
Clusters of Multiple Complex Chronic Conditions: A Latent Class 
Analysis of Children at End of Life

Lisa C. Lindley, PhD, RN, Jennifer W. Mack, MD, MPH, and Donald J. Bruce, PhD
College of Nursing (L.C.L.), University of Tennessee – Knoxville, Tennessee; Department of 
Pediatric Oncology and the Division of Population Sciences’ Center for Outcomes and Policy 
Research (J.W.M.) Harvard Medical School; Dana-Farber Cancer Institute (J.W.M.); and Division 
of Pediatric Hematology/Oncology (J.W.M.), Children’s Hospital, Boston, Massachusetts; and 
Center for Business & Economic Research (D.W.B.) and Department of Economics (D.W.B.), 
University of Tennessee, Knoxville, Tennessee, USA

Abstract

Context—Children at end of life often experience multiple complex chronic conditions, with 

over 50% of children reportedly having two or more conditions. These complex chronic conditions 

are unlikely to occur in an entirely uniform manner in children at end of life. Previous work has 

not fully accounted for patterns of multiple conditions when evaluating care among these children.

Objectives—To understand the clusters of complex chronic conditions present among children in 

the last year of life.

Methods—Participants were 1423 pediatric decedents from the 2007 to 2008 California 

Medicaid data. A latent class analysis was used to identify clusters of children with multiple 

complex chronic conditions (neurological, cardiovascular, respiratory, renal, gastrointestinal, 

hematologic, metabolic, congenital, cancer). Multinomial logistic regression analysis was used to 

examine the relationship between demographic characteristics and class membership.

Results—Four latent classes were yielded: medically fragile (31%); neurological (32%); cancer 

(25%); and cardiovascular (12%). Three classes were characterized by a 100% likelihood of 

having a complex chronic condition coupled with a low or moderate likelihood of having the other 

eight conditions. The four classes exhibited unique demographic profiles.

Conclusion—This analysis presented a novel way of understanding patterns of multiple complex 

chronic conditions among children that may inform tailored and targeted end-of-life care for 

different clusters.
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Introduction

Children at end of life often experience multiple complex chronic conditions. From cancer to 

birth defects, complex chronic conditions are defined as conditions that are reasonably 

expected to last at least 12 months and to involve either several different organ systems or 

one organ system severely (1). Multiple complex chronic conditions are common, with over 

50% of children with chronic conditions reporting two or more conditions (2). These 

complex chronic conditions are unlikely to occur in an entirely uniform manner in children 

at end of life (3). For example, a child with cerebral palsy may have gastrointestinal 

conditions with feeding difficulties and recurrent aspiration pneumonia. As a result of these 

unpredictable patterns of multiple complex chronic conditions, children with complex 

chronic conditions generally have costly, high utilization of health care services, including 

the emergency room (4–8).

Previous work has not fully accounted for patterns of multiple conditions when evaluating 

care among these children. Instead, two strategies have been used. First, Feudtner and 

colleagues (1, 9, 10) have used death certificate diagnoses to assign a primary diagnosis to 

children with complex chronic conditions. While this technique allows an understanding of 

the most clinically important condition that led to the child’s death, many administrative 

data sources are not readily linked to death certificate data, limiting the availability of this 

information. In addition, this technique still assigns a single diagnosis to each child, even 

though some conditions may occur together. An alternative strategy has been to evaluate 

care within categories of complex chronic conditions using diagnostic data from inpatient 

and outpatient administrative records, a technique that means that a child with five chronic 

conditions may be counted five times in each analysis (2, 10, 11). Therefore, current 

strategies have not effectively accounted for multiple complex chronic conditions among 

children.

Latent class analysis is a useful method for identifying patterns within a heterogeneous 

population (12, 13). Instead of creating every possible cluster, latent class analysis reduces 

the data into the most parsimonious set of clusters or classes. Latent class analysis has been 

used widely in health care research to identify patterns of community-based service use (14), 

foster care provision (15–18), and comorbidities (19–21).

Identification of such groupings of co-occurring conditions among children with complex 

chronic conditions would be highly beneficial to future studies of the underlying 

mechanisms of these chronic conditions and in addressing the end-of-life care needs of these 

children. This information may guide the design of interventions specific to multiple 

complex chronic conditions, which are tailored to the health needs of children at end of life. 

