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Introduction

Estimating costs of medical care attributable to treatments over time is difficult due to costs that 

cannot be explained solely by observed risk factors. Unobserved risk factors cannot be accounted 

for using standard econometric techniques, potentially leading to imprecise prediction. The goal 

of this work is to describe methodology to account for latent variables in the prediction of 

longitudinal costs.  

Methods

Latent class growth mixture models (LCGMM) predict class membership using observed risk 

factors and class specific distributions of costs over time. Our motivating example models cost of 

care for children with cystic fibrosis from birth to age 17. We compare a generalized linear 

mixed model (GLMM) with LCGMMs. Both models utilize the same covariates and distribution 

to predict average costs by combinations of observed risk factors. We adopt a Bayesian 

estimation approach to both models and compare results using the Deviance Information 

Criterion (DIC).

Results

The 3-class LCGMM model has a lower DIC than the GLMM. The LCGMM latent classes 

include a low-cost group where costs increase slowly over time, a medium cost group with initial 

higher costs than the low-cost group, and with more rapidly increasing costs at older ages, and a 

high cost group with a U-shaped trajectory.  The risk profile specific mixtures of classes are used 

to predict costs over time. The LCGMM model show more delineation of costs by age by risk 

profile and with less uncertainty than the GLMM model. 

Conclusions

The LCGMM approach creates flexible prediction models when utilizing longitudinal cost data.   

The Bayesian estimation approach to LCGMM presented fits well into cost-effectiveness 

modeling where the estimated trajectories and class membership can be used for prediction.
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Introduction 

When estimating costs over an extended time horizon, a trajectory of cost over time is 

required [1]. A standard tool in econometrics to model individual-level costs over time is the 

generalized linear mixed model (GLMM)[2-4]. A standard assumption in GLMMs is that the 

explanatory variables are exogenous, or independent with the error term.  This assumption may 

be violated if variables are omitted and correlated both with one or more of the explanatory 

variables and the dependent variable[5, 6]. The inability to account for known or unknown 

information because it is not or cannot be observed, manifests as residual variation and can 

render prediction these from models imprecise [7].  We define ‘unobserved heterogeneity’ as all 

factors that are not measured and that contribute to the different variation of costs among 

individuals [8]. 

The goal of this work is to demonstrate an alternate approach to better estimate costs and 

to control for unobserved heterogeneity when estimating costs over time. Latent class growth 

mixture models (LCGMM), the longitudinal extension of finite mixture models (FMM), use   

data to identify meaningful, homogenous subpopulations, or 'classes', within a larger 

heterogeneous population when multiple measures are gathered on individuals over time [9, 10].  

The existence of distinct latent classes can reflect some unknown underlying comorbidity or 

level of disease severity by individual, or some other unobserved individual characteristics, such 

as adherence to treatment, level of familial engagement or differential disease features. In this 

work, we compare results between the GLMM and LCGMM models using the same input 

variables and functional form and discuss the advantages and disadvantages of each model. 

Our motivating example is from a randomized clinical trial of cystic fibrosis (CF) 

newborn screening[11, 12]. Using the direct medical costs of a pediatric population from birth to 
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age 17, prior work showed that the children had varying levels of severity of CF and large 

variation in costs of treatment[13].  Clinically, CF is a progressive disease, where a child's 

general health decreases and whose annual costs increase over time.  After controlling for known 

demographics, genotype severity, and other disease factors believed to contribute to costs, there 

remained substantial variation in cost outcomes due to differences in disease severity and 

treatments among the children [14, 15]. Costly hospitalizations are common among children with 

CF and are a key factor strongly associated with the overall cost of care [13, 15]. However, many 

children with CF have few or no hospitalizations regardless of observed characteristics and led 

us to create a new variable where children are classified into cost utilization groups (low, 

medium, and high) that depend on their frequency of hospitalizations. 

Our current work introduces a latent class model to reflect individual characteristics that are 

not measured. The latent class model is a more direct statistical approach to address multiple 

differences among the children than with the creation of the utilization group variable in our 

prior work. We employ a two-part LCGMM model where the first part of the model estimates 

the probability that each individual is in a particular latent class, while the second part estimates 

the cost by individual for each year of age by class. Costs are estimated for each child combining 

the predictions in each part.  

