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Abstract 

Title of Dissertation: Exploring Symptom Clusters in People with Heart Failure 

Jumin Park, Doctor of Philosophy, 2015 

Dissertation Directed by: Dr. Meg Johantgen, PhD, RN, Assistant Professor, University 

of Maryland School of Nursing 

Background: A symptom cluster (SC) is a group of two or more symptoms that occur 

together and are related to each other. SCs have been studied primarily in oncology 

patients, yet the increasing volumes of people living with heart failure (HF) often 

experience multiple symptoms.   

Purpose: The purposes of this study were to: 1) determine if distinct latent classes of HF 

patients could be identified; 2) identify how patient characteristics influence HF SC 

membership; 3) explore the impact of HF SCs on adverse outcomes; and 4) compare HF 

SCs between a Western (U.S.) and an Asian sample (China/Taiwan). 

Methods: A secondary analysis of a cross-sectional observational study designed to 

evaluate the development of HF symptoms (Moser et al., 2014) was conducted. The 

sample in this study included patients recruited from inpatient and outpatient settings 

between years 2008 and 2011, from the U.S. (N=4011), and a matched sample from the 

U.S. and China/Taiwan (N=240 in each). Items from The Minnesota Living with Heart 



Failure Questionnaire (MLHFQ) were analyzed: five physical symptoms (edema, 

shortness of breath, fatigue-increased need to rest, fatigue-low energy, and sleep 

difficulties) and three psychological symptoms items (worrying, feeling depressed, and 

cognitive problems). Likert scaled responses assessed how these symptoms affected their 

lives. Using Mplus, latent class cluster Analysis (LCCA) was performed to examine the 

structure of symptoms.  

Results: Four distinct symptom classes were identified in the U.S. sample: all mild 

symptoms, moderate physical symptoms, moderate psychological symptoms, and all 

severe symptoms. Younger HF patients experienced greater distress from psychological 

symptoms, regardless of the distress of physical symptoms. Low education level was 

associated with higher distress from the physical symptoms. Psychological symptoms 

predicted ER visits and hospital admissions. Compared with the U.S. sample, HF patients 

from China/Taiwan reported a lower level of symptom distress, especially psychological 

symptoms.  

Conclusions: SCs should be useful for recognition of HF symptoms as a group rather 

than as isolated experiences. These insights may lead to the development of research 

strategies that target groups of symptoms. For example, an emotional support program 

could be proposed for younger HF patients who have a risk of psychological symptoms. 



 

 

 

 

 

 

 

 

 

 

 

 

Exploring Symptom Clusters in People with Heart Failure 

 

 

 

 

 

by 

Jumin Park 

 

 

 

 

 

 

 

 

 

 

Dissertation submitted to the Faculty of the Graduate School of the 

University of Maryland, Baltimore in partial fulfillment 

of the requirements for the degree of 

Doctor of Philosophy 

2015 

 

 



 

 

 

 

 

 

 

 

 

© Copyright 2015 by Jumin Park 

All Rights Reserved 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iii 

 

Dedication 

 

I dedicate my dissertation work to my Lord and family members. A special 

feeling of gratitude to my Lord who has worked through me for His purpose, and loving 

parents whose words of encourage and push for tenacity ring in my ears. My husband, 

who has supported me throughout the process, has never left my side and is very special. 

All of family members have been my best cheerleaders.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

Acknowledgement 

 

I would never have been able to finish my dissertation without the guidance of 

my committee members and support from my family and husband. 

 

My deepest appreciation goes to my advisor and dissertation chair, Dr. Johantgen, 

for her excellent guidance, support, encouragement, and providing me with an excellent 

atmosphere for doing research. She has been a wonderful research mentor for me during 

my program. From her, I have learned how to be a researcher and scholar. To Dr. Griffith, 

my dissertation co-chair, I extend my gratitude for her wisdom and guidance. Thank you 

to my committee members, Dr. Newhouse, Dr. Friedmann, and Dr. Harring. I appreciate 

every word you wrote on every one of my manuscript and dissertation drafts. My special 

thanks to Dr. Moser for her dataset for my dissertation and support. I would also like to 

thank Dr. McGuire for guiding my research for the past several years.  

 

I especially thank my parents, parents-in-law, brother, and sister-in-law for their 

endless love, support, and prayers. My deepest love and admiration goes to my husband. 

With all my heart, I thank my family for their love and support. 

 

 

 

 

 

 

 

 

 



v 

 

Table of Contents 

CHAPTER I. Background  

1.1 Symptom Clusters in Heart Failure (HF) Patients……………………………... 

1.2 The Association between Socio-demographic and Clinical Characteristics and 

HF Symptoms………………………………………………………………….. 

1.3 The Influence of Symptom Clusters on Outcomes…………………………….. 

1.4 Methodological Issues in Symptom Cluster Research………………………… 

1.5 Study Aims……………………………………………………………………... 

1.6 Conceptual Framework………………………………………………………… 

1.7 Significance of the Study………………………………………………………. 

1.8 Human Subjects………………………………………………………………... 

1 

 

5 

7 

8 

10 

11 

13 

15 

 

CHAPTER II (Manuscript 1). Latent class models for symptom cluster research 

in nursing: A comparison with cluster analysis 

 

2.1 Introduction…………………………………….………………………………. 

2.2 Literature Review…………………………….………………………………... 

2.2.1 Non-parametric Techniques……………………………………………….. 

2.2.2 Parametric/model-based Techniques..…………………………………….. 

2.3 Methods……………………………….……………………………………….. 

2.3.1 Data and Sample.…………………………………………………………... 

2.3.2 Measures………………………………………………………………….... 

2.3.3 Statistical Analysis…………….…………………………………………… 

2.4 Results…………………………………………………………………………. 

2.5 Discussion……………………………………………………………………… 

16 

17 

18 

20 

22 

22 

24 

25 

26 

30 

 

CHAPTER III (Manuscript 2). Exploring symptom clusters in people with heart 

failure (HF) 

 

3.1 Introduction……………………………………………………………………. 

3.2 Methods………………………………………………………………………... 

3.2.1 Data and Sample…………………………………………………………… 

3.2.2 Measures………………………………………………………………….... 

3.2.3 Statistical Analysis…………………………………………………………. 

3.3 Results…………………………………………………………………………. 

3.3.1 Socio-demographic Characteristics of Subjects…………………………... 

34 

36 

36 

37 

38 

39 

39 



vi 

 

3.3.2 Results of LCPA…………………………………………………………... 

3.3.3 Socio-demographic and Clinical Variables and Symptom Cluster Groups.. 

3.3.4 Adverse Outcomes and Symptom Cluster Groups………………………... 

3.4 Discussion…………………………………….……………………………….. 

41 

43 

46 

47 

 

CHAPTER IV (Manuscript 3). A cross-cultural comparison of symptom reporting 

and symptom clusters in heart failure (HF) 

 

4.1 Introduction…………………………………….……………………………… 

4.2 Methods……………………………………….……………………………….. 

4.2.1 Data and Sample…………………………….……………………………... 

4.2.2 Measures………...………………………….…………………………….... 

4.2.3 Statistical Analysis………….…………….………………………………... 

4.3 Results…………………………………….……………………………………. 

4.3.1 Characteristics of Subjects………………………………………………… 

4.3.2 HF Symptoms between the United States and Asia……………………….. 

4.4 Discussion…………………………………………….………………………... 

55 

57 

57 

59 

60 

60 

60 

61 

66 

 

CHAPTER VI. Discussion 

 

5.1 Summary of Findings………………………………………….………………. 

5.2 Discussion of Findings and Future Directions……………….………………… 

  5.2.1 Methodological Contributions and Implications………….………………. 

  5.2.2 Clinical Care and Utilization Outcomes Implications…….………………. 

5.3 Conclusion……………………………………………………….…………….. 

70 

72 

72 

78 

80 

 

REFERENCE……………………………………………………………………….. 

 

82 

 

 

 

  

 

 

 



vii 

 

List of Tables 

Table 2-1. Study Eligibility Criteria………………………………………………... 

Table 2-2. Socio-demographic and Clinical Characteristics……………………….. 

Table 2-3. Symptom Distress Scores among the Classes.………………………….. 

Table 2-4. Model Fit Information for LCCA Models Fit to Data………………….. 

Table 2-5. Symptom Distress Scores among the Latent Classes.………………….. 

Table 2-6. Comparison between LCCA and Cluster Analysis……………………... 

Table 3-1. Socio-demographic Characteristics…………………………………….. 

Table 3-2. Model Fit Information for LCPA Models Fit to Data…………………... 

Table 3-3. Symptom Distress Scores among the Latent Classes…………………. 

Table 3-5. Predicting Group Membership: Multinomial Logistic Regression……. 

Table 3-6. Impact of Symptom Clusters on Adverse Outcome in Patients with HF. 

Table 4-1. Socio-demographic Characteristics……………………………………. 

Table 4-2. Comparisons of symptom distress scores between the United States and 

Asia……………………………………………………………………... 

Table 4-3. Model Fit Information for LCPA Models Fit to Data in the United 

States…………………………………………………………………… 

Table 4-4. Model Fit Information for LCPA Models Fit to Data in Asia………….. 

Table 4-5. Symptom Distress Scores among the Latent Classes between the United 

States and Asia………………………………………………………….. 

23 

24 

27 

28 

29 

31 

40 

42 

42 

45 

47 

61 

 

62 

 

63 

64 

 

65 

 

 

 

 

 

 

 

 



viii 

 

List of Figures 

Figure 1-1. Conceptual Framework for Study of Symptom Clusters in HF………... 

Figure 2-1. Proposed Latent Class Cluster Analysis Model………………………... 

Figure 2-2. Difference in Symptom Distress Scores among the Classes…………… 

Figure 2-3. Difference in Symptom Distress Scores among the Latent Classes……. 

Figure 3-1. Difference in Symptom Distress Scores among the Latent Classes……. 

Figure 4-1. Differences in Symptom Distress Scores among the Latent Classes in 

the United States……………………………….. ……………………... 

Figure 4-2. Difference in Symptom Distress Scores among the Latent Classes in 

Asia……………………………………………………………….......... 

12 

26 

27 

29 

43 

 

63 

 

65 

 

 

 

 

 

 

 

 

 

 

 

 



1 

 

CHAPTER I. Background 

1.1 Symptom Clusters in Heart Failure (HF) Patients 

Symptoms are conceptualized as subjective phenomena reflecting perceived 

changes in the body or mind (Dodd et al., 2001; Rhodes & Watson, 1987). Functional or 

structural abnormalities in body organs and systems are indicated as symptoms 

(Eisenberg & Kleinman, 1981). Nurses commonly use ongoing, systematic assessments 

of patient symptoms, which may reflect a primary disease or the result of a treatment. 

These symptoms are departures from normal and most often are observed by the patient 

rather than measured directly by a health care provider. Nurses need to assess symptoms 

in order to provide precise and well-timed interventions. It is increasingly recognized that 

many symptoms occur together and various symptom clusters have been observed 

clinically and verified statistically, particularly in cancer.  

A symptom cluster has been defined as “two or more symptoms that are related to 

each other and that occur together. Symptom clusters are composed of stable groups of 

symptoms that are relatively independent of other clusters, and may reveal specific 

underlying dimensions of symptoms” (Kim, et al., 2005, p.278). The relationship among 

symptoms may be direct or indirect. A direct effect occurs when the level of one 

symptom increases and the level of another symptom also increases. An indirect effect 
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occurs when one symptom affects another symptom, which in turn affects a third 

symptom (Barsevick, 2007). Symptom clusters are associated with detrimental outcomes, 

such as impairment of quality of life (Herr et al., 2014).  

Most researchers have focused on symptoms in isolation (Miaskowski, Aouizerate, 

Dodd, & Cooper, 2007). Investigating symptom clusters will provide additional 

information, which may assist health care providers in better management of symptom 

complex patients (Moser et al., 2014). Dodd, Miaskowski, and Paul (2001) emphasized 

that the nurses’ role in symptom management is directly associated with the identification 

of symptoms through ongoing and systematic measurements and awareness of the 

presence of symptom clusters.  

Much of the symptom cluster literature has focused on cancer, and findings have 

been influenced by the heterogeneity of the sample, the time period when assessments are 

done in relation to treatments, and the analytical techniques used. Although symptom 

clusters are observed in a variety of clinical settings, the analysis of symptom clusters in 

other chronic diseases is still limited (Akatas, Walsh, & Rybicki, 2010). One such clinical 

setting is patients with heart failure (HF), which is a major public health problem all over 

the world. In the United States, the prevalence of HF estimated 5.7 million people 

between 2009 and 2012, increasing over the last two decades as people are living longer. 
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In 2011, there were approximately 280,000 deaths, representing more than 11% of 

national mortality. In addition, the high number of hospitalizations for HF has remained 

stable from 2000 to 2011, with discharges of 1,008,000 and 1,023,000, respectively 

(Mozaffarian et al., 2015).  

HF patients experience multiple symptoms, including dyspnea on exertion, fatigue, 

and peripheral edema, more often simultaneously than in isolation (Jurgens et al., 2009; 

Zambroski et al., 2005). In the HF population, few studies have been conducted to 

identify symptom clusters, and these have primarily used factor analysis and cluster 

analysis. The underlying logic for both procedures is classification, the process of 

dividing heterogeneous group units into homogenous subgroups. In cluster analysis, 

individuals are classified into clusters with regard to their similarity on variables (Everitt, 

Landau, Leese, & Stahl, 2011). On the contrary, in factor analysis, variables are classified 

into factors and dimensions (Pett, Lackey, & Sullivan, 2003). 

Several studies (Herr et al., 2012; Jurgens et al., 2009; Smith et al., 2009) used 

principal components analysis (PCA) to search for one or more components that best 

reproduce variance in a set of data (Kim, 2008). Herr et al. (2012) identified three 

symptom clusters, namely, sickness behavior (anxiety, depression, daytime functioning, 

cognitive dysfunction, and fatigue), discomfort of illness (shortness of breath, edema, and 
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pain), and gastrointestinal distress (appetite and hunger). Jurgens and colleagues (2009) 

identified three unique symptom clusters in HF patients – an acute symptom cluster, an 

emotional cluster, and a chronic symptom cluster – which emerged from nine HF-related 

symptoms (Jurgens et al., 2009).  

