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Background: Heart failure (HF) is a growing health concern and costly condition. The 

increasing medical and economic burden of hospitalizations for HF is a significant problem for 

patients, their families, and the US health care system. Excessive readmission to the hospital 

imposes a tremendous burden to patients with HF but also on the health care system. During 

the transition from hospital to home, some patients might be at higher risk of future episodes of 

decompensation and early (30-day) readmissions. There has been an extensive amount of 

research focused on understanding individual characteristics and clinical risk factors in 

predicting 30-day readmissions, such as increasing age, being male, severe illness, and more 

extended hospital stays. However, additional important factors, such as those at the patients’ 

contextual-level that may contribute to the high risk of readmission have not been included in 



  

 

  

risk prediction models. When considering patients’ recovery and transitions of care following 

hospitalization for HF, it is important to identify the role of the post-discharge environment 

in the readmission of HF patients. The post-discharge environment is defined as the interaction 

between individual, family, and environmental factors and how these factors relate to each other. 

Purpose:  The overall purpose of this dissertation is to address the gap in the literature in 

understanding how contextual-level factors influence the likelihood of 30-day readmission in 

patients with HF. This dissertation comprises the following studies: Study 1 summarizes and 

critically analyzes the current evidence on risk prediction models that examine individual- and 

contextual-level risk factors associated with 30-day readmission in patients with HF based on a 

conceptual framework adapted from the Andersen’s Behavioral Model of Health Services 

Utilization (ABM); Study 2 categorizes and tests individual- and contextual-level factors 

associated with the likelihood of 30-day readmission among HF patients and measures the 

impact of neighborhood socioeconomic disadvantage (a contextual factor) on 30-day 

readmission for patients previously hospitalized with HF. Methods: Study 1 used a systematic 

scoping review methodological framework followed by a thematic analysis  to assess, summarize, 

and interpret evidence on risk factors associated with 30-day readmission in patients with HF 

during the post-discharge vulnerable phase. For the purposes of this paper, the vulnerable phase 

is defined as the early post-discharge period during which patients with HF are 

more vulnerable to readmissions within a 30-day period following an HF hospitalization. The 

review used the ABM as a conceptual framework to select risk factors that may influence 

the post-discharge vulnerable phase after hospitalization for HF (the health outcome). Study 2 is 

a retrospective secondary data analysis of an existing HF dataset. This study was implemented 

based on the Strengthening Reporting of Observational Studies in Epidemiology criteria to 



  

 

  

improve observational research reporting. We used hierarchical linear modeling and a multilevel 

survival approach to model 30-day HF readmission risk as a function of fixed and random effects 

that combine individual- and contextual-level factors. In addition, the study used a spatial 

analysis technique to evaluate the effect of neighborhood socioeconomic disadvantage on? 30-

day readmission among patients diagnosed with HF.  Results: Study 1 results show that risk 

prediction models of 30-day readmission used risk factors related to the individual predisposing 

domain (such as demographics); few risk prediction models used risk factors related to the 

individual enabling domain (social support); and a majority of risk prediction models examined 

risk factors related to the individual needs domain (such as the presence of multiple comorbid 

conditions) to discriminate patients readmitted with HF within 30 days from those not 

readmitted. At the contextual level, very few risk prediction models included factors related to 

the health systems and environmental domains (such as patients residing in urban or rural areas 

or access to care) associated with 30-day readmission during the post-discharge vulnerable 

phase. Study 2 results show a variety of individual- and contextual-level risk factors related to 

30-day readmission in patients with HF. With regard to individual-level risk factors, longer 

lengths of hospitalization, being in the surgical unit, and non-cardiac admissions were associated 

with a significantly shorter time to all-cause readmission (increased risk) during the post-

discharge vulnerable phase. With regard to contextual-level risk factors, low household income 

($24,999 annually on average) and households with only high school education had a 

significantly shorter time to all-cause readmission (increased risk) during the post-discharge 

vulnerable phase. Altogether, these findings indicate that the contribution of both individual-

level and contextual-level risk factors simultaneously resulted in a better model fit to assess 30-

day readmission risk or patients with HF. Lastly, those who lived in the most disadvantaged 



  

 

  

neighborhoods, as measured by the Area Deprivation Index (ADI), had a higher risk of all-cause 

readmission than their counterparts who lived in less disadvantaged 

neighborhoods. Conclusions: This dissertation adds to the growing literature on the contribution 

of both individual- and contextual-level risk factors on 30-day HF readmission. Living in a 

disadvantaged neighborhood brought a higher risk for 30-day readmission following 

hospitalization for HF. Thus, the findings of the scoping review and the testing of individual- and 

contextual-level risk factors associated with 30-day readmission highlighted the need to develop 

patient-centered health care interventions based on the patient’s social context to target the 

individual- (patient) and contextual-level (neighborhood) risk factors to reduce 30-day 

readmissions among patients with HF.
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ABSTRACT 

Background: Heart failure (HF) is a major public health concern. Patients with HF are 

more vulnerable to readmissions in the early post-discharge period. Readmission immediately 

after hospital discharge and for 2 to 3 months following a HF hospitalization occur during the 

high-risk period that has been called the “vulnerable phase.” To better predict readmission risk, 

the Andersen’s Behavioral Model of Health Services Utilization (ABM) was used as a 

framework for understanding individual-level and contextual-level risk factors associated with 

30-day readmission during the post-discharge vulnerable phase in patients with HF. Purpose: To 

summarize and critically analyze the current evidence on risk prediction models that examine 

individual- and contextual-level risk factors associated with 30-day readmission in patients with 

HF based on a conceptual framework adapted from the ABM. Methods: A systematic scoping 

search of the literature was conducted. A two-step selection process with prespecified 

inclusion/exclusion criteria for identified studies. A thematic analysis guided by the ABM as a 

conceptual framework was used to identify individual- and contextual-level risk factors of 30-

day readmission in patients with HF. Studies were appraised and findings summarized and 

categorized. Results: This scoping review showed that very few risk prediction models in the 

current HF literature were developed using contextual-level factors (health systems and 

environmental) factors (such as the type of residence). Conclusion: The results from the scoping 

review showed that individual-level factors were more likely to be reported than contextual-level 

factors.  The findings of this review also demonstrated that contextual-level factors that have the 

potential to influence readmission have received very little attention compared to individual-

level risk factors. The ABM might be a useful framework for understanding different risk factors 

and their association with HF readmission. 



 

 

Keywords: Readmission, vulnerable, individual, contextual, heart failure  
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What is already known on this topic? 

 The early transition period from inpatient hospitalization to home or other settings, 

termed the vulnerable phase, is a period of heightened vulnerability to readmission. 

 Most risk prediction models have focused primarily on clinical factors and demographic 

factors (such as age and marital status), with poor performance in predicting or 

preventing HF readmission. 

 

What does this study add? 

 This scoping review of the literature showed that individual-level factors were more 

likely to be reported than contextual-level factors. 

 The adapted framework based on the Andersen’s Behavioral Model (ABM) could be 

used for future research to explain factors associated with vulnerability to 30-day 

readmission during the post-discharge vulnerable phase. 
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Introduction 

Heart failure (HF) is a major public health concern. By 2030, HF will affect more than 8 

million Americans, accounting for an increase in prevalence by 46%.1 Roughly 20% of HF 

patients are readmitted within 30 days, and 5% may die after discharge from the hospital.2-7 The 

increasing number HF patients being readmitted within 30-days imposes a tremendous burden on 

the patients, their caregivers, and the health care system.8-10 The total costs for HF care in the US 

are projected to increase by 127% to $69.8 billion by 2030.1 Given the national goal to “Improve 

Healthcare for Americans,” set in 2012, the Center for Medicare and Medicaid Services (CMS) 

began using financial penalties to reduce reimbursement payments to hospitals with high 

readmission rates based on the 30-day readmission rate following an index HF admission.11 The 

rate of readmissions that occur within 30 days of an initial hospital discharge has also been used 

as a quality standard measure in health care and a metric that health care systems use as a 

benchmark when comparing similar institutions.11  

Patients with HF are more vulnerable to readmissions in the early post-discharge 

period.12 Readmission immediately after hospital discharge and for 2 to 3 months following a HF 

hospitalization occur during what has been called the “vulnerable phase.”8,12-18 This critical 

period represents a time of heightened vulnerability for adverse outcomes, including repeated 

readmissions to the hospital.12,18-21 However, the duration of the vulnerable phase remains an 

unsettled matter. In addition to the first 2 to 3 months following hospital discharge, the 30-day 

post-discharge period is referred to as the vulnerable phase.22 Given the absence of clarity 

regarding the duration of the vulnerable phase (the duration after discharge when patients are at 

highest risk), a timeframe of 30-days has been established  based on health care metrics set 

forward by the CMS as a target of quality of care. In this context, a close follow-up of patients at 
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high risk for readmission during the 30-day post-discharge period is considered an opportunity to 

prevent readmission.17,23  

With high numbers of HF readmissions and associated financial penalties to hospitals 

with excessive 30-day readmission rates, greater attention has been paid by hospitals, 

policymakers, and researchers to reduce 30-day readmission rates. The increasing concern about 

the need to reduce hospital 30-day readmissions has led to a growing number of risk prediction 

models that have been purposefully developed to identify risk factors associated with 30-day 

hospital readmission for patients with HF.24-26 Most risk prediction models have focused 

primarily on clinical factors of risk (such as the worsening of hemodynamics)27 and demographic 

factors (such as age and marital status),28 but they have shown relatively poor performance in 

predicting or preventing HF readmission.29-31 Therefore, there is a need to assess other risk 

factors that might contribute to the likelihood of 30-day readmission. The variability in 30-day 

readmission has a complex multifactorial cause across a broad range of individual, clinical, and 

health care system risk factors that may potentially affect 30-day readmission.32 

Theoretical models have the potential to add new insight to the understanding of the 

multidimensional aspects of HF 30-day readmission. To better predict 30-day readmission risk, 

the ABM may be a useful framework for understanding individual- and contextual-level risk 

factors associated with 30-day HF readmission during the post-discharge vulnerable phase.33 

According to the ABM (see Figure 1), multiple aspects of individual, behavioral, and contextual 

factors may contribute to our understanding of post-discharge outcomes, allowing us to 

understand the range of risk factors that increase the risk for 30-day readmission.33 

This current review expands on prior studies describing risk prediction models for 

hospital readmission following HF care. Several systematic reviews of risk prediction models for 
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hospital readmission in patients with HF have already been conducted.28,34,35 However, the 

existing systematic reviews synthesized risks at different follow-up times (not specific to 30-day 

readmission) and did not use a framework to address the process of synthesizing results on the 

individual contextual risk factors of 30-day readmission among patients with HF. To address the 

research gap, this up-to-date review build upon previous systematic reviews of all readmission 

models to better understand risk factors of 30-day readmission among patients with HF.  

The objective of this systematic scoping review was to identify individual- and 

contextual-level risk factors contributing to variation in 30-day readmission among patients with 

HF. The research question was defined as follows: Which individual- and contextual-level risk 

factors were associated with 30-day readmission during the post-discharge vulnerable phase in 

patients with HF using a conceptual model adapted from the ABM?  

By structuring the findings using the ABM, individual- and contextual-level risk factors 

for 30-day HF readmission were categorized using the ABM domains to delineate where 

research is currently focused and where it is lacking in order to make suggestions for future 

research directions.  

Methods 

A scoping review methodological framework was used followed by a thematic analysis 36 

to assess, summarize, and interpret evidence on individual-and contextual-level risk factors 

associated with 30-day readmission during the vulnerable phase in patients with HF. A protocol 

was developed based on the guidelines from the PRISMA (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses) extension checklist for scoping reviews37 as well as the 

recommendations from other studies.36, 38-41  

Scoping review 
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The 5-step scoping methodology framework, developed by Arksey and O’Malley,38 was 

adopted as outlined below. 

1. Identifying the research question  

The research question was defined as follows: Which individual- and contextual-level 

risk factors were associated with 30-day readmission in patients with HF during the post-

discharge vulnerable phase? To the researcher’s knowledge, no studies have determined that 

individual and contextual-level risk factors as a system of multiple pathways contributed to 30-

day readmission in patients with HF. 

2. Identifying relevant studies  

The search strategy for this systematic scoping review was developed based on the 

population–concept–context framework recommended for scoping reviews.42 The primary author 

and expert librarian  developed the final search strategy to ensure all related papers in electronic 

databases were included. The literature search was initially performed in 2018 and then updated 

in 2020 using 5 bibliographic databases: PubMed, Proquest, Ovid Medline, PsycINFO, and 

Cochrane. A list of MeSH terms was generated with the help of experienced methodologists to 

construct a comprehensive set of search terms (see Table 1).   

3. Study selection  

The primary author independently screened all identified references by title and abstract. 