Motivation for our use of a Bayesian estimation approach for the GLMM and LCGMM 

models include a small sample size, posterior distributions that account for both uncertainty of 

the parameters and the individual-level data, and the posterior samples provide natural inputs to 

other models, such as state transition models. Bayesian posterior distributions for model input 

parameters have straightforward probabilistic interpretations that can be used directly in  many 

kinds of health economic simulation models [16]. 
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The paper proceeds as follows. We first describe the general GLMM and LCGMM 

approaches. We then describe the data from the clinical trial in pediatric cystic fibrosis and 

develop a simple model to illustrate the differences in approaches. Next, we contrast the 

predicted values and uncertainty from the two approaches and compare their fit, highlighting 

how we would use the LCGMM model for prediction. Finally, we discuss our results and how 

LCGMM may decrease that bias in prediction by controlling for unobserved heterogeneity in 

cost data.

Background on Approaches 

 GLMMs Approach

A commonly used approach to modeling longitudinal data in health economics and 

outcomes research is to build a GLMM using observed disease/individual characteristics at 

baseline with time/age variables [2]. Models in the GLMM framework assume a distribution in 

the exponential family to represent the outcome with some function to link the relationship 

between the linear predictors and the mean of the chosen distribution [17]. Linear, quadratic and 

potentially higher order terms for time/age can be used to capture the nonlinear relationship with 

costs. Random effects terms can be added to account for variation between individuals. GLMM 

models assume that outcomes for individuals with the same observed characteristics, herein 

referred to as “risk profiles”, are homogeneous, thus differences between these individuals are 

due only to random error. 

Choosing a distribution and link function for a GLMM model can be performed using the 

modified Park test to choose the distribution, and some model complexity penalized fit statistics 

such as Akaike or Bayesian Information Criterion, or in the Bayesian paradigm, Deviance 

Information Criterion (DIC), to select the appropriate link function based on model fit [18-20].
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Latent Class Approach 

Latent class approaches may be useful when the variation of some outcome by risk profile is 

not homogeneous. In LCGMMs, the population distribution for the outcome of interest is 

empirically approximated by a mixture of distributions with a finite number of distinct 

components. Prominent examples from psychology, genetics and medicine of finite mixture 

models are detailed in the textbook by McLachlan 2006 [21]. A recent example in health 

econometrics by Deb et al. (2011) used FMMs to model heterogeneous responses to job loss. 

The authors identified an “at risk” subpopulation for body mass index and drinks per day [22]. 

Another example by Deb and Trivedi (1997) identified a difference in demand for medical care 

services by individuals who were in unobserved groups labeled “healthy” and “ill” [23]. 

LCGMMs are longitudinal extensions of FMMs that allow for repeated observations for an 

individual over time [24, 25]. Though the foundational works for LCGMM arose in psychology, 

health-related studies have used this technique to study heterogeneity of treatment effects [9, 26, 

27].  Lin et al. (2000) used LCGMMs to estimate class-specific antigen trajectories among men 

at risk for prostate cancer [28]. Stull et al. (2011) used LCGMMs to identify response differences 

to treatment for chronic obstructive pulmonary disease [29]. One study by Neelon et al. (2011) 

used LCGMMs to study the heterogeneity in healthcare utilization when adding mental health 

and substance abuse coverage to health plans[30]. Other applied examples in the medical 

literature include Neelon et al. (2011), Vistisen et al. (2014), Mitchel et al. (2017), DuPaul et al 

(2018) [31-34]. 

LCGMMs are two-part models. Each child is first classified to one of finite number of 

defined classes. The probability of class membership is modeled as a multinomial logistic model 

and can include individual-level covariates. Given class membership, the second part of the 
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model estimates the amount of the cost at each age over time, with multiple GLMMs  according 

to the number of latent classes we allow.  A degenerate case of LCGMMs is a one class model 

that is equivalent to a single GLMM.

Data and Methods

This section describes data from the CF clinical trial that are used in this study.  We 

summarize the GLMM and LCGMM models, how we compare the models, and how they are 

used for prediction.