Cluster analysis has also been used to identify symptom clusters in HF. Hertzog 

(2010) discovered three groups of patients characterized by three distinct patterns of 

symptom experience–few symptoms, highly symptomatic symptoms, and moderate or 

high proportion reporting many symptoms–based on the presence or absence of 14 HF 

symptoms. In another study (Lee et al., 2010), two identical symptom clusters were found, 

including a physical symptom cluster and emotional/cognitive symptom cluster. Although 

there is a difference between men and women in degree of distress for individual 

symptoms, identical symptom clusters have been found in both genders. Moser et al. 

(2014) identified and compared symptom clusters in HF patients from the United States, 

Europe, and Asia. Symptoms formed two comparable clusters across the countries - a 

physical capacity symptom cluster (dyspnea, difficulty in walking or climbing, fatigue/ 

increased need to rest, and fatigue/low energy) and an emotional/cognitive symptom 

cluster (worrying, feeling depressed, and cognitive problems). The symptoms of edema 

and trouble sleeping were variable among the countries and fell into different clusters. 
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Song et al. (2010) identified two distinct symptom clusters: the dyspneic symptom cluster 

(shortness of breath, difficulty breathing when lying flat, and waking up breathless at 

night) and the weary symptom cluster (lack of energy, lack of appetite, and difficulty 

sleeping).  

In recent years, the symptom cluster in HF has been the focus of much research; 

however, the results from current studies vary in terms of number and naming of clusters. 

The current studies have limitations in the ability to generalize the findings related to 

sample size, ranging from approximately 100 to 600. Furthermore, the most appropriate 

statistical methodology is not clear, and a standardized practice method has yet to be 

established. An in-depth examination of symptoms in a large sample of HF patents is 

needed and consensus is necessary regarding the statistical methodology for analyzing 

symptom clusters.  

1.2 The Association between Socio-demographic and Clinical Characteristics and HF 

Symptoms 

Information about patient risk for HF may be valuable for healthcare providers to 

develop and offer effective strategies, which will assist in prevention of adverse outcomes 

(Lee et al., 2010). Significant associations between several socio-demographic and 

clinical variables (age, gender, body mass index [BMI], New York Heart Association 
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[NYHA] classification, and comorbidity, and symptom clusters in HF have been reported 

in previous studies (Hertzog et al., 2010; Lee et al., 2010; Jurgens et al., 2009; Redeker et 

al., 2010). For example, younger age groups were more likely to report high distress or 

emotional/cognitive symptoms compared with the older age groups (Lee et al., 2010; 

Jurgens et al., 2009; Redeker et al., 2010). Females were more likely to report physical 

distress and high distress symptoms (Lee et al., 2010) and daytime symptoms (depression 

and fatigue) than were males (Redeker et al., 2010). Lower BMI was associated with 

lower daytime symptoms (Redeker et al., 2010), and others reported that highly 

symptomatic groups had significantly higher BMI compared to groups with fewer 

symptoms (Hertzog et al., 2010). High NYHA classification scores, indicating more 

symptoms, were associated with physical distress and high overall distress (Lee et al., 

2010) as well as with daytime symptoms (Redeker et al., 2010). In exploring symptom 

clusters in relation to comorbidity, high distress symptom groups showed higher 

comorbidity scores as measured by the Charlson Comorbidity Index, compared to low 

distress symptom groups (Lee et al., 2010). Diabetes has also been found to be a 

significant predictor for an emotional cluster (Jurgens et al., 2009).  

Several socio-demographic and clinical variables were explored in symptom 

cluster research in HF. The findings suggest that socio-demographic/clinical 
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characteristics may warrant different clinical approaches to patient care. Determining the 

factor that influences the development of symptom clusters and the understanding other 

patient factors may help develop more effective treatment and management strategies. 

1.3 The Influence of Symptom Clusters on Outcomes 

Learning how symptoms clusters in people with HF may provide insights into 

outcomes or consequences of the disease. Few studies have examined the relationship 

between HF symptom clusters and clinical outcomes. The outcomes that have been 

explored to date include cardiac events, re-hospitalization, mortality, functional status, 

and quality of life. Two studies (Lee et al., 2010; Lee et al., 2014) showed that patients 

who reported high distress and emotional/cognitive distress reported a higher risk of 

cardiac events compared to those in the low distress group and in the physical distress 

group. Cardiac death within one year following discharge was found to be positively 

associated with the dyspneic symptom cluster group (Song et al., 2010). Cardiac re-

hospitalization at six months was significantly higher in the manifest vital exhaustion 

group (unusual tiredness, increased irritability, and feelings of demoralization) than in the 

no vital exhaustion group (Smith et al., 2009). Another study (Song et al., 2010) reported 

that patients with higher distress from the weary symptom cluster had a 50% higher risk 

of cardiac re-hospitalization within one year following discharge. Negative associations 
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between functional status (physical limitation and social limitation) and the number or 

severity of symptom clusters was also reported (Hertzog, 2010). Herr et al. (2012) also 

found that individuals in the sickness behavior symptom cluster and the discomfort of 

illness symptom cluster were negatively related to functional status (functional limitation 

and mobility). Although relationships between symptom clusters and outcomes have been 

identified, studies vary in terms of naming of clusters that have impacts on outcomes.  

The influence of symptom clusters on patients’ outcomes is a significant indictor 

to evaluate the importance of symptom clusters research. Understanding the effect of 

symptom clusters on HF patients’ outcomes will not only help to support the science of 

symptom clusters, but also assist to develop the intervention for symptom clusters.  

1.4 Methodological Issues in Symptom Cluster Research 

Much of the research in symptom clusters has concentrated on using a variable-

centered approach, which focuses on relationships among variables, such as multiple 

regression and correlational procedures, or on investigations of mean differences, such as 

analysis of variance (ANOVA). The variable-centered approach, however, limits 

translation of findings to individuals since the information obtained by the statistical 

methods is variable oriented, not individual oriented (Bergman & Magusson, 1997). To 

address this concern, a person-centered approach to data analysis, which focuses on 
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identifying the relationship among individuals (e.g., cluster analysis and latent class 

analysis) is emerging to improve the understanding of the symptom experience (Bergman 

& Magusson, 1997; Cox & Cox, 2000; Muthén & Muthén, 2000). The person-centered 

focus is useful in symptom research where data often include heterogeneous groups of 

individuals with multiple symptoms. The goal of person-centered approaches is to divide 

heterogeneous group units into homogenous subgroups, in which members are similar to 

each other while different from individuals in other subgroups (Muthén & Muthén, 2000).   

Latent class cluster analysis (LCCA), a type of finite mixture model, is 

concerned with assigning respondents to unobserved (i.e., latent) groups, which are called 

classes, within a population. Latent class techniques use an iterative estimation function 

to assign cases to categories of an underlying latent variable (Collins & Lanza, 2010; 

Vermunt & Magidson, 2002). LCCA is similar to traditional cluster analysis in purpose, 

which is to identify classes (Barsevick & Aktas, 2013; Kim, Abraham, & Malone, 2013). 

However, within cluster analysis, classification is based on distance measures (Hartigan 

& Wong, 1979) and there are no natural stopping rules to judge the best solution (Rupp, 

2013; Sugar & James, 2003). On the other hand, LCCA provides relative objective 

criteria, that is, model fit indicators, , allowing an empirical approach to determining the 

best solution (Vermunt & Magidson, 2002). 
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Most studies of symptom clusters have used cluster analysis for the identification 

of patients with similar symptom profiles (Hertzog et al., 2010; Lee et al., 2010; Moser et 

al., 2014; Song et al., 2010). Despite its advantages over cluster analysis, only two studies 

have used mixture modeling (Lee et al., 2014; Smith et al., 2009). A few researchers 

(DiStefano & Kamphaus, 2006; Eshghi et al., 2011) have compared LCCA and cluster 

analysis, and findings revealed that different clustering methodologies yield different 

numbers of classes and class membership, leading to different interpretations. A deeper 

understanding of the theoretical underpinnings for each LCCA and cluster analysis 

methodology is required, therefore, to ensure that the assumptions underlying the various 

algorithms are indeed appropriate for the specific analysis at hand.   

1.5 Study Aims 

 To address the limitations of the symptom cluster research highlighted above, the 

following aims were examined. Manuscript 1 represents aim 1, Manuscript 2 represents 

aims 2-4, and Manuscript 4 represents aim 5. 

1. To demonstrate the utility of LCCA in symptom cluster research by comparing 

LCCA and traditional cluster analysis in a sample of HF patients;  

2. To determine if distinct latent classes of HF patients could be identified; 
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3. To explore whether socio-demographic and clinical characteristics influence HF 

symptom cluster membership;  

4. To determine if identified symptom clusters by latent class membership are related 

to outcomes (i.e., re-hospitalization, emergency visits, emergency admissions, and 

mortality); and 

5. To explore symptom reporting and symptom clusters in patients with HF by 

comparing Western populations (the United States) and Asian populations 

(China/Taiwan) using the same instrument.  

1.6 Conceptual Framework 

The Theory of Unpleasant Symptoms (TUS) (Lenz, Pugh, Milligan, Gift, & Suppe, 

1997) provides a framework for symptom management, a central goal for nursing 

practice and an important focus in nursing science. Figure 1-1 illustrates the conceptual 

model for this study and is based on TUS. The TUS is a parsimonious theory that 

considers the multiplicity of symptoms. The theory proposes that symptoms can occur 

alone or in combination, interact with one another, and be mediators between antecedents 

and outcomes (Lenz & Pugh, 2008).  
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Figure 1-1. Conceptual Framework for Study of Symptom Clusters in HF 

 

 

 Note. Adapted from the Theory of Unpleasant Symptoms (Lenz, Pugh, Milligan, Gift, & Suppe, 1997) 

The TUS model includes three major concepts: (a) the symptom experience; (b) 

influencing factors; and (c) performance outcomes. In this model, symptoms are defined 

as “the perceived indicators of change in normal functioning as experienced by patients” 

(Rhodes & Watson, 1987, p.242). The TUS assumes that a symptom varies in intensity or 

severity, the degree of associated distress, timing, and quality. Moreover, these symptom 

dimensions are associated with one another. Although the TUS does not address a 

symptom cluster specifically, the conceptualization of multiple symptoms as occurring 

simultaneously is analogous to the concept of symptom clusters (Lenz & Pugh, 2008). 

The concept of a symptom cluster is currently being given significant attention in the 
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literature of HF based on TUS (Herr et al., 2012; Jurgens et al., 2009). Symptom 

experiences are influenced differently by the combination and/or interaction of multiple 

influencing factors. The concept of performance, which is a consequence of the symptom 

experience, encompasses cognitive, physical, and social functioning (Lenz & Pugh, 2008) 

and suggests a variety of patient outcomes, such as functional performance (Herr, 2012; 

Redeker et al., 2010), cardiac re-hospitalization (Smith et al., 2009), and death (Lee et al., 

2010; Song et al., 2010) in HF. According to TUS, feedback loops are included to depict 

that the influencing factors can affect one or more symptoms, symptoms can affect 

performance outcome and performance outcomes can in turn influence both influencing 

factors and further symptoms (Lenz & Pugh, 2008).  

In this study, influencing factors that may trigger or shape the symptom experience 

(e.g., age, gender, co-morbidities), symptoms experienced by an individual (e.g., edema, 

shortness of breath feeling depressed), and the consequence of the symptom experience 

(e.g., re-hospitalization, emergency visits, emergency admissions, and mortality) are 

reflected in the conceptual model. 

1.7 Significance of the Study 

The study will add to the knowledge of symptom clusters in chronically ill 



14 

 

populations by focusing on HF. Understanding symptom clusters will provide a scientific 

foundation for improved health outcomes in HF in that findings may promote the 

development and delivery of efficacious strategies that target a group of symptoms. 

Improved symptom management may also help prevent potential adverse outcomes (Herr 

et al., 2014; Lee et al., 2010) such as hospital admissions.  

Helping patients understand how their symptoms cluster will promote better self-

management. Patient and caregiver teaching could focus on the monitoring of symptom 

clusters rather than on individual symptoms and may enhance symptom recognition. 

Awareness of one symptom may trigger self-assessment for the presence of additional 

symptoms if patients know that symptoms occur in clusters; awareness of additional 

symptoms may facilitate timely self-care and prevent costly hospital re-admission for 

acute symptom management (Jurgens et al., 2009). 

This study used the most advanced statistical procedures to identify symptom 

clusters. As an additional step, traditional clustering approaches using the same data were 

employed in order to compare outcomes. A latent subgroup perspective approach offers 

important new information about key underlying symptom subgroups, which may better 

identify patients who should be the target of tailored prevention and treatment strategies. 

Improved model fit indices will also promote more objective determination of clusters.  
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1.8 Human Subjects 

This study employed a secondary data analysis approach using data from the 

University of Kentucky Center for the Bio-behavioral Research in Self-management of 

Cardiovascular Disease. This dissertation project used the existing de-identified data, in 

which subjects cannot be identified. The study protocol was approved by the Institutional 

Review Board (IRB) of University of Maryland, Baltimore and was determined to be 

exempt under Research Risks Code of Federal Regulations 45 CFR 46.101.b (4) (the IRB 

review of University of Maryland, Baltimore, February 2015). 
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CHAPTER II (Manuscript 1) 

Latent class models for symptom cluster research in nursing: 

A comparison with cluster analysis
1
  

2.1 Introduction 

 Classification refers to the process of dividing heterogeneous group units into 

homogenous subgroups, in which members are similar to each other while different from 

individuals in other subgroups (Everitt, Landau, Leese, & Stahl, 2011; Rupp, 2013; 

Vermunt & Magidson, 2002). In symptom management research, classification 

techniques categorize symptoms that occur in a similar pattern across patients. Therefore, 

they can be used to investigate symptom clusters, which are the occurrence of two or 

more symptoms simultaneously (Kim, McGuire, Tulman, & Barsevick, 2005). 

