of items for reporting in 

systematic reviews and meta-analyses that focuses on randomized trials but can also be 

used as a basis for reporting systematic reviews of other types of research, particularly 

evaluations of interventions (Prisma, 2015). Articles included in the final review were 

published between 2000 and 2019. Eight studies were conducted and published outside of 

the United States (China, Korea, Australia, Sweden, Italy and the Netherlands), and two 

additional studies were conducted in collaboration between the United States and other 

countries.  Of the articles reviewed, twenty-eight were comparative retrospective or 

prospective cohort studies based on analyses of large claims databases, electronic health 

records or a combination of the two data sources. Additionally, two articles were 

conducted as literature reviews of existing data analytic methods used in the prediction of 

hospital readmissions in persons with HF. Only one article was found to discuss the 

prediction of emergency department use in persons with HF, however, was limited to 6 

months after a hospital discharge. There were no articles published as clinical trials. The 

language used in the current HF literature regarding health service use prediction is   
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grossly inconsistent, with no studies including the term health service use in the title, but 

various combinations of the term(s) readmission, rehospitalization, hospitalization or 

hospitalizations and unplanned admissions. None of the articles under review used the 

Medicare Expenditure Panel Survey (MEPS) as a sample for the study. Based on the 

review of the current literature, there are no studies conducted in the United States to date 

that have used the MEPS database to (a) produce a model that consistently and 

effectively predicts health service use in persons with HF or (b) include emergency 

department use as an independent outcome in health service use prediction.

Concepts in the Literature         

 The concepts of the study are heavily influenced by the Health Service Use Model 

(Andersen, 1968) which posits that patient characteristics; specifically predisposing, 

enabling, evaluated need and environmental factors have an impact on health service use.  

The original model was developed in 1968 and revised in 1995 to explain health service 

use in the general population, however for the purposes of this study, the concepts will be 

applied to the HF population. While none of the studies included in this review 

specifically cited Andersen’s Health Service Use model, many of the variables chosen for 

the current study are included in the original Andersen model and are consistently 

utilized throughout the current HF literature. The definitions of Andersen’s concepts are 

presented below and follow with the variables chosen from each concept for use in the 

current study. The concepts and variables are presented in Chapter 1, Figure 1.   

 Predisposing Factors         

 Based on Andersen’s model, predisposing factors are defined as personal 

characteristics of natural origin that are unable to be adjusted by the patient (Andersen,   
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1995). Variables of interest in this category include age, gender and race. While there is 

some disagreement among current literature as to the true predictive significance of the 

variables of age, gender and race, they are consistently used in current predictive models. 

One study reported that the female gender is more predictive of 30-day hospital 

readmission (Ponce et al., 2018), however two similar studies (Awan et al., 2019 & 

Ashfaq et al., 2019) reported men are more likely to be readmitted (OR 1.1, p<0.01). 

Regarding race, many studies report African Americans are more likely to be readmitted 

(Eapen et al., 2015 & Chamberlin et al., 2018) when compared to other races. Research 

centered on socioeconomic predictors of health service use in persons with HF tend to 

report a more impactful significance of age, gender and race than studies focusing on 

only clinical predictors. While not consistently reported as a significant predictor, the 

variable of age is included in all study models. One study reported a significantly 

increased readmission risk for persons with HF over the age of 65 (Hamner and Ellison, 

2004), however a more recent study reported that those under 65 (OR=1.0) are more 

likely to be readmitted (Chamberlin et al., 2018). Much is known about the distinction in 

types of HF with age, as more than half of the individuals over the age of 65 experience 

HFpEF (Schopfer and Foreman, 2016). The difference in etiologies of HFrEF and 

HEpEF based on age may be important for future research to consider when building 

predictive models. When added to a predictive model, demographic variables such as 

age, gender and race can improve the performance of the model by up to four percent 

(Walsh and Hripsak, 2014). 

 Enabling Factors         

 Enabling factors are defined as personal characteristics that are assigned to the   
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patient throughout a lifetime that may or may not be adjusted by the individual 

(Andersen, 1995). Variables in this category include income level, employment status, 

marital status, level of education, and status of insurance coverage. Like the predisposing 

factors presented above there is some discrepancy as to their significance and presence in 

predictive models. Two studies that included level of education in the model found that 

educational attainment was a significant (P<0.001) predictor of readmission (Golas et al., 

2018) and individuals with less than high school diploma were likely to experience a 

hospital readmission than those with formal college education (Eapen et al., 2015). One 

study reported that employment status and marital status impact the risk of hospital 

readmission. The authors found more than 65% of retired and 40% of married individuals 

experienced unplanned a 30-day readmission, while only 4% of employed individuals 

and 16% of single individuals experiencing a 30-day readmission (Bradford et al., 2017).  

A similar study confirmed the impact of unemployment (OR 2.59, p=0.01) on 

readmissions (Tsuchihashi et al., 2001).  In terms of insurance status, nearly all studies 

include the variable of insurance coverage in the predictive model. Individuals covered 

by Medicare and Medicaid make up a vulnerable and misunderstood population who tend 

to experience high levels of health service use (Chen et al., 2019). One study found 

nearly 75% of patients who experienced a hospital readmission utilized Medicare, while 

only 19% used a commercial insurance (Jiang et al., 2019). This was confirmed by 

another study that reported 80% of patients who experienced a hospital readmission for 

HF utilized Medicare insurance (Hamner et al., 2005).  For this reason, the predisposing 

characteristic variables of age, gender and race and the enabling factor variables of   
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education, income, employment, marital status and insurance coverage will be included 

in the model for the proposed study.  

Evaluated Need Factors 

 Evaluated need factors are defined as personal characteristics of health that the 

patient can change that impact current health-related needs (Andersen, 1995). Such 

personal characteristics include the medical comorbidities that may be diagnosed at the 

time of hospitalization, body mass index (BMI), smoking status, physical functioning, 

and mental health status. One study reported that the number of comorbidities a patient 

has is an independent predictor of negative outcomes in persons with HF (Hamner and 

Ellison, 2004). Another study demonstrated that when added to a predictive model, 

clinical variables and comorbidities can increase the performance of the model by five 

percent each (Walsh and Hripcsak, 2014). For example, commonly identified 

comorbidities include end stage renal disease (Keenen at al., 2008), hypertension 

(McLaren et al. 2016), and diabetes (Au et al., 2012). Over the last decade, mental heal 

was added to HF predictive models. Johnson and colleagues (2012) reported that persons 

with diagnosed depression are almost 1.5 times more likely to experience a hospital 

readmission than those who are not depressed. Similarly, researchers validated these 

results and identified major depression as a factor highly predictive of hospital 

readmission (Freeland et al., 2016). Studies have also analyzed physical functioning in 

HF predictive models. A study conducted in Japan specifically examined the impact of 

activities of daily living (ADL) on hospital readmissions in persons with HF. This study 

used the Functional Index Measure (FIM) (Granger et al.,1986) which scores individuals 

from 18-126 on a total of eighteen functional daily tasks, such as bathing and chores.   
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Results of the study indicate that for those individuals who scored > 75 on the FIM were 

more likely to experience a hospital readmission compared to those who scores less than 

75 (Kitamura et al., 2019).  A similar study (Yamada et al., 2012) using the Performance 

Measure for Activities of Daily Living (PMADL-8) assessed functional limitation as a 

predictor of readmission in persons with HF. The PMADL-8 (Shimizu et al., 2010) is an 

eight-item assessment that scores individuals on a functional scale of 8-32, with higher 

scores indicative of greater physical limitation. Using a risk cut off score of 20, the 

authors report that individuals with scores greater than 20 at one month after a hospital 

discharge were twice as likely to experience a readmission (Yamada et al., 2012). Of 

note, those who scored above 20 were likely men, over the age of 72 with ischemic HF 

(Yamada et al). The current study model will include the variables of perceived physical 

function and psychological health based on the inclusion of these variables in several 

recent studies examining hospital readmission risk prediction in persons with HF.  

 Environmental Factors 

 Environmental factors are defined as external forces that are specific to the 

healthcare system that may impact the use or attainment of health services (Andersen, 

1995). For the current study, hospital length of stay (LOS) is identified as an 

environmental factor that may impact future health service use. Hospital LOS has been 

included in several predictive models in the HF literature. Using logistic regression, 

Allam et al, (2012) found that a previous hospitalization within a year, specifically 

related to hospital LOS were among the top predictors in the risk prediction model, with 

an AUC of 0.60. LOS during an inpatient hospitalization is often at the discretion of the 

medical provider and usually cannot be changed by the patient. One study found that on   
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average, the LOS for patients with HF is 7.9 days, and 8.8 days for patients who 

experienced a recent 30-day hospital readmission (McLaren et al., 2015). Another author 

found that increased LOS (11days, p<.001) was significantly associated with unplanned 

30-day hospital readmissions (Au et al., 2012).  

 Health Service Use         

 The concept of health service use was originally defined by Andersen as the use 

of any health-related service, however for the purpose of this study, is defined by the 

outcome variables as the number of times an individual uses (a) the emergency 

department or (b) experiences a hospitalization or (c) is readmitted to the hospital within 

a 30-day period. Based on the current HF literature, the prediction of health service use 

has generally been limited to a 30-day timeframe based on the restrictions set by the 

HRRP program, and this will remain consistent for the current study. In the identified HF 

literature, studies related to health service use were limited only to hospital readmissions.  

Emergency Department Use in Heart Failure      

 Most current literature examines the predictors of emergency department visits in 

the general population and are not specific to HF, though the implications are notable and 

may be significant when considering future research. Findings from these studies will be 

presented first to facilitate understanding of emergency department visits in the general 

population. One study using a robust sample size of over six million emergency 

department visits, which included multiple ICD-9 codes indicative of HF, found that 

three percent of patients who visited the emergency department with a diagnosis of HF 

(0.8% of the total sample) were subsequently admitted to an inpatient unit. The study is 

not clear on the cause of emergency department use and therefore cannot distinguish   
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between a HF related visit versus an all-cause visit. However, the strongest predictor of 

emergency department use in the general population was two or more emergency visits in 

the last six months (OR=3.0) followed by having Medicare based insurance (OR=1.6) 

and being male (OR=1.12) (Montoy et al., 2019), While this information is helpful, it 

does not specifically focus on persons with HF and therefore may not be generalizable to 

the HF population. An additional report was published as a scoping review of national 

emergency department use. The authors (Kreig et al., 2016) reported that across the 

twenty articles included in the review, the most frequently cited predictors of chronic 

emergency department use in the general population are less than a high school education 

(Sun et al., 2003), presence of mental illness (Bieler et al., 2012), having Medicaid 

insurance (Griswold et al., 2005) and being from a low-income group (Friedman et al., 

2009). A recent study was found to specifically examine emergency department visits in 

the HF population. Researchers (Posada et al., 2019) used logistic regression to identify 

common characteristics of patients with HF who experienced clustered emergency 

department visits (three or more emergency department visits) within six-months after an 

acute HF hospitalization. Patient characteristics of those who experienced three or more 

emergency department visits include men (OR=1.0), individuals 65 to 74 years old 

(OR=0.8) with a Charlson Comorbidity score of >5 chronic conditions (OR=2.1). This 

study closely resembles components of the proposed study, however, does not include a 

predictive model for emergency department visits and only examines emergency 

department visits within a six-month period.  To date, there are no articles that have built 

a HF predictive model including emergency department use as an outcome variable. 

Further research on emergency department use in the HF population is necessary to   
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identify factors that can then be utilized to build models. It may be possible that many of 

the predictors of emergency department use in persons with HF may also be predictive of 

readmission. 

Instruments Previously used to Predict Health Service Use 

  Prior to the use of data analytics to predict health service use in persons with HF, 

several alternative tools and methods were utilized. However, until recently none were 

validated for use in the HF population. The LACE index was developed in 2010 in 

Canada as a tool to predict readmissions in currently hospitalized medical/surgical 

patients (van Walraven et al., 2010). The tool evaluates a patient’s relative readmission 

risk and produces a risk score from 0-22, where an increased score represents increased 

readmission risk. The LACE tool takes into consideration several factors of an inpatient 

hospital stay thought to affect unplanned readmissions including (L) length of stay, (A) 

acuity of the admission, (C) comorbidities and (E) emergency department visits. Per the 

reports produced from the original tool, medical-surgical patients scoring above 12 were 

considered especially high risk for readmission. Since its development, the LACE tool 

has been applied to several patient populations including surgical, medical and critically 

ill patients. There has been little consistency in effectively using the tool to accurately 

predict readmission risk across populations. While not developed for use in the HF 

population, Wang et al (2014), attempted to validate the LACE tool for readmission 

prediction in the HF population, but was unsuccessful. Using a cutoff risk score of greater 

than 10, the authors identified patient characteristics using the LACE tool via 

retrospective chart review. Results indicated there was no statistical significance in 

unplanned readmissions based on the LACE score between groups of individuals who   



49 
 

 

were readmitted within 30 days compared those individuals who were not. The 

insignificant results may have been related to the low cutoff scored chosen for the study, 

which was lower than the previous score of 12 in the general patient population. 

Interestingly, the study did show that an increased LACE score was highly correlated 

with an increased number of emergency department visits within 30 days of discharge 

(Wang et al.). The authors did not however indicate whether the emergency department 

visits resulted in a hospitalization. Furthermore, the results suggest that the LACE tool 

could be useful in initially identifying patients who may be at high risk of emergency 

department use, often a predecessor to a hospital admission. Another study conducted in 

Canada compared LACE, LaCE+ and Charlson Comorbidity Index for readmission 

prediction in persons with HF. In contrast to previous research by Wang et al (2012), Au 

et al (2012) note that for persons with HF, the LACE cutoff score should be 14, much 

higher than the previously cited cutoff of 10. The LaCE+ tool includes the variable of age 

and specific components of the Canadian administrative databases and therefore may not 

be generalizable to United States databases. The study found that 60% of patients who 

were readmitted within 30-days experienced a LACE score of at least 14. However, the 

LACE tool alone only produced an AUC statistic of 0.58, while the LaCE+ produced an 

AUC of 0.60, and the Charlson Comorbidity Index produced an AUC of 0.55 (Au et al., 

2012) indicating a modest predictive ability across tools. The LACE tool alone is not 

recommended for use in readmission prediction in the HF population (Wang et al., 2014) 

and further studies of the LACE tool are required to validate and determine the 

appropriate risk score cutoff for use in the HF population. While potentially effective in 

readmission risk prediction based on inpatient factors, the components included in the   
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original LACE tool are not a comprehensive representation of many of the 

socioeconomic characteristics of patients with HF in the community and therefore may 

not accurately represent the needs of the population. Chamberlin et al., (2018) developed 

a similar tool to predict readmissions specifically in the HF population. Through a 

retrospective review and analysis of a large claims database, the Readmission After HF 

Scale (RAHF) was developed to include the top predictors of HF readmissions and 

included: age, income, race and comorbidity. Based on the identified predictors, patients 

were given a risk score where >15 indicated high readmission risk. Characteristics of 

individuals who scored > 15 includes those who tended to be less than 65 years of age, 

African American, from low-income households and had many comorbidities 

(Chamberlin et al., 2018). The RAHF scale reported a r2 value of 0.9588 indicating a 

robust ability to explain a large percentage of readmission variability (Chamberlin et al., 

2018). The authors report that of the patients who were readmitted within 30 days, only 

35% of the readmissions were related to HF exacerbations, with other causes related to 

renal disorders and pneumonia. Like the LACE tool, the RAHF scale only predicts 

readmissions for currently hospitalized patients with HF and does not consider outpatient 

data or sociodemographic variables. For this reason, the LACE and RAHF are not 

appropriate for use on administrative claims data and therefore will not be considered for 

use in the current study. There were no additional studies identified validating the use of 

the RAHF scale in the prediction of readmissions in the HF population, thereby limiting 

its generalizability. There are only a small number of risk screening tools citing the 

ability to predict readmissions in patients with HF without the use of data analytic 

techniques. These tools remain limited in their applicability to the   
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general HF population. The recent changes to electronic health databases have prompted 

the use of large claims data repositories in nursing research. Large claims databases not 

only provide an adequate sample population but also include diverse and unique variables 

often not found in small data files. With the addition of large available data sources and 

processing abilities of analytic software programs, several recent studies have attempted 

to incorporate big data repositories with advanced analytics to create models that are able 

predict readmissions in persons with HF. 

Studies Comparing Data Science Techniques      

 A variety of data science and analytic techniques have been used to determine the 

effectiveness of each model in the prediction of readmissions in persons with HF. 

Methods used include traditional logistic regression, LASSO regression, random forest, 

classification and regression tree (CART), support vector machine, neural networks, as 

well as gradient boosting and generalized linear model net (GLMN). A study conducted 

by Lorenzoni et al., (2012) focused solely on the prediction of hospitalization and 

reported that of the eight analytic techniques tested, GLMN was the most effective 

method with an AUC statistic of 0.80. Of importance, the authors admit that the sample 

size was incredibly small (N=380) which may have had a significant negative impact on 

the power and generalizability of the study. Additionally, due to the sample size, there 

was no external validation or training dataset available, limiting the reliability of the 

models used for analysis. The remaining seven analytic techniques tested experienced 

little to no difference in predictive ability, with an average AUC statistic of 0.651. While 

many existing predictive models focus on both HFrEF and HFpEF, the study by Angraal 

et al., (2019) is specific to persons diagnosed with HFpEF. This is a valuable contribution   
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to the field, as the etiologies and complications associated with HFpEF and HFrEF differ 

significantly. It may be necessary in future studies to create predictive models that are 

able to differentiate between classifications and types of HF. Although current predictive 

models report similarities in top predictors of readmission across all types of HF, it may 

be possible that the variables that best predict hospitalization in HFpEF differ from the 

variables that predict hospitalizations in HFrEF (Angrall et al., 2019). It is difficult to 

fully compare the results of these studies as the outcomes, methods and patient 

populations differed significantly. Additionally, one of the two studies cannot be fully 

reliable based on sample size and approach.  

 Two of the articles compared advanced machine learning methods to a traditional 

logistic regression approach. Allam et al., (2018) concluded that a basic logistic 

regression (AUC 0.64) performed comparably to a variety of neural network approaches 

(AUC 0.63) in an analysis of a large administrative claims database.  A similar article 

comparing machine learning techniques against a simple logistic regression produced 

conflicting results. Mortazavi et al., (2016) concluded that compared to logistic 

regression a random forest approach resulted in 17% more discriminate predictability 

while a support vector machine (SVM) approach resulted in a 13% increase in the 

predictive ability of the model. Mahajan, King and Meghban (2019) also note that the use 

of some predictive model is better than the use of no predictive model. The inconsistency 

and inconclusive results of these comparative studies offers little guidance for building 

better models. However, consistent with numerous publications, the authors of these 

articles agree that a variety of data inputs, specifically the addition of clinical information 

regarding past hospitalizations (Allam et al., 2019), may greatly improve the   
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predictability of machine learning models. Further supporting the need for various data 

sources, Mahajan and Ghani (2019) compared three machine learning models whereby 

structured clinical data (AUC 0.64), unstructured language data (AUC 0.52) and a 

combination of the two (AUC 0.64) were analyzed. Consistent with previous studies, the 

model that included both structured and unstructured data slightly outperformed the 

others. Several authors cite the need for clinical, administrative, social and psychological 

data when building a predictive model. While the agreement in data sourcing is 

promising, the average AUC statistic of 0.64 found across predictive models does not 

hold a great deal of predictive power. Despite the consistently low AUC statistic reported 

across all articles included in this review, there is not a consistent number of reported 

predictor variables identified with a model, with some studies reporting as few as eight 

(Awan et al., 2019) and others report as many as 3500 (Golas et al., 2018).  Interestingly, 

one recent study reported that the use of a feature selection approach with principal 

component analysis to reduce the number of predictor variables from 47 to 8 (AUC 0.62) 

without compromising the predictive ability of the model (Awan et al., 2019).  The eight 

predictors reported in this study were age, type of admission, lack of physician visit in 6 

months, length of hospital stay, use of antineoplastic drugs, history of HF, chronic kidney 

disease and depression (Awan et al., 2019). While the predictive power of this model is 

low, these findings are significant as they may allow for the use of more streamlined 

models requiring fewer predictor variables to produce consistent AUC statistics.  Based 

on the review of current data analytic methods used to predict readmissions in persons 

with HF, there is no established or validated method that results in a consistent AUC 

statistic  
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New Models Developed to Predict Health Service Use

 Several additional models were identified as using a variety of methods in 

combination with traditional logistic regression. Using a large dataset from the Get with 

the Guidelines HF Registry, Frizzell et al., (2014) developed a model that included 250 

variables and produced an AUC statistic of 0.618. Consistent with other studies (Allam et 

al.,2019) the authors conclude that a traditional logistic regression performs comparably 

to advanced machine learning techniques. The authors acknowledge that their model is 

among many failed attempts in the literature to produce an effective predictive model and 

suggest that an unidentified number of covariates influencing readmissions are likely 

present that have not yet been included in a predictive model (Frizzell et al., 2016). 