Data 

The data used in this analysis were collected as part of the Wisconsin Newborn Screening 

Study, which was a clinical trial to explore whether early diagnosis of CF through neonatal 

screening was medically beneficial without major risks [11, 12].  Inpatient, outpatient, and drug 

utilization data were collected for 73 children between January 1, 1989 and September 30, 2010 

with all cost data converted to 2010 dollars using the medical care component of the Consumer 

Price Index.   Available data included children demographics and disease risk factors. 

 We observe 931.97 person-years or 12.8 years per child for 73 children between birth 

and age 18.   Some children are missing data  due to drop out or administrative censoring, as 

some data are not available for the earliest calendar years of the trial. The average annual cost by 

child is $24,642 with wide variation (SD = 30,625). Figure 1 displays a log-cost trajectory by 

individual over time, with each line representing a different child. 

[Figure 1 About Here]
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We see that the log-costs at age 0 differ among children, as well as differences in the 

trajectory of log-costs over time. Many children have costs above $100,000 (log(11.5)). Yet     

these high dollar amounts are not sustained from year to year, as several children have extemely 

high costs in only one year of age. There is not one clear trajectory, as many patterns emerge.   

As the goal of this study is to illustrate a new approach to prediction of longitudinal costs, 

we reduce model complexeity and consider only two risk factors  in addition to age that have 

been shown to impact pediatric CF costs [13]. We use the determination at birth of whether a 

child is pancreatic insufficient (PI), a digestive condition common among CF children, that 

manifests in poor nutritional outcomes. The presence of diminished lung function (DLF) is 

measured by a the Wisconsin Chest X-ray exam at approximately 5 years of age as either severe 

or not severe. Children who are lost to follow-up prior to first Wisconsin Chest X-ray exam are 

excluded from this analysis. As PI and DLF are dichotomous risk factors, four distinct risk 

profiles are formed representing the combinations of the presence or absence of PI and DLF. 

Modeling CF Costs 

We estimate the total cost of care for children with CF by each year of age from birth to 

age 18 using the same variables and probability distribution function form for both the GLMM 

and LCGMM models. The average cost for child i at age j for the GLMM model is assumed to 

have a Gamma distribution, with a log link of the scale term to the linear predictor, and a ij

consistent shape term . The Gamma distribution was chosen using the modified Park test [35]. 

The ’s represent unknown regression coefficients for the intercept, age and risk factors, and  0iu

represents the random intercepts by child, and  is the variance of the random intercept term. 2
0
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The error terms are assumed independent for each person and age, and is the variance of ij 2

the error.  Equation 1 details the parameterization of this model.
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We explored other model parameterizations with interactions between risk factors and 

age, random effect specifications with slopes on age and age2, covariance structures, and 

different link functions and distributions of generalized linear models.  Ultimately, the GLMM in 

Equation 1 is preferred as there are no convergence issues and is simple for illustrative purposes.  

For the LCGMM, the two binary risk factors, PI and DLF, are used as predictors in the 

class membership model following the approach in Neelon et al. (2011), while age, age-squared 

and class-specific random intercepts are used to create separate trajectories for each class 

assuming a Gamma distribution and log link in the component density models [29]. LCGMM 

models with 1 to 5 classes inclusive are tested, with the three-class solution chosen as the 

preferred model based on the lowest DIC.

The first part of the LCGMM model is multinomial logistic with risk factors as 

covariates. We first specify a finite number of classes, K, defining  as the probability that ik

person i belongs to class k. We model the log-odds of a child being in each class  k  relative to a 

baseline (we use class 1 as baseline). The log-odds is equated to a linear model of an intercept 

and our risk factors.  
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We can then calculate the probability of each child being in each class using Equation 3. 
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The probability for class 1 is found using the fact that the sum of K class membership 

probabilities sum to 1 by individual.  

The second part of the LCGMM model, displayed in Equation 4, has the same form as 

the GLMM but omits the risk factor covariates.  The notation from Equation 1 is altered to 

include the latent class component from the first part of the model.  Here the  again represent 0iku

independent random intercepts by latent class.
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We use Markov Chain Monte Carlo with the JAGS package to estimate posterior 

distributions [36].  We wrote specific code to calculate the component densities for the LCGMM 

model based on Neelon et al. (2011) [33]. Convergence is assessed using the Gelman-Rubin 

statistic after 50,000 burn-in iterations and with 100,000 post-convergence draws, thinned by 10 

for each of 3 parallel chains. We assume minimally informative priors following Gelman et al. 