Investigating symptom clusters will assist patients to manage self-care and help health 

care providers to treat these patients more effectively (Moser et al., 2014). Improving 

symptom management may also improve health outcomes since interventions target a 

group of symptoms rather than a single symptom (Kim et al., 2005; Herr et al., 2014). 

The symptom cluster has been studied by using several statistical approaches in 

nursing research: correlations method, factor analysis, principal component analysis, 

                                            
1
 Jumin Park, Meg Johantgen, Jeffrey R. Harring. In preparation for submission.  
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cluster analysis, latent class cluster analysis (LCCA), and structural equation modeling. 

Among these methods, latent variable methods have advantages in terms of the 

accommodation of covariates and the consequences of symptom cluster experience (Kim, 

Abraham, & Malone, 2013). In particular, LCCA is closely analogous to standard cluster 

analysis in that it identifies subgroups of patients characterized by common pattern of 

symptoms (Barsevick & Aktas, 2013; Kim, Abraham, & Malone, 2013). The LCCA 

approach uses an empirical “person-centered” approach and there offers advantages over 

cluster analysis which is not person-centered (Magidson & Vermunt, 2002). Thus, LCCA 

can be implemented for exploring a complex symptom cluster experience. LCCA has 

been used in social sciences for many years (Collins & Lanza, 2010), but only a few 

studies (Dodd et al., 2011; Illi et al., 2012) using LCCA have explored symptom clusters. 

The purpose of this study is to illustrate the utility of LCCA by comparing LCCA and 

traditional cluster analysis using the same dataset. 

2.2 Literature Review 

Clustering and related classification techniques are often subsumed under the 

general umbrella of multivariate data analysis, since multiple outcome variables are used 

in the analyses. There are two kinds of cluster and classification techniques: non-

parametric clustering techniques and parametric/ model-based clustering and 
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classification techniques. Non-parametric clustering techniques are further categorized as 

hierarchical and partitioned techniques. Parametric/ model-based clustering and 

classification techniques are based on latent class analysis. Non-parametric do not rely 

one distribution assumptions of the response variables while parametric/model-based 

techniques assume specific distributions for the response variables (Rupp, 2013).  

2.2.1 Non-parametric Techniques 

There are different families of non-parametric techniques: hierarchical 

techniques, optimization techniques, and density or mode-seeking techniques. These 

families include In hierarchical techniques, the classes themselves are classified into 

groups using a series of merger rules. Optimization techniques produce a partition of the 

individuals into a specified number of groups, by the optimization of a clustering 

criterion. In density or mode-seeking techniques, clusters are formed by searching 

regions of high density or modes in the data) (Everitt et al., 2011). To compare latent 

class and clustering techniques, the focus is on hierarchical and optimization techniques 

(non-hierarchical techniques). 

In hierarchical clustering techniques, the data are not partitioned into a specific 

number of classes or clusters at a single step. They are first divided into a few broad 

classes, each of which is further separated into smaller classes, and each of these further 
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partitioned, and so on until terminal classes are generated which are not further 

subdivided. There are two distinct approaches for hierarchical clustering techniques: 

agglomerative methods and divisive methods. The agglomerative methods, the most 

widely used of the hierarchical methods, start by computation of a similarity or distance 

matrix between the entities, and end with a tree diagram, called a dendrogram, that 

describe the arrangement of clusters at each successive stage of the analysis. At any 

particular step, the methods may fuse individual or groups of individuals which are 

closest or most similar (Everitt et al., 2011; Vermunt & Magidson, 2002). The divisive 

methods, in the opposite direction to agglomerative methods, start with one larger 

clusters and sequentially separate clusters (Everitt et al., 2011; Rupp, 2013; Vermunt & 

Magidson, 2002).  

Estimating the proper number of clusters in actual datasets is important in 

clustering techniques. A problem common to any clustering technique is the difficulty of 

determining the most appropriate number of clusters in the data. More formal approaches 

to the problem of the number of groups present were reviewed by Milligan and Cooper 

(1985). They identified the two top performers of techniques suggested by Calinski and 

Harabasz (1974) and Duda and Hart (1973) for use with continuous data among 30 

stopping rules for recovering from two to five true clusters in a Monte Carlo simulation. 
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Several methods have been suggested to determine the optimal number of clusters in the 

data. However, it is yet an unsolved and difficult problem because of the absence of a 

clear definition of cluster and particularly dependence on both the adopted clustering 

method and the characteristics of the data distribution (e.g., shape and scale) (Sugar & 

James, 2003; Yin et al., 2008).  

Optimization techniques (non-hierarchical techniques) work by assuming a 

known number of N clusters, and by choosing N well-separated cases or cluster means 

from a previous hierarchical clustering as initial seeds. Cases from the data are then 

assigned to that seeds which the case is closest. Once all cases have been assigned to a 

seed, cases to clusters is repeated, until cluster means do not change much anymore, at 

which point the procedure is said to have converged (Everitt et al., 2011; Vermunt & 

Magidson, 2002).  

It is worth noting that cases merged in a hierarchical clustering cannot be 

separated, while such a separation can occur in a non-hierarchical clustering. Many 

analyses involve a hierarchical clustering to obtain a suitable number of clusters and 

initial seeds, and are then refined by a non-hierarchical clustering (Everitt et al., 2011; 

Vermunt & Magidson, 2002).  

2.2.2 Parametric/model-based Techniques 
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An alternative approach to grouping cases into clusters is to use LCCA. The 

fundamental latent class model postulates that there are unobservable (i.e., latent) 

subgroups, which are called classes, within a population (Chung, Lanza, & Loken, 2008; 

Everitt et al., 2011; Muthén & Muthén, 2000; Vermunt & Magidson, 2002). Traditional 

latent class analysis involves categorical variables. A recent extension of latent class 

analysis, called Latent Profile Analysis, allows analysis of continuous variables (Collins 

& Lanza, 2010; Kim, Abraham, & Malone, 2013; Vermunt & Magidson, 2002). The 

mathematical model for LCCA can be expressed as follows.  

(f yi|
1

) (
K

k k

k

f 


 yi| )k , 

where yi represents an object’s scores on a set of observed variables, K denotes the 

number of clusters, and k is the prior probability of membership in cluster k or, 

equivalently, the size of cluster k . The distribution of yi given kf is the cluster specific 

probability of yi given the model parameters  , (f yi| ), is assumed to be a mixture of 

classes-specific densities, (kf yi| k ). 

 Latent class techniques use an iterative estimation function to assign cases to 

categories of an underlying latent variable. The two main methods used to estimate latent 

class models are the maximum likelihood (ML) and the maximum a posteriori (MAP). 

The procedure estimates the model parameters, which are typically means, variances, and 
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covariances for each of the k classes as well as the likelihood of membership in class k 

(Collins & Lanza, 2010; Vermunt & Magidson, 2002).  

With latent class clustering, criteria are available to assess the model fit and to 

determine the optimal numbers of latent classes: Akaike information criterion (AIC) 

(Akaike, 1974), Bayesian information criterion (BIC) (Schwartz, 1978), Vuong-Lo-

Mendell Rubin likelihood ratio test (VLMR), and the parametric bootstrapped likelihood 

ratio test (BLRT). In addition, the entropy R-square provides an indication of the overall 

degree of classification uncertainty in the solution (Celeux & Soromeho, 1996). Well-

fitting models have the lowest BIC and a VLMR and/or BLRT, which indicates that the 

estimated model is a better fit than the model with one fewer class, and higher entropy 

value. The BIC performed the best among the information criteria for model selection, 

however, further simulations have proved that the BLRT demonstrated better indicator of 

classes across all of the models considered (Nylund, Asparouhov, & Muthén, 2007). The 

number of classes should ultimately be decided by a combination of factors, including 

one’s research question, parsimony, theoretical justification, and interpretability, as well 

as fit indices (Muthén, 2003).  

2.3 Methods 

2.3.1 Data and Sample 
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 This study was a secondary analysis of data from a cross-sectional, observational 

study. The data were collected to evaluate the development of Heart Failure (HF) 

symptoms [PI: Debra K. Moser, NIH/NINR (1P20NR010679 and R01 NR008567)] 

(Moser et al., 2014). Of the 4,067 HF patients approached to participate in the study, 56 

subjects were excluded from analyses due to missing or incomplete responses. This 

resulted in an analytical sample of 4,011. 

 Purposive sampling was used to recruit patients with HF from in- and out- 

patient settings from the United States between 2008 and 2011. Eligibility criteria for the 

study are summarized in Table 2-1. Data sets were de-identified by the original researcher. 

The University of Maryland Human Subjects Review Board determined that the research 

was not human subjects research. Socio-demographic and clinical characteristics of the 

participants are summarized in Table 2-2.  

Table 2-1. Study Eligibility Criteria 

Criteria 

1 Confirmed diagnosis of HF with either preserved or non-preserved systolic function 

2 No admission for myocardial infarction or stroke within the previous three months 

because these conditions substantially alter the typical HF symptom experience; 

3 Free of serious debilitating comorbidities, such as end-stage renal or liver disease; 

4 Free of cognitive impairments that might hinder the ability to participate in an 

interview; 

5 Not on any cardiac transplant waiting list. 
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Table 2-2. Socio-demographic and Clinical Characteristics (N=4,011) 

Variable   N % 

Age n=3,967 Mean (SD) 64.47 (13.64)  

Gender n=4,006 Male 

Female 

2290  

1716  

     57.1 

     42.8 

Ethnicity  n= 3,716 Caucasian 

African American 

Hispanic or Latino 

Asian 

Other 

2619 

528 

312 

45 

212 

70.5 

14.5 

8.4 

1.2 

5.7 

Marital status n=3,882 Married/cohabitating 

Divorced/Widowed 

Never married 

2137 

1337 

408 

55.0 

34.3 

10.5 

Education n=3,416 < High school 

High school graduation 

College graduation 

Graduate graduation 

949 

1183 

1132 

152 

27.8 

34.6 

34.2 

4.4 

NYHA classification n=3,220 NYHA I  

NYHA II 

NYHA III 

NYHA IV 

261 

1097 

1368 

494 

8.1 

34.1 

42.5 

15.3 

Note. Numbers may not sum to total due to missing data 

2.3.2 Measures 

 HF symptoms were identified from the Minnesota Living with Heart Failure 

Questionnaire (MLHFQ) (Rector, Kubo, & Cohn, 1987), which assesses health-related 

quality of life in patients with HF. The 21-item instrument contains the following five 

physical symptoms and three psychological symptoms items: edema, shortness of breath, 

fatigue/increased need to rest, fatigue/low energy, sleep difficulties, worrying, feeling 

depressed, and cognitive problems. The instrument is scored on a 6-point Likert scale 

from 0 (no impact) to 5 (very severe impact). The reliability and validity of the MLHFQ 
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have been supported in a study with HF patients (Lee et al., 2010). In the current study, 

Cronbach’s alpha for the eight items of MLHFQ was 0.99.  

2.3.3 Statistical Analysis 

 Cluster analysis was performed to identify subgroups of patients based on their 

responses to the eight symptoms (edema, shortness of breath, fatigue-increased need to 

rest, fatigue-low energy, sleep difficulties, worrying, feeling depressed, and cognitive 

problems), using Stata version 13.0 (StataCorp, 2013). An agglomerative, hierarchical 

cluster analysis was performed with squared Euclidean distance used in the proximities 

matrix and Ward’s method used as the clustering method (Everitt et al., 2011). To 

determine the number of clusters, the Calinski and Harabasz pseudo-F stopping rule 

index and the Duda and Hart Je(2)/Je(1) index were used jointly (Milligan & Cooper, 

1985; StataCorp, 2013). A large Calinski and Harabaz pseudo-F statistic, combined with 

two measures from Duda and Hart (i.e., a large Je(2)/Je(1) index and its associated small 

pseudo-T squared value), resulted in two as the most appropriate number of clusters for 

the data (Everitt et al., 2011; Milligan & Copper, 1985; StataCorp, 2013).   

The LCCA was carried out with the same data set, using Mplus Version 7 (Muthén & 

Muthén, 1998-2012). Estimation was carried out with robust maximum-likelihood via the 

Expectation-Maximization (EM) algorithm (Muthén & Shedden, 1999). Selection of the 
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optimal number of latent classes (best fitting model) was determined by the AIC, BIC, 

VLMR, BLRT, and entropy, and the underlying logical/substantive interpretation of the 

resulting classes. We modeled this analysis through the application of LCCA (Figure 2-1).  

Figure 2-1. Proposed Latent Class Cluster Analysis Model 

 

 

 

Note. C refers to latent class variable. 

2.4 Results 

 Three distinct clusters of symptoms were identified utilizing cluster analysis. As 

summarized in Table 2-3 and Figure 2-2, Class 1 (31.4% of sample) was labeled “All 

mild symptoms,” since it was characterized by a low level of all symptoms. Class 2 

(34.2% of sample) was labeled as “Moderate physical symptoms” and was characterized 

by a moderate level of physical symptoms (edema, fatigue-need to rest, fatigue-low 
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energy, short of breath, and sleep difficulty). Class 3 (32.2%) was named “All severe 

symptoms” since a high level of all symptoms characterized this group.  

Table 2-3. Symptom Distress Scores among the Classes  

 

 

Symptom score 

Class 1 

(N=1281, 

31.4%) 

Class 2 

(N= 1396, 

34.2%) 

Class 3 

(N=1319, 

32.2%) 

 

Mean (S.E.) Mean (S.E.) Mean (S.E.) p-value 

Edema 0.42 (0.03) 1.47 (0.05) 2.83 (0.05) P < 0.001 

Fatigue/need to rest 0.67 (0.03) 2.80 (0.04) 3.92 (0.04) P < 0.001 

Fatigue/low energy 1.96 (0.03) 3.76 (0.03) 4.54 (0.02) P < 0.001 

Shortness of breath 0.84 (0.03) 3.51 (0.04) 4.28 (0.03) P < 0.001 

Sleep difficulties 0.64 (0.03) 2.22 (0.05) 3.87 (0.04) P < 0.001 

Worrying  0.84 (0.04) 1.80 (0.04) 4.21 (0.03) P < 0.001 

Feeling depressed 0.54 (0.03) 1.44 (0.04) 3.47 (0.04) P < 0.001 

Cognitive problems 0.60 (0.03) 1.32 (0.07) 1.96 (0.23) P < 0.001 

Note. Numbers may not sum to total due to missing data. 