Keenan et al., 2008 produced a similar model using a traditional logistic regression based 

on a large Medicaid database that included 37 variables to produce an AUC statistic of 

0.60. The readmission rate identified in this study is consistent with the national average 

of twenty percent. The authors note that if readmissions could be reduced by even 25% 

there would likely be 50,000 fewer readmissions per year (Keenen et al., 2008), a major 

cost-saving initiative. A third study by Evans et al., 2016 used a traditional logistic 

regression approach with the addition of natural language processing to develop a 

predictive model for all-cause readmissions based on inpatient hospital data. This study 

used a relatively small sample size and did not report an AUC statistic; however, the 

study did report a positive predictive value of 97% rendering the model quite accurate. 

The remaining four studies developed models through a variety of machine learning 

techniques and will be reviewed as follows. A unique study by Yu et al., (2015) 

developed a model using a support vector machine approach focusing specifically on   
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persons over the age of 65. The authors focused on developing predictive models that 

were specific to each medical institution citing demographic factors as especially 

influential of readmissions. The model produced an AUC statistic of 0.72, for all-cause 

readmission, but only 0.63 for HF specific readmissions in people over the age of 65. 

Because of the complex nature associated with changes to disease processes in the 

elderly, the authors of this study report that predictive models are likely impossible to 

develop for use in an elderly HF population (Yu et al., 2015). The authors also suggest 

that predictive models should be developed that analyze a shorter time post discharge 

(i.e., one week) if the goal is to focus on HF specific readmissions. This is concurrent 

with the suggestions of other authors who note that most 30-day readmissions are not 

related to HF (Frizzell et al., 2016) and that the increased length of time between 

discharge and an unplanned readmission may allow for additional variables to impact the 

predictability of a model. Another study used a large database of persons with HF over 

the age of 65 to produce an all-cause predictive model for readmission. Data taken from 

the Western Australia Morbidity Registry included 47 variables that produced an AUC 

statistic of 0.62 respectively. Interestingly, the readmission rate in Australia closely 

resembles that of the United States, with approximately 24% of the HF population 

experiencing an unplanned 30-day readmission. The authors note that the AUC statistic 

alone should not be used to judge the effectiveness of a model, and other classifiers such 

as sensitivity and specificity should be taken into consideration (Awan et al., 2019). Yet 

another model was developed by Shameer et al. using a naïve Bayesian algorithm to 

predict 30-day all-cause readmissions. The model used a retrospective review of a large 

Mount Saini HF cohort that included 4215 variables extracted from the EHR. The model   
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produced the highest AUC statistic identified in the literature at 0.78. Interestingly, this 

study reported that of the variables identified for use in the model, the number of 

medications prescribed was most predictive of 30-day readmissions, with some patients 

taking upwards of 28 medications (Shameer et al. 2018). Of note, the authors of this 

study report that outside diagnostic codes other than ICD-9 codes were used in the 

analysis, potentially causing multiple combinations of missed diagnoses, leading to an 

overfitting of the model. The final study model included in the review was conducted by 

Trevethan et al., (2017) to predict HF specific readmissions in a small cohort of patients. 

The model was developed using a Cox hazards approach and an AUC statistic was not 

reported. This study was unique as it focused specifically on the inclusion of 

echocardiogram (EHCO) data as a predictor variable. The authors note that while the 

results of an ECHO are not independently predictive of a readmission, the right atrial 

filling pressures increased the predictive ability of the model by 29%. For this reason, the 

authors recommend an ECHO upon a HF related admission to be included in the clinical 

data.  Another study by Ashfaq et al., used a neural networks model to predict all-cause 

readmissions in persons with HF. Based on only structured data from the Swedish HF 

Registry, the model used 8 variables and produced an AUC statistic of 0.71 (Ashfaq et 

al., 2019). The sample in this study experienced a 27% readmission rate. Of note, the 

authors found that an increased length of stay (5 days) resulted in decreased risk of 30-

day readmissions for sicker patients yet resulted in an increased risk for less sick patients 

(Ashfaq et al., 2019). Therefore, readmissions may be prevented by reducing 

unnecessarily long hospital stays for certain classes of patients. A third model using deep 

neural networks was developed by Golas et al., (2018) to predict all-cause readmissions.   
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Results of this study were consistent with those from Kakarmath et al., with a slight 

lower AUC statistic of 0.705. Additionally, the authors note that models predicting 

readmissions in persons with HF should be inclusive of all types of readmission rather 

than HF specific, as often there are multiple causes of 30-day readmissions in this 

population. An additional study, one of the first of its kind, examined patient risk 

trajectory throughout the course of an inpatient hospitalization to predict readmission 

risk. This study identified several groupings of patient characteristics from low to high 

risk based on a multitude of clinical variables. The authors found that dynamic clinical 

predictors, those that change over time, were most predictive of readmission risk. For 

example, those who experienced an abnormally low sodium level or high potassium level 

close to discharge were at greater risk for readmission (Jiang et al., 2017). Results of this 

study are valuable as they confirm the notion that static variables alone may not be able 

to effectively predict health service use in the HF population due to the complexity of the 

disease trajectory. For models that use solely inpatient data to predict heath service use, a 

dynamic model may be most effective, however further studies of this nature would be 

needed to confirm the results of the previous study by Jiang et al., 2017. Kakarmath et al., 

(2018) produced a neural networks model to predict all-cause readmissions in persons 

with HF. Based on more than 27,000 hospital admissions in an east-coast health system, 

the model included 3512 variables, utilizing both structured and unstructured data to 

produce an AUC statistic of 0.71. Twenty-three percent of the sample experienced a 

readmission within 30 days. Of note, the authors point out that an estimated 25% of the 

sample may be readmitted to an outside health system and are therefore excluded from 

readmissions data (Kakarmath et al., 2018).  Of the studies identified where predictive   
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models were developed, two did not report an AUC statistic and the others reported 

inconsistent results. The average AUC static reported among the articles was 0.691, an 

overall modest predictive ability among models. Across studies, seven different machine 

learning methods were used with the most popular being logistic regression and neural 

networking. Data for analysis was obtained from both EHR systems as well as 

administrative claims data, with some studies using a varied combination of structured 

and unstructured data. Based on the above review, it is clear there are several gaps and 

inconsistencies among predictive models in the HF literature. It is important to note that 

across all models reviewed, there are no two that consistently share methods, predictors, 

data sources or results.                       

Models Using Only Socioeconomic Data       

 While the use of clinical variables is important in the prediction of health service 

use, few studies have fully examined the effects of testing only socioeconomic data on 

the predictive ability of a model. Seven articles were found to test factors related to 

socioeconomic status of a patient and include variables such as income, education, race, 

and insurance. These articles will be reviewed together as they present a unique 

perspective into the need for a variety of diverse data sources when building predictive 

models. Three of the articles in this grouping implicitly reviewed socioeconomic status as 

a predictor of readmission in persons with HF, and one article cited regional differences 

between 30-day readmission risk. Another study conducted in Japan considered variables 

such as financial resources, family caregivers and professional support as predictors for 

30-day readmission. This study sample experienced a slightly higher readmission rate 

(40%) than the average, and results showed that the leading socioeconomic predictors of   
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readmission were both having no occupation and poor attendance to follow up visits 

(Tsuchihashi et al., 2001). While valuable, the Japanese culture is extremely different 

from the American culture and socioeconomic factors may not be applicable or 

generalizable among persons with HF in the United States. An additional study explored 

the impact of socioeconomic predictors on readmissions in a Hispanic cohort of persons 

with HF. Of note, data shows that Hispanics are more likely to experience HFrEF, and 

within that population Hispanic women experience a twofold increase in 30-day 

readmissions related to complications of HF (Pounce et al., 2018). The results of this 

study are critically important as they indicate the need for inclusion of cultural and 

gender variables when analyzing readmission risk in the HF population. The authors note 

that socioeconomic factors alone may not produce a meaningful impact on readmission in 

the Hispanic population. Further studies between cultures and ethnicities must be 

conducted to determine the presence of unique socioeconomic predictors among persons 

with HF and the impact these predictors have on health service use. Another recent study 

reported that hospitals who care for vulnerable populations may be disproportionately 

penalized due to socioeconomic variables that are not considered (Eapen et al., 2015). In 

accordance with several studies presented in this review, the authors agree that clinical 

data alone may not be sufficient in the prediction of health service use, as there are 

distinct health differences across races and populations. Results of these studies indicate 

that age, race, income and education are all associated with 30-day readmission (Eapen et 

al., 2015). Another study of EHR data specifically from the Veteran’s Health 

Administration examined regional differences in 30-day readmission rates in persons 

with HF.  While this study utilized clinical rather than socioeconomic data, its results   
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suggest a relationship between geographic or social components relative to readmission 

prediction. The authors report that across the four regions of the United States, 

individuals in the southern and eastern regions experienced positive correlations with 30-

day readmission risk, while the northern and western regions experienced slightly more 

negative correlations (Mahajan, Mahajan and Megahban, 2018). The results further 

support the notion that socioeconomic variables may play a critical role in the predictive 

ability of a model. Another recent study examined the differences in the predictive ability 

of clinical and patient characteristics when added to a model. The authors report that 

among patient-related variables, a distinct group emerged and included those who were 

disabled, retired or unemployed and over the age of 85 having higher rates of 

readmission, while those who were using commercial insurance had lower rates 

(Bradford et al., 2017). Interestingly, the authors note that the highest recurrence of 

unplanned readmission happened on day 4 post-discharge, yet only 35% of the 

readmissions were related to complications of HF.  A final study in this grouping 

specifically examined the impact of prior hospital admission on 30-day readmissions in 

persons with HF. The author reports that individuals who were not recently hospitalized 

experienced a decreased rate of readmission (14%) compared to those who recently 

experienced a hospitalization (26%) (McLaren et al., 2015). When these data were used 

in a predictive model, the AUC statistic improved from 0.57 to 0.62, indicating that prior 

hospitalizations have a significant impact on 30-day readmissions in persons with HF. 

The authors also report that persons with HFrEF were less likely to be readmitted than 

persons with HFpEF. The results of this study continue to support results from previous   
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studies that patient characteristics are necessary in addition to clinical variables to build 

an effective predictive modes. 

 Gaps in the HF Literature        

 A detailed review of the current literature reveals significant gaps across studies 

related to the use of data science in the prediction of health service use among persons 

with HF. After appraisal of the articles used in this review it was determined that 

inconsistencies and gaps fell into three distinct categories including discrepancies in the 

type of data analytic utilized, inconsistencies in study sample and source of data 

predictors, and ineffective model generalizability or reliability.    

Discrepancies in Data Analytics       

 In total, more than ten different individual data analytic techniques and twenty 

various combinations of techniques were utilized to identify factors predictive of health 

service use in persons with HF. Nearly forty different models were identified in this 

review. While attempts were made to repeat results across analytic methods, not one 

method was consistently tested and validated successfully. Notably, several discrepancies 

exist between the perceived need for complex analytic techniques such as machine 

learning over simpler approaches like traditional regression. For example, many studies 

cited better predictive ability with a simple regression (Jiang et al., 2017), while others 

insisted on more complex techniques such as Random Forest or GLMN analysis 

(Lorenzoni et al., 2004). To date, no single data analytic technique or combination of 

techniques has been repeatedly tested and identified as the most effective in the 

prediction of health service use in persons with HF.     
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Inconsistencies in Study Sample and Data Source     

 Discrepancies exist relative to source of sample, data and category of predictors 

used.  The literature has identified many data sources as potentially impactful on health 

service use prediction including clinical data, Medicare data, demographic data, 

psychological data and social data. However, across studies included in this review, the 

identified data sources are inconsistently represented. Many studies included only clinical 

data, while others included only Medicare data and others included a random 

combination of data sources. As a result, there is a lack of a consistent list of predictors 

produced that includes variables from all data sources. In addition, there are discrepancies 

among studies related to the factors most predictive of health service use within each data 

source. For example, several studies cite BNP as the most significant clinical laboratory 

predictor, while other studies cite sodium levels as the most significant. There are 

additional inconsistencies reported in the number of predictors needed to create an 

effective model. One study was able to use backwards regression to reduce the number of 

predictors to eight without compromising the effectiveness of the model (Yu et al., 2015), 

while other studies utilized as many as 3500 variables. A simple and more parsimonious 

model would likely be the most generalizable. In addition, the studies included a variety 

of sample types and size, with samples as small as thirty-five and others as large as 

50,000. Many study samples utilized retrospective chart reviews of cohorts of patients 

previously hospitalized for HF, while other study samples used large Medicare databases. 

Of note, the criteria used to select the study cohort can have large effects on model 

performance (Walsh and Hripcsak, 2014). Further, only two study samples focused on 

the differences among types of HF, including HFrEF versus HFpEF. This may be   
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valuable inclusion criteria for future studies as the predictors of HFrEF may differ from 

the predictors of HFpEF due to disease etiology. Interestingly, and of great importance, 

more recent studies cite the significance of including a variety of data sources in an 

analysis to produce comprehensive results. Unfortunately, there is not a national database 

available that includes all sources of variables. This is the result of gaps in data sourcing 

related to inconsistencies in the collection of variables within databases. For example, 

many authors claim that lab values, imaging files, demographic data, and psychological 

data are not routinely or consistently collected on all patients during medical visits. 

Further, because there is not a universal medical records system, patient data were often 

reported as missing due lack of transference of data across health care systems. To 

address the inconsistencies across data sources and availability of variables, a universal 

data system will need to be created that can not only track an individual across all health 

care systems but also prompts providers to routinely collect uniform variables at each 

health visit. 

Ineffective Model Generalizability and Reliability    

 Very few studies were able to produce a model with an AUC statistic greater than 

0.78, and those that were, have not been validated by repeated studies. The average AUC 

statistic across articles used in this review was 0.69 representing a modest predictive 

ability. One study suggested that an effective model will be heavily dependent on 

individual characteristics of the hospital system, and therefore it may not be possible to 

develop a single predictive model for health service use in persons with HF, but rather a 

single model for each health system (Chen et al., 2017). Further discrepancies exist 

regarding the use of emergency department data as a predictor or outcome in current   
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models. Only one study was identified that examined the use of the emergency 

department in persons with HF. Further studies should examine the relationship between 

emergency department use and HF related readmissions.            

Conclusion           

 The many inconsistencies across studies present several opportunities for future 

research to address the gaps identified in this review. Specifically, future research should 

focus on identifying and validating the most significant factors that predict of health 

service use across data sources and samples. Further, models should include emergency 

department use as an independent outcome. There is also an opportunity to further 

validate clusters of individuals in the HF population who are at the greatest risk for 

unplanned health service use. It will also be important to distinguish between types of 

HF, as the etiologies of HFrEF and HFpEF may require different predictive models and 

clusters. Finally, it will become necessary for an accurate representation of health service 

use, to create universal health records that can track patient data across health care 

systems to prevent missing or incomplete data.    
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Purpose           

 The purpose of the current study was to (a) identify predictors of health service 

use, (b) develop a model that predicts health service use in persons with HF, and (c) 

determine the relative risk and time to event of persons with HF. This chapter describes 

the design, setting, measures, data collection, data analysis methods and protection of 

human subjects. The research questions for the study are restated below for reference. 

Plans for data analysis are presented by research question. 

 RQ1: What is the strength of the relationship between the predisposing (age, 

gender, race), enabling (income, education, employment, marital status, insurance status), 

perceived need (comorbidities, BMI, physical functioning, mental health, smoking 

status), and environmental factors (hospital LOS) and: 

  RQ1a: emergency department use in persons with HF? 

  RQ1b: hospitalizations in persons with HF?  

  RQ1c: 30-day readmissions in persons with HF?    

   Exploratory RQ2: using the identified predictors from RQ1, how 

accurate is a model at predicting: 

  RQ2a: emergency department use in persons with HF? 

  RQ2b: hospitalizations in persons with HF?  

  RQ2c: 30-day readmissions in persons with HF.

 RQ3: Using a time to event analysis, what is the likelihood that a person with HF 

will experience a hospitalization or emergency department visit and how long on average 

did it take for a participant to experience a hospitalization or emergency department use 

after enrollment in the study?  
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Design            

 The current study was conducted as a longitudinal, retrospective, secondary 

correlation analysis of a cohort of persons with HF from the Medical Expenditure Panel 

Survey (MEPS) database. 

  Sample            

 The sample for the current study was a subsample of persons with HF from the 

entire MEPS database and was characterized as a convenience sample, based on the 

availability of data to meet the needs of the researcher.  The MEPS collects data from 

approximately 30,000 individuals each year. From this sample, 1,714 persons with HF 

were available from the MEPS database spanning the 2003 to 2016 calendar years. The 

sample included only those individuals with an International Classification of Disease 

(ICD-9) code of HF during the study period. Heart failure codes range from 428 to 428.9 

and include systolic, diastolic, and unspecified HF. Of note, the MEPS data only include 

up to three digits of the available ICD-9 code, so all individuals with HF under code 428 

were included in the study sample.

Inclusion and Exclusion Criteria 

 The inclusion criteria for the study sample were as follows, (1) an ICD-9 

confirmed diagnosis of HF during the study period, and (2) adults above the age of 18. 

Inclusion criteria were selected based on parameters and results of previous studies. 

Exclusion criteria for the study were as follows, any cases with missing or incomplete 

health service use data.  Exclusion criteria were selected based on the notion that if 

included, they would have a significant negative impact on the study outcomes.     
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Sample Size           

 The sample size for the current study (N=1,714) was determined by the available 

data, however a power analysis was conducted to ensure appropriate power parameters. 

First, a reverse power analysis calculation was conducted using the set sample size to 

determine the ability of the study to detect a small effect size of 0.01. Then, a traditional 

power analysis was conducted using the G-Power 3.0 software (Faul et al., 2007) to 

confirm the sample size required for highly powered study results. Per the G-Power 

calculation, given a set alpha of 0.01, a power of 0.90, 30 predictors and a medium effect 

size of 0.33 a sample size of 158 was required. Given the known sample size of 1,714, 

the study had an adequate sample size to produce the desired effect.

 Effect Size           

 Effect size is defined as the strength and magnitude of the relationship among 

variables (Sullivan and Feinn, 2012). Cohen’s f2 is used as a measure of effect size when 

running a multiple logistic regression analysis. A large sample size will likely produce 

significant results, even if they are not clinically significant (Sullivan and Feinn, 2012). 

For the current study, an alpha of 0.01 was chosen to reduce the risk of committing a type 

I error and a power of 0.9 was chosen to reduce the risk of committing a type II error. In 

the current HF literature, effect sizes among factors of interest and health service use 

were reported as both Pearson r coefficients and odds ratios. Odds ratios (OR) are used in 

logistic regression outputs to represent the odds of an outcome occurring given the 

presence of a particular event (Szumilas, 2010). For example, in a study where a 

readmission risk score is predicted based on the presence of a given disease such as HF, 

an odds ratio result of 1.2 would indicate that persons with HF are 1.2 times more likely   
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to experience a readmission outcome than those without the condition. An odds ratio can 

be converted to an effect size by first using the formula 𝑑𝑑 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑅𝑅 × √3
𝜋𝜋

 to obtain a 

Cohen’s D, then the formula 𝑟𝑟 = 𝑑𝑑
√𝑑𝑑2+4

 to obtain the correlation coefficient (Borenstein et 

al., 2009). Finally, an effect size represented as Cohen’s f2 is then calculated as 𝑓𝑓2 =

 𝑟𝑟2

1−𝑟𝑟2
 where r2 represents the amount of variance explained by the variable, expressed as a 

percentage (Cohen, 1992). According to Cohen (1992), an effect size of 0.2 indicates a 

small effect, 0.3 indicates a medium effect and 0.5 indicates a large effect.  

