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Continuation of earlier work that focused on the mean. 
Focused on prediction and “fit” as measured by the likelihood. 
Developed generalized beta of the second kind as a model. 



•  Context: Modeling Health Care Costs 
•  Candidate Models for Health Care Costs 
•  Empirical Methods 

•  A ‘quasi - Monte Carlo study 
•  Data 

•  Findings 
•  Discussion 

Outline 



                            Motivation 
•  Cost Effectiveness 

•  Decision models 
•  Estimation of Treatment effects 

•  Resource allocation 
•  Attributable costs 
•  Health behavior (smoking, obesity) 

•  Risk adjustment in insurance systems 
•  Budget for healthcare providers 
•  Reimbursement policies for insurance 

•  Ethnic/gender/demographic variation in utilization 

Setting: Modeling Health Care Costs 



•  Long history of studies of healthcare costs that mostly 
focus on the conditional mean 

•  (log)linear regressions 
•  Monte Carlo Studies 
•  GLMs 

•  Non-normal models of the distribution 
•  Focused on the mean 

•  Finite mixture models 
•  Density approximations 

•  Less attention to non- and semiparametric 
•  Recommendations (e.g., Mullahy (2009)) to examine tail 

probabilities (upper quantiles) 

Literature Context 



•  Interest in full distribution of healthcare costs, not just the mean.  
(“Beyond the mean…”) 

•  Characterizing the DGP 
•  Familiar conditional mean – regression style models 
•  Variation and scedastic functions 
•  Higher moments: skewness, kurtosis 
•  Quantiles and tail behavior 
•  Predict tail probabilities out of sample 

•  Theory does not help choose functional forms or approaches 
(regression, semiparametric, etc.) 

•  Why beyond the mean? 
•  ID individuals that lead to large costs 
•  Examine x such that Prob(Cost > K |x) is small (tails) 

 

Modeling Objective 



•  General:  Methodology for more detailed 
examination of distribution of a cost variable 

•  Features of the distribution 
•  Performance of different modeling approaches 
•  Comparison of methods for fitting the full distribution 
•  Devise a method of finding an out of sample prediction 

•  Specific: Characteristics of the distribution of a 
specific component of healthcare costs in UK 

Contributions of the Study 



•  Familiar Regression Style Approach 
•  Nonlinear 
•  GLM style modeling 
•  Parameterize location and scale parameters 
•  Heteroscedasticity?   

•  A side result, and only an accident of GLMs 
•  Not a focus of the study 

•  Examination of Higher Moments:  GLMs don’t 
seem to work well with heavy tailed data; they 
focus on the conditional mean function. 

•  Examine quantiles of distribution through survival 
function 

Main Approach of the Study 



•  Respect nonnegativity of costs 
•  Familiar conditional moments 

•  Nonlinearity of conditional mean and responses 
•  Higher Conditional Moments: skewness, kurtosis 

•  Conditional quantiles 
•  Survival function 

Features of the Candidate Models 



•  7 Parametric models.   
•  Not including normal 
•  Variants of least squares are not among the estimators. 
•  Generally not GLM.  Generalized linearity is not an objective 

•  2 finite mixture (of gamma) models 
•  3 semiparametric approaches to approximating the 

quantiles of the distribution 
•  2 quantile regressions methods 
 

14 Candidates for Modeling Costs 



7 Parametric Models 



2 Finite Mixtures of Gamma Models 



3 Semiparametric Approaches 



2 Quantile Regression Approaches 



Densities for Parametric Models 



Survival Functions 



A Simpler Form of the Gamma Model 
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Another Candidate: Skew Normal 
W. D. Walls  (2006) On Skewness in the Movies 



• Machado and Mata (2005), Melly (2005)  [MM] 
   Quantile Regression Method for log of costs.   
   Estimated quantile functions used to construct the     
   counterfactual distribution 
 
• Firpo et al. (2009)  [RIF] 
   Also quantile regression based,  
   “Recentered Influence Function Regressions” 
 
 
 
 
   fy(qτ) = kernel density estimated for qτ. 
   RIF is the LHS in an OLS regression 
   Subsequent steps same as for MM 
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Quantile Regression Methods 



Partitioning the distribution into discrete intervals. 
 