Reference lists of all included articles were reviewed to obtain further relevant studies for 

this review. For the study selection for the scoping review, the primary author followed a 

screening process to reduce the number of studies that would require a full-text review. The 

primary author conducted an initial title, abstract, and keyword screen for inclusion then  
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extracted information from the article’s full text, based on the ABM, after assessing 

relevancy for final inclusion/exclusion criteria. The inclusion criteria were defined a priori; they 

were applied to identify publications as follows: 

 Type of publication: All types of studies published in the English language with full-

text access and studies on risk prediction models for 30-day readmission were 

considered. 

 Participants: Only studies including subjects older than 18 years with HF were 

considered for evaluation. 

 Outcomes: Retrieved papers were assessed targeting only the outcome of 30-day 

readmission. 

Publications of studies in which there were no 30-day readmission outcomes, those with abstract-

only access, reviews or methodological publications, and descriptive studies were excluded. In 

addition, pediatric or psychiatric risk prediction model publications were also excluded. 

4. Charting the data  

For each study included in the review, the primary author extracted and synthesized data 

associated with the defined research question. The data extraction form was based on the 

methodological guidelines and recommendations of Peters et al40 and Arksey and O’Malley36 for 

conducting systematic scoping reviews.36 A data extraction form was designed to extract the 

following data consistently from the articles: study characteristics, purpose of study, study 

design, participants, risk factors, type of study, methodology, outcomes, key findings, 

implications, and conclusion. The primary author piloted the data extraction form by reviewing 5 

articles, resulting in appropriate data extraction and synthesis. After completion of the pilot 

process, the primary author completed the data extraction for each paper.  
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5. Collating, summarizing, and reporting the results  

The primary author assessed, summarized, and interpreted evidence guided by the ABM 

for more effective post-discharge interventions to prevent 30-day readmission. The findings 

included basic descriptive numerical analysis of the studies’ nature and distribution and thematic 

grouping of risk factors according to the ABM.  The ABM specifies relationships among the 

individual level (e.g., predisposing, enabling, and needs domains) and the contextual level (e.g., 

external environmental and health care system domains) as well as the category of health 

behavior 33 (see Figure 1).   

Framework 

This scoping review utilized the ABM as the conceptual framework (see Figure 1) to 

describe risk factors associated with 30-day readmission during the post-discharge vulnerable 

phase. To structure this review, extract the evidence, and analyze the aims, all risk factors 

included in the selected risk prediction models were listed and then sorted into levels and 

domains according to ABM.  Furthermore, the ABM guided the categorization and interpretation 

of the results as to whether the risk factors fell into the individual level (e.g., predisposing, 

enabling, and needs domains), the contextual level (e.g., environmental and health system), or 

the category of health behavior.33 At the individual level, the ABM shows that the predisposing 

domain influences the enabling domain, which in turn influences the perceived and evaluated 

need domain. Specifically, health service utilization, indicated here by 30-day readmission, 

depends on individuals’ predisposition to using services, their ability to secure those services, 

and their need-related factors (see Table 2). At the contextual level, the ABM includes two 

subsequent categories assumed to affect the individual’s use of health services: health care 

system and environmental domain (see Table 2). This model helped to describe the interplay 
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between the individual- and contextual-level risk factors associated with 30-day readmission 

during the post-discharge vulnerable phase in patients with HF (see Figure 1). 

Results 

Study identification  

The initial electronic database search yielded 1325 citations. After the removal of 

duplicates, 624 citations remained for further screening. Articles that were deemed irrelevant 

based on titles and abstracts were then excluded, and the remaining 280 citations were screened, 

resulting in 56 relevant publications for full-text review. An additional 35 publications were 

excluded because they did not meet the selection criteria. Consequently, a total of 21 unique 

articles describing risk prediction models across a variety of settings met all inclusion criteria. 

The flow chart in Figure 2 depicts how articles using the screening process of database search 

results described by the PRISMA were included.  

Risk prediction model outcomes and HF readmission 

Table 3 summarizes the characteristics of the final risk prediction models included in this 

updated scoping review. Among the 21 unique HF prediction models described, all but 3 of these 

studies used retrospective data.44-47 Twelve studies were conducted in the US, 2 in Australia, 2 in 

Canada, and 1 each in Switzerland, Korea, the UK, Spain, and Italy. All studies included 

healthcare data from adult HF patients ranging in age from 56 to 80 years. All studies used 

discrimination methods to assess the HF prediction models’ prognostic utility, such as the area 

under the curve-receiver operating characteristic (AUC-ROC) and C-statistic (n = 6).33,48-52 The 

majority of studies (n = 13) assessed composite outcomes,29, 44,47,53-61 whereas the remaining 

eight studies assessed 30-day readmission for patients hospitalized for HF as an 

outcome.48,50,52,62-65,67 The overall observed rate of 30-day readmission ranged from 1.1% to 38%.  
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Mapping factors that influenced 30-day readmission utilizing the ABM 

Table 4 shows the number and type of risk factors associated with 30-day readmission by 

the ABM domains.33 The risk factors from each article were categorized the relevant levels and 

domains of the ABM: 

1. Individual level: This level includes the predisposing, enabling, and needs domains. 

a. Health behavior: These behaviors include the personal health practices and 

use of personal health services domains.  

2. Contextual level: This level includes the external environmental and health care 

systems domains. 

In the scoping review, 30‐day readmission was considered as the outcome measure 

(endpoint of interest) because CMS uses 30-day readmission as a quality measure of care.11 

Individual Level Risk-Factors by Domain 

An overall synthesis of findings on ABM’s three individual-level risk factors (the 

predisposing, enabling, and needs domains) will be described below by domain. 

 Predisposing domain.  As shown in Table 4, 14 risk prediction models initially included 

demographic risk factors, but in many cases, these variables were less likely to be included in the 

final model. Factors that were examined to predict 30-day readmissions included patients’ 

gender,29,30,61,62,65,68 foreign-born status/language,65 race/ethnicity,62,69 and marital status.53,65  

Enabling domain. Of the risk prediction models reviewed, 7 unique risk prediction 

models included the individual enabling domain, considering factors such as economic burden, 

health insurance, and social support (i.e., living alone).29,60,62,65,69,70 The most frequent individual 

enabling domain predictor included in the models was having health insurance (n = 6).29,60, 

62,65,69,70 Living alone and having support were also risk factors for 30-day readmission.61,62 Three 
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studies examined economic burden and the risk of 30-day HF readmission.29,62,69 Krumholz et 

al62 reported socioeconomic status (SES) did not predict a 30-day readmission risk and did not 

improve model discrimination (see Table 4). 

Individual needs domain. The majority of risk prediction models (n = 18) examined the 

presence of factors related to multiple comorbid conditions.30,44-46,48,53,55-57,60-62,64,65,68-70 

Specifically, 20 of 21 studies included comorbid conditions, and diabetes mellitus30,46,62,68 was 

the most commonly included risk factor within the needs domain (see Table 4).  

An overall synthesis of findings on ABM’s contextual-level factors. Few risk 

prediction models (n = 2) included contextual-level environmental factors, such as the type of 

residence (i.e., rural, metropolitan) (n = 2),29,70 discharge to long-term care (n=1),69 the distance 

from the patient’s residence to the hospital (n = 1),69 hour of discharge (n = 2),55  service 

declined (n = 1),65  challenges to getting care (n = 1),62 or having an established physician for 

health care (n=1).62 Thus, the results of this systematic scoping review showed that, at the 

individual level of the model, most risk prediction models used risk factors related to the 

predisposing domain (such as age). At the contextual level, very few of the risk prediction 

models included factors in the external environmental and health care systems domains (such as 

the type of residence) associated with 30-day readmission during the post-discharge vulnerable 

phase (see Table 4). 

Discussion 

Our purpose in this review was to address a gap in the research literature by identifying 

individual- and contextual-level risk factors contributing to variation in 30-day readmission 

among patients with HF as guided by the ABM. Our review adds to the findings of several other 

reviews that found that HF readmission is the result of a complex interplay between an individual 
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and the context of their lives.35 Hersh et al’s35 study was relevant for understanding the 

complexity of HF readmission; their approach integrated the patient, the provider, the health 

system, and environmental factors. Because of the burden of HF and the heightened rate of 

readmission, it is important to examine the influence of risk factors within and across all 

levels of the model at the same time. This scoping review showed that other possible risk factors, 

such as enabling, needs, contextual, and behavioral factors, can affect the association between a 

predisposing factor and readmission. More precisely, high readmission rates among older adults 

(predisposing) may be attributable to longer lengths of stay (needs), lack of supports (enabling), 

concerns about privacy (behavioral), and reduced mobility (needs) factors.44,45 Only three models 

from this scoping review included individual-level factors for all of the ABM model domains 

(needs, predisposing, and enabling domains).7,9,12 These three models showed that C-indices 

were 0.80, 0.62, and 0.62, respectively. Specifically, the model with the highest C-statistic 

(0.80)7 was characterized by a practical methodology for predicting the risk of short-term 

readmission for HF, including being older, living alone, having a sedentary lifestyle, and having 

multiple comorbid conditions. In contrast, Krumholz et al12 included individual-level domains 

(needs, predisposing, and enabling domains) as well as to contextual and health behavior factors, 

but with modest model discrimination (C-statistic = 0.65). 

For the individual-level predisposing domain, the results showed inconsistencies in the 

associations between age and readmission in the existing risk prediction models.  Huynh et al’s55 

model reported strong discriminatory power, including several variables that predicted 30-day 

readmissions, such as individual -level factors including age (C-statistic = 0.77). 

Meanwhile, Krumholz et al62 reported that age did not provide sufficient predictive power 

because it was assessed with other patient-reported outcomes in predicting readmission. For 
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instance, a systematic review by Damiani et al. found that race/ethnicity and marital status 

(predisposing) showed a positive association with readmission.25 While some studies have 

reported increased readmission risk in people from racial and ethnic minorities,62,69 

differences in readmission rates among racial and ethnic groups were often confounded by other 

predisposing factors, such as limited education, or contextual-level factors, such as residing in 

lower-income neighborhoods or having limited access to high-quality care; thus, further 

discussion is warranted.78-80  

The lack of incorporation of patient reported outcomes, such as patient values, into risk 

prediction models may be overlooked; for instance, patients’ cultural beliefs (including the 

meaning ascribed to HF) may influence patients’ health behaviors and perceptions of care.72,73 A 

systematic qualitative study reported that factors associated with 30-day readmission are 

multifactorial and include the following themes: “distressing symptoms, the unavoidable 

progression of the illness, influence of psychosocial factors, good but imperfect self-care 

adherence, and health system failures.”74 (p171) Taken together, these findings suggest a need for 

more consistent assessment of patients’ beliefs or conceptions regarding HF readmission to 

reduce patient vulnerability to 30-day readmission. Among the individual-level domains, the 

results showed that the enabling domain was not described or reported as often as the other two 

domains in these studies.  This could be because they may not have had robust enough data to 

examine enabling domain factors since most of these studies involved secondary data analysis of 

clinical or administrative data where many social risk factors are not captured. 

Identifying enabling domain factors is particularly important because they can be 

modified in several ways. For example, “social support” was identified as an enabling factor in 

this review. Chun14 showed that assessing and addressing perceived social support and structural 
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measures, such as living alone among older hospitalized adults, may prevent 30-day readmission. 

Conceptually, identifying patients with inadequate social supports may help target high-risk 

patients. 

The present study also found that contextual-level factors, which include the 

environmental domain, as they interact with individual characteristics to influence readmission, 

have not been largely reported. Amarasingham et al29 found that patients with a lack of 

continuous housing, were at increased risk of readmission. Environmental domain factors have 

also been less frequently examined; these include information related to geographic variables 

(e.g., residence and urban or rural location). Nevertheless, these factors can affect the supply of 

services or care access.5,10,13  

Based on the ABM and the literature reviewed in this systematic scoping review, a 

potential framework was hypothesized that uses the outcome of 30-day readmission with risk 

factors at both the individual and contextual levels (Figure 3).33 In the examination of the 

assumptions underlying the framework, there is no single risk factor that predicts 30-day 

readmission.  The hypothesized framework, which builds on the ABM, revealed several gaps in 

the existing literature that present future research opportunities. There is a need to include 

patient-reported measures to increase the likelihood of identifying a patient’s vulnerability to 

readmission. This would help identify patients with multiple health needs for whom an 

intervention that targets various risk factors may be beneficial. To mitigate vulnerability to 

readmission following hospitalization for HF, it is important include factors that extend beyond 

the boundaries of traditional, individual-level risk with multiple contextual-level factors. These 

investigations are essential to determine how to prevent 30-day readmission. 

Limitations 
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There were several limitations of this scoping review, including (a) generalizability of current 

results, because the review was conducted of the risk prediction model literature but not all study 

designs; (b) generalizability to other time frames, because the review included a risk prediction 

model within a defined period of readmission of 30 days; and (c) generalizability to other HF 

populations, because a number of the included risk prediction models further restricted cohorts 

by age and diagnosis. Finally, only the primary author abstracted and screened full-text articles. 

Thus, there was no consensual validation of article selection and thematic analysis of results. 