Table 1. Effect Size Parameters for Variables in the Study 

 

  

Article Variables Effect Size (as r) 

Hamner and Ellison, 2005 Living status, length of 
hospital stay, insurance 

 
r=0.40 (p<0.05) 

 
Huyhn et al., 2017 

 
Living/married status 

 
r=0.72 (p<0.05) 

 Mean r=.55 

𝐹𝐹2 =  
𝑟𝑟2

1 − 𝑟𝑟2
 

Mean effect size 
f2=0.33 
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Table 2. Odds Ratio Conversion for Variables in the Study 

  

 The current study used a medium effect size of 0.3 based on the reported effect 

sizes in the literature. The mean effect size determination (Table 1) was based on studies 

that reported an r coefficient. The mean odds ratios were converted to an effect size and 

are reported by variable in Table 2.  

Article Variables Results as Odds 
Ratios 

Conversion 
to Cohen’s f 
Effect Size 

Eapen et al., 2015 Education level OR=0.94 
(p=0.002) f2=0.06 

Ponce et al., 2018 Hispanic Race OR=2.0 (p<.001) f2=0.3 

McLaren et al., 2015 
Two or more 

hospitalizations in 1 
year 

OR=2.93 
(p<0.0001) f2=0.65 

Bradford et al., 2017 Employment Status, 
Retired OR=2.3 (p=0.03) f2=0.4 

Bradford et al., 2017 Hospital LOS >5days OR=1.56 
(p=0.006) f2=0.18 

Chamberlin et al., 
2018 Insurance, Medicare OR=1.26 (p<0.01) f2=0.12 

Chamberlin et al., 
2018 Comorbidity, COPD OR=1.15 (p<0.01) f2=0.1 

1) 𝑑𝑑 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 × √3
𝜋𝜋

             2)    𝑟𝑟 = 𝑑𝑑
√𝑑𝑑2+4

                   3)   𝐹𝐹2 =

 𝑟𝑟2

1−𝑟𝑟2
 

 
Mean 

f2=0.25 
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Setting   

 The MEPS data were originally collected on diverse groups of families and 

individuals across the United States. Individuals were eligible for participation in the 

MEPS survey if they had recently (within one year) participated in the National Health 

Interview Survey (NHIS) under the National Center for Health Statistics. 

Measures          

 The MEPS demographic data were originally collected via self-report using a 

series of interviews and questionnaires. Physical functioning and mental health data were 

collected using previously tested and validated measures. To facilitate understanding of 

the study data, the measures used in the original data collection are presented by study 

concept below. 

 Predisposing Factors         

 Data on the predisposing factors of age, gender and race were collected through a 

series of surveys broken into two segments, A and B. Survey questions in section A 

determined the eligibility of each member of the family for participation in the survey. 

Survey questions in section B measured race, ethnicity, educational attainment, income 

and marital status.

 Age. For the current study, age was measured as the number of years reported in 

the data file, or birthdate subtracted by current year. Age was measured as continuous 

data starting from 18 years and 0 days.       

 Gender. Gender was measured as nominal dichotomous data and will be dummy 

coded as (0) male and (1) female.         

 Race. Race was measured as categorical data and coded as (1) white, (2) black,   
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(3) American Indian, (4) Asian/Pacific Islander (including Chinese), (5) Filipino or (6) 

Hispanic.

  Enabling Factors         

 Education. For the current study, education level was measured as categorical 

data and was coded as (1) high school only, (2) some college, (3) bachelor’s degree or (4) 

graduate degree.

 Marital Status. Marital status was measured as a categorical variable and coded 

as (1) married, (2) divorced, (3) widowed/er or (4) never married.    

 Employment. Original data on employment status were collected through a 

separate survey which included (a) questions about type of business or industry, firm 

size, how long the person has worked at each job, whether health insurance was offered, 

hours worked, and job titles or main duties, and (b) for those not currently working, 

questions about previous jobs and the reasons for not working (Medical Expenditure 

Panel Survey, 2008). For the current study, employment status was categorized as (1) 

unemployed, (2) employed, or (3) retired.  
 Income. Data on family income were originally collected through a series of 

questions that assessed information about the household member’s federal income tax 

filing status, specifically about itemized deductions for health insurance premiums, tax 

credits, wages, other private income sources, and public assistance income (Medical 

Expenditure Panel Survey, 2008). For the current study, income was considered 

categorical data and was coded as (1) $0-5000, (2) $5001 – $15,000, (3) $15,001 - 

$25,000, (4) $25,001-50,000, (5) $50,001- 100,000, (6) $100,001-1250,000 and (7) more 

than $250,000.   



73 
 

 

 Insurance. Data regarding individual and family insurance coverage were 

collected through a lengthy series of interviews and surveys and were supported by 

insurance company reports. Surveys collected information about (a) private health 

insurance obtained through an employer, direct purchase private insurance plans, and (b) 

public health insurance and identified the household members covered by health 

insurance, type of plan, name of each plan, nature of coverage under each plan, duration 

of coverage, and who pays various costs for the policy premiums (Medical Expenditure 

Panel Survey, 2008). Insurance surveys also took into consideration those who were 

uninsured as well as those who receive government support such as Medicare, Medicaid, 

and TRICARE plans. For the current study, insurance coverage was categorized as (1) 

uninsured, (2) private employer-sponsored, (3) Medicare and (4) Medicaid or (5) other.  

Perceived Need Factors         

 The data on the perceived need factors of comorbidity, physical functioning, 

mental health, smoking status and body mass index (BMI) were collected using the Self-

Administered Questionnaire (SAQ). The SAQ includes several measures that were 

previously tested and validated across populations, as described below. Data on smoking 

status and BMI were collected through a series of general questions within the original 

household surveys. 

 BMI. For the current study BMI was calculated as weight in kilograms divided by 

meters squared. BMI was measured as categorical data and coded as (1) below 18.5 for 

underweight, (2) 18.5-24.9 for average weight, (3) 25-29.9 overweight, and (4) above 30 

as obese.   
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 Smoking. For the current study smoking status was measured as dichotomous 

data where (0) non-smoker and (1) current smoker. 

 Physical Functioning. Physical functioning data were assessed using the Short-

Form 12 (SF-12) tool. The SF-12 is a twelve-item tool that was derived from the SF-36 

scale (Ware, Kosinski and Keller, 1996). The SF-12 is an assessment of an individual’s 

perceived ability to perform activities of daily living (ADL’s) and instrumental activities 

of daily living (IADL’s). The SF-12 produces an age-adjusted mean score from 0-100, 

where a mean score of 50 (SD=10) is used as the indicator for average physical health. 

Participants who score less than 50, would be in suboptimal physical health, while those 

who score greater than 50 would be considered in optimal/above average physical health.  

Initial validation studies produced strong concurrent validity with the original SF-36 

(r=0.90) and a high test-retest reliability (r=0.94). The tool has since been tested and 

validated across several populations including in diabetes, arthritis and heart failure, with 

all studies producing a Cronbach’s alpha > .8 (Ware, Kronske and Keller, 1996 & Failde 

et al., 2010 & Cheek-Zamora, 2009 & Wee, Davis and Hamel, 2008). For the current 

study, physical functioning was measured as categorical data and was determined by the 

group mean and standard deviation with the following groups: (1) below average physical 

functioning, (2) average physical functioning, and (3) above average physical 

functioning.

 Mental Health Status. Mental health data were assessed using the MCS 

component of the Short-Form 12 (SF-12) tool. Like the physical functioning component, 

participants who score less than 50 on the mental health component, would be in 

suboptimal mental health, while those who score greater than 50 would be considered in   
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optimal/above average mental health.  Initial validation studies produced strong 

concurrent validity with the original SF-36 (r=0.90) and a high test-retest reliability 

(r=0.94). The tool has since been tested and validated across several populations 

including in diabetes, arthritis and heart failure, with all studies producing a Cronbach’s 

alpha > .8 (Ware, Kronske and Keller, 1996 & Failde et al., 2010 & Cheek-Zamora, 2009 

& Wee, Davis and Hamel, 2008). For the current study, mental health status was 

measured as categorical data and was determined by the group mean and standard 

deviation with the following groups: (1) below average mental health, (2) average mental 

health, and (3) above average mental health.

 Comorbidity. In 2000, the MEPS database began collecting specific information 

on common chronic health conditions, those that are most frequently diagnosed and 

reported in the general population. The presence of comorbidity was originally 

determined through self-report. For the current study, the conditions such as asthma, 

hypertension, coronary heart disease, emphysema, arthritis, cancer, colon cancer, 

hyperlipidemia, liver disease, thyroid disease, dementia, osteoporosis, kidney disease, 

hypertension, diabetes, stroke and prior heart attack are considered priority conditions 

will be included as possible comorbidities. These priority conditions were established by 

the Canadian Community-Based Primary Healthcare Signature Initiative (CBPHSI), a 

team of researchers who conducted a scoping review to determine the most studied 

chronic conditions (Fortin, Almirall &Nicholson, 2017). The conditions were identified 

in the medical literature based on their (a) relevance to primary care, (2) impact on 

affected individuals, (3) prevalence among primary care clientele, and (4) frequency of 

presence in the literature (Fortin, Almirall and Nicholson, 2017).  For the current study, 
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data were first measured as dichotomous and coded as (0) condition not present and (1) 

condition present for each priority condition. Data were then measured as continuous data 

to incorporate the sum number of comorbid chronic health conditions.  

Environmental Factors         

 The MEPS data on the environmental factor of hospital LOS were collected 

through self-report for those who had experienced at least one hospitalization during the 

study period. For the current study, hospital LOS was measured as continuous interval 

data as the number of nights, starting from 0. Hospital LOS was only included as a factor 

in the 30-day readmission model. 

Health Service Use           

 Data regarding the outcome variables included in health service use were 

recorded as the number of emergency department visits, hospitalizations, and 30-day 

readmissions in a year. Original survey data included the health conditions requiring 

emergency department care, medical services provided, any surgical procedures 

performed, prescribed medicines, and the physicians and surgeons providing emergency 

department care (Medical Expenditure Panel Survey, 2008). Similarly, data on hospital 

stays include details on the length of stay, reasons or conditions requiring hospitalization, surgical 

procedures performed, medicines prescribed at discharge, and the physicians and surgeons 

providing hospital care (Medical Expenditure Panel Survey, 2008). For the current study health 

service use was measured as dichotomous data for each outcome and coded as follows; for 

emergency department visits (0) no visits to the emergency department and (1) one or more visits to 

the emergency department; for hospitalizations (0) no hospitalizations and (1) one or more 
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hospitalizations; and for 30-day readmissions (0) for no 30-day readmissions and (1) for one or 

more 30-day readmissions. 

Procedures            

 Data Collection and Management       

 The MEPS data are publicly available and can be downloaded from the database 

as needed. The sample for the current study (N=1,714) was be extracted from the MEPS 

database file repository and stored in a secure BOX-drive under the Case Western 

Reserve University platform. MEPS data are already de-identified to ensure human 

subjects protection. For analysis, data was moved from the BOX-drive to a secure file 

within the IBM SPSS v26 software program. Data were cleaned prior to analysis through 

descriptive and frequency statistics. Cleaning ensures that data are normally distributed 

through measures of central tendency, measures of dispersion, and measures of 

distribution. Measures of central tendency, including mean, median, and mode, are used 

to determine averages of variables within a dataset. Measures of dispersion, including 

standard deviation and range, are used to determine the spread of the data, and posit that 

99% of the data are within 3 standard deviations of the mean (Field, 2013). Measures of 

distribution, including skewness and kurtosis, are used to determine the symmetry and 

peaked value of the data, where a range of -3 to 3 will for skewness, and -20 to 20 for 

kurtosis will define normally distributed data. Data found to be non-normally distributed 

were log transformed to conform data to the assumptions of normality. Due to the large 

sample size powering the study, cases of data missing at random and cases with extreme 

outliers were removed from the sample to promote a complete and consistent sample.   
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Data Analysis            

 The data were analyzed with several logistic regressions. To assure consistency in 

the data, assumptions of logistic regression were tested. The primary assumptions of 

regression affect descriptive statistics and are as follows: (1) variables must vary, that is 

90% of the data do not fall in one category which was determined through data 

frequencies, (2) no outliers or extreme cases, which was confirmed by a Cook’s D value 

of <1 and (3) no multicollinearity among variables which was confirmed by a tolerance 

of <15. 

 The sample used in this study (N=1,714), were not only a subsample of the entire 

MEPS database, but also of the national HF population. For this reason, data were 

analyzed in SPSS using the complex samples feature. The complex samples feature is 

traditionally used in large survey data to account for a sampling style that is non-random. 

Data for the current study was obtained by cluster sampling from a larger population and 

includes only those persons with a HF diagnosis. Complex samples analyses ensure that 

correct weights are applied to variables within the sample because they are not occurring 

independently. This is because the data were obtained in five waves over a two-year 

period, and respondents are asked to give multiple responses during the study period. 

Further, each two-year period produces a different composition of a sample of persons 

with HF. In other words, the samples differ in composition and demographic features and 

therefore are not equal and should be weighted differently.  If run under traditional 

analysis assuming random sampling, standard errors would be falsely deflated, and the 

results would not be valid. The complex samples feature in SPSS was activated prior to 

analysis to ensure appropriate weights are applied to the subsample, ensuring valid   
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results. Plans for data analysis are discussed systematically and guided by the following 

research questions below.  

 RQ1a: What is the strength of the relationship among the predisposing (age, 

gender, race), enabling (income, employment, education, marital status, insurance status), 

perceived need (comorbidity, BMI, physical function, mental health, smoking status), and 

environmental factors (hospital LOS), and emergency department use in persons with 

heart failure? To answer this research question, a logistic regression approach was used. 

Logistic regression is used to determine the strength of the relationship between an 

independent predictor variable (IPV) and dichotomous dependent outcome variable 

(DOV). A separate regression was run for each variable in the study model, including 

each of the nineteen priority conditions, totaling 31 regressions. Of note, hospital LOS 

was included as a factor for 30-day readmission, due to the predisposing need for 

individuals to have experienced a hospitalization to experience a 30-day readmission.  

Results were interpreted using SPSS outputs as odds ratios and 95% confidence intervals, 

and factors will be presented sequentially from most to least predictive. 

 RQ1b: What is the strength of the relationship between the predisposing (age, 

gender, race), enabling (income, employment, education, marital status, insurance status), 

perceived need (comorbidity, BMI, physical function, mental health, smoking status), 

environmental factors (hospital LOS), and hospitalizations in persons with heart failure? 

This question was answered using the same statistical analysis as in RQ1a, with a logistic 

regression and interpreted with odds ratios and 95% confidence intervals.    

 RQ1c: What is the strength of the relationship between the predisposing (age, 

gender, race), enabling (income, employment, education, marital status, insurance status),   
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perceived need (comorbidity, BMI, physical function, mental health, smoking status), 

environmental factors (hospital LOS), and 30-day readmissions in persons with heart 

failure? This question was answered in the same manner as RQ1a-b, with a logistic 

regression and interpreted with odds ratios and 95% confidence intervals.  Hospital LOS 

was included as a factor.

 Exploratory RQ2a: Using the significant factors identified in RQ1 to build a 

model, how accurate is the model at predicting emergency department visits in persons 

with HF? To answer this question, a multivariate regression was used to build a model in 

SPSS v26 with the add-on Modeling package. To improve rigor of the study, the data 

were split using a testing holdout method, where 80% of the data (N=1,375) were used to 

build the model, and the remaining 20% (N=340) were used to test the model’s predictive 

ability. The significant factors were simultaneously added to the regression. The 

effectiveness of the model was determined through the area under the curve (AUC) 

statistic, as well as the positive and negative predictive values and sensitivity and 

specificity. The AUC statistic is frequently used in the literature to gauge the ability of 

the model to correctly predict those who will use health services. For reference, an AUC 

statistic of 0.5 indicates a model that has no more than random chance for correctly 

predicting an outcome, while an AUC of 1.0 could correctly predict an outcome 100% of 

the time. The average AUC static across the current HF literature was roughly 0.7, 

indicating a modest predictive ability. Positive Predictive Value (PPV) is a representation 

of a predictive model’s ability to accurately categorize individuals who are truly at risk 

for experiencing the outcome. In other words, PPV of a model is a representation of true 

positives in the sample. PPV is determined through the formula 𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑎𝑎
𝑎𝑎+𝑏𝑏

 (100) and is   
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reported as a percentage where a PPV of 1.0 would indicate a model that correctly 

predicts an outcome 100% of the time (Trevethan, 2017).  

 Exploratory RQ2b: Using the significant factors identified in RQ1 to build a 

model, how accurate is the model at predicting hospitalizations in persons with HF? This 

question was answered in a similar manner to RQ2a and was analyzed using multivariate 

regression to develop and test a model.  

 Exploratory RQ2c: Using the significant factors identified in RQ1 to build a 

model, how accurate is the model at predicting 30-day readmissions in persons with HF? 

This question was answered in a similar manner to RQ2a-b and used multivariate 

regression to develop and test a model. Hospital LOS was included in this model.  

 RQ3:  What is the likelihood that a person with HF will experience a 

hospitalization or emergency department visit and how long on average did it take for a 

participant to experience a hospitalization or emergency department use after enrollment 

in the study? To answer this question, a time-to-event survival analysis using a Cox 

hazard regression (Cox, 1972) was utilized. Survival analysis focuses on the time 

between two events, specifically, the likelihood that the outcome event will occur in a 

proposed timeframe (Wright, 2000). The Cox hazards analysis is a set of regressions used 

to assess survival based on predictive covariates (Kraisangka and Druzdzel, 2018) and an 

outcome event. The survival analysis is typically described through a hazards ratio, often 

denoted as h(t), and is the estimated risk that an individual under observation experiences 

the outcome of interest (Clark et al., 2003). The Cox regression model is a 

semiparametric approach which assumes (1) that hazard functions are proportional for all 

levels of time (Gillespie, 2006), meaning that between any set of observations at a given   
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time the hazard risk will remain consistent and (2) that covariates in the model are linear 

and not time dependent (Schober and Vetter, 2018). Further, it has been estimated that 

each covariate should experience ten occurrences to produce a non-biased hazard ratio 

(Peduzzi et al., 1995) In longitudinal studies of time-to-event occurrences, subjects often 

do not experience the outcome event during the duration of the study. Cox hazards 

models are unique in that they consider both those who experience the event, and those 

who do not (Wright, 2000). To achieve an accurate time-to-event estimation, Cox hazards 

data are often censored. Right censoring occurs when the participant does not experience 

the outcome event during the study period (Wright, 2000), and therefore it is only known 

that their time-to-event was longer than the study. Left censoring occurs either when a 

participant’s entry is not known, or the outcome event occurred prior to the start of the 

study (Wright, 2000). The survival analysis model uses the parameters of right censored 

data to estimate the time-to-event risk for those individuals who did not experience the 

event during the study period. The hazard risk ratio is measured on a scale where a score 

greater than 1 indicates greater risk, and a score less than 1 indicates less risk (George, 

Seals and Aban, 2014) of experiencing the outcome event. For the current study, the 

outcome event was either a hospitalization or emergency department visit during the two-

year study period. Results are presented as hazards ratios within a 95% confidence 

interval, as well as graphically in a Kaplan-Meier curve (Kaplan and Meier, 1958). 

  Human Subjects Protection        

  Ensuring human subjects protection is an essential component of 

conducting ethical and fair research. The three principals of human subject’s protection 

are determined by the Belmont Report (1979) and are respect for persons, beneficence   
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and justice. Respect for persons maintains that individuals should be treated as 

autonomous, and those with limited autonomy should be protected (U.S. Department of 

Health and Human Services, 1987). Beneficence is defined as the ethical treatment of 

peoples and is guided by the principles of (a) do no harm and (b) maximize benefits to 

the individual (U.S. Department of Health and Human Services, 1987). Justice is 

concerned with the equitable distribution of resources and benefits, as determined by 

individual need, merit, contribution, and effort (U.S. Department of Health and Human 

Services, 1987). Though the current study is being conducted as a secondary analysis of a 

large de-identified dataset, the researcher will maintain these components of ethical 

research. During the original MEPS data collection participants were instructed on the 

components of the survey and were asked to sign an informed consent. The MEPS 

informed consent included: statements about the research, an explanation of the research 

purpose, a description of the procedures, risks and benefits, the voluntary nature of 

participation, a statement about compensation, disclosure of participant confidentiality 

and contact information. Participants were informed of the provisions of data 

confidentiality under sections 944(c) and 308(d) of the Public Health Service Act [42 

U.S.C. 299c-3(c) and 42 U.S.C. 242m(d) (MEPS, 2008). Participants also received a $50 

gift card for each completed survey section. Though data are de-identified, it was the 

responsibility of the researcher to ensure that files were stored properly, analysis was 

conducted appropriately, and results were correctly disseminated to ensure respect for 

persons involved in the study.      