•  Han and Hausman (1990): Partition range of cost into intervals.  Ordered 
    logit using the decile number as LHS gives estimates of the CDF.  Used 
    33 or 38 intervals.  HH recommended 10.  (HH) 
 
•   Foresi and Peracchi (1995) use separate logit for each cell.  (See Long 
    and Freese – “parallel regressions” thing)  Each logit provides an 
    estimate of the CDF.  Used 20 intervals.  (FP) 
 
•   Chernozhukov et al. (2013)  Fit a logit for each unique cost value. 
     Provides a continuous CDF.   What if every cost value is different? 
     Better use neighborhoods.  Used LPM instead of logit to save time. (CH) 
 
Each logit or LPM from these methods gives an estimate of P(y<k*|x).  K* 
might not be the k of interest.  Use the k* closest to k and weighted average 
of two nearest.  Compute survival as 1 – CDF, then average over sub-
populations based on the index of x values. 

Semiparametric Quantile Estimation  



•  Split sample into an estimation half and a validation half 
•  Samples are drawn from the estimation half  

•  300 subsamples drawn with replacement, 
•  N1 = 5000, N2 = 10000, N3 = 50000, 100 samples of each size 

•  14 models fit with each of the 300 subsamples 
•  Construct F(y|x) based on the split of the index variable. 
•  Construct counterfactual F(y|x) based on validation set 
•  For specific values of k, obtain Prob(y > k|x) and average over  

x to obtain Prob(y>k). 
•  Compare to observed empirical proportion of data that exceed k. 
•  k=500,1000,1500,500,7500,10000. 

•  Construct estimate of Prob(y > k)/Sample Frequency(y > k). 
•  Average across replications. 
•  Variance across replications (average absolute deviation), s.d., and range 

Quasi - Monte Carlo Method 



•  UK Hospital Episode Statistics  
2007-2008 financial year 

•  Not mental or maternity 
•  Costs 
•  6.164M observations 
•  24 Morbidity markers (dummy variables) 
•  Age,sex 

Data 



The Data 



Linear index computed by 
multiple regression, 
divided into 5 quintiles.  
Distribution of log costs in 
each index quintile. 

The Cost Data 



Skewness and kurtosis in 
10 quintiles of linear index 
and full sample 
 
Locus of possible skewness 
and kurtosis combinations 
based on 8 distributions 
programmed in McDonald et 
al. (2011) 
 
Full sample shows more 
kurtosis (3(5.0884) > 363.18 
for the full sample, and 
more skewness (13.03)  

2

For the gamma model, 
kurtosis = 1.5 skewness .

Relationship of Skewness and Kurtosis in Parametric Models 



Findings 



Findings 



Performance of Candidate Models 



Performance of Best Candidates by Quantile 



•  General conclusions? 
•  Lognormal seems to be a good model 
•  Gamma and generalizations seem not to be 
•  Nonparametric methods perform well, but are less useful than 

parametric for the purpose here 
•  Semiparametric estimators HH, FP, CH do not allow out of 

sample estimation. 

•  Bias vs. Precision 
•  Estimators appear to be consistent 
•  MM and RIF don’t look good by any measure 
•  CH looks good, but fails the usefulness test 

•  What did we learn about the specific cost variable? 

Conclusions from the Study 



•  Best model seems to depend on k and N. 
•  Is there any generality here? 
•  Why those parametric forms?   

Are there others, e.g., skew t? 
•  CH, HH and FP cannot extrapolate beyond the observed 

data.  (Bayesian?)  How are these methods useful? 
•  Choose a preferred model and analyze costs in detail 

•  Quantiles 
•  Partial effects and drivers  

Some Points to (re)Consider 