 

Figure 2-2. Difference in Symptom Distress Scores among the Classes 
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Using the LCCA, four distinct latent groups of individuals were identified, based 

on their experiences with the eight symptoms. The fit indices for the candidate models 

are shown in Table 2-4. As summarized in Table 2-5 and Figure 2-3, the Class 1 

subgroup (27.9% of patients) was categorized as “All mild symptoms,” indicating a low 

level of all symptoms. Class 2 (25.5%) was named “Moderate physical symptoms.” Class 

2 contained those who experienced a moderate level of physical symptoms, but tended to 

have a mild level of psychological symptoms (worrying, feeling depressed, and cognitive 

problems). Class 3 (14.0%) was defined as “Moderate psychological symptoms” and 

consisted of individuals who experienced a moderate level of psychological symptoms 

but tended to have a mild level of physical symptoms. Class 4 (32.6%) was labeled “All 

severe symptoms” and was characterized by a high level of all symptoms.  

Table 2-4. Model Fit Information for LCCA Models Fit to Data  

Class N. of parameters AIC BIC Entropy VLMR BLRT 

2 25 118264.730 118422.025 0.906 p < .001 p < .001 

3 34 114665.425 114879.346 0.880 p < .001 p < .001 

4 43 113414.071 113684.619 0.870 p = 0.3375 p < .001 

5 52 112098.434 112425.607 0.897 p = 0.0803 p < .001 

Note: AIC= Akaike information criterion; BIC= Bayesian information criterion; VLMR= Vuong-Lo-

Mendell-Rubin; BLRT= bootstrapped likelihood ratio test.  
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Table 2-5. Symptom Distress Scores among the Latent Classes 

 

 

 

Symptom score 

Class1 

(N=1115, 

27.9%) 

Class2 

(N=1017, 

25.5%) 

Class3 

(N=559, 

14.0 %) 

Class4 

(N= 1300, 

32.6%)
 

 

 

 

p-value
 

Mean (S.E.) Mean (S.E.) Mean (S.E.) Mean (S.E.) 

Edema 0.46 (0.03) 1.69 (0.08) 0.92 (0.08) 2.77 (0.07) P < 0.001 

Fatigue-need to rest 0.70 (0.04) 2.97 (0.08) 1.85 (0.12) 3.95 (0.05) P < 0.001 

Fatigue-low energy 0.91 (0.05) 4.01 (0.06) 2.74 (0.14) 4.64 (0.03) P < 0.001 

Shortness of breath 0.83 (0.04) 3.79 (0.08) 2.04 (0.13) 4.40 (0.05) P < 0.001 

Sleep difficulties 0.64 (0.04) 2.33 (0.10) 1.72 (0.11) 3.83 (0.05) P < 0.001 

Worrying  0.53 (0.12) 1.24 (0.45) 3.26 (0.40) 4.19 (0.13) P < 0.001 

Feeling depressed 0.31 (0.05) 0.86 (0.27) 2.47 (0.51) 3.87 (0.17) P < 0.001 

Cognitive problems 0.47 (0.03) 1.32 (0.07) 1.96 (0.23) 3.38 (0.17) P < 0.001 

Note. Numbers may not sum to total due to missing data. 

 

Figure 2-3. Difference in Symptom Distress Scores among the Latent Classes 
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2.5 Discussion 

 This study was the first to compare two classification procedures in symptom 

cluster research. Standard cluster analysis and the LCCA were used to group HF 

symptom using the same dataset. The two methodologies did not result in the same 

number of clusters. The LCCA identified four clusters of HF symptoms underlying the 

data set, whereas cluster analysis uncovered three clusters. 

Other research (DiStefano & Kamphaus, 2006; Eshghi et al., 2011) that 

compared cluster analysis and LCCA also found different numbers of classes. DiStefano 

and Kamphaus (2006) focused on child behavior and concluded that the LCCA identified 

three clusters of behavior underlying the data while the k-mean cluster uncovered seven 

clusters. Using ten variables, Eshghi et al. (2011) compared three clustering techniques: 

LCCA, traditional cluster analysis, and Kohonen mapping. LCCA identified seven 

clusters while cluster analysis and Kohonen mapping identified eight clusters. In the 

LCCA, restrictions can be relaxed, allowing for different classification solutions.  

Both cluster analysis and LCCA are associated with grouping respondents into 

unobserved clusters or classes using multiple response variables. However, this study 

shows several advantages of the LCCA because it allows for different classification 

solutions (Table 2-6). Above all, the LCCA approach allows cases to be classified into 
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clusters using model-based posterior membership probabilities estimated by ML methods 

whereas cluster analysis uses an ad hoc approach for classification. Assigning a 

probability to cluster membership prevents biasing the estimated cluster-specific means 

and is perhaps the greatest strength of LCCA compared to other cluster approaches. In 

LCCA, an individual contributes to the means of cluster k with a weigh equal to the 

posterior member probability for cluster k (Collins & Lanza, 2010; Vermunt & Magidson, 

2002). In cluster analysis, this weight is either 0 or 1, which is incorrect in the case of 

misclassification. Such misclassification biases the cluster means, which in turn may 

cause additional misclassifications (Everitt et al., 2011).  

Table 2-6. Comparison between LCCA and Cluster Analysis 

  LCCA Cluster Analysis 

1 Classification method Probability-based 

classification 

Ad hoc approach 

2 Need to standardize variables No Yes 

3 Diverse criteria for 

determination of number of 

clusters 

Yes No 

4 Inclusion of variables of 

mixed scale types 

Yes No 

 In cluster analysis, standardization of variables is required to achieve equal 

variance. Standardization helps to avoid obtaining clusters that are dominated by 

variables having the most variation before clustering is performed. Such standardization 
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does not fully solve the problems related to scale differences because the clusters are 

unknown. Thus, it is not possible to perform a within cluster standardization. On the 

other hand, with LCCA, multivariate normal data are not necessary, which offers another 

major advantage over cluster analysis. For example, when conducting normal 

distributions with unknown variances, the results will be the same regardless of variables’ 

normalization. The analysis allows for more general structures for the cluster-specific 

multivariate normal distributions (Collins & Lanza, 2010; Magidson & Vermunt, 2002; 

Vermunt & Magidson, 2002).  

Another advantage of LCCA over traditional clustering techniques is that it 

provides diverse criteria to make decisions about the number of clusters and other model 

features, such as the AIC, BIC, VLMR, BLRT, and entropy (Collins & Lanza, 2010; 

Magidson & Vermunt, 2002; Vermunt & Magidson, 2002). A problem common to 

clustering techniques is the difficulty of determining the number of clusters present in the 

data (Everitt et al., 2011). Although several stopping rule index have been suggested in 

cluster analysis, no completely satisfactory solution is available with this approach (Sugar 

& James, 2003; Yin et al., 2008). 

Finally, standard cluster analysis is restricted to interval scale and quantitative 

variables. On the contrary, the LCCA can handle variables of mixed measurement levels, 
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such as continuous, categorical, or counts or any combination of these (Everitt et al., 

2011; Vermunt & Magidson, 2002). Because symptoms are often measured with Likert-

type scales which produce ordinal data, the value of LCCA is considerable. 

Although both LCCA and traditional cluster analysis identified subgroups of 

patients based on common pattern of symptoms, an advantage of LCCA is that 

restrictions can be relaxed, resulting in different classification solutions. This study 

demonstrated advantages of more general structures imposed on the latent class model 

approach and how specification differences led to different results. The most obvious 

advantage it has over cluster analysis is that LCCA does not require multivariate normal 

data and can handle variables of mixed measurement levels (Collins & Lanza, 2010). 

LCCA could be particularly useful in clinical situations, such as medical records that 

included combined continuous and categorical data. The LCCA is a valuable procedure 

for researchers to differentiate distinct subgroups based on a symptom cluster. 

Identification of symptom clusters using advanced statistical procedures could be used to 

better assess the effects of treatment and monitor patient outcomes.   
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CHAPTER III (Manuscript 2) 

Exploring symptom clusters in people with heart failure (HF)
2
 

3.1 Introduction 

Heart failure (HF) is a major public health problem worldwide as people live 

longer with the disease. In the United States, the prevalence of HF estimated 5.7 million 

people between 2009 and 2012, increasing over the last two decades as people are living 

longer. In 2011, there were approximately 280,000 deaths, accounting for one in nine 

deaths. In addition, the high number of hospitalizations for HF has remained stable from 

2000 to 2011, with discharges of 1,008,000 and 1,023,000, respectively (Mozaffarian et 

al., 2015).  

HF patients experience multiple symptoms, including dyspnea on exertion, 

fatigue, and peripheral edema, more often simultaneously than in isolation (Jurgens, et al., 

2009; Zambroski, et al., 2005). Most researchers have, however, focused on symptoms in 

isolation (Miaskowski, Aouizerate, Dodd, & Cooper, 2007). Investigating co-occurring 

symptoms, or symptom clusters, will assist health care providers to manage these patients 

more effectively (Moser et al., 2014). Dodd, Miaskowski, and Paul (2001) called for 

consideration of the symptom cluster as a basis for a rational approach to symptom 

                                            
2
 Jumin Park, Debra K. Moser, Meg Johantgen, Kathleen Griffith. In preparation for submission.  
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management. A symptom cluster has been defined as “two or more symptoms that are 

related to each other and that occur together. Symptom clusters are composed of stable 

groups of symptoms that are relatively independent of other clusters, and may reveal 

specific underlying dimensions of symptoms” (Kim, et al., 2005, p. 278). 

Recent studies have utilized latent class analysis, an empirical “person-centered” 

approach, to examine the structure of various symptoms. In contrast to traditional 

regression approaches based on a variable-centered approach, latent class analysis allows 

intra-subject dynamics. Latent class models often use categorical variables to identify 

unobservable subgroups within a population. When continuous variables are analyzed, 

latent class analysis is called latent class profile analysis (LCPA). LCPA has a similar 

purpose as standard cluster analysis: identifying subgroups of patients characterized by 

common pattern of symptoms (Barsevick & Aktas, 2013; Kim, Abraham, & Malone, 

2013). The LCPA approach offers advantages over cluster analysis, however, including 

probability-based classification, better determination of the optimal number of clusters, 

and the no requirement to standardize variables (Magidson & Vermunt, 2002). Only two 

studies (Lee et al., 2014; Smith, Gidron, Kupper, Winter, & Denollet, 2009) have 

explored symptom clusters in HF using the latent class analysis approach, indicating a 

need for more work in the field.  
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A growing body of literature has investigated symptom clusters primarily in 

cancer populations. In-depth investigations of symptom clustered among patients with 

HF are limited. Little is known about the association between symptom clusters and 

socio-demographic and clinical variables. Furthermore, the effect of symptom clusters on 

adverse outcomes, such as re-hospitalization, emergency visits, emergency admissions, 

and mortality is unknown.  

The aims of this study were to: 1) determine if distinct latent classes of HF 

patients could be identified; 2) explore whether socio-demographic and clinical 

characteristics influenced symptom cluster membership; and 3) determine if identified 

symptom clusters by latent class membership affected outcomes (i.e., re-hospitalization, 

emergency visits, emergency admissions, and mortality). 

3.2 Methods 

3.2.1 Data and Sample 

A secondary analysis of the data from a cross-sectional, observational study was 

conducted to address the study aims. For the primary study, data were collected to 

evaluate the development of HF symptoms [PI: Debra K. Moser, NIH/NINR 

(1P20NR010679 and R01 NR008567)] (Moser et al., 2014). Of 4,067 HF patients 
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approached to participate in the study, a total of 4,011 patients were included after 

excluding 56 subjects with missing or incomplete responses. 

Purposive sampling was used to recruit patients with HF from in- and out- 

patient settings in the United States in the original study. Patients were eligible for the 

study if they met the following selection criteria: (1) confirmed diagnosis of HF with 

either preserved or non-preserved systolic function; (2) no admission for myocardial 

infarction or stroke within the previous three months (due to alteration of typical HF 

symptom experience); (3) free of serious debilitating comorbidities, such as end-stage 

renal or liver disease; (4) free of cognitive impairments that might hinder participation in 

an interview; and (5) not on a cardiac transplant waiting list. This study included only 

subjects from the United States with limited ethnic diversity in order to maximize 

identification of HF symptom clusters.  

3.2.2 Measures 

Socio-demographic and clinical characteristics questionnaire 

Socio-demographic and clinical data were obtained using patients’ interviews 

and their medical records. Socio-demographic variables included age, gender, ethnicity, 

marital status, education, and employment status. In addition, clinical variables were 

comprised of etiology, left ventricular ejection fraction (LVEF), comorbidities (i.e., 
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hypertension, atrial fibrillation, and diabetes), and New York Heart Association (NYHA) 

functional classification. 

Heart Failure symptoms 

Symptoms were identified from the Minnesota Living with Heart Failure 

Questionnaire (MLHFQ) (Rector, Kubo, & Cohn, 1987) which assesses health-related 

quality of life in patients with HF. The 21-item instrument contains the following five 

physical symptoms (edema, shortness of breath, fatigue-increased need to rest, fatigue-

low energy, and sleep difficulties) and three psychological symptoms items (worrying, 

feeling depressed, and cognitive problems) that affect health-related quality of life. The 

instrument was scored on a 6-point Likert scale from 0 (no impact) to 5 (very severe 

impact). In this study, the internal consistency of these eight items of MLHFQ was 

demonstrated by a Cronbach’s alpha coefficient of 0.99.   