Study Timeline          

 The timeline for the current study (Figure 5) is displayed below. The study   
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timeline included an IRB submission in the summer of 2020, followed by data extraction, 

cleaning and coding over a period of approximately four months. Data analysis took 

place in the fall of 2020 using the SPSS v26 software program. Once analysis was 

completed the results and discussion were composed in the spring of 2021. Once 

completed, the final dissertation will be submitted to the review board at Case Western 

Reserve University and the study will close on, or before, June 30, 2021. 

 

                  Figure 5 – Study Timeline  
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Results  
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 The purpose of the study was to (1) identify the strength of the relationship among 

the predisposing, enabling, perceived need, and environmental predictors and outcomes 

of health service use; including hospitalization, 30-day readmission and emergency 

department use in persons with HF, (2) build a model to predict health service use in the 

HF population, and (3) determine the time to event and likelihood of health service use 

for persons with HF. 

 Prior to analysis, data were cleaned and coded in SPSS v26. Frequencies were run 

prior to analysis to ensure all assumptions of regression were met. Parameters of 

skewness (-3, 3) and kurtosis (-20, 20) were met by nearly all variables. Most of the data 

were normally distributed, however there were four comorbidity variables which violated 

the assumptions of skewness and kurtosis due to unequal distribution of data. These 

include the presence of liver disease, kidney disease, obesity, and stroke at baseline. Due 

to its insignificance in other HF related health service use studies, the variable of liver 

disease was omitted from the analysis. Additionally, the variable of obesity at baseline 

was repeatedly measured in the current study as the variable BMI, and therefore was not 

included in analysis. However, the presence of kidney disease and stroke have been 

found to be significant predictors of health service use in previous HF studies, and for 

this reason, were included in analysis despite slight violations in skewness. To counteract 

the unequal distribution of data and due to the complex multi-stage sampling design and 

longitudinal nature of the Medical Expenditure Panel Survey (MEPS), the complex 

samples analysis tool in SPSS was used to ensure accurate estimation of the standard 

errors and statistical tests based on appropriate weights within the sample. For analysis,   
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the independent predictor variables were compared individually to each outcome variable 

of health service use.

 The sub-sample for the current study (n=1714) was derived from the larger 

national MEPS database (N=148,747). All subjects in the sub-sample were identified as 

having heart failure at the time of data collection. Though not utilized for data analysis, it 

is interesting to note the geographic distribution of the original MEPS HF sub-sample; 14 

percent (n=241) of the sample was from the Northeastern part of the United States, 25 

percent (n=433) from the Midwest, 44 percent (n=759) from the southern United States, 

and 16 percent (n=281) from the western United States. Descriptive statistics related to 

the independent predictor variables and dependent outcome variables of the sample are 

displayed in Table 3.

 Predisposing factors. Participants in the sample ranged in age from 21-85 years 

(M=66.5). Much of the sample was Caucasian (n=1058, 61.7%), with an equal 

distribution of female (n=967, 56.4%) and male (n=747, 43.6%) participants.

 Enabling factors. Nearly half of the sample reported being married (n=764, 

44.5%) at the time of enrollment. Almost a third of participants had completed at least a 

high school education (n=475, 31.6%), were retired (n=532, 31%), making between 

$10000 and $50000 (N=676, 39.4%) per year, and had some form of public medical 

insurance (Medicare 33.3%, Medicaid 20.5%) at the time of enrollment. 

 Perceived need factors. Much of the sample included individuals who were not 

current smokers (n=1306, 76.2%), did not have a self-reported cognitive impairment 

(n=1311, 76.4%). More than half of the sample (n=893, 52%) reported being obese at the 

time of enrollment. Of note, categorizations of BMI within the sample were guided by the 
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Centers for Disease Control recommendations where a BMI of <18.5% indicate 

underweight, 18.6-24.5% indicated normal weight, 25-29.9% indicates overweight, and 

>30% indicates obese (CDC, 2020). Subject’s physical functioning and mental health 

were assessed using the Short-Form 12 (SF-12) questionnaire. The SF-12 questionnaire is 

comprised of two sections including a physical component (PCS) and a mental 

component (MCS). Possible scores on the SF-12 range from 0-100 with an average 

national mean score of 50, indicating average physical functioning and/or mental health. 

Among the study sample, mean scores for both the physical and mental components were 

significantly lower than the national average. Among the study sample, scores on the 

physical component ranged from 6-65 (M=33.01) and on the mental component ranged 

from 14-77 (M=47.07). Regarding the presence of comorbidity among the sample, 

analysis was conducted both by number and type of comorbidity. Nearly half of the 

sample (n=774, 45%) reported having between 4 and 6 comorbidities in addition to their 

HF diagnosis. Common comorbidities in the sample (i.e., those with more than 20% of 

the sample affected) included hyperlipidemia (n=876, 51.5%), hypertension (n=1228, 

71.6%), arthritis (n=371 (21.6%), asthma/COPD (n=433, 25. %), cardiovascular disease 

(n=398, 23.2%), and diabetes (n=704, 41%).

 Environmental Factors.   Hospital LOS was utilized as an independent predictor 

for only the outcome of 30-day hospital readmission based on the premise of a previous 

hospitalization being required for a readmission. For those who experienced a 

hospitalization during the study period (n=691), hospital LOS ranged from 1-173 nights 

(M=4.4), with the most common duration being between 2 and 6 days (16%).
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 Outcome Variables.  Forty percent (n=691) of the sample experienced a 

hospitalization during the study period, and of these nearly one-third experienced a 30-

day hospital readmission (n=203, 29%). Similarly, forty-one percent of the sample 

(n=713) experienced at least one emergency department visit during the study period. 
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Table 3 - Descriptive Statistics of Variables in Study (N=1714) 

Main Variable N % Range/Mean Skewness Kurtosis 

Predisposing Factors      

Age      

>65 (0) 726 42.3 21-85 
(M=66.5) .31 -1.91 

<65 (1) 988 57.6 

Gender      

Male (0) 747 43.6  
-0.26 -1.94 

Female (1) 967 56.4  

Race      

Asian/Pacific Islander (1) 92 5.4  

 
 

 

African American (2) 440 25.7  

Hispanic (3) 124 7.2  

White (4) 1058 61.7  

Enabling Factors      

Education      

<8th grade (1) 221 14.7  

  < High School (2) 277 18.4  

Graduate degree (3) 77 5.1  
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Main Variable N % Range/Mean Skewness Kurtosis 

Bachelor’s degree (4) 118 7.8  
  

High School/GED (5) 475 31.6  

Employment      

Not working d/t disability (1) 480 28  

  
Retired (2) 532 31  

Unemployed (3) 401 23.4  

Employed (4) 298 17.4  

Marital Status      

Never Married (1) 158 9.2  

  
Widowed/er (2) 449 26.2  

Divorced (3) 343 20  

Married (4) 764 44.5  

Insurance      

Private (1) 612 35.7  

  

Tricare (2) 53 3.1  

Uninsured (3) 122 7.1  

Medicaid (4) 352 20.5  

Medicare (5) 571 33.3  
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Main Variable N % Range/Mean Skewness Kurtosis 

Family Income      

$0 (1) 530 30.9  

  

<$10000 (2) 139  8.1  

$10000-$50000 (3) 676 39.4  

>100000 (4) 118 6.9  

$50000-$100000 (5) 215 14.6  

Perceived Need Factors      

Comorbidity      

More than 7 comorbidities 
(1) 196 11.4  

  4-6 comorbidities (2) 774 45.1  

2-3 comorbidities (3) 570 33.2  

0-1 comorbidities (4) 174 10.1  

Hyperlipidemia       

No (0) 838 48.9 
 -0.04 -2.0 

Yes (1) 876 51.5 

Hypertension      

No (0) 486 28.3  
-0.96 -1.08 

Yes (1) 1228 71.6  
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Main Variable N % Range/Mean Skewness Kurtosis 

Depression      

No (0) 1493 87.1  
2.21 2.92 

Yes (1) 221 12.9  

Musculoskeletal Disorder      

No (0) 1359 79.2  
1.45 0.9 

Yes (1) 355 20.7  

Arthritis      

No (0) 1343 78.3  
1.38 -0.1 

Yes (1) 371 21.6  

Osteoporosis      

No (0) 1636 95.4  
4.67 17.08 

Yes (1) 78 4.5  

Asthma/COPD      

No (0) 1281 74.7  
1.14 -0.7 

Yes (1) 433 25.2  

Cardiovascular Disease      

No (0) 1316 76.8  
1.27 -0.39 

Yes (1) 398 23.2  
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Main Variable N % Range/Mean Skewness Kurtosis 

Stroke      

No (0) 1677 97.8  
6.59 41.47 

Yes (1) 37 2.2  

Stomach/GI      

No (0) 1472 85.8  
2.06 2.26 

Yes (1) 242 14.1  

Colon Cancer      

No (0) 1633 95.2  
4.27 16.26 

Yes (1) 81 4.7  

Diabetes      

No (0) 1010 58.9  
0.36 -1.87 

Yes (1) 704 41  

Thyroid Disease      

No (0) 1466 85.5  
2.02 2.09 

Yes (1) 248 14.5  

Cancer (any)      

No (0) 1476 86.1  
2.09 2.37 

Yes (1) 238 13.9  
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Main Variable N % Range/Mean Skewness Kurtosis 

Kidney Disease      

No (0) 1697 99  
9.9 96.12 

Yes (1) 17 1  

Urinary/Renal Disease      

No (0) 1534 89.4  
2.66 4.66 

Yes (1) 180 10.5  

Dementia      

No (0) 1678 97.8  
6.6 42.76 

Yes (1) 36 2.1  

Physical Functioning (SF-12/PCS)      

25%ile (1) (M=23.79) 430 25.1 0-100 
(M=33.01) 

 
  50%ile (2) (M=31.72) 856 49.9 

75%ile (3) (M=41.46) 429 25.0 

Mental Functioning (SF-12/MCS)      

25%ile (1) (M=39.2) 429 25.0 
0-100 

(M=47.07)   50%ile (2) (M=48.2) 857 50.0 

75%ile (3) (M=56.59) 429 25.0 
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Main Variable N % Range/Mean Skewness Kurtosis 

Cognitive Impairment      

No (0) 1311 76.4    

Yes (1) 398 23.2    

Body Mass Index (BMI)      

Underweight <18% (1) 35 2.0 

9-106 
(M=31.1)   

Overweight >25% (2) 428 25.0 

Obese >30% (3) 893 52.1 

Normal weight <24.9% (4) 359 20.9 

Smoking Status      

Non-smoker (1) 1306 76.2  
1.84 1.4 

Current smoker (2) 251 14.6  

Environmental Factors      

Hospital Length of Stay (N=691)      

>30 days (1) 50 7.5 
0-173 (M=4.4)   

1 day (2) 65 9.7 

2-6 days (3) 272 40.8 

   
7-13 days (4) 172 25.8 

14-20 days (5) 66 9.9 

21-29 days (6) 42 63 
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Note: Mean/range only shown for continuous variables, skewness and kurtosis only shown for dichotomous variables.

Main Variable N % Range/Mean Skewness Kurtosis 

Outcome Variables      

Hospitalization in 12 months      

No (0) 1023 59.7 
0-10 (M=0.73) 0.4 -1.85 

Yes (1) 691 40.3 

30-Day Readmission (N=691)      

No (0) 488 70.6  
0.4 -1.85 

Yes (1) 203 29.4  

Emergency Department Visit in 12 
months      

No (0) 1001 58.4 
 0-11 (M=0.73) 0.34 -1.89 

Yes (1) 713 41.6 
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Results of the Analysis of the Research Questions

              Research Question 1a-c. What are the strengths of the relationships among the 

predisposing (age, gender, race), enabling (income, education, employment, marital 

status, insurance status), perceived need (comorbidities, BMI, physical functioning, 

mental health, smoking status), and environmental factors (hospital LOS) and: 

  RQ1a: hospitalizations in persons with HF? 

  RQ1b: 30-day hospital readmissions in persons with HF?  

  RQ1c: emergency department use in persons with HF? Dependent 

outcome variables for the study were dichotomized as either (0) did not experience or (1) 

did experience. Results of the logistic regressions (Table 4) are presented by outcome 

variable and reported as odds ratios, 95% confidence intervals, and significance (OR, 

95%CI, p). For the purposes of the study, only variables with significant p-values were 

reported in this section, as they were used to build the model for research question 2.  

 Hospitalization. Forty percent of the sample (n=691) experienced a 

hospitalization within the first 12 months of enrollment in the study. Significant 

predictors of hospitalization included age, education, baseline comorbidity, SF-12/PCS 

score, and BMI. Of the predisposing factors, only age, specifically those over the age of 

65, was a significant predictor of a hospitalization for persons with HF (OR=1.37, 

95%CI=1.01-1.88, p<0.05). When compared with individuals under 65, persons over the 

age of 65 were 1.37 times more likely to experience a hospitalization. When compared to 

individuals who completed high school/GED, those with a graduate degree were less 

likely (OR=0.48, 95%CI=0.29-0.80, p<0.005) to experience a hospitalization in the first  
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12 months of the study. While the number of comorbidities present at baseline was not 

significant, the presence of specific baseline comorbidities was identified as a significant 

predictor of hospitalization including asthma/COPD (OR=1.26, 95% CI=1.01-1.57, 

p<0.04), cardiovascular disease (OR=1.50, 95% CI=1.18-1.89, p<0.001), and the most 

significant predictor was kidney disease (OR=3.6, 95% CI=1.13-11.44, p<0.03). When 

compared to those scoring in the 75th percentile on the SF-12/PCS component, 

individuals who scored in the 25th (OR=1.71, 95% CI=1.25-2.35, p<0.001) and 50th 

percentile (OR=1.75, 95% CI=1.33-2.31, p<0.001) were at least 1.7 times more likely to 

experience a hospitalization. Finally, regarding BMI, when compared to those who were 

of normal weight, those who were obese (BMI > 30%) were less likely to experience a 

hospitalization (OR=0.77, 95% CI=0.50-0.98, p<0.03). The environmental factor of 

hospital LOS was not used as an independent predictor for the hospitalization outcome. 

Non-significant predictors of hospitalization include gender, race, marital status, smoking 

status, insurance, income, employment, mental functioning, cognitive impairment, 

number of comorbidities, and the presence of baseline hypertension, musculoskeletal 

disorder, arthritis, stroke, stomach/GI disorder, colon cancer, diabetes, thyroid disease, 

cancer(any), osteoporosis, dementia. 30-Day Hospital Readmission. The variable of 30-

day hospital readmission was of great importance to the study, as approximately twenty 

percent of persons with HF nationally are readmitted to the hospital within 30-days of 

discharge (Keenan et al., 2008). For this study, only persons who experienced a 

hospitalization within the first 12 months (n=691) were used as part of the sample for this 

outcome. Of this subgroup that was hospitalized at least once, 29.3% (n=203) 

experienced an unplanned 30-day hospital  
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readmission. Significant predictors of a 30-day hospital readmission in persons with HF 

included Asian race, more than seven comorbidities, underweight BMI, divorced marital 

status, low family income, and hospital LOS. Of note, the 30-day hospital readmission 

outcome was the only outcome that included race and family income as significant 

predictors. When compared with Caucasians, individuals who reported being 

Asian/Pacific Islander (OR=3.59, 95% CI=1.60-8.08, p<0.002) were 3.59 times more 

likely to experience a 30-day readmission. Pertaining to the perceived need factor of 

BMI, when compared to those of normal weight, individuals who were underweight were 

less likely (OR=0.30, 95% CI=0.13-0.70, p<0.006) to experience a 30-day readmission. 

Families who reported incomes between $10000-$50000 (OR=1.89, 95% CI=1.11-3.25, 

p<0.02) and those who reported $0 per year (OR=1.89, 95% CI=1.08-3.32, p<0.03) were 

more likely to experience a 30-day readmission than those who reported between 

$50000-$100000 per year. Individuals who reported being divorced (OR=1.58, 95% 

CI=1.04-2.41, p<0.03) at baseline were more likely than married individuals to 

experience a 30-day readmission. The number of baseline comorbidities rather than the 

presence of specific comorbidities, was found to be a significant predictor of 30-day 

readmission. When compared to individuals who reported having only one comorbidity at 

baseline, those who reported seven or more comorbidities (OR=3.98, 95% CI=1.85-8.55, 

p>0.001) were 3.98 times more likely to experience an unplanned 30-day readmission. 

The environmental factor of hospital LOS was added to the regression model for the 30-

day readmission outcome. Individuals who were hospitalized for more than two weeks 

(OR=3.93, 95% CI=2.11-7.34, p<0.000), more than three weeks (OR=5.2, 95% CI=2.55-

10.62, p<0.000) and more than one month (OR=2.27, 95% CI=1.17-4.42, p<0.02) were  
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more likely to experience an unplanned 30-day readmission than persons hospitalized for 

less than one day. However, those hospitalized for less than one week (OR=0.36, 95% 

CI=0.21-0.61, p<0.000) were less likely to experience a 30-day readmission. Variables 

that were non-significant include gender, age, smoking status, insurance, employment, 

education, physical functioning, mental functioning, cognitive impairment, and the 

presence of all specific baseline conditions. Emergency Department Use. The outcome 

variable of interest was emergency department visits within a 12-month period. This 

outcome is important as there is little research related to predictors of emergency 

department visits in persons with HF. Forty-one percent (n=713) of the study sample 

experienced an emergency department visit within the first 12 months of the study. There 

was a great deal of overlap in the significant predictors of hospitalization and emergency 

department visits in persons with HF. Significant predictors included age, education, type 

of comorbidity, SF-12 scores, BMI, and insurance. When compared to those younger 

than 65, individuals who were older than 65 were 1.3 times more likely (OR=1.34, 95% 

CI=1.01-1.78, p<0.04) to visit the emergency department within the first 12 months of 

enrollment in the study. When compared to those who were married, individuals who 

were never married (OR=1.75, 95% CI=1.13-2.67, p<0.01) were 1.75 times more likely 

to visit the emergency department. When compared to individuals with Medicare, those 

who had Medicaid at baseline (OR=1.49, 95% CI=1.12-1.98, p<0.006) were 1.5 times 

more likely to visit the emergency department. Like the model for hospitalizations, 

individuals who had a graduate degree (OR=0.60, 95% CI=0.40-0.91, p<0.02) were less 

likely than individuals with a high-school diploma to visit the emergency department. 

While the number of baseline comorbidities were not found to be significant, several 
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specific baseline comorbidities were found to be individually significant predictors of 

emergency department use. These include depression (OR=1.64, 95% CI=1.09-1.88, 

p<0.01), asthma/COPD (OR=1.51, 95% CI=1.22-1.89, p<0.001), osteoporosis (OR=1.69, 

95% CI=1.09-2.63, p<0.02) and cardiovascular disease (OR=1.31, 95% CI=1.01-1.68, 

p<0.05). Compared to those who scored in the 75th percentile, persons who scored in the 

25th (OR=1.68, 95% CI=1.21-2.33, p<0.002) and 50th percentile (OR=1.60, 95% 

CI=1.22-2.08, p<0.001) on the physical functioning component of the SF-12 were at least 

1.6 times more likely to visit the emergency department. Individuals who reported being 

current smokers (OR=1.52, 95% CI=1.15-20.2, p<0.004) were 1.5 times more likely to 

use the emergency department. Finally, regarding BMI, when compared to those with 

normal weight, individuals who were obese (OR=0.71, 95% CI=0.54-0.93, p<0.01) were 

less likely to use the emergency department. The non-significant predictors of emergency 

department include gender, race, income, employment, mental functioning, cognitive 

impairment, number of comorbidities, and the presence of baseline hypertension, 

musculoskeletal disorder, arthritis, stroke, stomach/GI disorder, colon cancer, diabetes, 

thyroid disease, cancer(any), kidney disease, dementia.  
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Note: Only significant predictors of hospitalizations are included in the table. Non-significant predictors include gender, race, 
marital status, smoking status, insurance, income, employment, mental functioning, cognitive impairment, number of 
comorbidities, hypertension, musculoskeletal disorder, arthritis, stroke, stomach/GI disorder, colon cancer, diabetes, thyroid 
disease, cancer(any), osteoporosis, dementia.  