 Despite the limitations, this study was innovative in that it explored the risk factors for 30-day 

readmission by categorizing risks according to the ABM. This review provides a comprehensive 

report addressing individual-level and contextual-level risk factors for patients who might benefit 

from an intervention that builds on the ABM.  This study’s results could be useful in the design 

of future interventions that take account of individual- and contextual-level factors.  

Conclusion 

This review provides a comprehensive overview of individual- and contextual-level 

factors associated with 30-day readmission during the post-discharge vulnerable phase. These 

factors were summarized and discussed according to the conceptual framework of the ABM. The 

following conclusions can be drawn. First, the results from the reviewed studies 

showed that individual-level factors were more likely to be reported than contextual-level 

ones. There is a lack of a clear understanding of contextual-level factors’ roles in the variation 

of 30-day readmission during the post-discharge vulnerable phase. Second, the results showed 

greater inclusion of the traditional needs domain (e.g., medical comorbidity and prior utilization 

factors) and less inclusion of the other needs domain (e.g., overall health and function and illness 

severity) or the enabling domain (e.g., social determinants of health) associated with 30-day 
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readmission during the post-discharge vulnerable phase.  Finally, reducing readmission risks 

requires adequate identification of factors at the contextual-level associated with 30-day 

readmission including geographic region risk factors, which can potentially be prevented via 

targeted patient interventions. Future quantitative studies could elucidate the validity or the 

appropriateness of the use of the ABM for examining the associations between individual- and 

contextual-level risk factors associated with 30-day readmission during the post-discharge 

vulnerable phase.
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Table 1. Database Searches for All Included Databases 

pubmed 

 

("patient readmission"[mesh] or readmi* or re-admi* or rehospital* or re-

hospital*) and ("30 day" or "30-day" or "thirty day" or "thirty-day") and 

("risk"[mesh] or risk) and ("models, statistical"[mesh] or model or predic*) 

and ("heart failure"[mesh] or "heart failure" or "myocardial failure" or 

"cardiac failure") 

medline 

 

(mh "patient readmission" or readmi* or re-admi* or rehospital* or re-

hospital*) and (“30 day” or “30-day” or “thirty day” or “thirty-day”) and (mh 

"risk+" or risk) and (mh "models, statistical+" or model or predic*) and (mh 

"heart failure+" or "heart failure" or "myocardial failure" or "cardiac failure") 

psycinfo 

 

(de "hospital admission" or "patient readmission" or "patient re-admission" or 

readmi* or re-admi* or rehospital* or re-hospital*) and ("30 day" or "30-day" 

or "thirty day" or "thirty-day") and (de "risk assessment" or de "risk 

management" or risk) and (de "models" or de "statistical analysis" or de 

"predictability (measurement)" or model or predic*) and ("heart failure" or 

"myocardial failure" or "cardiac failure") 

cinahl 

 

(mh "readmission" or readmi* or re-admi* or rehospital* or re-hospital*) and 

("30 day" or "30-day" or "thirty day" or "thirty-day") and (mh "risk 

assessment" or mh "cardiovascular risk factors" or risk) and (mh "models, 

statistical+" or model or predic*) and (mh "heart failure+" or "heart failure" or 

"myocardial failure" or "cardiac failure") 

excluding medline records 

embase 

 

('hospital readmission'/exp or readmi* or 'hospital readmission' or re-admi* or 

rehospital* or re-hospital*) and ("30 day" or "30-day" or "thirty day" or 

"thirty-day") and ('risk'/exp or risk) and (model or predic*) and ('heart 

failure'/exp or ' heart failure' or ' myocardial failure' or 'cardiac failure') 

web of 

science 

 

("patient readmi*" or readmi* or re-admi* or rehospital* or re-hospital*) and 

("30 day" or "30-day" or "thirty day" or "thirty-day") and (risk) and (model or 

predic*) and ("heart failure" or "myocardial failure" or "cardiac failure") 
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Table 2. Andersen’s Behavioral Model of Health Services Utilization Constructs Definitions 

Evaluated health outcome  Hospital readmissions, 30-day readmission 

Individual 

level  

Identifies risk factors that predispose the patient to readmission (eg, 

demographics) and that interact with enabling factors (eg, SES) and needs 

factors (eg, disease severity) to affect behaviors and outcomes (30-day 

readmission) 

Individual predisposing 

domain 

Refers to basic characteristics of the population and can be identified as the 

most frequent factors associated with health and the need for health services 

    Demographic factors Includes risk factors such as sex, age, ethnicity or racial group membership  

    Social structure risk 

factors 

Includes risk factors such as educational and marital status  

    Health beliefs factors Includes risk factors such as attitudes, values, and knowledge about health and 

health services 

Individual 

enabling domain 

Refers to conditions that may be changed by individual and social efforts and 

can be identified as moderate factors associated with health and health services 

(can facilitate or inhibit individuals’ ability to access the health care system) 

    Financial enabling 

resources factors 

Includes risk factors such as health insurance or income as well as occupation 

    Personal/familial 

enabling resources factors 

Includes risk factors such as patients living alone or with others and/or the 

presence of a caregiver 

Individual 

needs domain 

Refers to the most direct/proximate causes associated with health and health 

services and reflects disease characteristics; factors in this domain can be 

identified as those that act as the most immediate cause of the use of health 

services  

    Disease characteristics 

factors 

Includes risk factors such as comorbidities, clinical, vital signs, laboratory 

measures, medical procedures, and medication 

    Perceived health factors Includes risk factors related to how individuals view their own health and 

functional state or as assessed by a professional or by means of objective 

measures 

    Self-reported health 

status factors 

Includes risk factors related to how someone describes their health and 

functional needs 

Individual health 

behaviour 

Can be identified as personal health practices or medical care processes risk 

factors 

    Personal health 

practices /medical care 

processes domains 

Includes risk factors such as diet, use of tobacco, or medical care processes, 

refusing health services, or missing appointments 

Contextual 

level  

Identifies risk factors that are related to demographic and social characteristics 

at the community level: includes the external environmental and health care 

systems domains 

Note: All variables were based on the Andersen’s Behavioral Model of Health Services Utilization.33 
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Table 3. Characteristics of the Included Studies on 30-Day Hospital Readmission Predictive Models 

Reference 

Model name 

Study design/data 

source 

Data collection period 

Country 

Population  Study outcome Sample 

size 

Age 

group 

(years) 

Readmission 

rate  

(%)  

Discrimination methods  

C-statistic  

(95% CI or SE if 

reported) 

Lim, 2019 

KorAHF  

 

Risk score  
 

Prospective, 

observational study  

10 tertiary hospitals 

Korean Acute Heart 
Failure (KorAHF) 

registry  

2011–2014  
Korea 

 

ACHF 

patients  

>40 years  

 

30-day HF-

specific 

readmission or 

death  
 

4566 

patients  

 

Original 
sample* (n 

= 430)  

  
Validation 

sample (n = 

1046)  

Mean=70.

3 ±12.1  

 

9.8% 

(9.1% in men 

and 10.5% in 

women)  
 

AUC of 0.710  

Basic model: 0.647 

Clinical model: 0.679 

Complex model: 0.711 

Huynh, 2018 
The non-clinical 

model  

 
The clinical 

model 

 

The combined 
model  

Retrospective cohort 
study  

State-wide data in 

teaching hospitals in 5 
Australian capital cities  

2014–2015  

Australia  

 

HF patients 30-day 
readmission for 

HF  

 
Composite 

outcome within 

30 days of 

discharge for HF  

1046 
patients  

 

Non-
clinical—

1537 

patients 

 
Clinical—

977 

patients 
available  

 

Mean=80  
 

25.4%  
 

Non-clinical model 0.66  
Clinical model 0.72  

Combined model 0.76  

 
C-statistic: 0.77 

Very good discriminatory 

power in the prediction of 

30-day readmission or 
death  
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Raposeiras-
Roubin, 2015 

Six-month 

GRACE risk 

score  
(Related 

references: 

Eagle, 2004 
Granger, 2003) 

Retrospective cohort 
study 

Academic teaching 

hospital single center 

with an established 
specialized HF and heart 

transplant program  

2004–2010  
Spain 

 

Patients 
readmitted for 

HF after acute 

coronary 

syndrome 

30-day post-
discharge death 

and 30-day 

cardiovascular 

readmission for 
HF after acute 

coronary 

syndrome 

4429 
patients  

 

 

Mean=77 
(UHRs); 

68 (no 

UHRs)  

1.3%  
 

Discrimination: 0.79  
Calibration: p=0.83  

 

Overall performance: 0.83 

Good fit 
30-day events for HF 

discrimination: 0.83 ± 0.02  

Goodness of fit: 0.78  
Sensitivity and specificity 

Sudhakar, 2015 

RR score 
 

Retrospective cohort 

study 
Tertiary hospital/ chart 

review  

2011–2013 
US 

CHF patients 30-day risk-

standardized all-
cause 

readmission rates 

for patients with 
CHF  

 

 

1046 

admissions 
from 712 

patients  

 

Mean=65.

2  
 

65.2±16.6  

 

35.28%  

 

Performance / 

discrimination (ROC) 
AUC for all age group: 

0.61 

≥65 years—0.59  
Random selection—0.58  

 

Sensitivity and specificity 

of the RR score: 33/80 % 
poor 

Betihavas, 2015 

WHICH/ 
Unnamed  

 

Retrospective cohort 

study  
Multicenter RCT 

NR  

Australia 

CHF patients Cardiovascular 

readmission and 
death  

28-day 

readmission  

280 

patients  
 

Mean=79 

(UHRs); 
69 (no 

UHRs) 

13%  

 

Discrimination 

C-statistic: 0.80 
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Di Tano, 2015 
Unnamed  

 

Prospective cohort study 
National Registry 

Database  

61 Italian cardiology 

centers including 
academic and community 

hospitals  

NR 
Italy  

Acute HF 30-day 
readmission for 

acute HF  

 

Time to all-cause 
mortality or 

readmission after 

discharge (A)  
and for time to 

all-cause 

readmission after 

discharge (B) 
according to 

clinical 

presentation 
(worsening 

chronic HF or de 

novo HF) at the 
index admission 

1520 
patients  

 

Mean=72  
 

6.25%  
(91% for 

cardiovascular 

causes; 60% for 

recurrent HF)  
 

1-year 

readmission rate 
was 30.7%  

(8.3%) met the 

combined 

endpoint  
 

Discrimination (ROC)  
 0.695  

 

Cleland, 2014 

Unnamed 

Placebo-controlled 

randomized PROTECT 

study  
NR 

North America, Europe, 

Israel, and Argentina 
 

Acute HF 

patients/ pre-

existing HF  
 

All-cause 

readmission or 

death  
outcomes at 30 

days were death 

or 
rehospitalization 

for any reason; 

death or 

rehospitalization 
for 

cardiovascular or 

renal reasons; 
and, at both 30 

and 180 days, all-

cause mortality  

2033 

patients 

Median=7

2 

  

30-day death or 

all-cause 

rehospitalization

: 382/2033  

30-day death or 

CV/renal 
rehospitalization

: 326/2033  

 

 

 

0.79 

 

 
No variable: >0.70 

few >0.60 
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Hebert, 2014 
Unnamed 

Retrospective cohort 
study  

Large Midwestern 

tertiary care medical 

center  
2 years of data collected 

from the IW at the 

OSUWMC  
2009–2011  

US 

Patients with a 
primary 

discharge 

diagnosis of 

CHF 
 

All cause 30-day 
readmission 

 

3572 
patients  

 

1354 

patients in 
CHF 

 

Mean=61  
 

16.4% 
readmission rate  

in CHF 

Random sample: AUC 
0.63   

Validation cohort: AUC 

0.64 

Poor  
 

Fleming, 2014 

Unnamed 

Retrospective cohort 

study 
1 tertiary medical center  

2007-2011  

US 

HF patients 30-day 

readmission on 
patients with HF  

 

3413 

admissions 
 

Derivation: 

Validation
=3:1 

(2566:847) 

 

 

Mean=74 

 
derivation 

cohort; 

validation 
cohort: 

74.6  

24.2% 

(derivation)  
 

AUC: 0.69  

AUC: 0.66  
 

Wang, 2014 

LACE index 

score 
 

Retrospective cohort 

study 

Urban publicly-funded 
hospital ED with CHF 

exacerbations 

2012–2013  

US 

Acute CHF 

exacerbation  

 

30-day 

readmission for 

patients with 
CHF 

253 

patients  

 

Mean= 

57.67 (no 

UHRs); 
56.17 

(UHRs)  

24.5%  

 

Derivation cohort: 0.59  

Validation cohort: 0.59 
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Cubbon, 2014 
Unnamed  

 

Prospective cohort study  
Specialist physician-led 

cardiology outpatient 

clinics in National Health 

Service tertiary or district 
hospitals in West 

Yorkshire 

Derivation cohort: 2006–
2009  

Validation cohort: 2009–

2011  

UK 

 AHFS 
patients   

stable with 

CHF 

secondary to 
left ventricular 

systolic 

dysfunction  
 

 