(2014) [37]. In the GLMM model, all  priors are assumed to be independent normal ' s

distributions with mean of 0 and a precision (the inverse of the variance) of 0.001. The prior 

distribution of and  are Inverse Gamma distributions with a shape parameter of 0.001 and 2 2
0

rate (the inverse of scale) of 0.001. Finally, the prior on  is Uniform between 0 and 1,000. In 
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the LCGMM models, we use the same prior distributions as the GLMMs, except the 

specifications include class-specific information that is indexed by the class k. Additionally in 

the class membership model,  are assumed to be independent normal 0 1 2{ , , } for k 2k k k   

distributions with mean 0 and a precision of 0.001 [38]. The DIC statistic is calculated after 

convergence is achieved in each chain. For the DIC computation, we adjusted for label switching 

between chains following the approach of Stephens (2000) [39].    

To address missing data, we examined several approaches. Our final results are not 

sensitive to the approach chosen. We select a simple approach where we exclude partial years of 

age by child where less than 50% of the year is observed. 

Model Comparison Predictions

The posterior mean of annual costs by year of age for each risk profile is derived from the 

regression output of the GLMM. The posterior mean for a particular risk profile is found by 

averaging across the estimates for the class membership probabilities for those children within 

each risk profile. The posterior mean of costs for each year of age by risk profile is found by (i) 

computing the products of the posterior probability an individual is in a given class by the 

expected costs at each age for that class and (ii) summing the products by year of age.    

Uncertainty is represented using the credible intervals of cost over time in each class. 

The DIC statistic is used to compare model fit, as it explicitly penalizes the additional 

complexity of the LCGMM.  For illustration of the GLMM and LCGMM approaches we plot the 

posterior means by risk profile to compare the costs by age. We also calculate the overall 

expected posterior mean and coefficient of variation (CoV) by each risk profile at each age for 

both approaches. The coefficient of variation is the ratio of standard deviation to the mean. 

Finally, we plot of expected costs by class for each model, these combine the simulated draws 
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from the implied posterior distribution of the risk profile class membership and then the 

simulated costs.

Results 

The GLMM regression parameters are displayed in Table 1. The combination of the age 

and the positive age-squared coefficient results in a convex nonlinear upward trajectory of log-

cost over time. The positive coefficients for PI and DLF indicate that the presence of these risk 

factors increases costs. The standard deviation of the random intercept between children is 0.6 

(on the log scale) suggesting there are individual differences between children at birth.  

[Table 1 About Here]

Figure 2 shows the predicted average costs in dollars and credible intervals for the four 

risk profiles. The trajectories of the four risk profiles, along with the 95% credible intervals, have 

similar shapes starting generally flat and trending up beginning around age 8 - 12. The presence 

of PI shifts the curves upward and with increasing costs as a child ages. The intercept term is a 

function of whether the child has DLF or PI.   

[Figure 2 About Here]

A tabular view of Figure 2 is shown in Table 2 where we display the expected value of 

annual costs and CoV of the posterior distribution of annual cost by age for each risk profile. The 

presence of either risk factor increases costs as compared to having neither risk factor. The 

presence of both risk factors show the highest overall costs, while having PI alone results in 

greater costs than just DLF alone. The CoV is nearly constant across ages by risk profile due to 

the assumption of a Gamma cost distribution. 

 [Table 2 About Here]
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The three class LCGMM had the lowest DIC (DIC values for models with 1 through 5 

latent classes are displayed in Appendix Table 1). The class membership output for the three 

class LCGMM is displayed in Tables 3a and 3b, while the component density output is shown in 

Table 4.  The posterior parameter estimates in Table 3a show the impact of risk factors on 

probability of class membership. For instance, children without either risk factor are more likely 

to be in class 3 or class 2 than in class 1, as the coefficients on the intercepts are positive.  These 

children without either risk factor are also more likely to be in class 3 than in class 2 because the 

intercept term for class 3 is greater than the class 2 intercept. Similarly, the parameters show 

children with PI are significantly less likely to be in class 3 than in class 1 as the parameter on 

class 3 PI is negative and significant. 

[Table 3a About Here]

For easier interpretability we convert these estimates to probabilities in Table 3b.  

