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Modelling Individual Health Expenditures Models:  
a Comparison of five Specifications Using Panel Data 

Abstract  

In this article, we focus on the estimation of outpatient expenditures with panel data. 
We model the logarithm of expenditures and consider five different models. The first 
two models are cross section two part and sample selection models. The two-part 
approach appears inappropriate when moving to panel data. We therefore focus on 
panel data models with sample selection. Our third model is a model without lagged 
dependent variables, and the last two ones include such lagged variables. These two 
latter models differ in their assumptions on the variance of the residuals. Modeling 
heteroskedasticity may indeed be important to avoid the bias due to the 
retransformation problem. We show that lagged dependent variables are important 
factors of heteroskedasticity. For the models with state dependence we provide a new 
solution to the initial conditions problem by using generalized residuals. We establish 
that panel data models highly improve the correlation explained by the model in the 
time-series dimension without damaging the fit in the cross-section dimension. For all 
indicators of fit, the model with state dependence and heteroskedasticity seems to 
dominate the others.   

Keywords : Health econometrics, health expenditures, panel data, selection models, 
state dependence 

 

 

Modéliser les dépenses individuelles de santé : une 
comparaison de cinq spécifications sur données de panel 

Résumé  

Dans ce travail, nous comparons cinq modélisations du logarithme de la dépense de 
soins ambulatoires. L’estimation de ces différents modèles repose sur des données 
de panel. Le premier groupe adopte une approche transversale avec, d’une part, un 
modèle de sélection en coupe et d’autre part un « two part model » - qui se révèle 
inapproprié lorsqu’on dispose de données de panel. Le second groupe est constitué 
de modèles de sélection longitudinaux : le premier d’entre eux n’intègre pas de 
variable de dépense retardée dans les explicatives à les différences des deux autres. 
Les deux derniers se distinguent par leur hypothèse sur la variance des résidus. La 
modélisation de l’hétéroscédasticité peut en effet avoir une importance cruciale pour 
réduire les biais dus au problème de retransformation. Nous montrons que les 
variables dépendantes retardées sont d’importants facteurs d’hétéroscédasticité. Pour 
les modèles avec dépendance d’état, nous proposons une nouvelle solution pour 
traiter du problème des conditions initiales en utilisant des résidus généralisés. Nous 
établissons que les modèles en panel améliorent fortement la modélisation de la 
corrélation des variables dépendantes dans la dimension temporelle sans pour autant 
dégrader l’ajustement en coupe. Pour tous les indicateurs d’ajustement considérés, le 
modèle intégrant dépendance d’état et hétéroscédasticité semble dominer les autres. 

Mots-clés  : Économétrie de la santé, dépenses de santé, données de panel, modèle 
de sélection, dépendance d’état 

Classification JEL  : I0, C1, C5 



4.2 Comparison of models

The main objective of our paper is to compare the fit of each model. These models
are nested: Model 4 is a restriction of Model 5 (λDt−1 = λln(Mt−1) = 0). Model 3 is a
restriction of Model 4 (γ1 = γ2 = β1 = β2 = 0). Model 2 is itself a restriction of Model 3
(σv = σu = 0). Model 1 is not a restriction of Model 2, but it becomes one if we assume
that the hypothesis of the normality of η is maintained in Model 1(ρ1 = 0). In order to
test these nested models, we simply test the nullity of certain parameters. Classical tests
supplied by software allow easy discrimination between the models. Nonetheless, caution
is required when testing Model 3 against Model 2. Because a variance cannot be negative,
the test of σu = σv = 0 versus σu > 0 or σv > 0 is a test at boundary. We rely on Self and
Liang (1987) procedure and reject the null hypothesis σu = 0 and σv = 07.

A second way to compare the models is to compare the capacity of the model in terms
of prediction. For each individual, for each period (and for each model), we can compute
a prediction of M and D on the panel dataset by drawing ε0, η0, u, v, ε, η in the estimated
distributions. Then we compare for different criteria the original data and the simulations
for each model.