Table 4 - Significant Independent Predictors by Outcome Variable – Logistic Regression Results 

Main Variable OR 95%CI p 

Hospitalization    

Age    

>65 (reference group: <65) 1.37 1.01-1.88 0.05 

Education    

Graduate degree (reference group: high school) 0.48 0.29-0.80 0.005 

Comorbidity     

Asthma/COPD (reference group: no disease) 1.26 1.01-1.57 0.04 

CVD (reference group: no disease) 1.50 1.18-1.89 <0.001 

Kidney Disease (reference group: no disease) 3.60 1.13-11.44 0.03 

Physical Functioning (SF-12/PCS)     

25%ile (M=23.79) (reference group: 75th%ile) 1.71 1.25-2.35 
<0.001 

50%ile (M=31.72) (reference group: 75th%ile) 1.75 1.33-2.31 

Body Mass Index (BMI)     

Obese (reference group: normal weight) 0.77 0.60-0.98 0.04 
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Note: Only significant predictors of  30-day hospital readmissions are included in the table. Non-significant predictors include 
gender, age, smoking status, insurance, employment, education, physical functioning, mental functioning, cognitive 
impairment, and all specific baseline diseases.  

Main Variable OR 95%CI p 
30-Day Hospital Readmission    
Race    

Asian/Pacific Islander (reference group: 
Caucasian) 3.59 1.60-8.08 0.002 

Comorbidity    
>7 comorbidities (reference group: ≤1 
comorbidity) 3.98 1.85-8.55 <0.001 

Body Mass Index (BMI)    

Underweight (reference group: normal weight) 0.30 0.13-0.70 0.006 

Marital Status    

Divorced (reference group: married) 1.58 1.04-2.41 0.03 

Income    

$0 (reference group: $50000-$100000) 1.89 1.08-3.32 0.03 
$10000-$50000 (reference group: $50000-
$100000) 1.89 1.11-3.25 0.02 

Hospital LOS    

> 1 month (reference group: ≤ 1 day) 2.27 1.17-4.42 <0.000 

< 1 week (reference group: ≤ 1 day) 0.36 0.21-0.61 <0.000 

> 2 weeks (reference group: ≤ 1 day) 3.93 2.11-7.34 <0.000 

>3 weeks (reference group: ≤ 1 day) 5.2 2.55-10.62 <0.000 
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Note: Only significant predictors of emergency department visits are included in the table. Non-significant predictors include                    
gender, race, income, employment, mental functioning, cognitive impairment, number of comorbidities, hypertension, 
musculoskeletal disorder, arthritis, stroke, stomach/GI disorder, colon cancer, diabetes, thyroid disease, cancer(any), kidney, 
disease, dementia.  

Main Variable OR 95%CI p 
Emergency Department Visit    
Age    

>65 (reference group: <65) 1.34 1.01-1.78 0.04 
Smoking Status    

Current smoker (reference group: non-
smoker) 1.52 1.15-2.02 0.004 

Insurance    
Medicaid (reference group: Medicaid) 1.49 1.12-1.98 0.006 

Education    
Bachelor’s degree (reference group: high 
school) 0.60 0.40-0.91 0.02 

Marital Status    
Never Married (reference group: married) 1.74 1.13-2.67 0.01 

Comorbidity    
Depression (reference group: no disease)  1.43 1.09-1.88 0.01 
CVD (reference group: no disease) 1.31 1.01-1.68 0.05 
Asthma/COPD (reference group: no 
disease) 1.52 1.22-1.89 <0.001 

Osteoporosis (reference group: no disease) 1.69 1.09-2.63 0.02 
Physical Functioning (SF-12)    

25%ile (refence group: 75th%ile) 1.68 1.21-2.33 0.002 
50%ile (refence group: 75th%ile) 1.60 1.22-2.08 0.001 

BMI    
Obese (reference group: normal weight) 0.71 0.54-0.93 0.01 
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Exploratory Research Question 2a-c. Using the significant predictors from RQ1, how 

accurate is a model at predicting: 

  RQ2a: Hospitalizations in persons with HF? 

  RQ2b: 30-Day Readmissions in persons with HF?  

  RQ2c: Emergency Department visits in persons with HF? 

 SPSS Modeler v18 was used to create a predictive model for each outcome 

variable in research questions 2a-c. The SPSS Modeler package is an addition to the 

original SPSS software program. To complete the model setup, each outcome variable 

was identified as a “target” variable, while each predictor variable was identified as an 

“input” variable. The data sample (N=1714) was split into an 80% (n=1371) training and 

20% (n=343) testing group for each model. The larger 80% of the sample was used to 

“train” or create a model, while the remaining 20% of the sample was used to test the 

accuracy of the model that was developed. SPSS modeler uses an auto-classifier model 

design, whereby the system can run the given data through up to fifteen varying types of 

machine learning modeling processes to arrive at a best fit. For the purposes of this study, 

only four of the most used models in the current HF literature were applied to the data for 

analysis. These models include logistic regression, Random Forest, Bayesian, and Neural 

Networks. Examples of studies that use applications of these machine learning models 

can be found in Chapter 2. Outcomes for each model are displayed in Tables 5-7 below.  

Results for each model’s fit and effectiveness include the AUC statistic and model 

accuracy, sensitivity and specificity, positive and negative predictive value, as well as a 

list of the most significant predictors within the model represented by percent variance   



107 
 

 

 

(r2). Definitions and formulas for the given comparison statistics are presented below in 

Table 5.  

Table 5 – Definitions and Formulas for Machine Learning Model Comparisons 

   

 
Definition 

 
Formula 

 

Area Under 
the Curve 

(AUC) 

The ability of a classifier to 
correctly distinguish and properly 

place positive and negative cases on 
a curve within a data set. 

 

 
AUC of 0.0 = model cannot 

correctly classify cases 
AUC of 0.5 = model is not better 

than random chance 
AUC of 1.0 = model can 

correctly classify cases 100% 
 

Accuracy 
The proportion of true positives and 
true negatives in the given data set. 

 

Correct Predictions / Total 
Predictions 

Sensitivity 

The ability of a test to correctly 
classify an individual with a 

condition/outcome based on a gold-
standard referent test. 

 

True Positive / (True Positive + 
False Negative) 

Specificity 

The ability of a test to correctly 
classify an individual without a 

condition/outcome based on a gold-
standard referent test. 

 

True Negative / (True Negative 
+ False Positive) 

Positive 
Predictive 

Value 
(PPV) 

The probability an individual will 
have the condition when the test is 

positive as compared to other 
individuals being assessed in a 

population. 
 

True Positive / (True Positive + 
False Positive) 

Negative 
Predictive 

Value 
(NPV) 

The probability an individual will 
not have the condition when the test 

is negative as compared to other 
individuals being assessed in a 

population. 
 

True Negative / (True Negative 
+ False Negative) 
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 Hospitalizations. The average AUC statistic for the four machine learning 

models predicting hospitalizations was 0.58, indicating the model performed a slightly 

better than random chance at correctly predicting hospitalizations in individuals with HF. 

Among the four models, level of education accounted for at least 20% of the variance 

within each of the models. In the analysis of machine learning models for the prediction 

of hospitalizations in persons with HF, the top performing model was a Random Forest 

approach (AUC 0.592) and influential predictors by percent variance explained include 

level of education (0.50), asthma/COPD at baseline (0.24), score on the SF-12/PCS 

(0.14), and cardiovascular disease at baseline (0.11).  Though the AUC was just above 

average, the model was only able to correctly classify those who actually experienced a 

hospitalization a third of the time.

  30-Day Hospital Readmissions.  The machine learning analysis of 30-day 

hospital readmissions produced the strongest predictive ability for any health service use 

model, with the average AUC statistic of 0.78 between the models. Hospital LOS was the 

number one influential predictor across all models, with some models assigning nearly 

26% of the variance to the LOS variable. The top performing model for 30-day hospital 

readmissions was the Bayesian approach (AUC 0.747). The most influential predictors of 

30-day readmissions in this model by percent variance explained include insurance 

(0.21), BMI (0.17), race (0.16), marital status (0.13), hospital LOS (0.13) and number of 

comorbid conditions (0.13).

 Emergency Department Visits. The model analysis for emergency department 

visits produced similar outcomes to the model for hospitalization. The average AUC 

statistic for the four machine learning models predicting emergency department visits   
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was 0.60, indicating a modest predictive ability. The top performing model was a Neural 

Network approach (AUC 0.619). Influential predictors of the emergency department 

model by percent variance explained include score on the SF-12/PCS (0.19), type of 

insurance (0.14), BMI (0.14), level of education (0.12), asthma at baseline (0.11), marital 

status (0.10), and smoking status (0.09). The model’s predictive ability, as determined by 

sensitivity and PPV, on average, was better than in the predictive models for other health 

service use outcomes.   
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Table 6 - Machine Learning Model Performance Based on Significant Predictors of Hospitalizations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 
AUC Accuracy Sensitivity Specificity PPV NPV Predictor Percent 

Variance 

 
Random 
Forest 

0.592 59.04% 25.6% 60.3% 48.2% 36.0% 

Education 
Asthma 

SF-
12/PCS 
CVD 

0.50 
0.24 
0.14 
0.11 

 
 

Logistic 
Regression 

0.584 57.93% 29.8% 82.2% 54.8% 61.7% 

CVD 
Education 

SF-
12/PCS 
Asthma 
Kidney 

Age 
BMI 

0.22 
0.20 
0.20 
0.12 
0.09 
0.09 
0.07 

 
 

Neural 
Networks 

0.549 60.89% 13.2% 90.3% 46.7% 61.8% 

Education 
CVD 
BMI 

Kidney 
Age 
SF-

12/PCS 

0.33 
0.25 
0.13 
0.08 
0.08 
0.07 

 
Bayesian 0.586 54.46% 35.8% 78.8% 53.5% 64.5% 

BMI 
Kidney 

Age 
CVD 

0.13 
0.09 
0.09 
0.03 
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Table 7 - Machine Learning Model Performance Based on Significant Predictors of 30-Day Hospital Readmissions 

  

 
AUC Accuracy Sensitivity Specificity PPV NPV Predictor Percent 

Variance 

 
Random 
Forest 

0.710 27.0% 11.5% 85.2% 28.9% 64.7% 

Marital 
LOS 

Income 
Race 

0.05 
0.05 
0.04 
0.04 

 
 

Logistic 
Regression 

0.730 29.3% 16.3% 89.8% 44.7% 67.9% 

LOS 
Comorbidities 

Income 
BMI 

Marital 

0.15 
0.14 
0.14 
0.14 
0.14 

 
 

Neural 
Networks 

0.630 24.4% 30.0% 67.0% 8.9% 85.4% 

LOS 
Race 

Income 
Comorbidities 

 

0.26 
0.17 
0.14 
0.14 

 
Bayesian 0.747 26.5% 21.2% 91.1% 57.1% 67.5% 

BMI 
Race 

Marital 
LOS 

Comorbidities 

 
0.17 
0.16 
0.13 
0.13 
0.13 
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 Table 8 – Machine Learning Model Performance Based on Significant Predictors of Emergency Department Use

 
AUC Accuracy Sensitivity Specificity PPV NPV Predictor Percent 

Variance 

 
Random 
Forest 

0.578 58.30% 59.3% 70.0% 57.8% 70.3% 

Education 
Insurance 

SF-12/PCS 
Depression 

Asthma 

 
0.35 
0.24 
0.16 
0.11 
0.08 

 

 
 

Logistic 
Regression 

0.615 63.83% 46.9% 75.1% 51.7% 71.4% 

Insurance 
Asthma 

SF-12/PCS 
Smoker 
Stroke 

0.26 
0.26 
0.18 
0.16 
0.15 

 
 

Neural 
Networks 

0.619 57.93% 47.4% 63.6% 41.3% 69.1% 

 
SF-12/PCS 
Insurance 

BMI 
Education 
Asthma 

 

 
0.19 
0.14 
0.14 
0.12 
0.11 

 

 
Bayesian 0.587 58.72% 45.7% 65.9% 41.7% 69.5% 

 
Depression 
Education 
Insurance 

SF-12/PCS 
Stroke 

 

0.10 
0.10 
0.10 
0.10 
0.10 
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Research Question 3: What is the likelihood and average time after enrollment in the 

study that a person with HF will experience a hospitalization or emergency department 

use?

 To answer this question a Cox Survival Analysis was completed, and results were 

reported as hazards ratios. Survival analysis is a methodological approach for analyzing 

the expected duration of time until one or more outcome events occur (Wright, 2000). 

The Cox proportional hazards model is a set of regressions used to assess survival based 

on predictive covariates (Kraisangka and Druzdzel, 2018) and an outcome event. The 

survival analysis is typically described through a hazards ratio, often denoted as h(t), and 

is the estimated risk that an individual under observation experiences the outcome of 

interest (Clark et al., 2003). For the purposes of this study, the following assumptions of a 

Cox hazards model were met, (1) the event must be mutually exclusive and collectively 

exhausted states from one another (i.e. experiencing an event vs not experiencing an 

event), (2) independent-censoring of variables; meaning censoring is a random process 

unrelated to event occurrence and instead related to planned study end before event 

occurrence (i.e. participants admitted to the hospital after the end of the twelve months 

are censored data), (3) all participants are event free at the start of the study, and (4) 

survival times are measured precisely in months (Klabfiesh and Prentice, 1980). For the 

current study, the Cox model was used to determine the relative risk that a patient would 

experience a hospitalization or emergency department visit during the study duration of 

twelve months, starting from the time they completed the baseline survey. A separate 

model was run for each dependent outcome variable of hospitalization and emergency 

department visit. The time dependent variable in the models included number of months  
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 from enrollment in the study to an emergency department visit or hospitalization within a 

12-month period, while the status dependent variable included the outcome of 

experiencing at least one emergency department visit or hospitalization during the study 

period. The independent predictor variables included the original variables as described 

in the study model (see Figure 3).  Results are outlined by outcome variable below.  

Results were interpreted such that a hazard ratio of >1 indicated an increased risk of 

health service use as well as a shortened time to event, while a hazard ratio of <1 

indicated a decreased risk of health service use and longer time to event. 

Hospitalizations

 For the Cox proportional hazards analysis on hospitalizations, 40.3% of the total 

study sample (n=691) experienced at least one hospitalization within the twelve-month 

study period. Within this sub-sample of persons who were hospitalized, the average 

number of months to a hospitalization event was 5.3 months after study enrollment 

(SD=3.2), with 11.5% (n=79) of individuals experiencing a hospitalization within the 

first month after enrollment. Just over 38% of hospitalizations in this sub-sample 

occurred within the first three months of study enrollment. The fewest number of 

hospitalizations occurred in month 11 (n=38, 5.5%). Interestingly, 4% of the sample 

(n=86) experienced three hospitalizations during the study period, while 22% (n=383) 

experienced only one hospitalization. Of further importance, of those who were 

hospitalized at least once, nearly 30% (n=203) experienced an unplanned 30-day 

readmissions. Those who experienced a hospitalization in or after month twelve (n=1032) 

were considered to have no hospitalization during the study-period and were counted as 

right-censored data. Of note, due to limits in the study data, we were unable to   
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differentiate between datapoints that occurred in month twelve. In other words, it is 

unclear whether a datapoint in month twelve was related to a hospitalization in month 

twelve or related to no event during the study duration. For this reason, all data points in 

month twelve were considered as right-censored data.

  The Cox analyses for hospitalizations were first run with all independent 

predictor variables and then run with just the nineteen comorbidity predictors. There were 

no cases with negative time, and no cases that were censored prior to the end of the study 

period. Results from the Cox proportional hazards model are presented in Table 9. 

Results of significant predictors are presented as (HR, CI, p). The overall model fit was 

significant (89.29, 32, p<.000) when looking at all predictors simultaneously. The delta-

change in the -2Log-Likelyihood between the base model with no predictors (8716.98) 

and the final model with predictors (8619.68) was minimal indicating a good fit of the 

model that includes independent predictor variables versus the null model. Among the 

independent predictor variables in the model, significance was seen in the following 

variables; age greater than 65 (HR=1.23, 95% CI=1.01-1.55, p<0.07), SF-12 scores on 

the physical functioning component both in the 25th (HR=1.73, 95% CI=1.33-2.26, 

p<0.001) and the 50th percentile (HR=1.61, 95% CI=1.27-2.04, p<0.000), having a 

graduate degree (HR=0.60, 95% CI=0.36-1.02, p<0.06), overweight BMI (HR=0.71, 

95% CI=0.56-0.91, p<0.006), as well as having asthma/COPD (HR=1.29, 95% CI=1.09-

1.53, p<0.003), diabetes (HR=1.18, 95% CI=1.01-1.34, p<0.04), stroke (HR=1.65, 95% 

CI=1.06-2.49, p< 0.03) and cardiovascular disease (HR=1.32, 95% CI=1.11-1.57, 

p<0.002) at baseline. A graphic of the cumulative hazard function of all independent 

predictors for hospitalizations is displayed below in Figure 6. Based on the hazard   
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function of all categorical predictors within the sample, just over 10% of the sample was 

hospitalized within the first three months of study enrollment, 25% of the sample was 

hospitalized within the first seven months of study enrollment and nearly 60% of the 

sample never experienced a hospitalization during the study duration. Based on the study 

results, individuals at increased risk for hospitalization with shorter time to event include 

those with poor physical functioning (SF-12), and those who reported baseline 

asthma/COPD, cardiovascular disease, stroke, and diabetes. Individuals at decreased risk 

for hospitalization with longer time to event include those with overweight BMI and a 

graduate degree. Individual Kaplan Meier curves were run for variables in the hazards 

model that were significant (Figures 8-14). The Kaplan Meier analysis is useful when 

comparing the relative risks of two groups simultaneously, for example, the difference in 

months to hospitalization or emergency department visit in those with or without a given 

condition. For the current study, the time to event between groups were compared using 

the sample mean (in months). We found that individuals over 65 experienced a 

hospitalization (M=6 months) on average, two months earlier those under the age of 65 

(M=8 months). Interestingly, individuals who scored in the 25th or 50th percentile on the 

SF-12/PCS experienced a hospitalization at 7 months, however those who scored in the 

75th percentile experienced an event in, or after month 12. The sample average time to 

event for persons with stroke (M=4 months) was significantly shorter than those persons 

without stoke (M=10 months) at baseline. Similarly, those who had diabetes (M=5 

months) experienced a hospitalization roughly 2 months before a person without diabetes 

(M=7 months).  
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 Model comparisons for identifying the significant difference between groups 

within factors include Log-Rank, Breslow and Tarone-Ware statistical tests, which are 

presented below as (chi-square, df, p). The Log-Rank comparison is the most widely 

accepted model comparison method as it gives equivalent weights to all data points, 

however, all three model comparison statistics will be presented for each individual 

Kaplan Meier curve. Significance in the model comparison statistics indicate a true 

difference in risk between groups for the outcome of interest. The Kaplan Meier curve for 

individuals over the age of 65 showed significance across comparisons including Log-

Rank (9.52, df=1, p<0.002), Breslow (9.26, 1, p<0.002), and Tarone-Ware (9.49, df=1, 

p<0.002). The model comparison for the SF-12/PCS component included Log-Rank 

(38.51, df=2, p<0.001), Breslow (37.72, df=2, p<0.001), and Tarone-Ware (38.40, df=2, 

p<0.001). For individuals with asthma/COPD at baseline, the model was significant for 

the Log-Rank (9.07, df=1, p<0.003), Breslow (10.86, df=1, p<0.001), and Tarone-Ware 

(10.01, df=1, p<0.002). For individuals with cardiovascular disease at baseline, model 

comparisons were significant for Log-Rank (15.79, df=1, p<0.001), Breslow (20.13, 

df=1, p<0.001), and Tarone-Ware (18.02, df=1, p<0.001).   
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Table 9 - Hazards Ratios by Independent Predictor Variable for Hospitalizations – COX Survival Results 

Main Variable HR 95%CI P 

Hospitalizations    
Age    

>65  1.33 1.14-1.56 <0.001* 
Gender     

Female 1.02 0.88-1.19 0.77 
Race    

Asian/Pacific Islander 0.85 0.6-1.22 0.38 

African American 1.01 0.85-1.20 0.91 

Hispanic 0.82 0.60-1.12 0.22 

Education    

Less than 8th grade 1.18 0.93-1.49 0.18 

Less than high school 0.94 0.74-1.82 0.59 

Graduate degree  0.60 0.36-1.03 0.06* 

Some college 0.93 0.75-1.15 0.49 

Bachelor’s degree 0.80 0.57-1.12 0.19 

Employment    

Not working d/t disability  1.23 0.91-1.68 0.19 

Retired 0.96 0.70-1.13 0.39 

Unemployed 1.04 0.75-1.44 0.83 
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Main Variable HR 95%CI p 