Children with neither risk factor are most likely classified as class 3 with probability 89%, and 

are virtually never in class 1 (probability of 0.8%). In contrast, children with both risk factors 

have a 65% chance of being in class 2 and a 34% chance of being classified as class 1. Children 

with PI only are most likely to be classified as class 2 (91%) and  children with only DLF had a 

81% posterior probability as being classified in class 3 and a 13% chance of being in class 2.  

[Table 3b About Here]

The three component density models for the three classes are shown in Table 4. Class 1 

has the highest log-cost at age zero, followed by class 2 and then class 3 as determined by the 

intercept. We also see that depending on the class, the magnitude of age and age-squared are 
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distinct between classes and are not consistently positive or negative. These differences result in 

different magnitudes and differently shaped trajectories of cost curves. 

These results are better illustrated in Figure 3 that plots the posterior distribution and 95% 

credible interval by class. Class 3 represents the lowest cost trajectory, starting at the lowest level 

growing gradually as children age. Class 1 starts with the highest costs overall and is a U-shape 

curve. Class 2, begins lower than class 1 and shows small increases in the early years but has an 

increasing growth rate of costs in later years. The DIC from the LCGMM (20068.3) is lower than 

the DIC in the GLMM (20825.5). Thus, even with the additional number of parameters 

necessary for LCGMM, it is a better fit to the data than the GLMM. 

[Table 4 About Here]

[Figure 3 About Here]

To compare the expected value of costs by risk profile between the GLMM and the 

LCGMM models, we plot the curves in Figure 4. Twenty-five independent simulated posterior 

draws of the GLMM model and the LCGMM are shown in panels A and B respectively. The 

shapes of the GLMM curves are similar, as the curves are somewhat flat at birth and then the rate 

of increase of costs by risk profile increases.  Children with pancreatic insufficiency show the 

highest level of costs and greater rates of increases of costs. The LCGMM shows a U-shape 

curve for those with both PI and DLF. There is greater separation between the PI/No DLF and 

the No PI/DLF LCGMM curve than the GLMM. There is also greater separation between the 

PI/DLF curve and the PI/No DLF for the LCGMM than the GLMM.

[Figure 4 about Here]

The overall expected value of cost by risk profile, and its associated CoV, using the 

LCGMM is displayed in Table 5. The variability within each risk profile changes as a child ages 
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and the variability is generally higher for the early and late ages. The variability also differs 

between risk profiles.  For those with No PI/No DLF the CoV ranges from 0.06 to 0.30 

depending on age, while those with PI/ No DLF ranges from only 0.05 to 0.08.

When comparing Table 2 and Table 5 at nearly every risk profile age pair, there is less 

variability using the LCGMM. Also, the variability over time differs in the LCGMM, while in 

the GLMM they are constant. 

[Table 5 about Here]

Discussion 

The GLMM and LCGMM models were designed to have the same input variables 

(age, PI, and DLF), the same functional form (Gamma distribution with a log-link) and are 

estimated using Bayesian methods. However, Figure 4 shows that while the GLMM and 

LCGMM models have similar shapes for the expected cost curves for each of the four risk 

profiles, the curvature of the profiles differ by age and that distances between risk profiles for 

given ages differ between the two models. The LCGMM model introduced the concept of a 

latent class, where children have unobserved characteristics that are not accounted for in the 

GLMM model. The latent class classification is determined based solely on the risk profile, and 

given the latent class classification, three different cost curves are determined to be appropriate.  

Figure 4b indicates that while most of the children with the No PI/No DLF risk profile 

are classified as Class 3 with a very low, flat cost profile over time, 11% of the children with this 

profile were classified differently. Similarly, most children with the PI/No DLF risk profiles 

were classified as Class 2 with a similar shape as Class 3 costs but with a higher intercept and 

increasing costs as children reach age 18. However, 10% of the children with the PI/No DLF  

Page 15 of 33



16

risk profile were classified differently. The two risk profiles where children had DLF show 

greater differences in the percentages across the class cost curves. While two-thirds of children 

with PI/DLF were classified as Class 2, a third of these children were classified as Class 1. The 

predicted costs by risk profile of the LCGMM predictions are higher than the GLMM in virtually 

each year of age  and with less uncertainty, as represented by a smaller coefficient of variation of 

the posterior predictions.   The LCGMM predictions are useful to model future CF costs, 

assuming our CF population is representative of relevant future CF populations. 