Death and AHFS 
hospitalization in 

stable outpatients 

with CHF 

secondary to left 
ventricular 

systolic 

dysfunction  
 

Derivation 
cohort  

(n=628) 

Validation 

cohort 
(n=462)  

All:  67  
No AHFS: 

67.1  

AHFS: 

65.3 

7% (patients 
were 

hospitalized as a 

result of AHFS 

during 1 year of 
follow-up)  

 

Calibration: Hosmer–
Lemeshow p=0.38 

Discrimination: C-statistic 

0.77  

 
Validation cohort: 

Satisfactory calibration:  

Hosmer–Lemeshow 
p=0.15 

Discrimination: C-statistic 

0.81  

Eapen, 2013 

Unnamed  

 

Retrospective cohort 

study 

Centers for Medicare 
database  

Utilizing data elements 

readily available in EHRs 

GWTG-HF registry  
2005–2009 

US 

HF patients 

65 years of 

age with a 
hospitalized  

episode of 

worsening HF 

or developed 
significant HF 

symptoms 

during a 
hospitalization 

for which HF 

was the 
primary 

discharge 

diagnosis  

30-day 

readmission for 

HF  
30-day mortality 

after admission,  

30-day 

rehospitalization 
after discharge  

30-day mortality/ 

rehospitalization 
after discharge  

 

33349 

patients 

70% in 
derivation 

cohort; 

30% in 

validation 
cohort 

 

33349 
patients 

70% in 

derivation 
cohort; 

30% in 

validation 

cohort 

Median= 

80  

 

22.8%  

 

 

Derivation cohort: 0.59  

Validation cohort: 0.59 

 
0.62 

The rehospitalization: C-

indices 0.59 

Death/rehospitalization 
models: C-indices 0.62 

Modest discrimination 
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Zai, 2013 
Unnamed  

 

 

(Original 
Watson, 2011)  

 

Cohort study 
The telemonitoring-based 

readmission model 

Partners Center for 

Connected Health and 
Partners Home Care 

MGH  

2008–2011  
US 

HF population 30-day 
readmission for 

HF  

 

100 
patients  

 

 

Mean=66.
8  

 

 

38%  
 

The telemonitoring-based 
readmission model 0.21  

The psychosocial model 

(validation)  

0.67  
 

Sensitivity 0.87 

Specificity 0.32 

Au, 2012 

LaCE+ score 

 
(used different 

score: Charlson 

score (Charlson, 
1987)

 

LACE score 

(van Walraven, 

2010) 
 

CMS-endorsed 

Krumholz 

(Krumholz, 
2006) 

 

Keenan
 
scores 

(Keenan, 2008)  

Retrospective cohort 

study 

4 health databases  
1999–2009 

Canada 

  
 

HF population 30-day post- 

discharge death 

or unplanned 
readmission 

 

59652 

patients  

 
 

Mean=76  

 

 

19% death or 

unplanned 

readmission  
 

Five administrative data-

base models .57–.61 

Hsiao, 2012 
AHFI 

 

(Validation 
study: Hsieh, 

2008) 

 

Prospective cohort study 
Urban university hospital 

EDs with DHF 

2007–2009  
Canada 

ED HF 
population 

with DHF 

 
 

Secondary 
outcomes were 

all-cause 

mortality within 
30 days of 

admission and 

hospital 
readmission 

within 30 days 

because of AHF  

259 
patients 

 

Mean=68 
 

Low-risk 
subgroup: 8.3%  

 

Higher-risk  
subgroup: 

27.6%,  

 

Combined secondary 
outcome rate: 30.2% (CI 

23.9– 37.0) 
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Hammill, 2011 
Unnamed  

 

Claims-only 

model 
 

Claims-clinical 

model  
 

Cohort study 
GWTG-HF data 

2004–2006 

US 

Patients with 
new or 

worsening HF  

in patients 65 

years or older 
 

All-cause 
readmission or 

death 

24163 
patients 

from 307 

hospitals  

 

Median= 
81  

 

21.9% overall  
 

0.60 
Claims-only readmission 

model: AUC, 0.587  

Claims-clinical 

readmission model: AUC, 
0.599  

 

Watson, 2011  

The 

psychosocial 
readmission 

model  

 

Retrospective cohort 

study  

Psychosocial-related 
predictors available in the 

EHR  

MGH Institutional 
Review Board 

2007–2008 

US 

HF patient 

 

All-cause 30-day 

readmission on 

HF 
  

 

 
 

 

 

729  

 

Mean= 

71.4  

 

13.3% (all 

female)  

 
 

0.67  

 

Amarasingham, 
2010 

Unnamed  

 

- 
Single center urban 

hospital 

Parkland Memorial 
Hospital  

2007–2008 

US 

HF patients All-cause 
readmission or 

death 

1372 
 

Mean= 
56.5 

24.1% overall  
 

 

 0.72 (0.70-0.75)  
 

Krumholz, 2016 
Unnamed  

 

Tele-HF trial 
The Human Investigation 

Committee at the Yale 

University School of 
Medicine approved the 

study 

US 

HF patients All-cause 30-day  
hospital 

readmission  

1004 
patients  

Mean= 
62  

 

17.1% 0.62  
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Note: Discrimination is the ability of the test to correctly classify those with and without the quantified using the Area Under the Receiver 
Operating Characteristic Curve (AUROC or AUC).  Calibration is the accuracy of risk estimates, relating to the agreement between the estimated 

and observed number of events. Goodness of fit is a model calibration, which reflects how well the model-specified outcome probabilities agree 

with people’s subsequent observed outcomes. C-statistic is a measure of concordance; it measures the ability of a model to rank patients from high 
to low risk (generally ranging from 0.5 (random concordance) to 1 (perfect concordance)). (AUC) Area Under the Curve, (CI) Confidence 

intervals, (N) Sample, (SE) Standard error, (M) Male, (NR) Not reported, (US) United States, (RCT) Randomized controlled trial, (EHRs) 

Electronic health records, (KorAHF) The Korean Acute Heart Failure registry, (CHF) Chronic heart failure, (ACHF) Acute congestive heart 

failure, (HF) Heart failure, (DHF) Decompensated heart failure, (AHFS) Acute heart failure syndrome, (AHFI) The Acute Heart Failure Index, 

Yamokoski, 
2007 

Unnamed  

 

RCT cohort 
ESCAPE trial  

26 academic heart failure 

and transplantation 

centers  
US and Canada 

Severe 
advanced HF  

 

All-cause 
readmission  

373 Mean = 
56.16±13.

9  

 

184 were 

rehospitalized  

 

0.60 
Model: C-index 0.59  

 

Kossovsky, 

2000 

Unnamed  
 

Case-control study  

General internal medicine 

wards of the Hospital 
Cantonal 

1993 - 1998  

Switzerland  
 

 

HF patients 

 

All-cause 30-day 

readmissions  

 

Cases: 91 

Controls: 

351 
 

 

Cases: 

76.4 

(10.0)  
Controls: 

75.3 

(11.6)  
 

Unplanned 

readmissions 

related to HF or 
to its treatment: 

60  

not related to 
HF: 31 

 

 

Only readiness for 

discharge:  

ROC curve for all-cause 
readmissions: 0.57 

ROC curve for heart-

failure-related re- 
admissions 0.59  

 

For models with age and 
medical history variables,  

ROC curve for all-cause 

readmissions: 0.67   

ROC curve for heart-
failure-related 

readmissions: 0.74 

 
Models with both types of 

variables: 

For all-cause 
readmissions: 0.69  

For heart-failure-related 

re-admissions: 0.75  
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(GRACE) The Global Registry of Acute Coronary Events risk score, (UHRs) Unplanned hospital readmissions, (RR score) The Readmission Risk 
score, (WHICH) WHICH Trial, (Tele-HF) Telemonitoring to Improve Heart Failure Outcomes Trial, (ESCAPE) The Evaluation Study of 

Congestive Heart Failure and Pulmonary Artery Catheterization Effectiveness Trial, (Eds) Urban university hospital emergency departments, 

(PROTECT) Selective A1 Adenosine Receptor Antagonist Rolofylline for Patients Hospitalized with Acute Decompensated Heart Failure and 

Volume Overload to Assess Treatment Effect on Congestion and Renal Function Study, (OSUWMC) The Ohio State University Wexner Medical 
Center, (LACE) Index of: Length of stay (L), Acuity of the admission (A), Comorbidity of the patient (C), and Emergency department use in the 

duration of 6 months before admission (E), (ESCAPE) The Evaluation Study of Congestive Heart Failure and Pulmonary Artery Catheterization 

Effectiveness Trial, (MGH) Massachusetts General Hospital, (GWTG-HF) Get With the Guidelines-Heart Failure registry.
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Table 4. The Number of Risk Factors Associated with Hospital Readmission Within 30 Days by the Andersen’s Behavioral Model 

Domains 

 Structural Risk 

Factors 

 References  Total Number of Factors Included 

Individual level 

Predisposing domain 

 Demographic 

factors 

Factors (eg, age, sex, 

race/ethnicity, marital 
status)  

Lim, 2019 

Huynh, 2018 
Roubin, 2015 

Cleland, 2014 

Fleming, 2014 
Eapen, 2013 

Hammill, 2011 

Watson, 2011 

Amarasingham, 2010 
Krumholz, 2016 

 Demographic factors: n=13 

 Socioeconomic 

factors 

Factors (eg, 

education, social 
class, and 

employment status)  

Krumholz, 2016  Social structure factors: n=1 

 Health beliefs 

factors 

Factors (eg, attitudes, 

values, and 
knowledge of health 

and health services)  

na  Health beliefs factors: n=0 

Enabling domain 

 Structural risk 
factors 

Financial situation 
(eg, health insurance 

or income, 

occupation) factors 

Eapen, 2013 
Watson, 2011 

Amarasingham, 2010 

Krumholz, 2016 

 Financial situation factors: n=4 

 Social support factors Betihavas, 2015 
Krumholz, 2016 

 Social support factors: n=2 

Needs domain 

 Disease-related 

factors 

Comorbidities factors Lim, 2019 

Huynh, 2018 
Roubin, 2015 

 Comorbidities factors: n=13 



 

 42 

Betihavas, 2015 
Di Tano, 2015 

Cleland, 2014 

Hebert, 2014 

Cubbon, 2014 
Eapen, 2013 

Zai, 2013 

Hammill, 2011 
Krumholz, 2016 

 Clinical factors Lim, 2019 

Betihavas, 2015 

Cleland, 2014 
Hebert, 2014 

Fleming, 2014 

Eapen, 2013 
Amarasingham, 2010 

Krumholz, 2016 

 Clinical factors: n=8 

 Vital signs factors Hammill, 2011 

Krumholz, 2016 

 Vital signs factors: n=5 

 Laboratory measures 

factors 

Cleland, 2014 

Hebert, 2014 

Eapen, 2013 

Hammill, 2011 

 Laboratory measures factors: n=4 

 Medical procedures 

factors 

Lim, 2019 

Roubin, 2015 

Sudhakar, 2015 
Hammill, 2011 

Krumholz, 2016 

 Medical procedures factors: n=5 

 Medication factors Roubin, 2015 

Di Tano, 2015 
Hebert, 2014 

Cubbon, 2014 

Eapen, 2013 
Zai, 2013 

 Medication factors: n=6 

 Perceived health 

related factors 

Objective factors Cleland, 2014 

Eapen, 2013 

 Objective factors: n=3 
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Krumholz, 2016 

  Symptoms factors Di Tano, 2015 
Zai, 2013 

Krumholz, 2016 

 Symptoms factors: n=3 

 Self-reported 
health status 

related factors 

Self-reported health 
status factors 

Krumholz, 2016  Self-reported health status factors: n=1 

 Psychological 

disorder factors 

Krumholz, 2016  Psychological disorder factors: n=2 

 Physical factors Krumholz, 2016  Physical factors: n=1 

 Note: The table depicts all the candidate variables (significant and non significant). 
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Table 5. Health Behavior and The Number of Contextual Risk Factors Associated with Hospital 

Readmission Within 30 Days by the Andersen’s Behavioral Model Domains 

 Structural risk 

factors 

 References  

 

Total Number of Factors Included 

Health behavior  

 Personal health 

practices domain 

 Di Tano, 2015 

Hebert, 2014 

Zai, 2013 
Hammill, 2011 

Amarasingham, 2010 

Krumholz, 2016 

 Personal health practices factors: n=6 

 Use of personal 

health services 

domain 

 Watson, 2011  

Amarasingham, 2010 

Krumholz, 2016 

 

 Use of personal health services factors: n=3 

Contextual level 

 External 

Environmental 

domain 

 Huynh, 2018 

Krumholz, 2016 

Silverstein, 2008 

 External environmental factors: n=3 

  Betihavas, 2015 

Krumholz, 2016 

  

 Health care 
systems domain 

 Watson, 2011 
Krumholz, 2016 

Silverstein, 2008 

 Health care systems factors: n=3 

 Note: The table depicts all the candidate variables (significant and non significant). 
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Figure 1. Andersen’s Behavioral Model of Health Services33
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Figure 2. Flow Chart of Literature Search Indicating Exclusion Criteria and the Number of 