Marital Status    

Never Married 1.10 0.83-1.44 0.52 

Widowed/er 1.00 0.78-1.29 0.97 

Divorced 1.18 0.96-1.44 0.12 

Insurance    

Private 0.89 0.72-1.01 0.30 

Tricare 0.89 0.55-1.46 0.65 

Uninsured 0.84 0.58-1.23 0.37 

Medicaid 1.04 0.82-1.31 0.77 

Family Income    

$0  1.13 0.83-1.54 0.44 

$10000-$50000 1.21 0.87-1.68 0.25 

$50000-$100000 1.22 0.97-1.55 0.10 

>100000 0.65 0.37-1.13 0.13 

Current Smoker    

Current Smoker 0.97 0.67-1.42 0.89 

Cognitive Impairment    

Presence of Impairment 0.94 0.77-1.14 0.51 
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Main Variable HR 95%CI p 

Physical Functioning (SF-12)    

25%ile (M=23.79) 2.30 1.80-2.94 <0.001* 

50%ile (M=31.72) 1.91 1.52-2.40 <0.001* 

Mental Functioning (SF-12/MCS)    

25%ile (M=39.2) 1.11 0.85-1.44 0.44 

50%ile (M=56.58) 0.99 0.79-1.24 0.91 

Comorbidity    

More than 7 comorbidities 1.18 0.79-1.78 0.42 

4-6 comorbidities 1.04 0.74-1.45 0.83 

2-3 comorbidities 0.83 0.60-1.61 0.28 

Depression 1.16 0.83-1.46 0.20 

Asthma/COPD 1.29 1.09-1.53 <0.003* 

Cardiovascular Disease 1.32 1.11-1.57 <0.002* 

Stroke 1.63 1.06-2.49 0.03* 

Stomach/GI 1.08 0.86-1.35 0.50 

Colon Cancer 1.29 0.91-1.82 0.15 

Diabetes 1.18 1.01-1.34 0.04* 

Kidney Disease 1.81 0.89-3.70 0.15 
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Note: Predictor significance is represented with (*) 

Main Variable HR 95%CI p 

Colon Cancer 1.29 0.91-1.82 0.15 

Diabetes 1.13 0.96-1.34 0.10 

Hypertension 0.99 0.83-1.21 0.99 

Muscular Disease 1.09 0.89-1.32 0.42 

Arthritis 0.84 0.68-1.03 0.10 

Osteoporosis 1.22 0.85-1.75 0.28 

Thyroid Disease 1.05 0.84-1.31 0.69 

Cancer 1.06 0.85-1.34 0.60 

Urinary Disease 1.01 0.78-1.32 0.92 

Dementia 0.92 0.53-1.60 0.76 

Hyperlipidemia 0.89 0.75-1.05 00.17 

Obesity 1.39 0.66-2.95 0.39 

Body Mass Index (BMI)    

Underweight <18% 1.09 0.65-1.82 0.76 

Overweight >25%  0.82 0.67-0.99 0.05* 

Obese >30% 0.90 0.72-1.12 0.34 
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 Figure 6 – Hazard Function for Hospitalizations from the Total Sample (N=1714)  
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Figure 7 - Hazard Function for Hospitalizations from the Sub-sample (n=691) 
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Figure 8 – Hazard Function for Hospitalizations by Age Group 

 

 
 

Figure 9 – Hazard Function for Hospitalizations by Score on SF-12/PCS Component   
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Figure 10 – Hazard Function for Hospitalizations by Presence of Asthma/COPD 

 

 
 

Figure 11 – Hazard Function by Presence of CVD  
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Figure 12 – Hazard Function for Hospitalizations by BMI Category 

 

 

Figure 13– Hazard Function for Hospitalizations by Presence of Stroke 
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Figure 14 – Hazard Function for Hospitalizations by Presence of Diabetes   
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Table 10 - Comparison of Average Time to Event for Significant Predictors of Hospitalizations 
(in Months) 

 Average Time to a 
Hospitalization (in Months) 

Those with 
the Condition 

Those without 
the Condition 

Over 65 vs under 65 6 8 

25th/50th percentile on SF-12/PCS vs 75th percentile 7 12+ 

Overweight vs normal BMI 6 6 

Having asthma/COPD vs not having asthma/COPD 5 8 

Having CVD vs not having CVD 4 8 

Having diabetes vs not having diabetes 5 7 

Having stroke vs not having stroke 4 10 
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Emergency Department Visits 

 The Cox proportional hazards model was also used to analyze the relative risk for 

emergency department visits within a twelve-month period from study enrollment. In the 

total study sample 41.8% (n=717) of participants experienced an emergency department 

visit event within the 12-month study period, while the remaining 59% (n=1001) of 

participants did not. Among the individuals (n=717) who experienced an emergency 

department visit within the study period, 12.6% experienced an event in the first month 

after enrollment and just over 33% experienced an event within the first three months 

after study enrollment. The average number of months to an emergency department visit 

was 5.5 (SD=3.25). The fewest number of emergency department visits (n=46, 6.6%) 

occurred in month 8. Like hospitalizations, about 4% of the sample (n=63) experienced 

three emergency department visits within the study period, while 25% (n=426) 

experienced only 1 visit. The overall model fit was significant (72.37, 32, 0.000). The 

delta change in the -2Log-Likelihood between the base model with no predictors 

(8818.22) and the final model with predictors (8740.39) was minimal indicating a good 

fit of the model that includes independent predictor variables as compared to the null 

model. Significant predictors from the Cox Proportional Hazards model are presented in 

Table 6 and are displayed as (HR, CI, p). Among independent predictor variables present 

in the model, significance was found for the following variables: scores on the SF-

12/PCS component both in the 25th (HR=1.54, 95% CI=1.1.17-2.03, p<0.002) and 50th 

percentile (HR=1.46, 95% CI=1.14-1.86, p<0.003), overweight BMI (HR=0.77, 95% 

CI=0.62-0.97, p<0.02), current smokers (HR=1.33, 95% CI=1.06-1.67, p<0.03), those 

who were never married (HR=1.41, 95% CI=1.02-1.94, p<0.04), those with a Bachelor’s   
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degree (HR=0.65, 95% CI=0.43-0.99, p<0.05), those with Medicare (HR=1.35, 95% 

CI=1.05-1.74, p<0.02) and in individuals who reported baseline asthma/COPD 

(HR=1.43, 95% CI=1.21-1.68, p<0.0001), stroke (HR=1.75, 95% CI=1.15-2.66 

p<0.009), depression (HR=1.39, 95% CI=1.13-1.71, p<0.002), and osteoporosis 

(HR=1.45, 95% CI=1.06-1.98, p<0.02). A graphic of the hazard function for emergency 

department use in the sample is displayed in Figure 7. According to the hazard function, 

40% of the study sample experienced an emergency department visit within the twelve-

months of the study duration. Based on the results, those with an increased risk for 

emergency room use and shorter time to event include individuals who were never 

married, were current smokers, were insured by Medicare, had poor physical functioning 

(SF-12/PCS), and reported baseline asthma/COPD, stroke, depression, and osteoporosis. 

Conversely, those with decreased risk and longer time to event include those with a 

bachelor’s degree and overweight BMI. Individual Kaplan Meier curves were run for 

each of the significant predictors of emergency department visits and are presented in 

Figures 14-25.  We found that on average, persons with lower education attainment (high 

school/GED) experienced an emergency department visit (M=5 months) at roughly two 

times the rate of persons with advanced educational attainment (M=10 months). 

Individuals who reported being never married (M=6 months) and those who reported 

being a current smoker (M=8 months) experienced an event nearly two months before 

those who reported being married (M=8 months) and non-smokers (M=10 months). Like 

the hospitalization outcome, persons who scored in the 25th or 50th percentile in the SF-

12/PCS (M=6 months) experienced an emergency department visit on average, halfway 

through the study, while those in the 75th percentile experienced an event in or after the   
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twelfth month of the study period.   Persons with asthma/COPD (M=5 months) and 

stroke (M=4 months) at baseline experienced an emergency department visit roughly five 

months before individuals who did not have asthma/COPD (M=11 months) or stroke 

(M=10 months) at baseline. We also found that individuals who reported baseline 

depression (M=7 months) experienced an emergency department visits nearly three 

months before a person who did not report depression (M=10 months). Lastly, the current 

study found that individuals who were overweight at baseline (M=8 months) experienced 

an emergency department visits approximately one month after individuals of normal 

weight (M=7 months).  Model comparisons for significance among the Kaplan 

Meier analyses including Log-Rank, Breslow and Tarone-Ware, are presented below as 

(chi-square, df, p). A significant in the tests indicates a notable difference between 

groups. The Kaplan Meier curve for individual scores on the SF-12/PCS component 

showed equivalent significance across comparisons including Log-Rank (11.81, df=2, 

p<0.003), Breslow (10.34, df=2, p<0.006), and Tarone-Ware (11.10, df=2, p<0.004). For 

individuals who reported the presence of stroke at baseline model comparisons include 

Log-Rank (9.89, df=1, p<0.002), Breslow (9.08, df=1, p<0.003), and Tarone-Ware (9.51, 

df=1, p<0.002).  For individuals who reported asthma/COPD at baseline model 

comparisons include Log-Rank (7.94, df=1, p<0.005), Breslow (9.19, df=1, p<0.002), 

and Tarone-Ware (8.61, df=1, p<0.003). 
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Table 11 - Hazards Ratios by Independent Predictor Variable for Emergency Department Visits 

Main Variable HR 95%CI p 

Emergency Department Visits    

Age    
>65  1.27 0.99-1.63 0.06* 

Gender     
Female 1.05 0.88-1.26 0.57 

Race    
Asian/Pacific Islander 1.06 0.77-1.45 0.73 

African American 0.99 0.83-1.17 0.89 

Hispanic 0.92 0.69-1.24 0.58 

Education    

Less than 8th grade 0.90 0.70-1.17 0.45 

Less than high school 0.96 0.76-1.20 0.70 

Graduate degree  0.91 0.60-1.39 0.67 

Some college 0.98 0.78-1.21 0.82 

Bachelor’s degree 0.65 0.43-0.99 0.05* 

Employment    

Not working d/t disability  0.90 0.67-1.21 0.48 

Retired 0.77 0.57-1.04 0.09 

Unemployed 0.94 0.70-1.28 0.78 
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  Main Variable HR 95%CI p 

Marital Status    

Never Married 1.41 1.02-1.94 0.04* 

Widowed/er 1.12 0.91-1.38 0.30 

Divorced 0.94 0.75-1.17 0.56 

Insurance    

Private 0.97 0.78-1.21 0.78 

Tricare 0.84 0.50-1.41 0.52 

Uninsured 1.05 0.73-1.50 0.81 

Medicaid 1.35 1.05-1.74 0.02* 

Family Income    

$0  1.21 0.91-1.61 0.18 

$10000-$50000 1.25 0.87-1.79 0.23 

$50000-$100000 1.19 0.91-1.57 0.21 

>100000 0.64 0.38-1.07 0.09 

Current Smoker    

Current Smoker 1.33 1.06-1.67 0.02* 

Cognitive Impairment    

Presence of Impairment 1.02 0.85-1.21 0.81 
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Main Variable HR 95%CI p 

Physical Functioning (SF-12/PCS)    

25%ile (M=23.79) 1.54 1.17-2.03 p<0.002* 

50%ile (M=31.72) 1.46 1.14-1.86 p<0.003* 

Mental Functioning (SF-12/MCS)    

25%ile (M=39.2) 1.21 0.95-1.54 0.13 

50%ile (M=56.58) 1.08 0.88-1.33 0.47 

Comorbidity    

More than 7 comorbidities 1.36 0.94-1.97 0.10 

4-6 comorbidities 1.23 0.92-1.66 0.17 

2-3 comorbidities 0.95 0.70-1.28 0.74 

Depression 1.39 1.13-1.71 p<0.002* 

Asthma/COPD 1.45 1.06-1.98 P<0.000* 

Cardiovascular Disease 1.16 0.98-1.38 0.09 

Stroke 1.75 1.15-2.66 P<0.01* 

Stomach/GI 0.97 0.79-1.20 0.79 

Colon Cancer 1.30 0.95-1.79 0.10 

Diabetes 1.12 0.96-1.31 0.14 

Kidney Disease 1.32 0.70-2.50 0.39 
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Note: Asterisk (*) Indicates Significance  

Main Variable HR 95%CI p 

Muscular Disease 1.04 0.87-1.25 0.66 

Arthritis 0.90 0.75-1.08 0.26 

Hypertension 1.07 0.90-1.28 0.45 

Osteoporosis 1.45 1.06-1.98 0.02* 

Thyroid Disease 0.98 0.79-1.21 0.83 

Cancer 1.03 0.83-1.28 0.76 

Urinary Disease 1.02 0.80-1.30 0.87 

Dementia 1.22 0.76-2.00 0.41 

Hyperlipidemia 0.93 0.79-1.09 0.36 

Body Mass Index (BMI)    

Underweight <18% 0.93 0.53-1.62 0.79 

Overweight >25%  0.77 0.62-0.97 0.03* 

Obese >30% 0.87 0.71-1.07 0.20 
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 Figure 15-Hazard Function for Emergency Department Visits in the Sample (N=1714) 
 

 
 

Figure 16-Survival Function for Emergency Department Visits in the Sub-sample (N=717)  
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Figure 17 - Hazard Function for Emergency Department Visit by Level of Education 
 

 
 

Figure 18 - Hazard Function for Emergency Department Visit by Marital Status 
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Figure 19 – Hazard Function for Emergency Department Visits by Smoking Status 
 

 
 

Figure 20 – Hazard Function for Emergency Department Visit by Type of Insurance  
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Figure 21 – Hazard Function by Mean SF-12/PCS Score for Emergency Department Visit 
 

 
 

Figure 22 – Hazard Function for Emergency Department Visit by BMI  
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Figure 23 – Hazard Function for Emergency Department Visits by Presence of Asthma/COPD  
 

 
 

Figure 24 – Hazard Function for Emergency Department Visits by Presence of Depression  
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Figure 25 – Hazard Function for Emergency Department Visits by Presence of Osteoporosis  
 

 
 

Figure 26– Hazard Function by Presence of Stroke for Emergency Department Visits 
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Table 12 – Comparison of Average Time to Event for Predictors of Emergency 

Department Visits (in Months) 

 

  

 

 Average Time to Emergency 
Department Visit (in 

Months) 
Those with 

the condition 
Those 

without the 
condition 

High school/GED vs bachelor’s degree 5 10 

Never married vs married 6 8 

Current smoker vs non-smoker 8 10 

Medicaid vs Medicare 5 7 

25th/50th percentile on SF-12/PCS vs 75th percentile 6 12+ 

Overweight vs normal BMI 7 8 

Having asthma/COPD vs not having asthma/COPD 5 11 

Having depression vs not having depression 7 10 

Having osteoporosis vs not having osteoporosis 6 10 

Having stroke vs not having stroke 4 10 



143 
 

 

 

 

 

 

 

 

 

 

Chapter V 

Discussion  
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The purpose of the study was to (1) identify the strength of the relationship between the 

predisposing, enabling, perceived need, and environmental predictors and outcomes of 

health service use; including hospitalization, 30-day readmission and emergency room 

visits in persons with HF, (2) build a model to predict health service use in the HF 

population, and (3) determine the time to event and likelihood of health service use for 

persons with HF. The following chapter presents an interpretation of study findings 

including similarities and differences related to prior research, as well as study 

limitations, nursing implications, and recommendations for future research.

 Study Sample 

 The current study used a national sub-sample of persons living in the community 

with HF. This type of sample differs from much of the current HF research and literature, 

as it does not include clinical or inpatient data such as laboratory values, NYHA class, 

cardiac imaging, or medications that are frequently monitored during an acute hospital 

stay. Instead, the sub-sample data are focused on socioeconomic characteristics of 

persons with HF that may influence an individual’s predisposition to utilize urgent health 

services. Such socioeconomic data provides a unique perspective into the non-clinical 

characteristics of persons with HF that are often understudied and misunderstood. Of the 

models that do utilize only socioeconomic data, many are focused on specific groups or 

cultures (Ponce et al., 2018 and Tsuchihashi et al., 2001 and Mahajan et al. 2018), and 

may not accurately reflect the whole population of persons with HF. Among the HF 

literature, many of the studies attempting to create predictive models are built using 

samples of inpatient medical data (Awan et al., 2019 and Shameer et al., 2018) rather 

than community-based socioeconomic data, and tend to focus on 30-day hospital   
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readmissions as an outcome rather than hospitalizations or emergency department use. 

The findings from the current study both clarify and reinforce findings from prior works, 

and introduces new information to the literature regarding emergency department use and 

hospitalizations in persons with HF.

Predictors of Health Service Use

 For the purposes of the current study, a hospitalization was defined as any initial 

admission to a hospital within the 12-month study period, not within 30-days of a 

previous hospitalization and lasting at least 24 hours. A 30-day readmission was defined 

as any unplanned admission to the hospital, for any reason, within 30 days of a prior 

hospitalization and discharge. It is important to note that the reason for hospitalization, 

emergency department visit, or 30-day readmission was not included in the study data, 

simply whether an individual with a HF diagnosis experienced at least one hospital 

admission, visit to the emergency department, or 30-day readmission. The current study 

identified significant predictors of both hospitalizations and emergency department visits 

to include those with higher age, lower education level, poorer physical functioning, and 

the presence of baseline asthma/COPD, CVD, and kidney disease. Similarities in 

predictor significance between health service use outcomes may be related to the high 

number of emergency department visits nationally that are coded as HF-related, which 

frequently result in a direct hospital admission (Montoy et al, 2019), reaching upwards of 

80% in some studies (Storrow et al., 2014).

 Age. We found that individuals over 65 are at increased risk for experiencing an 

unplanned hospitalization. This finding is consistent with other studies that reported an 

increased risk of hospitalization for seniors with HF (Hamner et al., 2005). It has been   
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well established in the medical literature (Corbretti et al., 2017 and Hawkins et al., 2015) 

that elderly patients, especially those with HF often experience health complications 

related to disease complexity, multi-morbidity, and frailty.

 Gender and Race The study variables of gender and race were not found to be 

significant predictors of hospitalization or emergency department use in our study 

sample, however those who reported being of Asian descent were more likely to 

experience a 30-day readmission. This finding differs from some of the prior literature 

which states that males (Eapen et al., 2015 ad Ahmad et al., 2018 and Go et al., 2019) and 

African Americans (Blecker et al., 2018) are more likely to use health services. 

Additional studies found that women (Mortazavi et al., 2016), specifically Hispanic 

women (Pounce et al., 2018) are at greatest risk of health service use. Inconsistencies in 

the significance of gender and race in predictive models may be related to additional 

factors that are not considered or used in these models. It is possible that the influence of 

gender roles or cultural norms are often immeasurable and therefore are not included in 

predictive models. For example, one study (Heo et al., 2017) found that HF outcomes 

between men and women are related to differences in confidence, disease knowledge and 

functional status; factors which are not included in HF predictive models. 

 Education The current study also examined the influence of an individual’s level 

of education on health service use, and found that those with a formal, upper-level degree 

are less likely to experience a hospitalization or emergency department visit than those 

with a high-school level education or less. This finding is consistent with other studies 

(Goals et al., 2018 and Eapen et al., 2015) and may suggest that individuals with lower 

educational attainment are less familiar with HF self-care or medical concepts that may   
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prevent the unnecessary use of health services. The impact of education on health service 

use is especially important for persons with HF over the age of 65, as much of this 

population does not possess an advanced degree. Lower educational attainment is further 

exacerbated by the presence of cognitive impairment in persons with HF often related to 

disease progression and etiology. The current study did not find the presence of cognitive 

impairment to be a significant predictor of any health service use outcome, however 

cognitive impairment is present in nearly 25% of persons with HF nationally and has 

been found to be a significant predictor of 30-day readmissions in prior studies (Agarwal 

et al., 2016). The presence of cognitive impairment in addition to advanced age and low 

educational attainment likely hinders an individual’s ability to appropriately remember 

complex care regimens, resulting in unplanned health service use secondary to 

mismanaged HF symptoms. 