Such tailored interventions may ultimately improve the quality of end-of-life care for 

children and their families. For researchers, the use of latent class analysis presents a unique 
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methodological technique to account for patterns of comorbid conditions that might be used 

with administrative data sources.

Therefore, using latent class analysis, we sought to understand the patterns of conditions 

present among children in the last year of life, using clustering of conditions as a way to 

identify children with similar care needs and utilization patterns. Specifically, we aimed to 

clarify 1) the number of classes that could parsimoniously describe patterns of complex 

chronic conditions, 2) the configurations of complex chronic conditions represented in each 

class, with the expected prevalence of each class, and 3) the demographic correlates of class 

membership. Although we hypothesized that some children may have one primary condition 

that accounts for most of their health care needs, even if other conditions are also present, 

we did not formulate hypotheses regarding the particular number of classes or the 

configuration of each class.

Conceptual Model

Fig. 1 depicts the conceptual relationships among the complex chronic conditions, the latent 

classes, and the covariate predictors for the latent class model estimated in these analyses. 

Our group of demographic characteristics included gender, race/ethnicity, and age, which 

may predispose children to certain complex chronic conditions. For example, infants may be 

more likely to suffer from congenital anomalies compared to older children, whereas sickle 

cell disease occurs among African-American children. We also included additional private 

insurance coverage because families with added health insurance coverage may have more 

resources to diagnose complex chronic conditions. Finally, we included Medicaid eligibility 

because disability eligibility may provide children with access to additional programs and 

resources in which complex chronic conditions might be diagnosed.

Methods

Study Design

The study was designed as a pooled cross-sectional secondary analysis of 2007 and 2008 

California Medicaid data, using latent class analysis to illustrate patterns of complex chronic 

conditions among children at end of life.

Participants

Participants were pediatric California Medicaid beneficiaries. Medicaid data were selected 

because Medicaid is one of the few publicly available data sources that includes pediatric 

claims data at end of life. California was selected for this study because it has the largest 

population of children enrolled in Medicaid of any state (22). The sampling frame was based 

on the inclusion criteria that children were between the ages of 0 and 20 years, died between 

January 1, 2007 and December 31, 2008, and were enrolled in the California Medicaid 

program for any part of their last year of life. Children who were not California residents 

and duplicate entries were excluded. The sample was further restricted to those who had at 

least one complex chronic condition (i.e., neurological, cardiovascular, respiratory, renal, 

gastrointestinal, hematologic, metabolic, congenital, cancer) based on the International 
Classification of Diseases, 9th revision (ICD-9) code as recommended by Feudtner and 
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colleagues (9). Requiring the presence of one or more complex chronic conditions to be 

included in the analysis increased the likelihood that a reasonable number of latent classes 

would be yielded with adequate distributions of children in each class. Our final sample was 

1423 children.

Measures

Dependent Variables—The presence of each complex chronic condition was 

dichotomized into yes or no. We used Feudtner’s nine categories of complex chronic 

conditions rather than the 30 subcategories to ensure conditional dependence where complex 

conditions were relatively independent of each other within a latent class (23).

Independent Variables—A set of demographic variables was created for this study from 

the Medicaid administrative data. Female was a binary variable (0 = male, 1 = female). 

Categories were created for race and ethnicity as Caucasian, African American, Hispanic, 

and other races (e.g., Asian American, Native American). Age was the child’s age at death 

and was categorized in the Medicaid data as less than one year, 1 to 5 years, 6 to 15 years, 

and 15 to 20 years. Whether or not the child had additional private health insurance, along 

with Medicaid coverage, was a measure of private insurance. Medicaid eligibility type was a 

binary variable (0 = no disability status, 1=disability status).

Statistical Analysis

We used a series of latent class models to examine clusters of complex chronic conditions 

among children at end of life (24). Latent class analysis is a method to identify discrete 

subgroups of similar cases within an overall population (25). The subcategories are referred 

to as latent classes. Latent class analysis was used because it accommodated the categorical 

variables, unlike factor analysis, and it generated probabilities of class membership, unlike 

cluster analysis.