Included Articles  
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Figure 3. Map of Identified Individual and Contextual Factors Associated with Readmission 
during the Post-Discharge Vulnerable Phase
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Abstract 

Background: Little improvement has been made in understanding how contextual factors and 

neighborhood socioeconomic disadvantages are associated with hospital readmission. Objective: 

The purpose of this study was (1) to assess the effect of individual- and contextual-level risk 

factors on 30-day readmission among heart failure (HF) patients using the Andersen’s 

Behavioral Model (ABM) conceptual framework as a guide, and (2) to measure the impact of 

neighborhood disadvantage (contextual factor) on early (30-day) readmission for patients 

previously hospitalized with HF. Methods: This is a retrospective secondary data analysis of an 

existing dataset. This study was implemented using a hierarchical linear modeling and a 

multilevel survival approach with right censoring to model readmission risk as a function of 

fixed and random effects that combine individual and contextual characteristics. Also, a spatial 

analysis technique was used to evaluate the effect of neighborhood disadvantage on 30-day 

readmission among patients with HF. Results: With regard to individual-level risk factors, the 

study found that longer lengths of stay (LOS), being in the surgical unit, and non-cardiac 

admissions were associated with a significantly shorter time to all-cause readmission (increased 

risk). With regard to contextual-level risk factors, low household income and households with 

only high school education had a significantly shorter time to all-cause readmission (increased 

risk). Lastly, those who lived in the most disadvantaged neighborhoods had a higher risk of all-

cause readmission than those living in less disadvantaged neighborhoods. Conclusions: Living 

in a disadvantaged neighborhood brought a higher risk for 30-day readmission following 

hospitalization for HF. Thus, the findings of the multilevel and multifaceted factors associated 

with 30-day readmission suggest the importance of developing effective, patient-centered health 

care interventions based on the patient’s social context to target the individual (patient) and 
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contextual (neighborhood) factors to reduce 30-day readmissions among patients with HF. 

Keywords: Contextual-level factors, neighborhood, socioeconomic, readmission, spatial 

analysis 
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What’s New? 

 Compared to hospital-level and Individual-level factors, the source of variation in early 

(30-day) readmission was primarily attributable to contextual-level risk factors. 

 Living in a disadvantaged neighborhood was associated with a higher risk of 30-day 

readmission following hospitalization for heart failure. 

 The study findings suggested that Contextual-level factors like neighborhood like 

neighborhood-level factors should be considered along with individual-level factors, 

providing opportunities for future studies.
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Introduction 

Heart failure (HF) is a growing health concern and costly condition.(1) The growing 

medical and economic burden of hospitalizations for HF is a significant health problem for 

patients, their families, and the United States (US) health care system.(2-6) The projected 

economic impact on the US health care system of Medicare beneficiaries who were readmitted 

within 30-days of hospital discharge was estimated to exceed $17 billion a year.(1,7) Patients 

discharged after HF remain at high risk for frequent readmissions, with approximately 25% 

being readmitted early, within 30 days of discharge.(8,9) Reducing hospital readmissions has 

become an important national priority(10) because of the economic impact. To curb the health 

care burden and to improve the quality of health care delivery, the Affordable Care Act 

established the Hospital Readmissions Reduction Program, under which the Centers for 

Medicare and Medicaid Services (CMS) issued financial penalties to hospitals with excessive 30-

day readmissions.(11) 

The transition period following discharge from the hospital has been described as a 

vulnerable phase for HF patients.(12) Therefore, identifying factors associated with 30-day HF 

readmission is essential to better support patients during the high-risk post-discharge vulnerable 

phase and to develop effective interventions for those most likely to be readmitted. An extensive 

amount of research has focused on understanding individual demographic characteristics, such as 

increasing age, being male, and having clinical risk factors, such as illness severity and extended 

hospital stays, in predicting 30-day HF readmissions.(13-19) These common factors are more likely 

to be included in risk prediction models.(20-23) However, another category of factors, called 

contextual-level risk factors, may contribute to a high risk of 30-day readmission, but they have 

not been included frequently in HF prediction models.(20-23) Contextual-level risk factors are 
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those that operate within a social context and include political and socioenvironmental factors. 

These factors create the contexts in which health problems arise as well as barriers to and 

opportunities for addressing them. In this study, the contextual-level risk factors included 

economic, social, and physical environments for HF patients.(20,21) Contextual-level risk factors 

could increase 30-day readmission likelihood because of gaps in the availability of equitable 

access to key resources critical for patients with HF.(24) Such inequality is triggered by health 

care service availability or the availability of healthy foods.(24) 

However, on a broader level, little improvement has been made in understanding how 

contextual-level risk factors influence the likelihood of readmission.(20,21) There are challenges 

associated with treating patients in disadvantaged neighborhoods, characterized by 

unemployment status, limited education, and substandard living accommodations.(25,26) Patients 

living in disadvantaged neighborhoods are more likely to be readmitted compared to those who 

are not socioeconomically deprived. There are interactions between individual- and contextual-

level risk factors and 30-day readmission outcomes.(26) However, there is inconsistent evidence 

about the role of neighborhood disadvantage on readmissions.(26,27) One reason is that patients 

living in disadvantaged neighborhoods may have relatively poor access to health care 

resources.(26) The composite measure of neighborhood disadvantage, the area deprivation index 

(ADI) created by Singh,(28) may help to characterize the role of disadvantaged neighborhood risk 

on several health care outcomes, including 30-day readmission risk.(26,28) 

Another contributing factor to 30-day hospital readmission is where patients live in 

relation to the health care facilities from which they seek care. Few studies have explored the 

detrimental effects of geographic variation, such as distance to health care facility, in identifying 

HF patients at high risk of 30-day hospital readmission.(21) Geographic information systems 
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(GIS) have not commonly been included in 30-day readmission risk prediction models as the 

data are not readily available in clinical databases.(20,21) While many studies examined the 

association of census-driven neighborhood deprivation with HF risk, few studies to date have 

examined the mechanisms by which the hierarchical and unique contributions of contextual-level 

risk factors affected 30-day readmission.(15,22,29) Integrating the Andersen’s Behavioral Model of 

Health Services Use (ABM) with a review of the literature related to 30-day HF readmission 

facilitated the development of a conceptual framework to guide the study of contributing factors 

to 30-day HF readmission (Figure 1).(30) 

The goal of this study is to use the ABM to better understand and define the individual- 

and contextual-level risk factors that contribute to 30-day HF readmission in order to identify 

effective interventions.(20,21,31) Using inpatient data from an academic medical center, this study 

has two aims: 

1. To assess the effect of individual- and contextual-level risk factors on 30-day readmission 

among HF patients using the ABM conceptual framework as a guide. 

2. To measure the impact of neighborhood disadvantage (contextual-level) on 30-day 

readmission for patients previously hospitalized with HF. 

Conceptual Framework 

This study tests competing hypotheses by examining the associations between individual- 

and contextual-level risk factors and 30-day HF readmission to determine critical predictors of 

30-day readmission (Figure 1). The modified multilevel conceptual framework based on the 

ABM (Figure 2) illustrates the relationships between the two primary level risk factors to 30-day 

readmission: (1) individual-level factors and (2) contextual-level factors. 
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 Early readmission within 30 days can be partially explained by the combined effects of 

the 3 domains of individual-level factors: predisposing characteristics, needs, and enabling 

resources.(32) The first individual-level domain, predisposing, included characteristics before the 

onset of an encounter that may predispose some individuals to delay seeking treatment. The 

second individual-level domain is enabling resources, which can often be influenced by tailored 

interventions to target at-risk populations to improve access to care policies.(30,33) The third 

individual-level domain is the needs for care, which include clinical characteristics and a set of 

indicators for the index hospitalization factors.  

It is also essential to consider the 2 domains of contextual-level factors, subdivided into 

the health care system and the external environment domains, that may predispose specific 

populations to 30-day readmission. This study considered hospital census tract data (census-level 

demographic and socioeconomic census tract factors), urban/rural residence, distance to the 

closest health-care facility, and neighborhood-level characteristics as possible contextual-level 

factors affecting 30-day readmission. Also, neighborhood disadvantage is an aggregate-level 

measure reflecting the population means of individuals living in a defined geographic area.(33)  

Methods 

Study design 

This study is a retrospective secondary data analysis of an existing dataset. This study 

was implemented based on the Strengthening the Reporting of Observational Studies in 

Epidemiology (STROBE) criteria to improve observational research reporting (Table S1 in 

supplemental files).  



 

 8 

Setting. The populations of interest in this study are patients diagnosed with HF. These patients 

were admitted to an academic medical center(34) between 2013–2018 (a single-center study of a 

large urban hospital).  

Study population. This is a secondary data analysis of 1950 HF patients hospitalized with 

congestive HF (CHF).(34) These patients originated from 3167 inpatient admissions. Patients 

younger than 18 years old, those who died during their index hospitalization, and those admitted 

and discharged on the same day were excluded. Finally, patients who died during the index 

admission were excluded. Figure 3 shows an overview of the specific inclusion and exclusion 

criteria for the sample. 

Data sources and management. To illustrate this method, the individual-level data for all 

hospitalizations during the study period derived from the HF Datamart dataset was considered. 

Study data involved in the data analysis was exempt from institutional review board approval, 

which granted a waiver of informed consent. To qualify for inclusion in this study cohort, 

patients with HF must have had a discharge diagnosis of HF as defined by the International 

Classification of Diseases, Ninth Revision and Tenth Revision, Clinical Modification (ICD-9-

CM and ICD-10-CM) code (Table S2 in supplemental files). Also, zip code level information 

was linked to the discharge HF Datamart data observations, and individual-level data was 

aggregated to larger spatial units utilizing census tract-level data for analysis. Information was 

extracted at the zip code tabulation area (ZCTA) level. In addition to the census-level data, to 

identify urban/rural residence, the ten-tiered federal US Rural-Urban Commuting Area (RUCA) 

codes of patient zip codes were converted from their claims to a two-level and four-level 

definition and classification method (see Tables S3 and S4 in supplemental files) recommended 

by RUCA Codes definitions of urbanized areas and urban clusters RUCA 3.10 framework.(35) 
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Lastly, spatial information was added to the latest census data using geocoding analysis. The US 

national database, the Neighborhood Atlas, was used to assess the ADI to reflect neighborhood 

disadvantage at a granular census block group level (aggregated neighborhood 

characteristics)(26,28) (see Table 1). The distribution of ADI values was examined and 

neighborhoods were sorted into percentiles of increasing ADI.  

 Variables  

Dependent variable. In the study, each inpatient admission episode was considered as the 

analytic unit. A patient could have multiple readmissions during the study period, and each 

hospital admission stay date served as a new index admission for subsequent readmissions. The 

dependent outcome was time to hospital readmission (measured in days) defined as any repeat 

admission after being discharged from an index hospital stay for any reason within the time 

period of data collection. Also, 30-day readmission, defined as any repeat admission after being 

discharged from an index hospital stay for any reason within 30-days, was tested.  

Covariates of readmission. For a more precisely meaningful classification, candidate factors 

were grouped a priori based on the ABM (see Figure 2). For individual-level factors, the 

individual- predisposing domain included patient age, gender (male as the reference group), and 

race. Race was categorized as “White,” “Black,” or “other.” The enabling domain included 

“living alone” and “primary payer.” Living arrangement factors were defined as “living alone,” 

“living with family,” or “health facility.”  For patients who did not have Medicare, Medicaid, or 

private insurance, their primary payer was categorized as “other.”  The Needs domain included 

clinical factors and index hospitalization level factors, such as admission source, admission type, 

hospital service, accommodation type, discharge disposition, the reason for readmission, 

placement of the cardiovascular device, and HF type. Comorbid conditions were identified using 
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the ICD-9-CM and ICD-10-CM. For contextual-level factors, measures of contextual-level 

census tract data (census-level demographic and socioeconomic census tract factors) were 

assessed. Also, access to care at the center’s main hospital, nearest hospitals, and clinics was 

calculated. Lastly, the clustering of social and economic indicators based on the individual’s 

residence at the index admission time, namely, neighborhood disadvantages using the ADI, was 

measured (see Table 1).  

Bias. To reduce the sample bias, as the uninsured could have fewer planned readmissions, 

planned and previously scheduled readmissions were excluded. Missing values can occur in the 

level-1 factors or the level-2 factors. Although individual-level data was abstracted rigorously, 

there were missing values for some patients for individual-factors with low missing rates. The 

multilevel model can handle missing observations without making biased estimates on any of the 

risk factors or the outcome (by removing the row of values that contain NAs in R when an 

observation is missing). All cases with missing zip code data were removed (see Figure 3). 

Statistical analyses 

Descriptive sample characteristics. Descriptive statistics were calculated to summarize patient 

and admission characteristics using the chi-square test for categorical variables and the t-test for 

continuous variables. 