 Comorbidity It is well known that persons with HF often suffer from 

multimorbidity, adding to the complexity of their disease management. The current study 

found multimorbidity at study enrollment, specifically having more than seven comorbid 

conditions, to be a significant predictor of 30-day readmissions but not hospitalizations or 

emergency department use. Additionally, we found the presence of specific baseline 

comorbidities including asthma/COPD and cardiovascular disease to be significant 

predictors of hospitalizations and emergency department use but not 30-day 

readmissions. The significance of specific conditions and multimorbidity present at 

baseline is consistent with other studies that identified kidney disease (Keenen et al., 

2008), COPD (Au et al., 2012) and depression (Freeland et al., 2016 and Awan et a., 

2019) as well as multimorbidity (Posada et al., 2019 and Hamner et al., 2004) as   
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predictors of health service use in persons with HF. In the current study, depression was 

found to be a significant predictor of only emergency department use. This finding differs 

from prior literature which identifies depression as a predictor in 30-day readmission 

models (Johnson et al., 2012). Persons with depression often struggle with daily tasks 

including self-care management (Hawkins et al., 2016) which may lead to an increased 

tendency to use urgent health services for symptom management. It is important to note 

that the current study utilized the nineteen most common comorbid conditions as defined 

by the Canadian Community-Based Primary Healthcare Signature Initiative (CBPHSI) as 

variables in the predictive models. The use of the CBPHSI as a part of predictive models, 

rather than the Charlson Comorbidity Index, is relatively new in the HF literature (Fortin, 

Almirall, and Nicholson, 2017) and provides a unique and different perspective on the 

influence of comorbidity on health service use in a community-based HF population. The 

CBPHSI is focused on the self-reported nature of comorbid conditions often seen in 

administrative databases, such as the MEPS. Because the Charlson Index (Charlson et al, 

1987) was originally developed for use in mortality risk prediction, it may not accurately 

reflect the socioeconomic aspects of health service use risk prediction from a community 

setting. As such, the use of the CBPHSI will likely benefit HF research as it will enable 

scientists to more accurately develop models which capture community-based aspects of 

common comorbidities that could lead to increased health service use in persons with HF.

 Physical Functioning Physical functioning was also found to be a significant 

predictor of both hospitalizations and emergency department use in persons with HF. 

Notably, across all research question outcomes, individuals who scored in the 25th or 50th 

percentiles on the assessment were at least 1.5 times more likely to experience a   
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hospitalization or emergency department visit. These findings were congruent with 

similar studies (Kitamura et al., 2019 and Yamada et al., 2012) which reported as much 

as a two-fold increased risk for health service use in persons with decreased physical 

ability. Physical mobility in persons with HF is further complicated by disease etiology 

which frequently results in edema, shortness of breath, and fatigue. As may be expected, 

lower physical mobility, specifically in the elderly, may impact a person’s ability to 

manage the complex daily HF self-care regimen.   

 Marital Status Martial status was found to be a significant predictor of both 

emergency department use and 30-day readmissions. Specifically, persons who reported 

being divorced were more likely to experience a 30-day readmission, while those who 

reported never being married were more likely to experience an emergency room visit.  

Though marital status has not routinely been included in predictive models, this finding is 

supported by a few studies (Bradford et al., 2017 and Lu et al., 2016 and Esquivel and 

Spicer, 2012) which reported non-married individuals were more likely to experience a 

30-day readmission. Whether an individual reported bring divorced or never married, it is 

likely that they lack the presence of a support person or caregiver, resulting in the need to 

utilize urgent health services for decisions, support and medical care. This is further 

supported by a meta-analysis of social factors in persons with HF which reports that those 

who lack social support and are unmarried are more prone to experience readmissions 

(Calvillo-King et al., 2013).

 Insurance Status We found that persons who had Medicaid insurance were more 

likely to use the emergency department, but not experience an unplanned 30-day 

readmission. The finding of increased emergency department use is supported by other   
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studies (Montoy et al., 2019 and Griswold et al., 2005) which report Medicaid users 

being more than 1.5 times more likely to experience an emergency department visit. 

However, the current study findings differ from prior literature regarding the significance 

of Medicaid in 30-day predictive models (Chen et al., 2019) with some studies reporting 

as many as 75% of patients (Jiang et al., 2019 and Hamner et al., 2005) being users of 

Medicaid during a 30-day readmission. In fact, many 30-day predictive models in the HF 

literature use Medicaid databases to obtain patient data.  The discrepancy in results may 

be due to the low number of readmissions (n=203) as compared to hospitalizations 

(n=691) and emergency department visits (n=713) in the study sample. Though in 

general, persons with Medicaid are frequent users of public health services and should be 

monitored as a high-risk group.

 Hospital LOS The current study found hospital LOS to be a significant predictor 

of 30-day readmissions in persons with HF. Specifically, any length of time greater than 

one week was associated with increased likelihood of 30-day readmission. Interestingly, 

persons with a hospital LOS of more than three weeks, but less than one month, had the 

highest likelihood (OR=5.2) of readmission. These results are supported by other studies 

(Au et al, 2012 and Ashfaq et al., 2019) which found that a hospital stay of longer than 11 

days to be associated with unplanned 30-day readmission. Another study supported our 

findings, reporting a 17% increased risk for unplanned 30-day readmission for a hospital 

LOS between 5 and 10 days (Reynolds et al., 2015). As such, it is important for clinicians 

to monitor medical progress in acute HF patients and attempt to reduce hospital LOS 

when medically possible.   
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 Income The current study found that persons with low income, specifically those 

who reported income between $10000-$50000 per year and those who reported $0 per 

year to be at increased risk for 30-day readmissions. These findings are congruent with 

other studies (Lindauer et al., 2013 and Patil et al., 2019 and Chamberlin et al., 2018) 

which suggest that persons from low-income quartiles are more likely to experience 

negative outcome including 30-day readmissions. This may be because persons with low 

income are unable to afford important medications or low-sodium foods that help to 

reduce HF-related complications. Additionally, it may be possible that persons with low 

income, but not receiving Medicaid, cannot afford health insurance and therefore do not 

obtain routine primary care that may prevent unnecessary urgent health service use. 

 BMI The current study found that when compared to individuals of normal 

weight, persons who reported being obese (BMI >30%) were less likely to experience a 

hospitalization and those who were overweight (BMI >25%) less likely to experience an 

emergency department visit. These findings are not supported by much of the recent 

literature (Cox et al., 2017 and Przybylowicz et al., 2020 and Mandviwala et al., 2020) 

which report that obesity is a predictor of health service use in persons with HF. The 

current study findings may be supported in part by the “Obesity Paradox” (Horwich et al., 

2001) which states that persons with established chronic HF who are underweight can 

experience worse outcomes than those who are overweight (Curtis et al., 2005 and Zadeh 

et al., 2005 and Sharma et al., 2015). According to the literature, this is likely due to the 

protective effect of classified obesity as related to body composition (Horwich et al., 

2018) that may lead to improved outcomes for individuals with HF who are overweight. 

The improved outcomes for those who are overweight may be attributed to the inability   
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of a frail individual to meet the increased demands of HF on the body, often caused by 

increased work of breathing and cardiac demand. As a result, individuals who are frail 

may be more likely to require medical intervention to manage the symptoms of HF. In 

fact, a recent national HF study found that those in a high-risk frailty group experienced 

longer hospital LOS (11 days) as compared to those in a low-risk frailty group (4.6 days) 

respectively (Kwok et al., 2020). Because increased hospital LOS is known to predict 

rehospitalization, it may be possible that frail individuals with low BMI are truly at an 

increased risk for health service use. However, the obesity paradox in HF is generally 

related to mortality risk rather than hospitalization risk and may not fully explain the 

current study findings. Additionally, further research is needed to explore the possible 

relationship among BMI, frailty and health service use in persons with HF. 

 Smoking Status We found that persons who reported being current smokers were 

more likely to experience an emergency department visit than non-smokers. This finding 

is supported by another study (Sax et al., 2017) which reported 7% of persons with HF 

who were current smokers experienced an emergency room visit within one week of a 

prior emergency department discharge. It is important to note that in the current study, 

emergency department visits were measured as all-cause, making it difficult to determine 

if this visit was related to complications from smoking versus complications from HF. 

However, smoking is associated with negative health outcomes, especially in those with 

cardiac disease. 
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Table 13 - Comparison of Significant Odds Ratios Among Health Service Use Outcomes 

Note: variables that were not significant predictors of health service use include gender, employment, cognitive impairment, mental   
health (SF-12/MCS), and the presence of baseline hypertension, musculoskeletal disorder, arthritis, stroke, stomach/GI disease, colon 
cancer, diabetes, thyroid disease, any cancer, urinary/renal disease and dementia.  

 Hospitalizations 30-Day Readmissions Emergency Department 
Use 

 Less Likely More Likely Less Likely More Likely Less Likely More Likely 
Age >65  (1.37)    (1.34) 
Asian    (3.59)   
Graduate Degree (0.48)      
Bachelor’s Degree     (0.60)  
Medicaid      (1.49) 
Never Married      (1.74) 
Divorced    (1.58)   
Current smoker      (1.52) 
SF-12/PCS  (1.70)    (1.60) 
Obese BMI (0.77)    (0.71)  
Underweight BMI   (0.3)    
Asthma/COPD  (1.26)    (1.52) 
CVD  (1.50)    (1.31) 
Kidney Disease  (3.60)     
Depression      (1.43) 
Osteoporosis      (1.69) 
>7 comorbidities    (3.98)   
Hospital LOS >1 month    (2.27)   
Hospital LOS < 1 week   (0.36)    
Hospital LOS >2weeks    (3.93)   
Hospital LOS >3weeks    (5.2)   
Income $0    (1.89)   
Income $10000-$50000    (1.89)   
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Health Service Use Hazards and Risk Prediction in Persons with HF 

 The current study used a time to event analysis via Cox Proportional Hazards and 

Kaplan Meier Curves to determine both the relative risk of a hospitalization or 

emergency department visit among significant model predictors and the relative time to a 

hospitalization or emergency department visit for each predictor. A hazard, by definition, 

refers to the probability that, at any given time, an individual will experience an event 

(Fields, 2008). Of note, as hazard increases the survival time to an event decreases. Much 

of the current HF literature focuses on time to event analyses either for the 30-day 

readmissions outcome or for 1-year mortality. This is because of the changes to hospital 

reimbursements as defined by Medicare, which emphasizes a window of 30-days after 

hospital discharge for a non-reimbursable readmission. However, due to the nature of our 

dataset regarding the lack of an available initial hospitalization date, time to event 

analysis for the 30-day readmission outcome was not possible. Instead, the current study 

examined the time to event outcome for both hospitalizations and emergency department 

visits within one year following study enrollment. Because a 30-day readmission must 

follow an initial hospitalization, it is important for HF research to examine the time to an 

event (i.e., hospitalization) from the community setting without limitations on duration. 

This approach is supported by a recent study (Chen et al., 2017) which explains that 30 

days may not be an appropriate interval to determine outcomes, rather time to event 

analyses should include an arbitrary time interval. While 30-day time to event models are 

necessary for Medicare reimbursement claims research, persons with HF experience 

frequent health service use outside of the 30-day window. To facilitate meaningful 

comparisons in time between the one-year window in the current study and results from   
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prior literature, significant variables will be compared with studies that examined time to 

event hospitalization and emergency department outcomes of at least 60 days after 

discharge.

  Hospitalizations A COX Proportional Hazards Model was used to determine 

time to event and relative risk for hospitalizations in persons with HF. There are limited 

time to event studies related to socioeconomic factors that influence hospitalizations from 

the community setting. Instead, much of the HF literature is focused on clinical factors 

that impact the time to a readmission following an initial hospitalization, typically within 

a 30-day window. Of note, time to event models of 30-day readmissions have found on 

average, that persons who experience a readmission do so within he first two weeks 

(mean day 11) after discharge (Fudim et al., 2017). The current study found that on 

average, persons experienced a hospitalization 5.3 months after study enrollment. We 

also found that individuals who were at increased risk for hospitalization including 

shorter time to event includes persons who had poor physical functioning (SF-12/PCS), 

were greater than 65 years of age, and reported baseline asthma/COPD, CVD, stroke, and 

diabetes. In addition, we found that those at decreased risk for hospitalization including 

longer time to event included individuals who were overweight and had a graduate 

degree. These findings can be supported by a recent time to event study of HF which 

found that elderly persons with HF and diabetes are at 5% increased risk of 

hospitalization over a five-year period (Williams et al., 2020). It is possible that the 

combined symptom burden of these two conditions facilitates poor disease management, 

especially in the elderly, leading to the increased risk of health service over time. Another 

study found that individuals with functional decline, specifically related to completion of   
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ADLs, are nearly 1.5 times more likely to experience a hospitalization (Takabayashi et 

al., 2019).  As previously discussed, individuals with poor physical functioning likely are 

not able to maintain the daily demands of HF self-care resulting in symptom 

exacerbations that require acute medical attention. Overall, the literature related to time to 

event analyses of hospitalizations in HF focus on the acute period following the initial 

hospitalization. However, it may be possible that hospitalizations occurring outside of the 

typical 30-day window are influenced more by community-based factors, like those used 

in the current study, rather than inpatient or clinical factors. One study related to factors 

influencing early verses late hospitalizations (Vader et al., 2016) found that a 

hospitalization occurring after 60 days of a prior hospitalization is frequently related to 

causes other than HF.  

 Emergency Department Visits No studies have been conducted which 

specifically examine twelve-month time to event analyses of socioeconomic factors of 

persons living in the community with HF, and relative risk for emergency department 

visits. Instead, current literature focuses on inpatient clinical factors which lead to 

emergency department use after an initial hospitalization or prior emergency department 

visit. The current study found that from a community setting, the average time to an 

emergency department visit after study enrollment was 5.5 months. For reference, 

approximately 20% of persons with HF revisit the emergency department within two 

weeks after a previous emergency department visit and up to 40% visit the emergency 

department within 30-days after a hospital discharge (Claret et al., 2018). Due to the lack 

of similar time to event studies, findings from the current study will be compared to 

related studies of risk factors for emergency department use in persons with HF. The   
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current study found that persons at an increased risk of emergency department use and 

shorter time to event were those greater than 65, with poor physical functioning, who 

were current smokers, never married, and reported baseline asthma/COPD, depression, 

and stroke. Further, we found that individuals who reported an overweight BMI and 

graduate degree had decreased risk for emergency department use and longer time to 

event. Our results are comparable to one study of inpatient medical management of HF 

which reported that advanced age (>80) was independently associated with “uncontrolled 

heart failure” leading to nearly 90% of the study population experiencing at least three 

emergency department visits within one year after the first acute hospitalization for newly 

diagnosed HF (Miro et al., 2019). This may translate to the community setting, whereby 

medical management through frequent primary care visits and provider follow up could 

medicate the effects of “uncontrolled HF’ and reduce the number and frequency of 

emergency department visits, especially those over 65. Our significant findings regarding 

the presence of baseline disease (asthma/COPD, depression, and stroke) can be supported 

by a recently conducted time to event study on mortality in HF, which found that those 

who had multimorbidity often experienced three or more emergency department visits 

within 6 months, which was independently associated with shorter time to mortality 

(Posada et al., 2018). As can be expected, a high number of comorbid conditions adds 

complexity to disease management often resulting in the need to use the emergency 

department for acute or mismanaged symptoms. Further, disease mismanagement, 

specifically self-care, can be worsened by advanced age, poor physical functioning, and 

depressive symptoms, all determined to be risk factors of emergency department use in 

the current study. These findings can be compared to a study of self-care beliefs and   
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emergency department use in HF, which found that those of a younger age had more 

accurate HF self-care beliefs and reduced emergency department use (Albert et al., 2014). 

One additional study found that persons with HF who have combined multimorbidity and 

functional limitation experience nearly a 3.5 times greater risk of emergency department 

use (Manemann et al., 2018).  Our findings of decreased risk for emergency use for those 

who were overweight can be substantiated by a study of frailty and health service use in 

HF which found that frail individuals, characterized in-part by low BMI, had a 92% 

increased risk of emergency department use (McNallan et al., 2013). We found that 

individuals with higher educational attainment experienced decreased risk for emergency 

department use and longer time to event. While level of education was not found to be a 

factor in any time to event models related to emergency department use in HF, one study 

(Murray et al, 2009) found that an individual’s literacy and reading skills were correlated 

with both increased self-care abilities and decreased emergency service use. Persons with 

HF experience high rates of emergency department use, especially after an initial 

hospitalization, however further research is needed that explores socioeconomic factors 

and their impact on time to event from the community setting. Because the average time 

to event in the current study was at least 5 months, it may be necessary to extend the 

window for future time to event research for an emergency department visit following a 

prior hospitalization or emergency department visit to at least 6 months, rather than 30-

days. Extension of this time window may help clinicians to differentiate between 

inpatient factors and community-based factors that may influence the time between 

emergency department visits.   
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Clinical Implications to Reduce Health Service Use in Persons with HF 

 The current study examined the characteristics of a national sample of persons 

with HF groups and included three health service use outcomes. The advantage of the 

current study model, is that it allows us to compare predictors of various health service 

use outcomes to better understand commonalities and linkages among patterns and 

characteristics of persons with HF. The similarities and differences among the predictors 

for each outcome (Table 9) can help us to both understand and identify those who are at 

increased risk for hospitalization, emergency department visits, and 30-day readmissions, 

and implement strategies to address specific risk factors. 

 Emergency Department Visits and Hospitalizations There were several 

commonalities in predictors between emergency department use and hospitalizations. 

This is likely the result of the high number of emergency department visits that result in a 

subsequent hospitalization. Overall, those at increased risk of experiencing these health 

service use outcomes are individuals with HF who are older, have low educational 

attainment, poor physical functioning and report baseline asthma/COPD or CVD. Persons 

over the age of 65 have notably diminished self-care abilities that result in adverse health 

outcomes. The decreased self-care abilities of this aged population result in rapid health 

decline and the subsequent need for treatment and advanced therapies. As the percentage 

of persons over the age of 65 is expected to double by 2050 (Census Bureau, 2020) it can 

also be expected that the number of hospitalizations and emergency department visits 

would also increase. The proposed increase in health service use in an elderly HF 

population will place an overwhelming and unnecessary burden on the health care 

system. Initiatives such as the Age-Friendly Health System (AFHS) lead by the Institute   
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for Healthcare Improvement (IHI) seeks to establish and maintain a healthcare system 

that caters to the needs of an elderly population. To achieve this goal, the IHI proposed 

that hospitals provide effective care to elderly patients by setting appropriate care 

outcomes, prescribing age-specific medications, monitoring mentation, and ensuring safe 

mobility (IHI, 2020). The increased complexity of HF management with age coupled 

with lower educational attainment places elderly persons with HF in an increased risk 

category. Initiatives aimed at reducing health service use by bridging the HF knowledge 

gap include the MyROAD card (Albert et al., 2020) and the HF Discharge Initiative 

(Albert et al., 2021). Both programs provide individuals with audio resources that detail 

guidelines for improving HF self-care including medication adherence, daily weighing, 

sodium restrictions and physical activity. While there was no impact on readmission 

rates, participants in the MyROAD program saw a 27% reduction in emergency 

department visits at 30 days post-discharge (Albert et al., 2020). For persons with HF 

over the age of 65, initiatives such as these could be imperative in aiding the reduction of 

unnecessary hospitalizations and emergency department visit.  In addition, older persons 

with HF often suffer from multimorbidity, further complicating their treatment regimen. 

Specifically, persons with HF who also have asthma/COPD, CVD, kidney disease and 

depression are at greatest risk for hospitalizations and emergency department use. 

Management of these conditions during outpatient visits is essential in reducing 

complications that could worsen the HF trajectory and result in the need to use urgent 

health services. The significant socioeconomic characteristics identified in this study can 

be easily monitored and managed during interactions in community setting such as 

clinics, home-health visits, and outpatient visits. Activities such as performing a   
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medication reconciliation, reinforcing healthy dietary habits, and providing education on 

coping skills should become a routine part of outpatient care. Screening tools for IQ, 

physical ability, and depression (Aloisi et al., 2019) should become a routine part of 

primary care assessment and care management for persons with HF.  

 If primary care nurses recognize characteristics of those at risk, early intervention 

would be possible, and may help to reduce likelihood of an unnecessary health service 

use. Examples of primary intervention for an at-risk individual with low educational 

attainment and poor physical functioning may include targeted teaching related to 

specific aspects of HF self-care, possibly through the use of a more able-bodied 

caregiver, including sodium restrictions and medication adherence as well as 

participation in physical therapy programs. It is essential that these interventions occur 

prior to the unnecessary use of health services, rather than during an emergency 

department visit or hospitalization. Of note, though depression was only found to be a 

significant predictor of emergency department use, it should be considered as a risk factor 

for all persons with HF, as there is a large body of literature (Patel et al., 2020 and 

Kewcharoen et al., 2020 and Xu et al., 2018) which has established a connection between 

depression and negative outcomes in persons with HF.  There were three factors found to 

be significant predictors of emergency department use but not hospitalizations. These 

include individuals who report the use of Medicaid, being a current smoker, and never 

being married. Interestingly, in one study 16% of persons who received a new HF 

diagnosis continued smoking (Son and Lee, 2020). Smoking is known to result in 

negative health outcomes, especially in those with cardiac disease. It is possible for 

primary care nurses to influence unnecessary health service use in persons with HF who   



162 
 

 

smoke by providing continued education and information on smoking cessation 

programs. Additionally, the primary care nurse can provide information on community 

support programs for persons who were never married and may not have a support person 

to help with self-care decisions. 