Stage 1—In the first stage of the analysis, we used the nine complex chronic conditions as 

class indicators and estimated the smallest set of latent classes that best fit the data. To do so, 

various model fit indices were evaluated including Pearson χ2, likelihood ratio χ2, Akaike 

information criterion (AIC), Bayesian information criterion (BIC), Lo-Mendell-Rubin 

(LMR) likelihood ratio, and entropy values (26, 27). Although there is no definitive 

goodness-of-fit statistical test in latent class analysis, a model with one additional class is 

often considered an improvement with lower AIC and BIC values, a statistically significant 

(P<0.05) likelihood ratio test, and higher entropy scores. Anticipating specific sources of 

bias, we performed a sensitivity analysis in Stage 1. We were concerned that infants (<1 

year) might have different classes compared to children (1 to 20 years). To assess potential 

difference in clusters by age, we ran the stage 1 analysis for infants separate from children. 

We found that, for the infants, the model indices were a very poor fit and that for children, 

the model indices were the same with or without infants in the model. As a result of the 

sensitivity analysis, we did not separate infants from children for this analysis.

Stage 2—In the second stage of the analysis, the classes within the best-fit model were 

described. This included estimating the prevalence of child membership in the latent classes. 

Lindley et al. Page 4

J Pain Symptom Manage. Author manuscript; available in PMC 2017 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



We also calculated the conditional item-response probabilities of each complex chronic 

condition into the class. Probabilities ranged from 0 (i.e., non-class membership) to 1 (i.e., 

perfect prediction of class membership). The conditional probabilities of complex chronic 

conditions within a class were used to assign descriptive labels to the classes.

Stage 3—For the final stage of the analysis, we added a set of covariate predictors to 

examine the relationships between demographic characteristics and membership in a given 

latent class. A multinomial logistic regression was conducted that regressed each latent class 

against the covariates, using the class with the most complex chronic conditions as the 

reference category. Results are reported as relative risk ratios. All analyses were conducted 

using Mplus version 6.11 (28) and Stata version11 (StataCorp LP, College Station, TX).

Results

In the sample, 53.83%, 46.38%, and 12.30% of the children at end of life met the criteria for 

having a neurological, cardiovascular, or respiratory complex chronic condition, 

respectively. Renal, gastrointestinal, and hematologic complex chronic condition criteria 

were met by 4.08%, 12.02%, and 8.85%, respectively. In addition, 10.40%, 22.87%, and 

29.87% of children had metabolic, congenital, and cancer conditions. Approximately 44% of 

the sample had one complex chronic condition, while 56% had two or more complex 

chronic conditions.

Latent Class Analysis

Stage 1—The latent class model fit indices are illustrated in Table 1. As the number of 

classes increased, AIC and BIC decreased, indicating improved model fit. Improved fit of 

the model was present only up to four classes, as evidenced by the LMR probability greater 

than P >0.01 with five classes. The four-class model also had the highest entropy value, 

which also suggested that it was the best-fitting model.

Stage 2—For the four-class solution, conditional item-response probabilities are presented 

in Table 2. A total of 31.41% of the sample was expected to belong to Class 1, which had a 

response pattern we have characterized as “medically fragile.” Children in Class 1 had a 

moderate likelihood of neurological (45%), cardiovascular (64%), respiratory (29%), 

gastrointestinal (24%), congenital (45%), and cancer (20%) conditions. They had a low 

likelihood of renal (10%), hematologic (15%), and metabolic (17%) conditions. Class 2 

(31.90%) was characterized as “neurological.” These children primarily had a 100% 

likelihood of a neurological condition with a moderate likelihood of cardiovascular (21%) 

and low likelihood of respiratory (4%), metabolic (6%), congenital (16%), and cancer (1%) 

conditions. Class 3 (24.74%) was characterized as “cancer.” Cancer class children had a 

100% likelihood of having a cancer condition with moderate likelihood of neurological 

(31%) and cardiovascular (27%) conditions. They also had a low likelihood of renal (1%), 

gastrointestinal (11%), hematologic (16%), metabolic (10%), and congenital (5%) 

conditions. Class 4 constituted the smallest latent class (11.95%) and was characterized as a 

100% likelihood of having a cardiovascular condition with low likelihoods of having 
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respiratory (4%), gastrointestinal (7%), hematologic (1%), metabolic (1%), and congenital 

(7%) conditions.