Covariates of readmission. Candidate risk factors were drawn based on the ABM conceptual 

framework, as described earlier in the Methods section. A p-value with <0.05 significance was 

used as a criterion for selecting risk factors in the multivariable model (see Table S5 in 

supplemental files). 

Hierarchical linear modeling and multilevel survival analysis.  First, to aid understanding of 

readmissions that happen after discharge from the index (i.e., initial) admission, 3 separate 
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analyses were performed to examine the association of readmission separately for each level (see 

Figure 4). Due to the complexity of the models in which the survival data are right-censored, a 

multilevel survival analysis was run using the ‘frailty.gaussian’ function to allow for the 

hierarchical, random-intercepts domain separately for 3 levels of risk factors: (a) individual 

characteristics (including demographic factors, such as age and gender), (b) clinical and index 

hospitalization characteristics (eg LOS and admission unit), and (c) contextual characteristics 

(including census-level factors, such as income) (see Figure 4, A). 

Then, multilevel mixed models (also known as hierarchical linear modeling [HLM]) were 

employed to model individual-level factors. First, individuals’ various explanatory factors were 

included, including age, gender, marital status, and ethnicity and race characteristics in the 

predisposing model. Then, health needs (clinical characteristics and a set of indicators for the 

index hospitalization factors) and enabling (insurance, living situation, and employment status) 

factors were sequentially added. Lastly, a hierarchical 1-level logistic model (Model 1, collapsed 

model) was run, including all predisposing, enabling, and needs factors (see Figure 4, B).  

Also, a HLM (Model 2) was run to include only variables that examine the contextual-

level factors (see Figure 4, C).  Then, multilevel mixed models were employed to model (2-level 

logistic model) readmission risk as a function of fixed and random effects that combine 

individual and contextual characteristics. Specifically, the fixed effects included all individual-

level factors. The models’ random-effects aspect estimated the expected readmission by nesting 

the models at the individuals’ contextual level (see Figure 4, D).  

Retrospective geospatial analysis. A spatial analysis technique was used to calculate distances 

from patients’ census tracts to the closest hospitals, clinics, and referral medical centers. I used 

GIS mapping to visualize areas with high 30-day readmission rates.  ArcGIS software 10.7.1 
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(ESRI, Redlands, CA) was used. Choropleth maps in ArcGIS were used to generate GIS maps 

representing ADI scores and 30-day readmissions across Washington State. Frequencies of 30-

day readmission were examined for each grouping. Logistic regression was used to assess the 

relationship between ADI groupings and 30-day readmission (see Figure 4, E). 

All analyses were performed using R version 3.3.1. The “lmer()”, “glmer()” (lme4 

package), and “Surv()” (survival package) function in R were used to estimate the mixed model 

discreet and binary outcome. A p-value of <0.05 was considered statistically 

significant. To evaluate the model performance of each set of hospital-level variables and 

individual-level variables in explaining 30-day readmission variation, the readmission Akaike 

information criterion (AIC) was reported for each model. Since some patients may be counted 

more than once, a sensitivity analysis was performed comparing the above model fitting options, 

including the first eligible readmission for each patient.  

Results 

Descriptive sample characteristics. Table 2 provides sample mean values of the risk factors 

used in the analysis based on the ABM. The HF Datamart cohort consisted of 1950 patients 

admitted between 2013–2018 (see Figure 3). The patients’ mean age was 60.42 years (SD 16.72) 

and 41.1% were male. More than 75.7% of the sample was White, 9.7% was Black, and 14.6% 

identified as other. Table 3 shows detailed estimates of demographic, social, economic, and 

housing characteristics at the census level (see Table 3). Table 4 shows the prevalence of 

readmission among patients with HF. It was observed that 30.5% of patients were admitted 

within 30-days, and 58.7% were admitted because of non-cardiovascular disease (CVD) related 

admissions.  
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Geospatial analysis of spatial pattern characteristics. The results show the geospatial analysis 

of spatial pattern characteristics, including distance to the centroid of the index hospital UWMC 

(32.68 ± 35.22), distance to any nearby hospital (4.68 ± 4.82), and distance to the nearest clinic 

(2.15 ± 3.46).  

Multiple regression and multilevel modeling. Table 5 shows effects of the exploratory analysis 

for the 3 levels of individual, clinical, and index hospitalization characteristics, and contextual 

characteristics on time to all-cause readmission from the multilevel modeling. Several factors are 

associated with shorter or longer time to all-cause readmission during the post-discharge period 

(all p-values > 0.05). Only living alone, was identified as being associated with a longer time to 

all-cause readmission during the post-discharge period (β = 0.36, p-values <0.5). Living alone 

was more statistically significantly associated with a shorter time to all-cause readmission 

(increased risk) during the post-discharge period than living in a health care facility. The 

individual-level model AIC was 3866.81 during post-discharge. In Model 2, among hospital-

level patient characteristics, patients admitted from a non-healthcare facility point of origin had a 

significantly longer time period before all-cause readmission during the post-discharge period (β 

= 0.22, p-value < 0.05). Also, patients admitted to a surgical unit were significantly more likely 

to be readmitted to the hospital early than those admitted to the medical or ICU unit (β = -0.37, 

p-value < 0.05). Hospital-level risk factors (predictors) to the multilevel model provided a higher 

AIC 3879.24 on all-cause 30-day readmission during the post-discharge period, indicating poorer 

fit as compared to the previous individual level. When patient information data was aggregated 

at the census and county level, contextual-level risk factors, such as low household income 

($24,999 annually on average) and households with only high school education, married couples, 

and single parents with children all had a significantly shorter time to all-cause readmission 
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(increased risk) during the post-discharge period (-1.53, -3.46, -0.02, and -0.07 respectively, p-

value = <0 .05). Examining the contextual-level risk factors provided a better fit to the data (AIC 

of 3026.95) on time to all-cause readmission during the post-discharge period, indicating a more 

favorable result for the model that was not accounted for in the previous model. Sensitivity 

analyses were conducted with no substantive difference (for the primary outcome) and therefore 

the results presented include all readmission data that was available. Table 6 shows the effects of 

risk factors associated with 30-day readmission using a multilevel model of the ABM conducted 

using an individual-level data source.  According to the ABM, none of the included factors in the 

predisposing domain (Model 1) were significant in predicting all-cause readmission time during 

the post-discharge period (p-value > 0.05). The enabling domain alone was identified as being 

associated with a longer time to all-cause readmission during the post-discharge period (β = 

0.36, p-values <0.5). The model’s AIC fit was 4710.24. Regarding the individual enabling 

domain of proximal measures of personal resources, the enabling factors model’s AIC fit was 

4095.59, indicating a better fit. Regarding proximal measures of personal resources and access to 

care among the individual needs domain, the needs factors model’s AIC fit was 4716.93. This 

indicates a lower fit as compared to the predisposing and enabling domains. The final all 

individual-level model’s AIC fit was 4099.21. At the contextual level, Table 7 shows patient 

information data at the census- and county-level. The contextual factor model’s AIC fit was 

3717.61. Lastly, the 2-level risk factors’ impact were compared to explore how contextual-level 

risk factors enhance or weaken individual-level risk factors. The full model AIC was low at 

1097.73, indicating a better model fit (Table 8).  

Neighborhood disadvantage. The association of neighborhood disadvantage was tested with 

all-cause readmission outcomes. The 100th percentile indicates the highest level of neighborhood 
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disadvantage. Figure 5 shows the distribution of ADI scores in disadvantaged neighborhoods in 

Washington State, with an average of 35% of neighborhoods indicating a moderately 

disadvantaged neighborhood. Figure 6 shows a map of the most disadvantaged neighborhoods 

and their prevalence. Those who live in the most disadvantaged neighborhoods have a higher 

risk of all-cause readmission than those who live in other regions with a lighter red color (β = -

1.2, p < 0.001). The rate of all-cause readmission did not vary significantly across disadvantaged 

neighborhoods. 

Discussion 

This is a theory‐informed analysis that used hierarchical linear modeling of all-payer data 

from an urban teaching hospital of HF cohorts, based on the index admission’s primary 

diagnosis. This study demonstrated two principal results.  

In the first aim, the effect of individual- and contextual-level risk factors on 30-day 

readmission was assessed among HF patients using the ABM conceptual framework as a guide. 

In the exploratory analysis, among clinical and index hospitalization characteristics, it was found 

that longer length of stay (LOS), admission to the ICU or a surgical unit (admission location), 

and discharge to the health care unit were significantly associated with an elevated risk of all-

cause readmission. This finding is in line with a recent study reporting that longer LOS resulted 

in a higher likelihood of 30-day all-cause readmission among patients who are Medicare 

beneficiaries discharged after HF admission.(36) Among individual characteristics, it is surprising 

to note that patients who live alone—compared with patients living with family or at health care 

facilities—have longer readmission intervals. In contrast, previous reviews have identified the 

importance of social support to prevent 30-day readmission.(20,21,31,37,38) The available evidence 

concerning the effect of living alone and the risk for readmission is inconsistent; although some 
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previous studies have considered it to be a protective factor,(39) other studies have contradicted 

this finding.(40) In the study, the link between patients who live alone and the lower risk of 

having a shorter interval for readmission is unclear. However, several relevant factors may 

explain the study findings: examining living situations from electronic medical records and 

clinicians’ documentation may involve a trade-off of not capturing the different perspectives of 

the actual complexity of the patient’s living situation. In particular, the predictor of “lives alone” 

may not have captured the granularity of patient perception toward living alone.(41) Specifically, 

patients may live alone but are staying connected with other people in their community. 

Consequently, further research is needed to assess other patient-reported factors that reflect 

perceived social support and other social factors to capture data in relevant domains. Among 

contextual characteristics, people with the characteristics of residing in low-income 

neighborhoods, as measured by per capita income, being aged 25 and older without a high school 

diploma, and being married were more significantly linked to shorter readmission intervals of 

both outcomes. Emerging evidence has suggested that readmission rates and low socioeconomic 

status are associated with an increased risk of readmission.(42) Therefore, the ABM was used to 

understand how individual-level and contextual-level risk factors influenced the incidence of all-

cause 30-day readmission among patients with HF.  

The findings support the hypothesis that including contextual characteristics with the 

individual characteristics model would improve the ability to identify risk factors that predict all-

cause readmission and HF-related readmission. When combined, it was found that 

individual sociodemographic, economic, and hospitalization characteristics explained individual-

level variations in 30-day readmission rates. Ours results are in accordance with Hersh and 

colleagues,(21) who proposed a conceptual model for HF readmission, emphasizing the 
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importance of the post-discharge vulnerable phase as a critical time where patients are at high 

risk and prone to exacerbations. There is growing evidence that explains the role of social 

supports, a safe living environment, education level, economic stability, and access to care in the 

readmission of HF patients.(20,31,43)  For example, Amarasingham et al(43) reported the limited 

ability of clinical factors to accurately predict the odds of readmission. Further, the 

Amarasingham et al(43) model focused on examining the synergistic effects of social, behavioral, 

and utilization factors (i.e., being single, male, using Medicaid, having an increased number of 

address changes, and average income level for zip code of residence) as predictors of 

readmission among patients with HF (C-statistic 0.72).(43) A systematic review of retrospective 

and prospective cohorts and case control and cross-sectional studies was conducted to assess the 

impact of social determinants of health on risk of readmission or on mortality after 

hospitalization for HF.(31) The results of the review emphasized the importance of studying social 

determinants of health that may affect the risk of post-discharge readmission for patients with 

HF. Specifically, social factors that were examined in relation to an increase in risk of 

readmission in HF were being elderly, being Black or Hispanic, using Medicare or Medicaid, 

being unmarried or single, and several measures of low socioeconomic status were also found to 

significantly increase readmission.(31) 

The second aim attempted to determine whether neighborhood characteristics measured 

by the ADI had any significant effect on patient readmission risk. Awareness of the importance 

of assessing risk factor-related neighborhoods as well as the environment has grown steadily.(21) 

The Area Deprivation Index (ADI), developed by Singh et al, can be used to assess 

socioeconomic disadvantage.(28,44,45) The study shows that patients residing in a highly 

disadvantaged neighborhood had increased numbers of contextual and individual characteristics 
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that contributed to their readmission. The findings further support the notion that a high level of 

neighborhood disadvantage may influence the risk of readmission among patients with HF. This 

study aligns with previous research showing that residence in a zip code in the lowest 

socioeconomic quintile was associated with an increased risk of 30-day readmission.(15,26,42,43) 

Taken together, the current study’s findings show that focusing on individual-level data 

alone (including hospital-level data) in predicting patients at the highest risk of rehospitalization 

is not enough to address the issue of 30-day readmission. Therefore, in an effort to 

lower health care costs associated with excessive 30-day readmissions, there is a need for more 

theoretical studies to enrich our understanding of the individual- and contextual-level risk factors 

that might influence the risk of 30-day readmission in patient with HF.  To 

prevent readmissions in a population, it is particularly important to move beyond assessing 

individual-level risk factors and to begin assessing multiple risk factors, such as social support, 

income level, and environment, on readmission. It is important for policymakers to integrate 

assessing contextual-level factors as a standard care transition practice of readmission reduction 

efforts to explain variations in hospital readmission rates. Living 

in socioeconomically disadvantaged neighborhoods may predispose HF patients to having 

limited access to essential resources, such as affordable, healthy foods.  However, the underlying 

mechanisms for these associations remain unknown. More research is needed to examine 

readmission risk factors in post-discharge care facilities, such as skilled nursing facilities.  