3.2.3 Statistical Analysis 

The LCPA was carried out with the primary data set to identify participants with 

similar experiences with the symptom cluster of edema, dyspnea, fatigue/increased need 

to rest, fatigue/low energy, sleep difficulties, worrying, feeling depressed, and cognitive 

problems. The analysis was conducted using Mplus Version 7 (Muthén & Muthén, 1998-

2012). Estimation was carried out with robust Maximum-Likelihood (MLR) and the 
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Expectation-Maximization algorithm (Muthén & Shedden, 1999). In addition, statistical 

fit indices were used to assess model fit and to determine the optimal number of latent 

classes. The final number of latent classes was identified by evaluating the AIC, BIC, 

VLMR, BLRT, and entropy. When considering competing models, the model that fits the 

data best has the lowest BIC and a VLMR and/or BLRT and higher entropy value 

(Nylund, Asparouhov, & Muthén, 2007). We modeled this analysis through the 

application of latent class analysis (Figure 2-1).  

Multinomial logistic regression was used to determine which variables predicted 

membership in the observed latent class structure by examining the association between 

group membership and covariates, such as socio-demographic indicators (age, gender, 

ethnicity, marital status, education, and employment status) and clinical indicators 

(etiology, LVEF, comorbidities, medication, and NYHA functional classification). In 

addition, a one-way between-groups analysis of variance and chi-square tests were 

conducted to explore the impact of symptom clusters groups on adverse outcomes. Post-

hoc comparisons using the Turkey HSD was performed. The statistical analyses were 

performed with SPSS version 20.0 (IBM Corp., 2011).  

3.3 Results 

3.3.1 Socio-demographic Characteristics of Subjects  



40 

 

A total of 4,011 HF patients who provided complete data on all eight of the 

symptom inventories were examined in this analysis. Table 3-1 provides the socio-

demographic characteristics of participants. The mean age of the patients was 64.47 years, 

with a range of 18 to 101 years. The sample was predominantly male (57.2%), Caucasian 

(65.3%), married/ cohabitating (53.3%), and retired (55.8%), with most having graduated 

from high school or college (68.8%). The majority of the participants had an ischemic HF 

etiology (47.6%), and was NYHA class II or III (76.6%), indicating symptomatically 

mild or moderate HF (McDonagh, Gardner, Clark, & Dargle, 2012). The average LVEF 

was 34%, indicating reduced function below 55% (McDonagh et al., 2012).    

Table 3-1. Socio-demographic Characteristics (N=4,011) 

Variable   N % 

Age, y n=3,967 

 

Mean (SD) 

 

64.47 (13.64) 

 

 

BMI, kg/m
2 

n=1,928 Mean (SD) 

 

29.80 ( 7.73) 
 

LVEF, % n=2,878 Mean (SD) 

 

34.36 (15.98) 
 

Gender n= 4,006 Male 

Female 

2290 

1716 

57.1 

42.8 

Ethnicity n= 3,716 Caucasian 

African American 

Hispanic or Latino 

Asian 

Other 

2619 

528 

312 

45 

212 

70.5 

14.5 

8.4 

1.2 

5.7 

Marital status n=3,882 Married/cohabitating 

Divorced/Widowed 

Never married 

2137 

1337 

408 

55.0 

34.3 

10.5 

Education n=3,416 < High school 

High school graduation 

College graduation 

Graduate graduation 

949 

1183 

1132 

152 

27.8 

34.6 

34.2 

4.4 

Employment status n=2,016 Employed for pay 

Disabled/ sick leave 

344 

402 

17.1 

19.9 
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Retired 

Other 

1125 

145 

55.8 

7.2 

Etiology n=1,640 Ischemic (heart disease) 

Idiopathic (unknown 

cause) 

Hypertension 

Vascular heart disease 

Other 

781 

239 

56 

112 

252 

47.6 

14.6 

15.6 

6.8 

15.4 

NYHA classification n=3,220 NYHA I  

NYHA II 

NYHA III 

NYHA IV 

261 

1097 

1368 

494 

8.1 

34.1 

42.5 

15.3 

Comorbidities  n=2,726 

n=1,039 

n=2,321 

Hypertension 

Atrial fibrillation 

Diabetes 

1811 

429 

829 

66.4 

41.3 

35.7 

Note. Numbers may not sum to total due to missing data. ARBs = Angiotensin∥Receptor Blockers; LVEF = left 

ventricle ejection fraction; NYHA = New York Heart Association. 

3.3.2 Results of LCPA 

Using the LCPA and fit indices for LCPA, four distinct latent classes of 

individuals were identified, based on their experiences with the symptoms of edema, 

fatigue-increased need to rest, fatigue-low energy, shortness of breath, sleep difficulties, 

worrying, feeling depressed, and cognitive problems. The fit indices for the candidate 

models are shown in Table 3-2. Table 3-3 and Figure 3-1 provide information about the 

four identified symptom clusters. Class 1 (28%) was characterized by low levels of 

physical and psychological symptoms and was labeled “all mild symptoms.” Class 2 

(26%), labeled “moderate physical symptoms” contained those who experienced a 

moderate level of physical symptoms (edema, fatigue-increased need to rest, fatigue-low 

energy, short of breath, and sleep difficulty), but had a relatively mild level of 

psychological symptoms (worrying, feeling depressed, and cognitive problems). Class 3 
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(14%) was defined as “moderate psychological symptoms” and consisted of individuals 

who experienced a moderate level of psychological symptom, but tended to have a mild 

level of physical symptoms. Those in class 4 (33%) labeled as “all severe symptoms” 

experienced high levels of both physical and psychological symptoms. 

Table 3-2. Model Fit Information for LCPA Models Fit to Data  

Class N. of parameters AIC BIC Entropy VLMR BLRT 

2 25 118264.730 118422.025 0.906 p < .001 p < .001 

3 34 114665.425 114879.346 0.880 p < .001 p < .001 

4 43 113414.071 113684.619 0.870 p = 0.3375 p < .001 

5 52 112098.434 112425.607 0.897 p = 0.0803 p < .001 

Note: AIC= Akaike information criterion; BIC= Bayesian information criterion; VLMR= Vuong-Lo-Mendell-Rubin; 

BLRT= bootstrapped likelihood ratio test. 

 

Table 3-3. Symptom Distress Scores among the Latent Classes 

 

 

Symptom score 

Overall 

Item Means 

Class1 

(N=1115, 

27.9%) 

Class2 

(N=1017, 

25.5%) 

Class3 

(N=559, 

14.0 %) 

Class4 

(N= 1300, 

32.6%)
 

p-value
 

Mean (S.E.) Mean (S.E.) Mean (S.E.) Mean (S.E.) Mean (S.E.) 

Edema 1.15 (1.57) 0.46 (0.03) 1.69 (0.08) 0.92 (0.08) 2.77 (0.07) P < 0.001 

Fatigue-need to rest 1.97 (1.71) 0.70 (0.04) 2.97 (0.08) 1.85 (0.12) 3.95 (0.05) P < 0.001 

Fatigue-low energy 2.54 (1.78) 0.91 (0.05) 4.01 (0.06) 2.74 (0.14) 4.64 (0.03) P < 0.001 

Short of breath 2.22 (1.81) 0.83 (0.04) 3.79 (0.08) 2.04 (0.13) 4.40 (0.05) P < 0.001 

Sleep difficulty 1.63 (1.73) 0.64 (0.04) 2.33 (0.10) 1.72 (0.11) 3.83 (0.05) P < 0.001 

Worried 1.80 (1.81) 0.53 (0.12) 1.24 (0.45) 3.26 (0.40) 4.19 (0.13) P < 0.001 

Depression 1.52 (1.73) 0.31 (0.05) 0.86 (0.27) 2.47 (0.51) 3.87 (0.17) P < 0.001 

Cognitive problems 1.70 (1.75) 0.47 (0.03) 1.32 (0.07) 1.96 (0.23) 3.38 (0.17) P < 0.001 

Note. Numbers may not sum to total due to missing data. 
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Figure 3-1. Difference in Symptom Distress Scores among the Latent Classes 

 

3.3.3 Socio-demographic and Clinical Variables and Symptom Cluster Groups 

Multinomial logistic regression was conducted to determine whether socio-

demographic and clinical variables significantly predicted class membership. Unadjusted 

models were run for each independent variable (age, gender, marital status, education 

level, employment status, BMI, ejection fraction, and comorbidities) using class as the 

dependent variable. Several dichotomous variables were included in the analysis: gender 

(female=1, male=0), marital status (married=1, divorced/widowed/never married=0), 

education level (≥ College and Graduate=1, ≤ High school graduation=0), 

employment status (employed for pay=1, retired/disable/sick leave=0), hypertension 

(yes=1, no=0), atrial fibrillation (yes=1, no=0), and diabetes (yes=1, no=0). Class 1 was 
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specified as the reference group because it was characterized by all mild symptoms. 

Unadjusted models were significant for age, gender, educational level, employment status, 

and comorbidities. Thus, these variables were retained in the adjusted model (Table 3-5).  

Class 2 (Moderate Physical Symptoms) vs Class 1 (All Mild Symptoms) 

The high education level group (≥College and Graduate) was .27 (95% CI: 1.85- 

3.96) times less likely to be in the Class 2 versus the Class 1 than the low education level 

group (≤ High school graduation). Patients who had atrial fibrillation were 2.81 (95% 

CI: 1.96-4.03) times more likely to be in the Class 2 compared to the Class 1 than those 

who did not have atrial fibrillation. Patients with diabetes were approximately two times 

more likely (OR=1.91; 95% CI: 1.32-2.75) to be in the Class 2 versus the Class 1 than 

those who did not have diabetes.  

Class 3 (Moderate Psychological Symptoms) vs Class 1 (All Mild Symptoms) 

As five year of age increases, patients were 4.85 (95% CI: .95-.99) times less 

likely to be in the Class 3 compared to the Class. Patients with atrial fibrillation were 2.61 

(95% CI: 1.61-4.23) times more likely to be in the Class 3 versus the Class 1 than those 

who did not have atrial fibrillation. 

Class 4 (All Severe Symptoms) vs Class 1 (All Mild Symptoms) 
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As the year of ages increase by five, patients were 4.9 less likely (95% CI: .96-

.99) to be in the Class 4 compared to the Class 1. In addition, the high education level 

group was .16 (95% CI: .08- .33) times less likely to be in the Class 4 versus the Class 1 

than the low education level group. In this study, the presence of three major 

comorbidities, hypertension, atrial fibrillation, and diabetes, significantly predicted a 

higher likelihood of being in the Class 4 compared to Class 1. Patients who had 

hypertension were over two times more likely (OR=2.04; 95% CI: 1.38-3.02) to be in the 

Class 4 compared to the Class 1 than those who did not have hypertension. Patients with 

atrial fibrillation were 2.71 times more likely (95% CI: 1.85- 3.96) to be in the Class 4 

versus the Class 1 than those who did not have atrial fibrillation. HF patients with 

diabetes were 1.66 times more likely (95% CI: 1.23-2.46) to be in Class 4 compared to 

the Class 1 than those without diabetes.  

Table 3-5. Predicting Group Membership: Multinomial Logistic Regression  

   95% CI for Odds Ratio 

  B (SE) Lower Odds Ratio Upper 

Class 2 (Moderate physical symptoms) vs Class 1 

Intercept  -1.911 (0.665)***    

Education High (≥ College and Graduate) -1.295 (0.284)*** 0.157 0.274 0.477 

 Low (≤ High school graduation)
a     

Comorbidities  Atrial fibrillation 1.033 (0.183)*** 1.961 2.809 4.025 

 Diabetes  0.646 (0.187)**  1.322 1.908 2.754 

Class 3 (Moderate psychological symptoms) vs Class 1 
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Intercept  0.295 (0.842)    

Age (years)  -0.030 (0.010)** 0.952 0.970 0.989 

Comorbidities  Atrial fibrillation 0.959 (0.247)*** 1.610 2.610 4.231 

Class 4 (All severe symptoms) vs Class 1 

Intercept  0.230 (0.671)    

Age (years)  -0.023 (0.008)** 0.963 0.978 0.992 

Education High (≥College and Graduate) -1.856 (0.376)*** 0.075 0.156 0.327 

 Low (≤High school graduation)
a     

Comorbidities  Hypertension 0.714 (0.200)*** 1.381 2.042 3.019 

 Atrial fibrillation 0.997 (0.194)*** 1.854 2.710 3.962 

 Diabetes  0.507 (0.200)** 1.123 1.661 2.456 

Note. Model X2(24) = 161.229, *p < 0.05, **p < 0.01, ***p < 0.001 

Class 1 (all mild symptoms) was used as the reference group (n=1,115). 

 a The reference category 

3.3.4 Adverse Outcomes and Symptom Cluster Groups 

Table 3-6 summarizes the relationship between cluster membership and patient 

outcomes. There was a statistically significant difference in the total number of ER 

admissions between the four symptom cluster groups (F (3, 908) = 3.925, p= .008). Post-

hoc analyses indicated that the average number of emergency admissions was 

significantly higher in the Class 3 (M=0.42, SD=0.99), those with psychological 

symptoms, and Class 4 (M=0.41, SD=1.03), those with all severe symptoms, as 

compared to Class 1 (M=0.19, SD=0.68), subjects with all mild symptoms. The 

relationship between having any emergency visit and symptom cluster was significant 

(x
2
(3, 1513) = 20.317, p < .01). Class 3 (26.1%) and Class 4 (28.4%) were more likely to 

visit emergency than Class 1 (16.1%). The association between mortality and symptom 
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cluster group was also significant (x
2
(3, 1520) = 21.489, p < .01). In particular, Class 2 

(18.3%) and Class 4 (16.8%) were more likely to die within 1 year after discharge than 

Class 1 (10.8%) (Table 3-6).  

Table 3-6. Impact of Symptom Clusters on Adverse Outcome in Patients with HF 

 

 

 

Class1 

(N=1115, 

27.9%) 

Class2 

(N=1017, 

25.5%) 

Class3 

(N=559, 

14.0 %) 

Class4 

(N= 1300, 

32.6%)
 

p-value
 

Mean (SD) Mean (SD) Mean (SD) Mean (SD) 

Total number of Hospitalizations 0.75 (1.32) 0.84 (1.47) 0.90 (1.65) 1.12 (1.82) P = 0.056 

Total number of ER admissions 0.19 (0.68) 0.27 (0.66) 0.42 (0.99)
 

0.41 (1.03)
 

P = 0.008* 

 N (%) N (%) N (%) N (%)  

ER visits 

Yes 

No 

 

 68 (16.1) 

355 (23.5) 

 

 97 (22.2) 

340 (77.8) 

 

 53 (26.1) 

150 (73.9) 

 

128 (28.4) 

322 (71.6) 

P < 0.001* 

Death within 1 year 

  Yes 

  No 

 

 46 (10.8) 

378 (89.2) 

 

 80 (18.3) 

358 (81.7) 

 

 29 (14.1) 

176 (85.9) 

 

100 (16.8) 

353 (83.2) 

P < 0.001* 

Note. Numbers may not sum to total due to missing data.  