 30-Day Readmissions Interestingly, there was no overlap between the factors 

that predicted emergency department use and hospitalizations and the factors that 

predicted 30-day readmissions. In fact, most of the significant predictors of 30-day 

readmissions are non-modifiable including race, hospital LOS, marital status, and 

income. This suggests that there are significant clinical components, rather than 

socioeconomic factors, that arise during a hospitalization that could influence a 

readmission. It is likely that a community-based sample which lacks clinical data is not 

effective at predicting readmissions in persons with HF. In fact, one study reported the 

use of both clinical and socioeconomic data improved predictive models by up to 5% 

(Walsh and Hripsak, 2017). Additional studies focused on 30-day readmissions in 

persons with HF cite the importance of including prior hospitalization data to improve the 

efficiency and accuracy of predictive models (Chen et al., 2019 and Bradford et al., 

2017). The current study found that those admitted for under one week were less likely to 

experience a readmission. This may be related to the nature of a less serious illness 

requiring a shorter hospital LOS, therefore resulting in fewer post-discharge 

complications. One recent study (Massari et al., 2019) found that hospital LOS (on 

average 9 days) is significantly influenced by degree of HF exacerbation, specifically 

related to the level of hydration, brain natriuretic peptide levels and blood urea nitrogen 

levels. Because a 30-day readmission must follow an initial hospitalization, it is possible   
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that inpatient clinicians, as well as primary care providers, can directly influence clinical 

factors affecting readmissions. To this end, hospital nurses must participate in 

multidisciplinary rounds and remain attuned to care plans and advocate for shorter 

hospital LOS times when medically possible. In addition, thorough discharge teaching, 

post-discharge follow-up visits, and assessment of disease management during routine 

primary care visits may help to prevent unnecessary 30-day readmissions. Further we 

found that those with low income were more likely to be readmitted, likely due to the 

financial ability to afford medically necessary resources such as medications and low-

sodium foods. Both inpatient and primary care nurses can identify these individuals and 

initiate communications between patients and social workers, targeted at social resource 

programs such as WIC and unemployment. Further, the nature of the predictors of 30-day 

readmissions found in the current study would suggest that the 30-day readmission 

outcome does not align with the community-based model used in this study design. 

Rather, a study model focused on inpatient characteristics may be more effective and 

accurate at predicting unplanned readmissions.

Machine Learning Model Outcomes

 Research Question 2 was answered using an exploratory modeling approach to 

create and compare various machine learning-based models for each health service use 

outcome. The goal of this question was to determine model efficacy and accuracy and 

compare their performance to previously developed models in the HF literature. Four 

models were created for each health service use outcome, and their performance was 

evaluated using the AUC, sensitivity, specificity, positive and negative predictive values. 

It is important to consider that in the HF literature, model performance was mainly   
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reported using the AUC statistic. In addition, due to Medicaid’s Hospitalization 

Reduction Program (HHRP) guidelines for hospital reimbursements, the current HF 

literature has focused mainly on predictive models for the outcome of 30-day 

readmissions after an inpatient hospitalization. This study is unique in that it not only 

explores predictive models for 30-day readmissions, but also initial hospitalizations and 

emergency department use for persons living in the community with HF. As such, the 

findings from this study both add to the current literature on predictive modeling for 30-

day readmissions and brings new information to the field regarding the performance of 

predictive models for the other health service use outcomes. The use of simple data 

analytic techniques such as logistic regression, rather than complex data science 

techniques, has been heavily debated in the HF literature. Findings from other studies 

(Keenan et al., 2008 and Evans et al., 2016) support the use of traditional logistic 

regression to develop an effective predictive model rather than the use of complex data 

analytic techniques. For this reason, one of the four predictive models tested for each 

outcome was a simple logistic regression. The predictive models using logistic regression 

performed as well, or better than at least one other type of model (Random Forest, 

Bayesian, Neural Networks) for all the health service use outcomes that were tested 

(Table 8). This suggests that when building predictive models, a simplistic approach may 

be the most effective. Because the factors that predicted each health service use outcome 

differed, it is likely that one model may not be effective at predicting risk for all three 

health service use outcomes simultaneously, rather, individual models and variables are 

necessary for each health service use outcome. Further, due to the differences in factors 

from inpatient versus community samples of persons with HF, separate predictive models   
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should be developed which assess the risk of health service use in each population. The 

model performance for each health service use outcome are discussed below.

 Emergency Department Use. Though on average, the four machine learning 

models for emergency department use from the current study performed only modestly 

(AUC 0.60), the percent variance explained by each of the variables were consistent 

across models. Considering all criteria (Table 5) for evaluating model performance, the 

Random Forest model for emergency department use performed the best, however, was 

only able to correctly classify individuals 70% of the time, or less. The variables of 

education, insurance, depression, asthma/COPD, and SF-12/PCS scores individually 

accounted for no less than 10% of the variance in each of the various emergency 

department predictive models. However, the percent variance explained by the significant 

predictors in each model totaled no less than 70 percent. In other words, approximately 

30% of the model’s composition cannot be explained by the variables included in the 

study. Though the percent variance explained by the models was quite high, their overall 

performance based on sensitivity, specificity, and positive/negative predictive values was 

quite poor. In fact, on average the four models developed for emergency room use in the 

current study were only able to correctly classify persons roughly 50% of the time. The 

poor model performance is likely attributed to the large amount of unexplained variance. 

As previously mentioned, the complex nature of a HF diagnosis along with the ambiguity 

of socioeconomic characteristics leave a great deal of uncertainty in predictive models. 

The same ambiguity in predictive models is seen in other studies (Chen et al., 2017 and 

Allam et al., 2019 and Hirsh and Hripcsak, 2014) which report suboptimal model 

performance. While no models were identified in the HF literature that predict emergency   
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department use in persons with HF from the community setting, similar studies such as 

the STRATIFY decision tool (Sax et al., 2021 and Colins et al., 2015), which examines 

adverse events after an emergency department discharge experienced similar model 

performance (AUC 0.70).

 Hospitalizations The machine learning models for hospitalizations in the current 

study performed comparably to the models for emergency department use (AUC 0.578). 

One prior study (Lorenzoni et al., 2012) used an initial hospitalization as an outcome for 

the predictive model (AUC 0.80), however this study used a very small sample (n=380) 

which the authors report may have falsely inflated the model’s predictive ability. As 

previously mentioned, similarities in model performance between hospitalizations and 

emergency department use likely stems from the frequency with which persons with HF 

are admitted to the hospital from the emergency department. Like the models for 

emergency department visits, the variables included in the models predicting 

hospitalizations explained roughly 70% of the variance, indicating that there are factors 

missing from the model. Significant factors in the models for hospitalization include 

education, asthma/COPD, SF12/PCS scores and baseline CVD. It is possible that the 

same variables that are not accounted for in the models predicting hospitalizations would 

also improve the model performance for emergency department visits.  Based on the 

criteria used for model evaluation, the models performed poorly on average, and were 

only able to correctly classify individuals 60% of the time.  
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 30-Day Hospital Readmission Much of the literature regarding machine learning 

approaches to predictive modeling uses the 30-day hospital readmission outcome. The 

average model performance in the current study (AUC 0.705) was slightly higher than the  

average model performance in the current literature (AUC 0.651). The variables of 

hospital LOS, comorbidity, income, and marital status were significant predictors in all 

four models developed in the current study. As previously discussed, the variables 

included in prior predictive models vary and are inconsistent, likely leading to the 

fluctuations in model performance. However, many prior models (Awan et al., 2019 and 

McLaren et al., 2015) did include the variable of hospital LOS as a significant predictor 

of 30-day readmission. This finding supports the findings of other authors, suggesting 

that hospital LOS should be included in all models attempting to predict 30-day 

readmissions in persons with HF.  In fact, one author found that the inclusion of prior 

hospital admission data improved the predictive ability of the model by more than 5 

percent (McLaren et al., 2015).  Hospital LOS may not intuitively be a modifiable factor 

due to disease progression and treatment needs, however it can be implied that a shorter 

hospital LOS, if possible, would impact 30-day readmission rates in persons with HF, by 

avoiding hospital acquired complications. 

Implications for the Use of Machine Learning in Nursing 

 The application of machine learning and predictive modeling in nursing research 

is valuable and should be considered for use in future research in nursing science. There 

are a limited number of studies conducted by nurses that use advanced data analytic 

techniques to better understand the HF population. It is important for the advancement of 

nursing science that primary care nurses be present on research teams that develop 
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predictive models, as nurses are best able to influence the factors that affect health 

service use in persons living in the community with HF.  To achieve this goal, it is 

necessary for data analytic methodologies to become a part of the nursing curriculum at  

both the undergraduate and graduate levels. More recently, an increasing number of 

courses and programs are becoming available within schools of nursing that examine the 

use of data science. However, to effectively influence health outcomes, nurses must not 

only become familiar with data science and its implications to practice, but also 

participate on interdisciplinary teams that are focused on health service use outcomes. 

The use of data science and machine learning within nursing science is crucial for 

progress and improved patient outcomes.

Limitations

 There are several limitations to the current study which are related to original data 

collection, variable availability, and/or statistical constraints. Because the MEPS data are 

publicly available for use based on previously conducted interviews and surveys, the 

researcher has limited control over the methods and procedures used in original data 

collection. Further, the self-reported nature of the survey data as well as the availability 

of complete data for all variables might have influenced the reliability of data. For 

example, individuals were asked about sensitive personal information including the 

presence of decreased cognitive function, current BMI, level of education, and the 

presence of comorbidities. Due to original data collection procedures, there was 

approximately eight percent of data missing for the variables of SF-12/PCS and SF-

12/MCS. Values for the missing variables were replaced with mean imputation, though 

this is not likely to have affected the outcome with such a large sample size. Additionally, 
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due to changes that were made in study protocols during original data collection, there 

was a period where participants did not receive the SF-12 measures at baseline, which 

significantly affected the available sample. These missing surveys would have led to 

approximately fifteen percent missing data within the sample. To counteract this deficit, 

mean imputations of SF-12 scores for both the PCS and MCS components were used to 

adjust for missing values in the data. Of note, prior to data adjustment, the overall scores 

for the SF-12 measures for the study sample were lower than the general population 

mean. This may indicate that persons with HF are at a lower physical functioning status 

than previously measured in the population. Further, the MEPS data are based on self- 

report and the individual providing survey responses for the household members may not 

have been the same individual who had the current HF diagnosis. The self-reported 

approach combined with the potential second-hand nature of survey responses may have 

had an impact on accuracy and completeness of data, specifically related to presence of 

medically diagnosed comorbidities. For example, only 1% (n=17) of individuals reported 

baseline kidney disease, whereas in the general HF population the prevalence of kidney 

disease is much higher.  Despite the invariance in data related to the presence of kidney 

disease, the variable was included in the analysis because of its repeated significance in 

prior studies. 

 Because the content of the surveys was determined ahead of time, researchers 

have no influence on the availability of specific variables of interest. For example, the 

original MEPS surveys have no clinical data such as laboratory values and included 

limited health data such as BMI, smoking status, and baseline comorbidities. Unlike 

many other inpatient databases that focus on clinical data for model development 
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(Solomon et al., 2007), the MEPS data do not include frequently analyzed HF-related 

characteristics such as laboratory values, ejection fraction, etiology, or NYHA 

classification. These clinical data are often only available through hospital admissions 

records. Because the MEPS database is a community-based sample, clinical data are 

unavailable and therefore the study sample may be unable to accurately represent the 

holistic nature of repeated readmissions in persons with HF. Additionally, there are 

several aspects of socioeconomic data that have been found to influence HF related self-

care (Hawkins et al., 2016) were not measured in the sample that could have influenced 

model performance. Such variables may have included health literacy, caregiver  

involvement, number of medications, availability and frequency of primary care, and 

self-efficacy. It is unclear if or how the addition of other socioeconomic data might 

impact the performance of a predictive model related to health service use in persons with 

HF.  Additionally, the current study did not examine the reason for emergency 

department use, or the admitting diagnosis if a person was hospitalized or readmitted. 

Therefore, this study examined all-cause emergency department visits, hospitalizations 

and 30-day readmissions rather than HF specific admissions. 

Nursing Recommendations for Future Research

 The current study looks deeper into the relationship among socioeconomic factors 

and health service use in persons living in the community with HF. Though the variables 

included in the model are not a comprehensive representation of all possible 

socioeconomic characteristics, they give a focused interpretation of significant factors 

leading to health service use in the HF population. However, many gaps continue to exist 

in the HF literature regarding predictive modeling and health service use outcomes. Many 
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inconsistencies remain related to model success including sample composition, variable 

inclusion, and health service use outcome of focus. To develop a comprehensive 

predictive model for persons with HF, researchers should establish the nature of the 

relationship between concrete variables such as race and level of education and abstract 

socioeconomic characteristics that are not often considered in traditional models, such as 

the integration of cultural practices, caregiver considerations, cognition and health 

literacy, the obesity paradox including frailty, and self-efficacy. A recent meta-analysis of 

health literacy in persons with HF found that approximately 24% of individuals have 

inadequate health literacy, which is a leading risk factor for emergency department use  

and readmissions related to gaps in self-care (Fabbri, et al. 2021). Future emphasis in 

clinical care to identify gaps in the relationship between education and health literacy and 

HF knowledge may help practitioners to identify those at risk for health service use due 

to educational deficits. In addition, further research is needed to clarify the use of BMI as 

a diagnostic predictor in HF health service use models, specifically related to the obesity 

paradox and its relationship to frailty. While the mechanisms behind the obesity paradox 

in HF are unclear (Zadeh et al., 2004), It is likely that BMI alone does not effectively 

capture the effect of body composition on the HF disease trajectory and its subsequent 

effect on health service use in this population. Additional research opportunities exist 

related to the integration of cultural practices into predictive models, including unique 

healing practices, non-traditional medicinal remedies, and the influence of western 

medicine on the non-native health beliefs. Further, it is important to examine the 

influence of family caregivers in predictive models, specifically their role in reducing 

unnecessary health service use through support in medical management. 
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  In addition, it is important to determine whether separate models are necessary 

for community and inpatient samples, as well as for each health service use outcome. It is 

possible that a separate model is necessary for each health service use outcome for both 

inpatient and community samples. This distinction is likely related to the differences in 

etiologies, treatment regimens, and situational components that affect the HF disease 

projection. Models based on community samples should integrate established theories 

related to health service use and behaviors into their predictive model. For example, in 

the current study, the study sample and multiple health service use outcomes align with 

the overarching Andersen Health Service Use Model (Figure 1). Andersen’s original  

model (1968) and revised model (1995) posit that a combination of community-based, 

environmental factors and personal characteristics influence health service use and 

behaviors. Unlike prior studies which focus on clinical and inpatient data, the Andersen 

Model can be applied specifically to community-based populations. The predisposing, 

enabling, and perceived need factors, as described by the Andersen Model, include 

modifiable components of an individual’s life that can influence the degree to which 

individuals utilize public health services. Several of Andersen’s original model 

components were found to be significant predictors of health service use in our 

community-based HF sample. It is interesting to note that many of the significant 

predictors identified in the current study align with the perceived need and environmental 

categories from Andersen’s Model. Perceived need factors included the presence of 

baseline comorbidity, physical functioning, and BMI, while environmental factors 

included hospital LOS. This is of importance, as the perceived need factors are believed 

by Andersen (1968) to be modifiable aspects of a person’s life. If true, it can be assumed 
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that some degree of intervention or adjustment to these factors could influence the use of 

health services. However, there are no studies specifically examining the relationship 

between Andersen’s perceived need and environmental factors and health service use, or 

ways in which to modify these factors to impact health outcomes in persons with HF. 

While Andersen’s Model is neither a complete representation of all persons with HF, nor 

a comprehensive summary of all settings in which persons with HF are found, it reflects 

many of the characteristics of individuals living in the community with HF who are at an 

increased risk of using public health services. Andersen’s Model provides a foundation to 

guide future studies focused on community-based samples of persons with HF. 

 There are gaps in the literature related to persons with HF using the emergency 

department from the community setting. This study provides insight into several 

socioeconomic factors that influence emergency department use, however the models and 

factors identified are not an exhaustive list. There are some studies examining adverse 

events of persons with HF once in the emergency department, however several 

opportunities exist to further examine factors related to predictors of initial emergency 

room use. Researchers should consider the implications of emergency department use in 

persons with HF, recognizing that a significant number of emergency department visits 

result in hospitalizations. Further, it is important that future research distinguishes 

between persons using the emergency room for a HF-related concern rather than a 

secondary problem.  It may be beneficial to build and compare predictive models for all-

cause health service use and HF-specific health service use. 
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 Future research on time to event models related to hospitalizations and emergency 

department use should expand the time window to include events that occur outside of 

the traditional 30-day window. This approach would allow for risk predictions to be 

developed for the non-acute individual living in the community with HF.  The current 

study found that individuals experienced hospitalizations and emergency department 

visits throughout the twelve-month study period, suggesting that clinicians can provide 

interventions for the modifiable socioeconomic risk factors outside of the acute window 

where they are traditionally addressed.

Conclusion 

 The aims of the current study were threefold, to (1) determine the relationship 

among sociodemographic factors from a community-based HF sample and outcomes of  

health service use including hospitalizations, 30-day readmissions, and emergency 

department use,  (2) build a predictive model for health service use based on significant 

socioeconomic factors, and (3) examine the relative risk and time to event trajectory of 

health service use for persons living in the community with HF.  Significant predictors of 

increased health service use among the hospitalization and emergency department 

outcomes were similar and included individuals who were over 65 years of age, with 

poor physical functioning, and baseline asthma/COPD, and cardiovascular disease. 

Significant predictors of decreased health service use among the hospitalization and 

emergency department outcomes were also similar and included individuals who have 

high levels of educational attainment (at least a bachelor’s degree), and high BMI. 

Similarities in the predictors for hospitalizations and emergency department use are likely 

due to the high number of hospitalizations that result from a visit to the emergency 
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department for both HF-related and all-cause visits. Significant predictors of 30-day 

hospital readmission differed from the other health service use outcomes and included 

individuals of Asian descent who were divorced, made less than $50,000 per year, had 

seven or more comorbid conditions, and had a prior hospitalization of greater than one 

week.  Predictive models developed for each health service use outcome performed 

modestly at best. The strongest performance was seen in the 30-day hospital readmission 

model, with hospital LOS being the most influential predictor across models. The average 

time to an event for hospitalizations (M=5.5) and emergency department use (M=5.3) 

after study enrollment were similar. Factors that increased the risk for a hospitalization 

and shortened the time to an event included advanced age (>65), poor physical 

functioning, and the presence of asthma/COPD, cardiovascular disease, stroke, and  

diabetes at baseline.  Factors that increased the risk for an emergency department visit 

and shortened the time to an event included divorced marital status, having Medicare, 

being a current smoker, poor physical functioning, and the presence of asthma/COPD, 

depression, osteoporosis, and stroke at baseline. Our findings build upon previously 

developed predictive models for hospitalizations and 30-day hospital readmissions 

persons with HF, however, model performance remains ineffective. While the model did 

not perform well, the current study findings related to predictors of emergency 

department use, especially for the time to event models, add new information to the 

literature. In general, persons with HF who are of advanced age, physically frail, and 

managing multiple comorbidities are at greatest risk for health service use. Nurses in 

primary care settings within the community have the ability to identify these at-risk 

individuals and provide routine interventions to reduce community-based health service 
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use. It may be beneficial to implement aa national HF registry that can track and monitor 

individual risk factors electronically across health systems and providers. This type of 

screening data could be used to develop predictive models in real-time for individuals 

based on risk factors present at each primary care visit. The development and use of 

predictive modes through machine learning approaches is essential in the reduction of 

health service use. However, further research is needed to examine the importance and 

influence of socioeconomic factors in risk prediction models, specifically related to the 

inclusion of abstract variables that are not routinely measured. 
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