Limitations and Strengths 

Several limitations should be acknowledged when interpreting the results. In the study,  

data extracted from a single academic medical center in Washington State was examined, 

limiting the generalizability of the findings. However, this study avoided the limitation of 
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previous studies in controlling for possible hospital-specific factors, such as discharge planning 

protocols, that might affect estimations of readmission rate. Also, it was not possible to examine 

imperative factors related to patient functional status and perceived patient-reported outcomes 

related to lifestyle behaviors, caregiver availability, and degree of social support because of the 

limitation of using routinely collected data in administrative databases. Another limitation of 

using routinely collected data from databases is that access was limited to a more comprehensive 

profile of risk factors related to hospital data (eg, hospital size) on adherence to treatment levels 

of variables that might influence risk of readmission.  

Despite these limitations, the study has used a multilevel framework examining 

comprehensive variables, capturing patients’ individual and contextual factors, to obtain patient 

characteristics across multiple readmission events.  

Conclusion 

The findings emphasize the importance of both individual- and contextual-level risk 

factors on readmission variations. From all the associations described, living in a disadvantaged 

neighborhood brought a higher risk for readmission following hospitalization for HF. The 

study’s findings suggest that neighborhood-level factors should be considered along with 

individual-level factors. Ultimately, the findings of the multilevel and multifaceted factors 

associated with readmission suggest the importance of developing effective, tailored, patient-

centered health care interventions based on the patient’s social context to target the individual 

(patient) and contextual (neighborhood) factors to reduce readmissions among patients with HF.  
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Figure 1. Multilevel Analysis Framework of the Readmission Rate of Residents in Washington 

State(30,32,33) 
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Figure 2. The Modified Multilevel Conceptual Framework of Andersen’s BM(30) 

The modified multilevel conceptual framework of Andersen’s BM
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Figure 3. Study Chart Showing Numbers of Included, Excluded Patients, and Readmission Events 
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D. Model. Effect of individual- and contextual-levels risk factors on 30-day readmission based on Andersen’s BM 

 

 

 
 

 

 
 

 

 

 
 

E. Model. Effect of neighborhood disadvantage on 30-day readmission 

Figure 4. Competing Models for Understanding 30-day Readmission Using Andersen’s BM  
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Figure 5. The Distribution of Area Deprivation Index (ADI) Scores to Assess Disadvantaged 

Neighborhoods in Washington State

Area Deprivation Index (ADI) Scores 

The Distribution of Area Deprivation Index (ADI) Scores to Assess Disadvantaged 

Neighborhoods in WA State 
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Figure 6. Neighborhood Socioeconomic ADI Score Characteristics and Readmission in Washington State 

ADI 

Scores 



 

 34 

TABLES 
 



 

 35 

 
Table 1. The 1-Factor Factor Analysis on 17 Composite Variables of the Area Deprivation Index (ADI) 

Score 

Category US Census Indicator 

Poverty Median family income, $ 
Income disparity 

Families below poverty level, % 

% Population below 150% poverty threshold, % 

Single parent households with dependents <18% 
Households without a motor vehicle, % 

Households without a telephone, % 

Occupied housing units without complete plumbing, % 

Housing Owner occupied housing units, % 

Households with >1 person per room, % 

Median monthly mortgage, $ 

Median gross rent, $ 
Median home value, $ 

Employment Employed person 16+ in white collar occupation, % 

Civilian labor force unemployed (aged 16+), % 

Education Population aged 25+ with <9yr education, % 

Population aged 25+ with at least a high school education, % 
Note: Constructed using principal components analysis based on 17 census tract-level variables for a Census Block 

Group from four broad areas/ dimensions: poverty, housing, employment, and education. The ADI score variables at 

Block Group level used United States Census Bureau (CB) data for Washington State. 
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Table 2. Individual Predisposing, Enabling, and Needs at Index Hospitalization (N=1950) 

Variable Values N (%) or Mean ± SD 

Individual predisposing domain  

Age (mean± SD) 60.42±16.72 

Gender (n, %) 
   Male (reference) 

 
1249 (41.1%) 

Marital status 

   Single (reference, n, %) 

 

964 (49.4%) 

Race 
   Black 

   White 

   Other 

 
189 (9.7%) 

1476 (75.7%) 

285 (14.6%) 

Ethnicity  
    Hispanic (reference)  

 
92 (4.7%) 

Individual enabling domain  

Employment 

    Employed (reference) 

 

337 (17.3%) 

Health Insurance  

    Medicaid 

    Medicare 

    Private insurance 
    Other 

 

104 (5.3%) 

434 (22.3%) 

1085 (55.6%) 
327 (16.8%) 

Living situation 

    Living at facility or home (reference) 

 

1492 (76.5%) 

Individual needs domain   

LOS (mean ±SD) 13.19 ±16.29 

Admission source 

   Health care facility (reference) 

 

1075  (55.1%) 

Admission type 
   Emergency 

   Urgent 

   Elective 

 
787    (40.4%) 

1006  (51.6%) 

157    (8.1%) 

Hospital services 

  Cardiac unit 

  ICU unit 

  Medical unit 
  Surgical unit 

 

1387  (71.1%) 

106    (5.4%) 

255    (13.1%) 
202    (10.4%) 

Accommodation type 

   Non intensive telemetry units (reference) 

 

1242  (63.7%) 

Discharge disposition  
   SNF 

   Routine discharge to home or self-care 

   Home with health services 
   Hospice 

   Rehabilitation 

   Other 

 
147   (07.5 %) 

1401 (71.8 %) 

152   (07.8 %) 
44     (02.3 %) 

33     (01.7 %) 

173   (08.9 %) 

HF type 
    HFpEF 

    HFrEF 

 
222   (11.4 %) 

1172 (60.1 %) 
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    Unspecified 
    Combined 

344   (17.6 %) 
212   (10.9 %) 

Cardiac device 

    Having implantable device (reference) 

 

22 (1.1%) 

Comorbidity (secondary diagnosis) 
Neurological disorder  

CHF 

GI disorder  
CVD disease  

Renal disease 

Pulmonary disease 
Oncology 

Pancreas and liver disease 

Other 

 
38 (1.9%) 

129 (6.6%) 

23 (1.2%) 
801 (41.1%) 

361 (18.5%) 

299 (15.3%) 
25 (1.3%) 

223 (11.4%) 

49 (2.5%) 

Comorbidity (tertiary diagnosis) 
Neurological disorder  

HF 

GI disorder  
CVD disease  

Renal disease 

Pulmonary disease 

Oncology 
Pancreas and liver disease 

Other 

 
56    (2.9%) 

40    (2.1%) 

43    (2.2%) 
886   (45.4%) 

348   (17.8%) 

217   (11.1%) 

35     (1.8%) 
228   (11.7%) 

97     (5.0%) 

Note: N=1950. (LOS) length of stay, (ICU) intensive care unite, (SNF) transfer to skilled nursing 
facility, (HF) heart failure, (HFpEF) heart failure preserved ejection fraction (diastolic), (HfrEF) 

heart failure reduced ejection fraction (systolic), (CVD) cardiovascular disease. 
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Table 3. Detailed Estimates of Demographic, Social, Economic, and Housing Characteristics at 

Census Level 

Rural residence 
    Rural (reference) 

 
278 (14.3%) 

Poverty at family household (mean, SD) 3005.36 ±3655.26 

Family pPoverty (mean %) 8.719% 

Unemployment rate (mean %) 6.292% 
Housing units 5079.47 ±5974.11 

Median value of owner occupied units  256878.61±183793.15 

Median household income 59070.36±28053.25 
Mean income 76035.41±34870.98 

Per capita income 31685.30±14889.648 

Household income less than 24999 (mean) 19.41% 
Race population (78767) 

  White % 

   Black % 

 

75% 

1.89% 

Population density (mean, SD) 1414.789±3533.80 
Median age 41.89 ±11.99 

High school (%) 25.28% 

Married couple 52.54% 
Single couple with children under18 7.19% 

Note: Census-level data: n=600, total events=1216. Population density zip code missing available 

cases (935 events), missing n=281 (23%). 
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Table 4. Prevalence of Readmission among Patients with HF 

Variables Value N (%) or Mean 

Reason for readmission (n, %) 

Secondary 
    HF related admission 

    CVD related admission 

    Non-CVD related admission 

 

 
129(6.6%) 

800(41.0%) 

1021(52.4%) 

Reason for readmission (n, %) 
Tertiary 

    HF related admission 

    CVD related admission 
    Non-CVD related admission 

 
 

53 (1.7%) 

1252 (39.5%) 
1860 (58.7%) 

All-cause readmission  

(Mean in days) 

 

197.10 

30-day readmission  
(Reference) (n, %) 

 
371 (30.5%) 

Death  

(n, %) 

 

136 (7.0%) 

Note: n=600. (HF) heart failure, (CVD) cardiovascular disease. 
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Table 5. The Effects of Individual, Clinical, and Index Hospitalization Characteristics and 

Contextual Characteristics on All-Cause Readmission 

 Model 1 

Individual 
characteristics 

Model 2 

Clinical and index 
hospitalization 

characteristics 

Model 3 

Contextual 
characteristics 

 ß ± SD ß ± SD ß ± SD 

(Intercept) 5.16±0.61 *** 4.40±1.32 *** 24.08±6.89 *** 

Older adult (older) -0.01±0.61 

 

  

Gender (Male) -0.20±0.61   

Marital Status (Single) -0.06±0.61   
Black race -0.14±0.61   

White race -0.21±0.61   

Hispanic -0.30±0.61   
Retirement  0.06±0.61   

Living Situation (Alone)  0.36±0.61 *   

Insurance (Medicare) -0.04±0.61   

LOS  -0.23±0.11 *  
Admission sources 

Non-healthcare facility 

 

 0.22±0.10 *  

ICU  -0.50±0.37  
Medical unit  -0.02±0.21  

Surgical unit  -0.37±0.16 *  

Discharge disposition to home self-care   0.18±0.14  

Combined HF   0.54±1.19  
HfpEF   0.51±1.19  

HfrEF   0.31±1.18  

Unspecified 
 

 0.35±1.20  

Secondary reason for readmission (none cardiac)   0.48±0.30  
Tertiary reason for readmission (none cardiac)   0.74±0.30 *  

Neurological disorder  -0.46±0.36  

GI  -0.59±0.41  
Heart disease   0.56±0.21 *  

Renal disease  -0.47±0.27 .  

Pulmonary disease  -0.28±0.29  

Oncology  -0.12±0.59  
Other  -0.49±0.28  

Pancreas and liver disorders  -0.56±0.35 .  

Rural    0.07±0.36 
Unemployment   -0.00±0.07 

Per capita income   -1.53±0.58 * 

Household income <24999 ($)   -0.05±0.03 . 

High education   -3.46±1.11 ** 
Married couple   -0.02±0.01 . 

Single with children   -0.07±0.04 . 

Access to nearest clinic    0.03±0.14 
Access to UWMC     0.11±0.12 

Access to nearest hospital    0.05±0.17 

Model Fit    
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AIC 3866.81 3879.24 3009.52 

    

Note: Significant codes: *p < 0.05, **p < 0.01, ***p < 0.001, ‘.’ 0.1 ‘ ’ 1. (AIC) Akaike information 

criterion. The optimal model is selected based on a minimum AIC. Null model AIC =4704.765. 
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Table 6. Individual Predisposing, Enabling, Needs and All Individual-Level Collapsed Factors for 30-Day Readmission 

 Model 1 

Predisposing 

Model 2 

Enabling 

Model 3 

Needs 

Model 4 

All individual level 

 ß ± SD ß ± SD ß ± SD ß ± SD 

(Intercept)  0.22 0.33±0.04 0.48±0.32 0.27±0.04 

Older adult  0.03    

Gender  0.02    
Marital status -0.01    

Race White  0.06    

Race other  0.04    

Hispanic -0.04    

Medicare   0.00±0.15   

Living situation   -0.09±0.1*   

Employment status   -0.03±0.16   

LOS     0.06±0.32  
Admission source    -0.03±0.03  

Hospital service - ICU    0.00±0.03  

Hospital service - Medical    0.03±0.07  
Hospital service - Surgical    0.10±0.05  

Accommodation type telemetry    0.03±0.04  

Discharge disposition to home self-care   -0.04±0.03*  
CVD device   -0.03±0.03  

Combined HF   -0.26±0.04  

HFpEF   -0.26±0.32  

HFrEF   -0.22±0.32  
Unspecified HF   -0.23±0.32  

Admission secondary to non-cardiac reasons    0.06±0.02  

Parsimony model     

Living situation - alone    -0.08±0.04 
LOS - longer     0.07±0.041 

Admission source from non-health care    -0.03±0.02 

Hospital service - ICU     0.00±0.02 
Hospital service - Medical     0.02±0.07 

Hospital service - Surgical      0.12±0.052 

Discharge disposition home self-care    -0.05±0.04 
Admission secondary to non-cardiac reasons      0.06±0.03 

Model Fit     

AIC 4710.24 4095.59 4716.93 4099.21 

Note: Significant codes: *p < 0.05, **p < 0.01, ***p < 0.001.(HF) heart failure, (LOS) length of stay, (CVD) 

cardiovascular device, (HFpEF) heart failure preserved ejection fraction (diastolic), (HFrEF) heart failure reduced 
ejection fraction (systolic), (AIC) Akaike information criterion. The optimal model is selected based on a minimum. 