3.4 Discussion 

This study is the first known to use LCPA with a large sample to identify 

symptom clusters in patients with HF. It is also the first to demonstrate an association 

between latent classes and covariates and to explore the influence of symptom clusters on 

adverse outcomes. Based on differences in ratings of symptoms, grouping subjects may 

be more useful clinically, since it would allow health care providers to clarify whose 

subgroups of patients may be at risk of poorer outcomes. It may also be useful to develop 
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symptom management strategies, which can be tailored to a specific patient subgroup. 

Patients in a high risk group, who experience high levels of symptoms, may require 

different types or doses of interventions for symptom relief than patients in a moderate or 

mild risk group.  

In this study, four relatively distinct classes were identified, namely those who 

reported a low level of all symptoms, those who reported moderate physical symptoms, 

those who reported moderate psychological symptoms, and those who reported high 

levels of all symptoms. This is in line with findings from other investigators who have 

consistently found four distinct symptom groups: low distress, physical distress, 

emotional/cognitive distress, and high distress (Lee et al., 2010). Clustering among 

physical symptoms in HF has previously been identified. For example, a physical 

symptom cluster centered on dyspnea and another centered on a lack of energy and 

difficulty sleeping were discovered by using a single measure of symptoms (Memorial 

Symptom Assessment Scale-HF) in a South Korean sample (Song et al., 2010). Authors 

reported that omission of psychological symptoms was a limitation to their symptom 

clustering approach. Lee and colleagues (2014) concluded that physical symptoms should 

not be considered independently from psychological symptoms because physical and 

psychological symptoms occur concomitantly in HF. Our study builds upon these 
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previous findings by using selected MLHFQ, which is a beneficial approach to 

incorporating both physical and psychological factors into symptom clustering. 

This analysis of the relationship between symptom clusters and covariates found 

that younger age predicted a higher likelihood of being in the group with moderate 

psychological symptoms (Class 3) and all severe symptoms (Class 4). The finding 

suggested that younger patients with HF experience greater distress from the 

psychological symptom cluster regardless of the distress associated with the physical 

symptom cluster. The association between age and symptom cluster is consistent with 

previous studies reporting higher level of the distress in younger patients with HF (Lee et 

al., 2010; Jurgens et al., 2009; Redeker et al., 2010). However, little is known about why 

elderly report less sensitivity to symptoms. Self- awareness of cardiac symptoms may be 

affected by changes in adrenergic function related to aging, body composition, fitness, 

and symptom proneness or the tendency to perceive and report symptoms (Cameron, 

2001). Given that higher level of the distress from the psychological symptom cluster was 

related to adverse outcomes in this study, healthcare providers should concentrate their 

attention upon younger patients who have poor psychological condition regardless of 

their physical condition. The finding that the high education level group lowered the 

likelihood of being in the group with moderate physical symptoms (Class 2) and all 
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severe symptoms (Class 4) is consistent with findings from other investigators who 

determined that highly symptomatic groups had a significantly lower level of formal 

education than did those in a few symptom group (Hertzog et al., 2010). This may be 

explained by the fact that people with high education levels are involved in healthy 

behaviors and comply with symptom management recommendations more than do those 

with low education levels (Given, Given, & Coyle, 1984). Other studies (Artinian, 

Magnan, Christian, & Langer, 2002; Sneed & Paul, 2003) demonstrated higher education 

was related to higher levels of knowledge about HF, allowing for better understanding of 

how to interpret and treat the symptom of deterioration. However, education is often 

associated with socioeconomic status, such as high income levels, which may promote 

self-care behaviors (Rockwell & Riegel, 2000). Therefore, further studies to evaluate the 

potential influence of education level on the symptom experience and symptom self-

management is important given our findings of education level differences and 

corresponding differences in symptom clusters in this study.   

The association between HF symptom clusters and comorbidity has been 

explored previously. Lee et al. (2010) reported that patients in the high distress group had 

a greater comorbidity burden, measured by the Charlson Comorbidity Index, than those 

in the other three groups (low distress, physical distress, and emotional/cognitive distress). 
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According to Jurgen and colleagues (2009), a comorbid condition is a poor predictor of 

symptom clusters in HF; the only relationship identified was diabetes and the emotional 

symptom cluster (worry, memory problems and depression). Conversely, in our study, 

comorbidities were reported as strong predictors of symptom cluster. Atrial fibrillation 

significantly predicted a higher likelihood of being in the three other symptom cluster 

groups compared to the reference group of all mild symptoms. Diabetes was related to 

the moderate physical symptoms (Class 2) and the all severe symptoms groups (Class 4). 

Hypertension also predicted a higher likelihood of being in Class 4 versus Class 2. These 

results suggest that comorbid illness is an important consideration when assessing the 

symptom clusters. 

The relationship among symptom cluster groups and adverse outcomes in 

patients with HF have been reported (Lee et al., 2010; Song et al., 2010). For example, 

according to Lee and colleagues (2010), the group with higher distress from the 

emotional/cognitive symptom cluster predicted a risk for a cardiac event. Others have 

noted that increased distress from the weary symptom cluster predicted a cardiac re-

hospitalization within one year of discharge and elevated distress from the dyspneic 

symptom cluster predicted a cardiac death (Song et al., 2010). Our results support that 

those with clustered high distress symptoms predict adverse outcomes, including 
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emergency visits, the number of emergency admissions, and death within one year 

following discharge. Therefore, the presence of co-occurring symptoms may reveal a 

high risk for adverse outcomes. This finding underscores the need for an investigation of 

symptom cluster for accurate risk measurement of patients with HF. 

Findings of this study demonstrate a greater risk for emergency visits and 

emergency admissions in patients with moderate psychological symptoms (Class 3) than 

for those in moderate physical symptoms group (Class 2). A potential reason for this 

finding is that healthcare providers and patients often concentrate more on physical rather 

than psychological symptoms. Because the main reasons for pursuing healthcare are 

usually associated with physical manifestations of HF, healthcare providers are apt to 

treat physical symptoms in the time provided and not explore psychological factors that 

could be an underlying cause of HF events (Goldberg et al., 2008). For instance, the 

American College of Cardiology Foundation/American Heart Association guidelines for 

management of HF address physical signs and symptoms clearly, but not patients’ 

psychological symptoms (Yancy et al., 2013). When psychological assessment is omitted 

in HF patients, psychological symptoms are likely not managed. Targeting patients who 

experience a moderate level of psychological symptoms may be particularly important as 
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they may be most vulnerable for adverse outcomes as well as those who have all severe 

symptoms in HF.  

Several limitations of this study should be acknowledged. Because the design 

was cross-sectional, it was impossible to determine symptom clusters change overtime. 

The study also used secondary analysis of data, which limited the ability to assess other 

factors that may be important to cluster membership and to the outcomes studied. For 

example, functional status-related variables could not be included in this analysis, though 

they are associated with HF symptoms. Another limitation relates to the measures of 

symptoms. Eight items were selected from the MLHFQ to measure of presence of and 

distress related to symptoms. The instrument is generally used as measure of health-

related quality of life. While the total instrument has demonstrated reliability and validity, 

the individual items were not designed to be used this way. It should also be noted that a 

limited number of symptoms were examined, which may not represent the complex array 

of symptoms that HF patients experience (Bekelman et al., 2007; Zambroski et al., 2005). 

In particular, only three psychological symptoms were measured.  

Despite the limitations, results of this study demonstrate the usefulness of LCPA 

for identification of symptom clusters that may offer information to guide clinical 

management of HF patients. Further studies need to determine the associations between 
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symptom clusters and additional outcomes, such as self-care behaviors. Longitudinal 

assessment of HF symptoms over two or more time points will provide information about 

whether clusters and/or cluster membership change throughout the disease trajectory. 

Moser and colleagues (2011) argued that symptom variability, not severity, predicts re-

hospitalization and mortality in patients with HF. Additional research is also needed to 

test the effectiveness of interventions for symptom management strategies tailored to HF 

symptom cluster groups. 
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CHAPTER IV (Manuscript 3) 

A cross-cultural comparison of symptom reporting and symptom clusters in heart 

failure (HF)
3
 

4.1 Introduction 

Heart failure (HF) is a major global health concern and is related to significant 

morbidity and mortality. Over 42 million people worldwide live with heart failure 

(Forouzanfar et al., 2013), and its prevalence is increasing among the aging population 

despite advances in the treatment of cardiovascular disease leading to better rates of 

survival (Ezekositz, et al., 2009).  

Symptom evaluation plays a vital role in measuring health status or health-

related quality of life in HF patients (Rector, Kubo, & Cohn, 1987). Symptoms are 

defined as subjective phenomena reflecting perceived changes in the body or mind (Dodd 

et al., 2001; Rhodes & Watson, 1987). Functional or structural abnormalities in body 

organs and systems are demonstrated as symptoms. The major component of symptom 

reporting relies on the context of the individual’s cultural and personal situation 

(Eisenberg & Kleinman, 1981). Culture is linked to the ways in which patients perceive, 

experience, express, and handle their feelings of distress and therefore, how they interpret 

                                            
3
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and describe their symptoms (Moldavsky, 2004). Thus, for optimal assessment of patients 

from diverse cultural backgrounds, healthcare professionals need to be aware of the 

cultural symbolism and meaning attached to the symptoms. In addition, with enhanced 

diversity all over the world, all health care must be transculturally based in order to meet 

patients’ needs (Barakzai, Gregory, & Fraser, 2007). An understanding of the presentation 

of symptoms in HF among different cultural groups has become increasingly important.  

Although clinicians and researchers must consider the cultural background in 

order to recognize differences in the reporting of symptoms, there have been few 

published studies of HF patients to compare symptoms across regions. In addition, the 

studies in the field of cardiovascular disease have mainly been concentered on Western 

populations (Choi et al., 2014), and in-depth investigations among Asian populations are 

limited. Furthermore, most researchers have focused on symptoms in isolation, although 

HF patients experience multiple symptoms simultaneously more often than in than 

isolation (Jurgens et al., 2009; Zambroski et al., 2005). Investigating symptom clusters, 

defined as two or more symptoms that are related to each other and that occur together 

(Kim et al., 2005, p. 278), will assist health care providers to manage these patients more 

effectively (Moser et al., 2014).  
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One of the first steps to improve patient management is to be aware of 

differences in symptom distress reporting across countries where patients’ symptom 

intensities may be the same. A cross-cultural study could help clarify symptom clusters 

by region, providing some insight into potential cultural influences. The purposes of this 

study are to explore symptom reporting and symptom clusters in patients with HF by 

comparing a Western population (in the United States) and an Asian population (in China 

and Taiwan) using the same instrument.                                                          

4.2 Methods 

4.2.1 Data and Sample 

 The primary data for the study was collected in a cross-sectional, multi-site, 

observational study designed to evaluate HF symptoms [PI: Debra K. Moser, NIH/NINR 

(1P20NR010679 and R01 NR008567)] (Moser et al., 2014). A secondary analysis of the 

original data was conducted too for this study. The original dataset included three 

regional groups (i.e. the United States, Asia, and Europe) for each 240 HF patients. 

However, the present study excluded the European subjects (i.e. the Netherlands and 

Sweden). Therefore, in this study, a total of 240 HF patients in the United States and 240 

HF patients in China and Taiwan, all of whom provided complete data on all eight of the 

symptom inventories, were included in the study.  
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The data were obtained from patients with HF from in- and out- patient settings 

from the United States and Asia (China and Taiwan). Patients were eligible for the study 

if they met the following selection criteria: (1) confirmed diagnosis of HF with either 

preserved or non-preserved systolic function; (2) no admission for myocardial infarction 

or stroke within the previous three months because these conditions substantially alter the 

typical HF symptom experience; (3) free of serious debilitating comorbidities, such as 

end-stage renal or liver disease; (4) free of cognitive impairments that might hinder the 

ability to participate in an interview with research nurses; and (5) not on any cardiac 

transplant waiting list.  

To identify comparable groups to across countries, propensity score matching 

was performed by the original study team (Moser et al., 2014). Logistic regression was 

used to generate a model for calculating propensity scores. New York Heart Association 

(NYHA) function class is related to the symptom experience (Ekman et al., 2005), thus, 

NYHA functional class was used as a predictor to estimate propensity scores. Each 

patient from Asia was matched to one patient from Europe, and then each European 

patient who was chosen from the previous matching technique was matched to one 

patient from the United States. The matching was conducted with the absolute difference 
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between propensity scores of ±0.05. By using this technique, comparable patient groups, 

240 patients from each regional group, were identified.  

 

4.2.2 Measures 

Socio-demographic and clinical characteristics questionnaire 

Socio-demographic and clinical data were obtained using patient interviews and 

their medical records. These data included age, gender, marital status, NYHA functional 

classification, and comorbidities (i.e., hypertension, atrial fibrillation, and diabetes).  

Heart failure symptoms 

Symptoms were identified from the Minnesota Living with Heart Failure 

Questionnaire (MLHFQ) (Rector, Kubo, & Cohn, 1987), which assesses health-related 

quality of life in patients with HF. The MLHFQ measures presence of and distress related 

to the symptom experience as it affects quality of life. The 21-item instrument contains 

the following five physical symptoms (edema, fatigue-increased need to rest, fatigue-low 

energy, shortness of breath, and sleep difficulties) and three psychological symptoms 

items (worrying, feeling depressed, and cognitive problems) that affect health-related 

quality of life. The instrument is scored on a 6-point Likert scale from 0 (no impact) to 5 

(very severe impact). In this study, the internal consistency of these eight items of 
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MLHFQ was demonstrated by a Cronbach’s alpha coefficient of 0.99 for Asia and 0.90 

for the United States.  