Stage 3—After the latent classes were identified, we examined the demographic correlates 

of class membership (Table 3). Relative to the medically fragile class, children 6 to 14 years 

(RRR = 5.57, P < 0.001), 15 to 20 years (RRR = 4.59, P < 0.001), and with additional 

private insurance (RRR = 3.47, P < 0.001) were more likely to belong to the neurological 

class. Children 1 to 5 years (RRR = 4.23, P < 0.001), 6 to 14 years (RRR = 28.27, P < 

0.001), 15 to 20 years (RRR = 22.29, P < 0.001), and with additional private insurance (RRR 

= 2.65, p=P < 0.001) were more likely to belong to the cancer class. Child with income 

eligible for Medicaid (RRR = 0.48, P < 0.001), however, were negatively associated with 

cancer class. Children who were Hispanic (RRR = 1.71, P < 0.05), and 15 to 20 years (RRR 

= 2.00, P < 0.05) were more likely to belong to the cardiovascular class; whereas children 

with Medicaid eligible income (RRR = 0.18, P < 0.001) were less likely to belong to the 

class, relative to the medically fragile class.

Discussion

In a Medicaid-based sample of pediatric decedents, four distinct latent classes adequately 

accounted for variation in co-occurrence patterns of nine clinically important complex 

chronic conditions. Each of these classes exhibited unique disease patterns and demographic 

profiles from one another. Thus, this analysis presented a novel way of understanding 

clusters of multiple complex chronic conditions among children that may inform tailored 

and targeted end-of-life care for different clusters.

Among the children in the study who had at least one complex chronic condition, three of 

the four classes (neurological, cancer, and cardiovascular) were characterized by 100% 

likelihood of having one of the complex chronic conditions coupled with a low or moderate 

likelihood of having the other complex chronic conditions. Latent classes with 100% or 0% 

probabilities have been reported before in the literature (19, 17), and suggest highly 

discriminative classes. Each of these three classes was typified by the presence of different 

complex chronic conditions. Collectively, the three classes represented 69% of the overall 

sample. Given that these are the top three causes of death among children, this result was 

expected. However, it was interesting that among children in the cancer class, they had a 

high prevalence of both neuromuscular and cardiovascular conditions, suggesting that these 

forms of problems are often complications that arise during cancer treatment. Future 

longitudinal analysis might reveal whether these other conditions were in fact related to 

treatments. This finding also has interesting research implications. Latent class analysis may 

be useful in identifying primary diagnoses. In several claims databases, including Medicaid, 

there is no reported primary diagnosis for patients. For example, each time a child has a 

Medicaid claims encounter, the provider can include two diagnoses in the child’s Medicaid 

record. In this study, children had as many as 400 different diagnoses. By using latent class 

analysis, our findings suggest that those children with a 100% likelihood of a complex 

chronic condition with few comorbidities may have a primary diagnosis for analysis 

purposes. The nature claims data, however, leave some unanswered questions such as did the 

primary diagnosis initiate the state of health? Or did this primary condition arise as a 
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complication based on the overall health of the child? Or was the condition the leading 

reason for health care utilization? Future research might explore these questions with other 

data sources, such as the death certificate, which includes cause of death diagnosis, and/ or 

electronic medical records, which include diagnostic detail. Additional research is warranted 

in different data sets and across different populations to determine whether primary 

diagnoses can be consistently identified.

Another interesting finding was that over 30% of the sample participants were characterized 

by the likelihood of many complex chronic conditions. We conducted a post-estimation 

analysis to better understand the number of complex chronic conditions the group had on 

average and found that over 60% had three or more conditions, compared to the other 

classes, which commonly had two conditions. These medically fragile children had a wide 

range of possible combinations of complex chronic conditions, which presents unique 

clinical challenges for comprehensive and coordinated care. Although it is common for 

children with complex chronic conditions to obtain care from several specialists (29), 

specialists may not have access to the clinical information necessary to understand the other 

conditions. Care focused primarily on a single complex chronic condition may not be 

effectively treating the child’s overall health at end of life. However, most children with 

complex chronic conditions also have a pediatric primary care provider, whose role is to 

provide comprehensive and coordinated care for children. Future research might compare 

the quality of care delivered to these four classes of children by specialists and pediatricians.

Given that the sample in our study was Medicaid beneficiaries, it was surprising to find that 

children with additional private insurance were correlated to class membership among all the 

classes. It is possible that carrying private insurance along with Medicaid is an important 

enabling factor for families as they manage the costs of complex chronic conditions. 

Families with children at end of life often experience the financial hardship associated with 

trips to the doctor, out-of-pocket expenses, and overnight travel to hospitals (30, 31). 