The inclusion of the latent class component helps account for variables omitted from the 

study. In addition, the use of the latent class variables allows for the creation of separate cost 

curves by risk profile. The fuzzy nature of the classification of the children into the latent classes 

blends the results of the different cost curves to take into account the heterogeneity of costs as 

children age.  LCGMMs use the observed outcomes and observed covariates to identify latent 

groups within the data by estimating the trajectory of costs for groups of individuals from a 

mixture of probability distributions. This is the concept we called unobserved heterogeneity that 

we introduced.      

The LCGMM model is well suited to cost-effectiveness analysis for both cohort and 

Monte Carlo simulation state transition models [40]. If we are modeling the cost of care over 

time of a subgroup of patients with different risk profiles using a cohort state transition model, 

we utilize the posterior mean annual cost over time of each risk profile. If a probabilistic 

sensitivity analysis is undertaken, uncertainty would be represented by the posterior draws, 

instead of the posterior mean.  

In a Monte Carlo simulation (often called microsimulation) we explicitly model 

individual differences in children according to observed characteristics. To model costs for 
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microsimulation, we would first classify each child to a particular risk profile, then proportional 

to their risk profile’s probability of class membership, i.e. the probabilities in Table 3b, we 

simulate their class specific cost trajectories by year of age in each iteration. Thus, in some 

iterations, a child with risk profile PI/DLF would accrue the costs of Class 1, other times they 

would accrue costs of Class 2 and so on. This approach better captures the heterogeneity inherent 

in cost over time than would be possible with a GLMM model that would model the average of 

the subgroup. 

Our approach to defining our LCGMM is to utilize covariates to predict the latent class 

membership. This approach is reasonable when the goal is to predict trajectories of cost by 

discrete clinical groups. However, an alternative approach is to include no covariates in the class 

membership model and insert all covariates in the component density, or include some covariates 

in both parts of the model. The issue of model selection in latent class models is discussed in 

detail in Lennon et al. (2018) where they propose a framework for systematically approaching 

these issues in model selection for LCGMM and other latent class models [41]. However, it is 

clear that more methodologic work is needed to understand comparative advantages of different 

approaches for prediction, beyond comparing only standard model fit statistics. Several applied 

examples that do not utilize covariates to predict class membership are Stull et al. (2011) and 

Donhue et al. (2018) [29, 42]. 

This study is meant to be illustrative of the advantages of using LCGMMs. The addition 

of more complex modeling such as random slopes, interaction terms and additional covariates 

are not included. As a practical matter, there were convergence issues in both the standard 

GLMM as well as the LCGMM models when including these terms. Random slopes are 

advantageous as they allow for variation in the cost curve over time by child, however our 
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application of LCGMM similarly allows for different shapes of the cost curve over time, by 

blending the average class membership by risk profile with the posterior cost predictions. More 

complex model features may improve the fit of a GLMM compared to a LCGMM in other 

applications with additional data. 

A potential advantage of LCGMMs that we did not explore is that LCGMMs can 

incorporate different functional forms of component densities. Class 1 could follow a Gamma 

distribution and include quadratic age terms in the component density and class 2 could follow a 

lognormal distribution and include only a linear age in component density. An application of 

such an approach appears in Nasserinejad et al. (2015) [43]. 

We adopted a Bayesian estimation approach to all models for three reasons. First, our 

data contained a small number of children with measures of costs over a number of years and 

Bayesian methods are often more suitable than frequentist methods for small sample sizes to 

obtain model estimates. Second, parameter uncertainties are estimated and included in 

prediction. Third, the probabilistic interpretation of credible intervals is most relevant for 

prediction as in microsimulation modeling where we draw directly from the posterior 

distribution. 