 

4.2.3 Statistical Analysis  

Latent class profile analysis (LCPA), a type of finite mixture model, identifies 

subgroups of related cases (latent classes) from multivariate continuous data (Muthén & 

Shedden, 1999; Vermunt & Magidson, 2002). LCPA was carried out within the regional 

groups to explore symptom clusters of edema, dyspnea, fatigue/increased need to rest, 

fatigue/low energy, sleep difficulties, worrying, feeling depressed, and cognitive 

problems. The analysis was conducted using Mplus Version 7 (Muthén & Muthén, 1998-

2012). Estimation was carried out with robust Maximum-Likelihood (MLR) and the 

Expectation-Maximization algorithm (Muthén & Shedden, 1999). Statistical fit indices 

were used to assess model fit and to help determine the optimal number of latent classes. 

The final number of latent classes was identified by evaluating the AIC, BIC, VLMR, 

BLRT, and entropy. Among the competing models, the model that fits the data best has 

the lowest BIC and a VLMR and/or BLRT and higher entropy value (Nylund et al., 2007).  

4.3 Results 

4.3.1 Characteristics of Subjects  
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A total of 480 HF patients were included, 240 from the U.S. and 240 from Asia 

(China and Taiwan). Table 4-1 compares the socio-demographic characteristics of the 

participants for the total sample and the two regions. The sample was predominately male 

(64.2%) and married/cohabitating (66.5%). The majority of the participants were NYHA 

class III (48.5%), indicating symptomatically moderate HF (McDonagh, Gardner, Clark, 

& Dargle, 2012). The two groups did not differ significantly on clinical variables, such as 

NYHA classification and comorbidities, reflecting the effectiveness of the propensity 

score matching. 

Table 4-1. Socio-demographic Characteristics (N=480) 

Variables Category Total 

(N=480) 

US  

(N=240) 

Asia 

 (N=240) 

p-value 

Mean (SD) 

N (%) 

Mean (SD) 

N (%) 

Mean (SD) 

N (%) 

Age 

Gender 

 

Marital status 

 

Male 

Female 

Single 

Married/ 

cohabitating 

Divorced/separ

ated/widowed 

63.7 (13.6) 

308 (64.2) 

172 (35.8) 

39 ( 8.1) 

319 (66.5) 

112 (23.3) 

63.5 (13.4) 

142 (59.2) 

98 (40.8) 

27 (11.7) 

121 (52.6) 

82 (35.7) 

63.8 (14.0) 

166 (69.2) 

74 (30.8) 

12 ( 5.0) 

198 (82.5) 

30 ( 5.0) 

   0.828 

0.022* 

 

p < 0.001* 

NYHA 

classification 

NYHA I  

NYHA II 

NYHA III 

NYHA IV 

33 ( 6.9) 

101 (21.0) 

233 (48.5) 

113 (23.5) 

16 ( 6.7) 

51 (21.3) 

115 (47.9) 

58 (24.2) 

17 ( 7.1) 

50 (20.8) 

118 (49.2) 

55 (22.9) 

0.984 

Comorbidities 

 

Hypertension 223 (57.3) 94 (63.1) 129 (53.8) 0.154 

Atrial 

fibrillation 

97 (31.7) 
23 (34.8) 

74 (30.8) 0.727 

Diabetes 130 (33.2) 52 (34.2) 78 (32.5) 0.726 

Note. Numbers may not sum to total due to missing data. NYHA = New York Heart Association. 
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4.3.2 HF Symptoms between the United States and Asia 

Table 4-2 presents unadjusted comparison of means in the United States and Asia 

samples. HF patients in Asia showed a significantly lower symptom distress scores than 

those in United States: edema (t=2.995, p=0.012), fatigue/increased need to rest (t=3.841, 

p=0.001), fatigue/low energy (t=5.881, p< 0.001), shortness of breath (t=6.403, p< 0.001), 

worrying (t=2.425, p=0.007), and feeling depressed (t=2.723, p< 0.001).  

Table 4-2. Comparisons of symptom distress scores between the United States and Asia 

Symptom Score          Mean (SD) p-value
 

US (n=240) Asia (n=240) 

Physical 

symptom 

Edema 1.84 (1.95) 1.35 (1.64) 0.003* 

Fatigue/ increased need to rest 2.86 (1.88) 2.24 (1.80) p < 0.001* 

Fatigue/low energy 3.55 (1.64) 2.60 (1.89) p < 0.001* 

Shortness of breath 3.35 (1.75) 2.33 (1.73) p < 0.001* 

Sleep difficulties 2.55 (1.89) 2.24(1.76)    0.061 

Psychological 

symptom 

Worrying 2.32 (1.84) 1.93 (1.61) 0.016* 

Feeling depressed 2.03 (1.91) 1.59 (1.63) 0.007* 

Cognitive problems 2.00 (1.88) 1.99 (1.54)     0.937 

Note. * P< 0.05 

To examine how symptoms cluster, LCPA was conducted within the regional 

subsamples. For the U.S. sample, four distinct latent classes were identified. The fit 

indices for the candidate models are shown in Table 4-3. Figure 4-1 depicts the four 

symptom clusters. The Class 1 subgroup (25%) of patients was categorized as “all mild 

symptoms.” Class 2 (33%) was named “moderate physical symptoms.” Class 2 contained 
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those who experience a moderate level of physical symptoms (edema, fatigue-need to rest, 

fatigue-low energy, shortness of breath, and sleep difficulty), but tend to have a relatively 

mild level of psychological symptoms (worrying, feeling depressed, and cognitive 

problems). Class 3 (7%) was defined as “moderate psychological symptoms.” Class 3 

consists of individuals who experience a moderate level of psychological symptoms, but 

tend to have a relatively mild level of physical symptoms. Class 4 (36%) was labeled “all 

severe symptoms,” experiencing high levels of both physical and psychological 

symptoms. 

Table 4-3. Model Fit Information for LCPA Models Fit to Data in the United States  

Class N. of parameters AIC BIC Entropy VLMR BLRT 

2 25 7164.996 7252.012 0.915 p < .001 p < .001 

3 34 6914.918 7033.260 0.911 P = 0.0001 p < .001 

4 43 6847.945 6997.612 0.917 p = 0.2268 p < .001 

5 52 6772.289 6953.282 0.920 p = 0.0878 p < .001 

Note: AIC= Akaike information criterion; BIC= Bayesian information criterion; VLMR= Vuong-Lo-Mendell-Rubin; 

BLRT= bootstrapped likelihood ratio test.  

 
 

Figure 4-1. Differences in Symptom Distress Scores among the Latent Classes in the 

United States 
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In the LCPA for the Asia sample, three distinct latent classes of individuals were 

identified, based on their experiences with the eight symptoms. Table 4-4 shows the fit 

indices for the candidate models. Figure 4-2 depicts the three symptom clusters. Class 1 

(41%) was labeled “all mild symptoms,” characterized by a low level of all symptoms. 

Class 2 (31%) was defined as “all moderate symptoms.” Class 2 contained those who 

experience a moderate level of both physical and psychological symptoms. Class 3 (28%) 

was labeled “all severe symptoms.” Class 3 consists of individuals who experience high 

levels of all symptoms. Table 4-5 represents symptom distress scores among the latent 

classes between the United States and Asia.  

Table 4-4. Model Fit Information for LCPA Models Fit to Data in Asia  

Class N. of parameters AIC BIC Entropy VLMR BLRT 
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2 25 6773.521 6860.537 0.909 p < .001 p < .001 

3 34 6597.368 6715.710 0.895 p = 0.0846 p < .001 

4 43 6504.772 6654.440 0.927 p = 0.0835 p < .001 

Note: AIC= Akaike information criterion; BIC= Bayesian information criterion; VLMR= Vuong-Lo-Mendell-Rubin; 

BLRT= bootstrapped likelihood ratio test.  

 

 

 

 

 

 

Figure 4-2. Difference in Symptom Distress Scores among the Latent Classes in Asia 

 

 

Table 4-5. Symptom Distress Scores among the Latent Classes between the United States 

and Asia  

Symptom score Mean (S.E.) p-value 
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United States (n=240)
 

Class1 

(N=59, 

24.6%) 

Class2 

(N=78, 

32.5%) 

Class3 

(N=16, 

6.7 %) 

Class4 

(N= 87, 

36.3%) 

Edema 

Fatigue-need to rest 

Fatigue-low energy 

Shortness of breath 

Sleep difficulties 

Worrying 

Feeling depressed 

Cognitive problems  

0.62 (0.13) 

0.92 (0.19) 

1.56 (0.24) 

1.15 (0.30) 

0.62 (0.19) 

0.66 (0.23) 

0.32 (0.15) 

0.71 (0.20) 

1.69 (0.24) 

3.37 (0.21) 

4.06 (0.19) 

4.13 (0.15) 

2.92 (0.24) 

1.62 (0.18) 

0.76 (0.14) 

1.10 (0.18) 

1.62 (0.60) 

1.52 (0.43) 

2.42 (0.44) 

1.96 (0.43) 

2.25 (0.56) 

3.74 (0.42) 

3.80 (0.59) 

3.54 (0.72) 

2.86 (0.25) 

4.02 (0.13) 

4.69 (0.70) 

4.44 (0.10) 

3.62 (0.18) 

3.82 (0.16) 

4.02 (0.13) 

3.41 (0.19) 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

 Asia (n=240) p-value 

 Class1 

(N=93, 

40.8%) 

Class2 

(N=74,  

30.8%) 

Class3 

(N=68, 

26.3%) 

 

Edema 

Fatigue-need to rest 

Fatigue/low energy 

Shortness of breath 

Sleep difficulties 

Worrying 

Feeling depressed 

Cognitive problems 

0.39 (0.17) 

0.94 (0.12) 

0.70 (0.11) 

0.86 (0.13) 

1.01 (0.18) 

0.89 (0.16) 

0.49 (0.12) 

1.05 (0.13) 

1.93 (0.31) 

2.31 (0.24) 

3.37 (0.25) 

3.05 (0.23) 

2.52 (0.24) 

1.90 (0.20) 

1.10 (0.22) 

1.95 (0.24) 

2.10 (0.22) 

4.04 (0.22) 

4.51 (0.15) 

3.68 (0.22) 

3.70 (0.16) 

3.46 (0.16) 

3.67 (0.15) 

3.37 (0.16) 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

P < 0.001* 

Note. Numbers may not sum to total due to missing data. * P< 0.05 

4.4 Discussion 

This study is the first known to compare HF symptom reporting and symptom 

clusters between patients with HF in a Western population (the United States) and in an 

Asian population (China/Taiwan) based on their experience with eight HF symptoms 

(edema, fatigue-increased need to rest, fatigue-low energy, shortness of breath, sleep 

difficulties, worrying, feeling depressed, and cognitive problems). In this study, HF 

patients from Asia reported a lower level of symptom distress, especially psychological 

symptoms, compared with the United States. Moreover, analysis of two different regional 

groups did not result in the same number of clusters using latent class approach. Four 
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symptom cluster groups were discovered in the United States while three symptom 

cluster groups were identified in Asia. The meaning of illness and how it is expressed in 

different cultures leads to many variations in the construction and perceptions of illness. 

Beliefs and norms within a culture play a role in making decisions about which 

phenomena are considered to be signs and symptoms of an illness. The perception of 

symptoms and the meaning ascribed to them affects what is reported to healthcare 

providers and how it is illustrated (Eisenberg & Kleinman, 1981). These perceptions and 

descriptions may be very different from those of a patient from another culture.  

Mean sums of reported HF symptom distress scores in Asia were significantly 

lower than those in the United States (all p < 0.05). These findings are consistent with 

previous reports (Gross & John, 1998; Steel, 1991; Tsui & Schultz, 1985) about the 

difference in self-reported measures of symptoms between Western and Asian cultures. 

Individuals with an Asian cultural background reported lower levels of self-disclosure 

(Steel, 1991), lower levels of emotional distress to strangers or mental health 

professionals (Tsui & Schultz, 1985), weaker emotional impulses, and more attempts at 

masking their feelings (Gross & John, 1998) when compared to those with a Western 

cultural background. Another study (Yen, Robins, & Lin, 2000) comparing depressive 

symptomatology across three cultural groups (Chinese, Chinese American, and Caucasian 
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American students), found that the Chinese group had the lowest levels of somatic 

depressive symptoms compared to both United States groups. Asian cultures are 

described as holding a cultural sanction against strong emotional expression, favoring 

emotional control and inhibition of affective expression, and not revealing distress to 

strangers (Bond, 1991; Uba, 1994). Since symptoms are inherently objective and self-

reported by an individual, comparisons across cultures must be interpreted with caution. 

Using LCPA, analysis of two different regional groups did not result in the same 

number of clusters. In the United States, four relatively distinct classes were identified, 

whereas in Asia, three relatively distinct classes were discovered. In particular, both 

regional groups reported experiencing an all-mild symptom cluster, as well as an all-

severe symptom cluster. The percentage of patients in the all-mild symptom cluster group 

in Asia was higher than that of the United States. Conversely, the percentage in the all-

severe symptoms cluster group in Asia was lower than that of the United States. Our 

results supported previous findings that individuals with an Asian cultural background 

reported a lower level of symptom distress when compared with those with a Western 

cultural background. 

Interestingly, two distinct symptom cluster groups, a physical symptom cluster 

and a psychological symptom cluster, were reported in individuals from United States 
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while no psychological symptom cluster group was shown in those from Asia. A likely 

explanation for these findings is the cultural influences toward symptom reporting in the 

Asian culture. Individuals with Asian culture tend to express lower levels of emotional 

distress when compared to those with a Western cultural background (Gross & John, 

1998; Steel, 1991). Furthermore, aspects such as stigmatization of mental illness and 

inadequate mental health resources in Asian culture might discourage individuals with 

Asian background from expressing their emotions (Yen, Robins, & Lin, 2000). 