 

 43 

Table 7. Contextual-Level Characteristics and All-Cause 
Readmission 

 Model 1 

Contextual level 

 ß ± SD 

(Intercept) -1.34±1.67 

Rural  0.06±0.081 

Unemployment -0.01±0.09 

Per capita income  0.15±0.13 
Household income <24999 ($)  0.00±0.01 

Race White  -0.01±0.00 

Race Black -0.01±0.01 
High education  -0.02±0.015 

Married couple  0.05±0.020 

Single couple with children under18  0.34±0.26 

Nearest clinic  0.00±0.00 
Nearest UWMC  0.01±0.01 

Nearest hospital  -0.04±0.03 

Model Fit  

AIC 3717.609 

Note: Significant codes: *p < 0.05, **p < 0.01, ***p < 0.001. 

(HF) heart failure, (LOS) length of stay, (CVD) cardiovascular 

device, (HFpEF) heart failure preserved ejection fraction 
(diastolic), (HFrEF) heart failure reduced ejection fraction 

(systolic). 



 

 44 

Table 8. Testing Model Fit of the Effects of the Individual and Contextual Risk 

Factors on All-Cause Readmission from the Multilevel Modeling 

  

Contextual risk factors 
Model 1 Model 2 Model 3 

Predisposing Enabling Needs 

1592.407 1376.006 1611.693 

3717.609  Individual risk factors  

1386.964 

1097.727 

Note: (AIC) Akaike information criterion. The optimal model is selected based 

on a minimum.  
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Table S1. STROBE Statement—Checklist of items that should be included in reports of cohort studies 

 Item No Recommendation 

 Title and abstract 1 (a) Indicate the study’s design with a commonly used term in 

the title or the abstract 

(b) Provide in the abstract an informative and balanced 
summary of what was done and what was found 

Introduction 

Background/rationale 2 Explain the scientific background and rationale for the 

investigation being reported 

Objectives 3 State specific objectives, including any prespecified 
hypotheses 

Methods 

Study design 4 Present key elements of study design early in the paper 

Setting 5 Describe the setting, locations, and relevant dates, including 
periods of recruitment, exposure, follow-up, and data 

collection 

Participants 6 (a) Give the eligibility criteria, and the sources and methods of 

selection of participants. Describe methods of follow-up 

(b) For matched studies, give matching criteria and number of 

exposed and unexposed 

Variables 7 Clearly define all outcomes, exposures, predictors, potential 
confounders, and effect modifiers. Give diagnostic criteria, if 

applicable 

Data sources/ 

measurement 

8*  For each variable of interest, give sources of data and details 

of methods of assessment (measurement). Describe 
comparability of assessment methods if there is more than one 

group 

Bias 9 Describe any efforts to address potential sources of bias 

Study size 10 Explain how the study size was arrived at 

Quantitative variables 11 Explain how quantitative variables were handled in the 

analyses. If applicable, describe which groupings were chosen 

and why 

Statistical methods 12 (a) Describe all statistical methods, including those used to 
control for confounding 

(b) Describe any methods used to examine subgroups and 

interactions 

(c) Explain how missing data were addressed 

(d) If applicable, explain how loss to follow-up was addressed 

(e) Describe any sensitivity analyses 

Results 

Participants 13* (a) Report numbers of individuals at each stage of study—eg 
numbers potentially eligible, examined for eligibility, 

confirmed eligible, included in the study, completing follow-

up, and analysed 

(b) Give reasons for non-participation at each stage 

(c) Consider use of a flow diagram 

Descriptive data 14* (a) Give characteristics of study participants (eg demographic, 

clinical, social) and information on exposures and potential 

confounders 

(b) Indicate number of participants with missing data for each 
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variable of interest 

(c) Summarise follow-up time (eg, average and total amount) 

Outcome data 15* Report numbers of outcome events or summary measures over 

time 

Main results 16 (a) Give unadjusted estimates and, if applicable, confounder-
adjusted estimates and their precision (eg, 95% confidence 

interval). Make clear which confounders were adjusted for and 

why they were included 

(b) Report category boundaries when continuous variables 
were categorized 

(c) If relevant, consider translating estimates of relative risk 

into absolute risk for a meaningful time period 

Other analyses 17 Report other analyses done—eg analyses of subgroups and 
interactions, and sensitivity analyses 

Discussion 

Key results 18 Summarise key results with reference to study objectives 

Limitations 19 Discuss limitations of the study, taking into account sources of 
potential bias or imprecision. Discuss both direction and 

magnitude of any potential bias 

Interpretation 20 Give a cautious overall interpretation of results considering 

objectives, limitations, multiplicity of analyses, results from 
similar studies, and other relevant evidence 

Generalisability 21 Discuss the generalisability (external validity) of the study 

results 

Other information 

Funding 22 Give the source of funding and the role of the funders for the 

present study and, if applicable, for the original study on 

which the present article is based 

*Give information separately for exposed and unexposed groups. 
Note: An Explanation and Elaboration article discusses each checklist item and gives methodological 

background and published examples of transparent reporting. The STROBE checklist is best used in 

conjunction with this article (freely available on the Web sites of PLoS Medicine at 
http://www.plosmedicine.org/, Annals of Internal Medicine at http://www.annals.org/, and Epidemiology 

at http://www.epidem.com/). Information on the STROBE Initiative is available at http://www.strobe-

statement.org. 
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Table S2. Diagnoses of Heart Failure (HF) or Related Conditions, According to 
ICD-9-CM and ICD-10-CM Codes 

ICD-10 diagnosis code ICD-9 diagnosis code 

I09.81 

I10 
I11.0 

I13.0 

I13.2 

I34.0 
I50.1 

I50.20 

I50.21 
I50.22 

I50.23 

I50.31 
I50.32 

I50.33 

I50.40 

I50.41 
I50.42 

I50.43 

I50.9 

398.91 

402.91 
404.01 

404.91 

404.93 

428 
428.2 

428.21 

428.22 
428.23 

428.3 

428.31 
428.32 

428.33 

428.41 

428.42 
428.43 

428.9 

 

Note: ICD-10 (International Classification of Diseases 10th Revision), ICD-9 

(The International Classification of Diseases, 9th Revision). 
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Table S3. Urban/Rural Residence Status Based on the Definition and Classification Method 

Recommended by Rural Urban Commuting Areas (RUCA): Four-Tier Consolidation of Secondary 

RUCA Codes 

Levels RUCA Population density 

Level 1: Urban core  1.0, 1.1  

Level 2: Suburban  2.0, 2.1, 3.0 >100 residents/square mile 

Level 3: Large rural  4.0, 4.1, 4.2, 5.0, 5.1, 5.2, 6.0, 6.1 >100 residents/square mile 
Level 4: Small 

town/rural  

 

7.0, 7.1, 7.2, 7.3, 7.4, 8.0, 8.1, 8.2, 

8.3, 8.4, 9.0, 9.1, 9.2, 10.0, 10.1, 

10.2, 10.3, 10.4, 10.5, 10.6 

or not urban core with population density 

<100 residents/square mile 
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Table S4. Urban/Rural Residence Status Based on the Definition and Classification Method 

Recommended by Rural Urban Commuting Areas (RUCA): Two-Tier Consolidation of Secondary 

RUCA Codes 

Levels  Codes 

Urban  

 

1     Metropolitan area core: primary flow within an Urbanized Area (UA) 

1.0 No additional code 

1.1 Secondary flow 30% through 49% to a larger UA 
 

2    Metropolitan area high commuting: primary flow 30% or more to a UA 

2.0 No additional code 

2.1 Secondary flow 30% through 49% to a larger UA 
 

3    Metropolitan area low commuting: primary flow 10% to 30% to a UA 

3.0 No additional code 
 

Rural  4     Micropolitan* area core: primary flow within an Urban Cluster (UC) of 10,000 

through 49999 (large UC) 

4.0 No additional code 
4.1 Secondary flow 30% through 49% to a UA 

4.2 Secondary flow 10% through 29% to a UA 

 
5    Micropolitan* high commuting: primary flow 30% or more to a large UC 

5.0 No additional code 

5.1 Secondary flow 30% through 49% to a UA 
5.2 Secondary flow 10% through 29% to a UA 

 

6    Micropolitan* low commuting: primary flow 10% to 30% to a large UC 

6.0 No additional code 
6.1 Secondary flow 10% through 29% to a UA 

 

7   Small town core: primary flow within an Urban Cluster of 2500 through 9999 
(small UC) 

7.0 No additional code 

7.1 Secondary flow 30% through 49% to a UA 

7.2 Secondary flow 30% through 49% to a large UC 
7.3 Secondary flow 10% through 29% to a UA 

7.4 Secondary flow 10% through 29% to a large UC 

 
8    Small town high commuting: primary flow 30% or more to a small UC 

8.0 No additional code 

8.1 Secondary flow 30% through 49% to a UA 
8.2 Secondary flow 30% through 49% to a large UC 

8.3 Secondary flow 10% through 29% to a UA 

8.4 Secondary flow 10% through 29% to a large UC 

 
9    Small town low commuting: primary flow 10% through 29% to a small UC 

9.0 No additional code 

9.1 Secondary flow 10% through 29% to a UA 
9.2 Secondary flow 10% through 29% to a large UC 



 

 51 

 
10 Rural areas: primary flow to a tract outside a UA or UC (including self) 

10.0 No additional code 

10.1 Secondary flow 30% through 49% to a UA 

10.2 Secondary flow 30% through 49% to a large UC 
10.3 Secondary flow 30% through 49% to a small UC 

10.4 Secondary flow 10% through 29% to a UA 

10.5 Secondary flow 10% through 29% to a large UC 
10.6 Secondary flow 10% through 29% to a small UC 

Note: Based on Washington, Wyoming, Alaska, Montana, Idaho (WWAMI) Rural Health 

Research Center.35 
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Table S5. Study Variables  

Dependent variable  

Time to hospital readmission Any repeat admission after being discharged from an index hospital 

stay for any reason within the time period of data collection 

30-day readmission Any repeat admission after being discharged from an index hospital 
stay for any reason within 30-days 

Covariates of 30-day readmission  

(Level 1) Individual-level factors  

Predisposing domain 

 Age Older adult 

 Gender Male  

 Marital status Single 

 Race Black 

White 
Other 

 Ethnic group Hispanic 

Enabling domain   

 Insurance Medicare 
Medicaid 

Private insurance 

Other 

 Living situation Alone 
Living with family or health 

facility 

 Employment status Employed 

Health needs domain 

 LOS Length of stay in days 

 Admition source description  Non-health care 

 Hospital service  

 Accommodation type: Telemetry Telemetry 

 Discharge disposition Home self-care 

 CVD  

 Heart failure type 

Combined heart failure 

Combined 

 HFpEF HFpEF 

 HFrEF HFrEF 

 Unspecified heart failure type Unspecified 

 Comorbidity  

Neurological disorder 
GI 

Heart disease 

Kidney disease 

Lung disease 
Oncology 

Other 

Pancreas and liver disorders 

 

(Level 2) Contextual-level factors 

Census (ZIP code) level data   

 Rural/urban residence Rural 

 Census-level unemployment rate  
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 Per capita income 12m Income 

 Percent of the population with 

incomes below the federal poverty 

level ($24999) 

Poverty 

 Race specific population  
Census-level race White 

 
White 

 Census-level race Black Black 

 Percent of the population over the 

age of 25 with no high school 
diploma 

Highs school 

 Married couple Married couple 

 Single parent with children under 18 Single parent 

 
Spatial (GIS) level 

data 

  

 Nearest clinics Nearest clinics 

 Nearest hospitals Nearest hospitals 

 Access to care of the center’s main 

hospital (UWMC) 

Access to UWMC 

Neighborhood (block level) disadvantage 
data 

  

 ADI  

Note: (LOS) Length of stay, (HFpEF) Heart failure preserved ejection fraction, (HFrEF) Heart failure reduced ejection 

fraction, (GI) Gastrointestinal, (UWMC) University of Washington Medical Center, (GIS) Geographic Information 
System, (ADI) Area Deprivation Index, (CVD) Cardiovascular device 

 