This study could have been constructed as a frequentist analysis. A potential advantage of 

a frequentist approach is that it is easier to implement than a Bayesian model, as there are several 

software and software packages to create latent class models, such as M-plus, or the R-package 

lcmm (latent class mixture modeling).  A limitation of these packages is the inability to fit 

certain distributions of LCGMM models, for instance the Gamma model we adopted, though in 

practice a maximum likelihood estimator could have been constructed.  
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The goal of this paper is to introduce a statistical technique used frequently in other 

disciplines to the health economic modeling community. We have highlighted the usefulness of 

the method to account for unobservable variables in an analysis. We show a better model fit with 

our approach as compared to the standard GLMM approach. The LCGMM is a method worth 

considering when one is modeling highly heterogeneous populations. The Bayesian 

implementation of these models is straightforward, its results interpretable, and the posterior 

distributions of costs are easily incorporated into cost-effectiveness analyses. 
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Table 1: Gamma GLMM: Posterior Means and Credible Intervals

Mean SD
95% Credible

Interval
Intercept 8.1 0.1 [7.8, 8.4]

Age (years) -0.1 0.02 [-0.10.-0.01]
Age2 0.007 0.001 [0.00, 0.01]

PI 1.4 0.2 [1.1, 1.7]
DLF 0.4 0.2 [0.1, 0.6]

σ0
2 0.6 0.1 [0.5, 0.8]

DIC 20828.5
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Table 2: Expected Value and Coefficient of Variation (CoV) of Annual Cost per Age by Risk Profile
Using GLMM

No PI, No DLF No PI, DLF PI, No DLF PI, DLF

Age
Posterior

Mean CoV
Posterior

Mean CoV
Posterior

Mean CoV
Posterior

Mean CoV
0 $3,337 0.21 $4,769 0.20 $13,828 0.19 $19,591 0.11
1 $3,174 0.21 $4,534 0.19 $13,155 0.19 $18,627 0.11
2 $3,065 0.21 $4,375 0.19 $12,704 0.19 $17,979 0.10
3 $3,004 0.21 $4,287 0.19 $12,455 0.19 $17,618 0.10
4 $2,989 0.21 $4,263 0.18 $12,394 0.19 $17,525 0.10
5 $3,018 0.21 $4,304 0.18 $12,518 0.20 $17,694 0.10
6 $3,094 0.21 $4,410 0.18 $12,833 0.20 $18,134 0.10
7 $3,218 0.21 $4,587 0.18 $13,352 0.20 $18,863 0.10
8 $3,398 0.21 $4,843 0.18 $14,099 0.20 $19,916 0.10
9 $3,642 0.21 $5,190 0.18 $15,109 0.20 $21,341 0.10
10 $3,961 0.21 $5,644 0.18 $16,433 0.20 $23,211 0.10
11 $4,372 0.21 $6,231 0.18 $18,140 0.20 $25,622 0.10
12 $4,898 0.21 $6,981 0.18 $20,322 0.20 $28,707 0.10
13 $5,570 0.21 $7,940 0.19 $23,108 0.20 $32,647 0.10
14 $6,429 0.21 $9,167 0.19 $26,670 0.20 $37,687 0.10
15 $7,533 0.21 $10,743 0.19 $31,243 0.20 $44,162 0.11
16 $8,959 0.22 $12,782 0.19 $37,153 0.20 $52,534 0.11
17 $10,818 0.22 $15,439 0.20 $44,851 0.20 $63,445 0.12

PI=Pancreatic Insufficiency, DLF=Diminished Lung Function, CoV=Coefficient of Variation
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Table 3a: LCGMM Results Part 1: Multinomial
Logistic Means and Credible Intervals for Three Class
Model

Mean SD
95% Credible

Interval
Class 2 Intercept 2.6 1.9 [-0.8, 7.1]

Class 2 PI -0.2 1.7 [-4.4, 2.7]
Class 2 DLF -1.8 1.2 [-4.4, 0.3]

Class 3 Intercept 4.8 2.0 [1.5, 9.3]
Class 3 PI -8.0 4.2 [-19.6, -3.2]

Class 3 DLF -2.1 1.7 [-5.5, 0.9]
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Table 3b: LCGMM Results Part 1: Risk Profiles Class Membership
Probabilities for Three Class Model

Risk Profile Observed Class Membership Probability
PI DLF % of Children Class 1 Class 2 Class 3
No No 11.0% 0.8% 10.3% 88.9%
Yes No 13.7% 8.3% 91.3% 0.3%
No Yes 13.7% 5.7% 13.4% 80.9%
Yes Yes 61.6% 34.4% 65.4% 0.2%
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Table 4: LCGMM Results Part 2: Component Density Means
and Credible Intervals for Three Class Model of Log Costs