Some limitations of this study should be acknowledged. The findings may not be 

generalizable to other ethnic or cultural groups other than American, Chinese and 

Taiwanese. Other limitations relate to using selected items from the MLWHF to represent 

HF symptoms. While they may reflect the most common symptoms, other symptoms may 

be equally important. Even though the study used translated instruments for Asians, 

language syntax and context differences are possible and may lead to differences in 

interpretation and responses. In addition, the effect of confounding variables on symptom 

clustering, such as healthcare and delivery system factors, cannot be controlled.  

Results of this study demonstrate that identification of symptom clusters might 

be influenced by cultural factors. Replication of this study using a larger sample size in 

more diverse ethnic or cultural groups such as Japanese and Korean sample is 
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recommended. Additional research is needed to explore the associations between 

symptom clusters and socio-demographic variables (e.g., living environment, social 

support, healthcare system) to provide a more comprehensive understanding of cultural 

background as it affects symptoms. In addition, a mixed methods approach will help 

researchers gain in-depth information about the symptom experience by gaining insights 

into the how culture impacts symptom reporting. 
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CHAPTER V. Discussion 

 The chapter summarizes the study findings in terms of the 5 study aims. The 

implications for practice and research are then discussed. 

5.1 Summary of Findings 

The five main study findings are summarized below: 

1. As presented in Chapter 2, LCCA and traditional cluster analysis yielded different 

results when applied to symptoms in HF: the LCCA identified four clusters of HF 

symptoms while the cluster analysis uncovered three clusters of HF symptoms. 

Although both statistical methods may be used to classify respondents into 

unobserved clusters and classes, an advantage of freeing restrictions in LCCA 

allowed for different classification solutions. Useful information is provided when 

LCCA is performed because the procedure identifies subgroups of patients with 

similar characteristics (Aim 1).A deeper understanding of the theoretical 

underpinnings for each methodology is required because different methods may 

yield different interpretations of the results (Aim1).  

2. As discussed in Chapter 3, four symptom clusters were identified in patients with 

HF: all mild symptoms (Class 1), moderate physical symptoms (Class 2), moderate 

psychological symptoms (Class 3), and all severe symptoms (Class 4). This study is 
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the first known to use LCCA in large sample of patient with HF. The large 

homogenous sample supported the study of symptom clusters in HF (Aim2).  

3. Chapter 3 also addressed the relationship between symptom clusters and covariates, 

and significant differences among the four latent classes were found for age, 

educational level, NYHA functional classification, and comorbidities (hypertension, 

atrial fibrillation, and diabetes). In particular, younger age predicted a higher 

likelihood of being in the group with psychological symptoms (Class 3) and all 

severe symptoms (Class 4). Targeting younger patients who have poor 

psychological condition may be particularly important regardless of the distress of 

physical symptoms. In addition, low education level was associated with higher 

distress from the physical symptoms. This may be explained by the fact that people 

with high education levels are involved in health behaviors and comply with 

symptom management more than do those with low (Aim 3).  

4. Chapter 3 examined the relationship between symptom clusters and adverse 

outcomes. High distress symptoms was associated with emergency visits, the 

number of emergency admissions, and death within one year. In addition, the 

psychological symptom cluster group (Class 3) reported greater risk for emergency 

visits and emergency admissions compared to the physical symptom cluster group. 
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Therefore, healthcare provider should pay their attention to patients who experience 

psychological symptoms as well as those who have all severe symptoms in HF 

(Aim 4). 

5. Findings presented in Chapter 4 revealed that HF patients from Asia reported a 

lower level of symptom distress, especially psychological symptoms, compared 

with the United States sample. Using the latent class approach, analysis of two 

different regions groups did not result in the same number of clusters. Four distinct 

symptom cluster groups were identified in the United States, while three distinct 

symptom cluster groups were discovered in Asia. The study demonstrates that 

identification of symptom clusters might be influenced by cultural factors (Aim 5).  

5.2 Discussion of Findings and Future Directions 

This section presents discussion of the findings, specifically focusing on the design 

and analysis contributions to symptom science. Next steps for future research are also 

discussed. 

5.2.1 Methodological Contributions and Implications  

Theoretical framework for symptom clusters 

Symptom clusters, symptom interactions, and changes in symptom over time are 

important components that need to be considered in symptom management research. 
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Only a few theoretical frameworks, however, have addressed multiple symptoms. This 

study was guided by the Theory of Unpleasant Symptoms (TUS). Although TUS asserts 

that symptoms can occur either alone or in combination, it does not address symptom 

clusters specifically (Lenz & Pugh, 2008). According to Barsevick (2007), current models 

and theories provide little guidance about: (1) multiple concurrent symptoms; (2) which 

symptoms should be explored for clustering; (3) which symptoms are more or less 

important; and (4) how to recognize a symptom cluster in the middle of the many 

symptoms. Symptom cluster research requires models and theories that include the 

complex nature of symptom interaction and changes in symptom over time throughout 

the disease trajectory. Dynamic models and theories can be useful in guiding the 

development of research questions and hypotheses about symptom clusters (Barsevick, 

2007). Furthermore, a logical framework is needed to examine new ideas, align statistical 

approaches, pave the way for symptom management research and interpret outcomes that 

can be translated into enhancements in patients care (Brant, Beck, & Miaskowski, 2009).  

Promising Role of LCCA in HF Symptom Science 

This was the first known study to use latent class analysis to explore symptom 

clusters in sample of patients with HF. For the past decade, studies have tried to identify 

or model symptom clusters using diverse statistical methods: correlation, factor analysis, 
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principal component analysis, cluster analysis, latent class analysis, and structural 

equation modeling. However, the most appropriate statistical methodology is not clear, 

and a standardized practice method has yet to be established (Kim et al., 2013). The 

inconsistencies in analytical methods across published studies make comparisons difficult. 

While this study explored the utility of latent class analysis approach by comparing 

traditional cluster analysis and LCCA on the same data set, a gold standard is not clear 

and the analyst is still subjectively naming the classes. The findings support that LCCA 

provides more advantages to examine symptom clustering compared to standard cluster 

analysis: use of probability-based classification, no need for standardization of variables, 

determinant of the number of clusters, and inclusion of variables of mixed scale types. 

The study also suggested latent transition analysis, which is an extension of LCCA into 

longitudinal data, for estimation the incidence of transitions over time in latent class 

membership. The latent transition analysis is considered a model of stage-sequential 

dynamic latent variables because the movement of individuals in back and forth direction 

across distinct stages is captured (Collins & Lanza, 2010). Therefore, latent transition 

analysis is appropriate for answering questions about the types of individuals who change 

overtime. In social and behavioral science, latent transition analysis has been modeled the 

developmental stages, however, it has never been used in symptom cluster research (Kim 
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et al., 2013). Thus, it certainly has implications to explore symptom clusters in HF over 

time. Considering the long downward trajectory of heart failure, more careful monitoring 

of symptoms may help in prediction and modifying treatments. 

Sample Size Advantages in Symptom Cluster Researches  

The study is the first known to use a large sample to identify symptom clusters. The 

previous symptom cluster studies had limited generalizability related to sample size, 

ranging from approximately 100 to 600. There were several strengths of this study. It was 

a multi-hospital study with a large sample size. Moreover, this study had a few missing or 

incomplete responses and gave a detailed eligibility criteria explanation for sample 

selection. This study yielded comprehensive and representative samples of HF patients.  

In addition, there is little guidance in the literature concerning sample size in cluster 

analysis. Subgroups are a relatively small proportion of the whole population, and a 

larger sample would increase the likelihood that all relevant patterns are represented and 

that statistical tests of cluster differences on external variables have reasonable power 

(Hertzog et al., 2010). In this regard, the large homogenous sample in this study 

supported the study of symptom clusters in HF and the relationships between symptom 

clusters and covariates/outcomes. Future Study Design Recommendations 

While this study used a cross-sectional design to develop symptom clusters, the 
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subjects all were being treated for heart failure and were fairly homogeneous as 

compared to the cancer samples. The majority of symptom cluster research in HF is 

cross-sectional and descriptive (Herr et al., 2012; Hertzog et al., 2010; Johansson et al., 

2010; Jurgens, et al., 2009; Lee et al., 2010; Lee et al., 2014; Moser et al., 2014; Redeker 

et al., 2010; Smith et al., 2009; Song et al., 2010), and changes in the severity and distress 

associated with symptoms are the clinical reality. Therefore, longitudinal designs are 

recommended for future research to identify the onset and rate of change in symptoms 

over time and how symptom trajectories change through the course of an illness 

(Barsevick et al., 2006). Even though longitudinal design studies are expensive and time-

consuming, they will pave the way for tailored strategy based clusters and/or cluster 

membership change through various phases of chronic illness. In addition, combining 

quantitative and qualitative methods could help researchers to gain in-depth information 

about the symptom cluster experience. This may suggest further ways in which 

information about the symptom clusters may be used in clinical practice. This study used 

the MLHFQ questionnaire, which is widely used as a measure of health-related quality of 

life targeted for people with HF. The instrument assesses more than just the presence of a 

symptom but also the influence of those symptoms. The tools used in the previous studies 

often contained only one question per symptom questionnaire (Jurgens et al., 2009; Lee 
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et al., 2010; Moser et al., 2014) or instruments specific to each symptom (Herr et al., 

2012; Johansson et al., 2010; Lee et al., 2014; Redeker et al., 2010). This may have 

resulted in an inadequate representation of the symptom constructs. Yet, the MLHFQ also 

has a limited number of symptoms; in particular, it measures only three psychological 

symptoms. One of the main challenges in the measurement of symptom clusters is to 

decide what kinds of instruments will offer the most valid and reliable data (Miaskowski, 

Dodd, & Lee, 2004). Researchers need to determine which kinds of and dimensions of a 

symptom are important to measure a symptom within a symptom cluster.    

Cross-Cultural Study of HF Symptoms Requires Improved Measurement Approaches 

Comparison of symptom reporting and symptom clusters in patient with HF in 

Western populations (United States) and Asian populations (China/Taiwan) found 

consistently higher symptom scores in the U.S. sample as compared to the Asian sample, 

indicating greater symptom severity in the Western sample. Because samples that were 

compared had similar characteristics, it is unlikely that the U.S. sample actually had a 

higher symptom burden. Rather, the findings support that symptom reporting depends on 

the context of an individual’s cultural situation (Good & Good, 1981). Even with 

appropriate translation and back-translation of an instrument for research use, it is not 

enough to translate a questionnaire literally. The additional challenge is adapting the 
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questionnaire in a culturally relevant and comprehensive form for a different cultural 

group while retaining the meaning and intent of the original items. Unless the process of 

translating and adapting a questionnaire for a different cultural group is successfully 

implemented, subtle differences in wording and word meaning might affect the degree of 

symptoms reported way a symptom is scores (Sperber, 2004).  

To promote consistent symptom reporting across populations, conditions, research 

studies and clinical practices, standardized tools, such as PROMIS (Patient-Reported 

Outcomes Measurement Information System) (Bevans, Ross, & Cella, 2014) should be 

used. The PROMIS offers “universal language” for measuring health concepts including 

self-report symptoms, translating PROMIS items into diverse languages, and using 

simple and brief words to improve universal understandability and interpretability 

(Bevans et al., 2014).   

5.2.2 Clinical Care and Utilization Outcomes Implications 

Study findings indicated that age, educational level, NYHA functional 

classifications, and comorbidities (hypertension, atrial fibrillation, and diabetes) 

significantly affected symptom clusters in HF. These findings point to the fact that certain 

risk factors confer additional influence on symptoms. In addition to providing the validity 

of the symptom clustering approach, the findings support the need to develop effective 
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strategies to prevent and/or better control HF symptoms. In particular, educational level 

was reported having a significant relationship with symptom clusters in this study. 

Therefore, further studies are needed to evaluate the potential influence of educational 

level on self-care behavior in symptom clusters noted in patients with HF. Other models 

should be proposed that include such risk factors as lack of social support and low level 

of access to care.  

The outcomes most frequently examined in previous research are cardiac events, re-

hospitalization, mortality, and functional status (Herr et al., 2012; Lee et al., 2010; Lee et 

al., 2014; Redeker et al., 2010; Song et al., 2010), but few studies linked clusters with 

outcomes. Furthermore, both cross-sectional and longitudinal effects of symptom clusters 

on HF patients’ outcomes are still not explored thoroughly in previous research. The 

influence of symptom clusters on adverse outcomes, including re-hospitalization, 

emergency visits, emergency admissions, and mortality was explored in this study and 

findings indicate that high distress symptoms predicted adverse outcomes. More research 

is needed to understand how these relationships might be modified by other factors, such 

as social support, better medication/diet control, and other clinical influences. Further 

research is needed to evaluate all potential outcomes related to multiple symptoms, such 

as functional status and quality of life  
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Finally, demonstrating the benefits from intervention targeted to multiple symptoms 

should be considered. The direct treatment of one symptom may indirectly impact 

another symptom in the cluster. For example, strategies to improve sleep by improving 

pain management may contribute to decreasing fatigue. However, no identified study 

demonstrated the benefits from intervention targeted to multiple symptoms in HF. In 

addition, it is not clear which intervention for symptom management is clinically feasible 

and effective for certain symptom clusters. In this study, a psychological cluster group of 

patients reported high rates of emergency visits and admissions even though their 

physical symptoms were not severe. An intervention, such as an emotional support 

program, could be proposed for patients with HF. Longitudinal studies also need to test 

the effectiveness of the intervention for symptom clusters over time, as well as the 

sustainability of the intervention. Miaskowski and colleagues (2004) suggested 

approaches to interventions, designed for one symptom within the cluster and evaluated 

whether this invention has an impact on the other symptom within the cluster. Another 

approach to intervention would be to develop a multimodal intervention for the symptom 

cluster.  

5.3 Conclusion  

The results of this investigation have implications for research and clinical 
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practice. Although there is insufficient evidence to change clinical practice at this time, 

some tentative guidance can be provided. The approach focusing on symptom clusters is 

likely to yield clinically useful insights that may lead to the development and testing of 

novel symptom management interventions. Healthcare providers can target specific 

troublesome symptoms contained within a cluster to reduce an overall symptom profile, 

reduce disease-specific morbidity, mortality, and health care cost, which will results in the 

delivery of high-quality care in HF.   
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