Additional health insurance coverage is a mechanism by which some families may be able to 

afford the costly treatments and care associated with the child’s complex chronic condition 

(32–34). Additional insurance may mitigate the financial burden these families encounter by 

covering medical services, medical transportation, equipment and supplies, and treatments 

not covered or fully covered by Medicaid. Thus, this family resource may enable families to 

access health care.

This study had limitations that impact interpretation of the findings. The goal of the study 

was to assess clustering of complex chronic conditions among children at end of life in 

California. Thus, the findings primarily generalize to this group of children and results might 

be different among children who are not at end of life or reside in other states. The intention 

of this study was to describe patterns of multiple complex chronic conditions, and therefore, 

we used a pooled cross-sectional, correlational design. However, this design does not allow 

for causal and temporal explanations. On this note, while it is interesting that insurance 

coverage appears to be related to membership in each of the major classes, it is not clear 

whether a) the coverage led to the diagnosis, b) the diagnosis led to the coverage, or c) both 

were co-determined by some omitted third factor. The extent to which end-of-life diagnoses 

are related to insurance coverage is an important area for future study, especially given the 
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expansion of coverage in recent years. Additionally, we may not have captured all the 

complex chronic conditions recorded for a child in the Medicaid records because Medicaid 

patients often cycle in and out of the system, leading to incomplete record keeping. Finally, 

the sample included pediatric decedents. The four classes identified by this analysis only 

pertain to children with complex chronic conditions who were ill enough to have died. This 

limits generalizability. Nevertheless, the study offers important insights into a subpopulation 

of children with complex chronic conditions in order to advance our understanding of their 

care at end of life.

To our knowledge, this was the first latent class analysis study of multiple complex chronic 

conditions in children, conditions which were purposefully selected because of their clinical 

significance and their tendency to co-occur in non-uniform patterns (3). The results suggest 

that complex chronic conditions cluster together in a unique fashion, with a majority of the 

children expected to have a high probability of having one of the three most common 

primary complex chronic conditions: neurological, cardiovascular, or cancer. Accordingly, 

end-of-life care for children that targets specific clusters should perhaps consider different 

patterns of care for different clusters.
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Figure 1. 
Conceptual Model of Complex Chronic Condition Latent Class
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Table 2

Four class solution: Prevalence of latent classes and conditional probabilities

Class 1 Class 2 Class 3 Class 4

31.41% 31.90% 24.74% 11.95%

n=447 n=454 n=352 n=170

Medically Fragile Neurological Cancer Cardiovascular

Neuromuscular 0.45 1.00 0.31 0.00

Cardiovascular 0.64 0.21 0.27 1.00

Respiratory 0.29 0.04 0.00 0.04

Renal 0.10 0.00 0.01 0.00

Gastrointestinal 0.24 0.00 0.11 0.07

Hematologic 0.15 0.00 0.16 0.01

Metabolic 0.17 0.06 0.10 0.01

Congenital 0.45 0.16 0.05 0.07

Cancer 0.20 0.01 1.00 0.00

Note: CCC=complex chronic conditions

(perfect prediction of class membership = 1.00, perfect prediction of non-class membership = 0.00)
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Table 3

Multinomial Regression Analysis for Demographic Characteristics Predicting Latent Classes (N=1423)

Class 2 Class 3 Class 4

Neurological RRR(SE) Cancer RRR(SE) Cardiovascular RRR(SE)

Female 0.79 (0.11) 0.91 (0.14) 0.83 (0.16)

Race/Ethnicity

 White 1.41 (0.32) 0.93 (0.23) 0.73 (0.25)

 Black 1.49 (0.41) 0.88 (0.28) 1.27 (0.48)

 Hispanic 1.12 (0.20) 1.27 (0.24) 1.71 (0.40)*

Age

 1–5 years 1.31 (0.36) 4.23 (1.91)*** 0.74 (0.20)

 6–14 years 5.57 (1.62) *** 28.27(13.01)*** 1.34 (0.45)

 15–20 years 4.59 (1.34)*** 22.29 (10.22)*** 2.00 (0.60)*

Private Insurance 3.47 (0.93)*** 2.65 (0.77)*** 2.11 (0.83)

Medicaid Eligibility 1.19 (0.21) 0.48 (0.08)*** 0.18 (0.04)***

Note. RRR = relative risk ratio. SE = standard error.

*
p<0.05,

**
p<0.01,

***
p<0.001
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