Mean SD
95% Credible

Interval

C
la

ss
 1

Intercept 10.81 0.13 [10.58, 11.08]
Age (years) -0.15 0.04 [-0.22, -0.09]

Age2 0.012 0.002 [0.008, 0.016]
σ012 0.6 0.2 [0.2, 0.8]

C
la

ss
 2

Intercept 9.41 0.11 [9.21, 9.64]
Age (years) -0.02 0.03 [-0.07. 0.03]

Age2 0.006 0.001 [0.003, 0.009]
σ022 0.4 0.1 [0.2, 0.7]

C
la

ss
 3

Intercept 7.94 0.13 [7.02, 8.50]
Age (years) 0.02 0.06 [-0.10, 0.16]

Age2 -0.003 0.003 [-0.007, 0.003]
σ032 0.3 0.1 [0.1, 0.4]
DIC 20068.3
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Table 5: Expected Value and Coefficient of Variation (CoV) of Annual Cost per Age by Risk Profile
Using LCGMM

No PI, No DLF No PI, DLF PI, No DLF PI, DLF

Age
Posterior

Mean CoV
Posterior

Mean CoV
Posterior

Mean CoV
Posterior

Mean CoV
0 $3,132 0.30 $4,484 0.18 $15,760 0.08 $25,744 0.10
1 $3,228 0.28 $4,531 0.17 $14,944 0.06 $23,205 0.08
2 $3,372 0.25 $4,641 0.16 $14,443 0.05 $21,444 0.06
3 $3,564 0.22 $4,816 0.15 $14,209 0.05 $20,289 0.05
4 $3,805 0.19 $5,055 0.13 $14,215 0.05 $19,631 0.05
5 $4,097 0.15 $5,361 0.11 $14,450 0.05 $19,405 0.05
6 $4,442 0.12 $5,737 0.10 $14,914 0.05 $19,579 0.05
7 $4,840 0.10 $6,186 0.08 $15,623 0.05 $20,150 0.05
8 $5,292 0.08 $6,714 0.07 $16,603 0.05 $21,141 0.05
9 $5,797 0.07 $7,326 0.06 $17,897 0.06 $22,603 0.05
10 $6,358 0.07 $8,031 0.06 $19,565 0.05 $24,622 0.05
11 $6,978 0.07 $8,841 0.05 $21,690 0.05 $27,325 0.05
12 $7,662 0.07 $9,775 0.05 $24,389 0.05 $30,900 0.05
13 $8,421 0.06 $10,860 0.05 $27,818 0.05 $35,614 0.05
14 $9,275 0.07 $12,135 0.05 $32,197 0.05 $41,858 0.06
15 $10,249 0.07 $13,655 0.06 $37,830 0.06 $50,200 0.07
16 $11,386 0.09 $15,497 0.07 $45,147 0.07 $61,486 0.09
17 $12,744 0.11 $17,771 0.09 $54,769 0.08 $76,990 0.11

PI=Pancreatic Insufficiency, DLF=Diminished Lung Function, CoV=Coefficient of Variation
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Figure 1: Annual Individual Log Cost of 73 Children by Year of Age 
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Figure 2: GLMM Gamma Fit and 95% Credible Intervals by Covariate Risk Profile 

152x101mm (300 x 300 DPI) 
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Figure 3: Posterior Class Trajectories and 95% Credible Interval of 3 Class LCGMM 

152x101mm (300 x 300 DPI) 
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Figure 4: 25 Draws from Posterior Fit of Each Risk Profile Derived from A) GLMM and B) LCGMM 
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Appendix Table 1

Model Comparisons

# of latent classes (K) DIC Model 
description

Generalized Linear Mixed Model 
21213.6 FE
20825.5 RI

Latent Class Growth Mixture Model
23630.8 FE
23250.4 RI
20720.7 FE
20721.9 RI
20292.2 FE
20068.3 RI
20965.5 FE

Failed to Converge RI
Failed to Converge FE
Failed to Converge RI

DIC=Deviance Information Criterion 
FE=Fixed Effect
RI=Random Intercept

None

1 (no class member 
model) 

2

3

4

5
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