Adjustment for the probability of use can be measured by
∑N

i=1

∑Ti
t=1 |Dit−D̂it|/

∑N
i=1 Ti

which is the mean square error and the mean absolute error (because D̂it ∈ {0, 1}). For the

amount of expenditures we compute the root mean square error (
[∑N

i=1

∑Ti
t=1(Mit − M̂it)2/

∑N
i=1 Ti

] 1
2 )

and the mean absolute error(
∑N

i=1

∑Ti
t=1 |Mit− M̂it|/

∑N
i=1 Ti). All of these indicators are

some cross-sectional criteria. Theoretically, if the panel models are expected to better
reproduce data in the time series dimension than cross-sectional models, in the cross-
sectional dimension they could be worst. Results reported in Tables 7 and 8 show that the
fitting of panel data models are equivalent to the cross-sectional models if we focus on use,
and that the panel data model with state dependence and heteroscedasticity (Model 5)
is better than the cross-sectional models if we focus on expenditures. The homoscedastic
panel data models (Models 3 and 4) are equivalent to the cross-sectional model for men,
but worst for women.

Model 1 Model 2 Model 3 Model 4 Model 5
1∑N
i=1 Ti

∑
i,t |Dit − D̂it| 0.1530 0.1557 0.1538 0.1500 0.1537[

1∑N
i=1 Ti

∑
i,t(Mit − M̂it)2

] 1
2 3552 3437 3617 3274 2991

1∑N
i=1 Ti

∑
i,t |Mit − M̂it| 1321 1300 1340 1304 1221

Note : N = 3447,
∑N

i=1 Ti = 20173

Table 7: Adjustment criterion between data and prediction, Men

The third criterion we retain is the capacity of models to reproduce the full distribution
of the health expenditures. In the cross-sectional dimension, we compare the density of
positive expenditures (Mit|Dit = 1) on the data and on the simulated expenditures for
each model. The graphs are reported in Figure 3 and 4. For women (Figure 4) the five
models seem to be approximatively equivalent. For men, density generated by Model 5 is

7More precisely, we test separately σu = 0 and σv = 0. A joint test is possible but harder to compute,
the p-value of the two tests are sufficiently low to make highly improbable the acceptation of the null
hypothesis σu = σv = 0 with a joint test.
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Model 1 Model 2 Model 3 Model 4 Model 5
1∑N
i=1 Ti

∑
i,t |Dit − D̂it| 0.1005 0.1003 0.1026 0.1038 0.1050[

1∑N
i=1 Ti

∑
i,t(Mit − M̂it)2

] 1
2 3183 3207 3733 3504 2685

1∑N
i=1 Ti

∑
i,t |Mit − M̂it| 1436 1404 1465 1472 1338

Note : N = 3638,
∑N

i=1 Ti = 21502

Table 8: Adjustment criterion between data and prediction, Women

slightly closer to the density estimated on data especially for the amounts between e50
and e1,200.

Age is a determinant factor of the health expenditures, so we compare the five models
for their aptitude to mimic the proportion of use by age E(Dit|age) and the mean amount
of expenditures by age E(Mit|Dit = 1, age). For the proportion of use (Figures 5 and 6),
the five models seem roughly equivalent. We interpret the discontinuity in the probability
of use at 20 or 21 by the fact that when young leave their parents they have to find a
doctor near their new residence, by the fact that they change their Social Security cover
and by the fact that their parents don’t pay anymore for their consumption. The average
amount by age for positive expenditures (Figures 7 and 8) shows that the five models have
the same performance.

Last, to compare the models in the time series dimension, we compute the serial cor-
relations: Corr(Dit, Dit−1), Corr(Dit,Mit−1), Corr(Mit, Dit−1) and Corr(Mit,Mit−1).
Model 5 clearly outperforms the other models in the time-series dimension. Indeed, tem-
poral correlations of health care amounts are stronger in Model 5 (see Tables 9 and 10),
even if they remain underestimated compared to those observed in the data. Using panel
data models and paying attention to the modelling of heteroscedasticity clearly improve
the performance of the models in the time-series dimension.

Data Model 1 Model 2 Model 3 Model 4 Model 5
CORR(D(t), D(t− 1)) 0.34927 0.05297 0.03868 0.27915 0.40128 0.33328

CORR(D(t),M(t− 1)) 0.12686 0.04571 0.04556 0.08767 0.10347 0.10826

CORR(M(t), D(t− 1)) 0.11728 0.04346 0.04099 0.09037 0.10643 0.10292

CORR(M(t),M(t− 1)) 0.71493 0.11836 0.11978 0.40226 0.40848 0.61499

Table 9: Correlation over the time of ambulatory expenditure, Men

5 Conclusion

To conclude, a main difficulty in the study of paths of healthcare consumption is to account
for the correlation of behavior over time. This paper highlights several implications:

First, if we are interested in the quality of estimations in the time-series dimension, it is
important to take the selection into account. Indeed, the correlation between amounts of
expenditure in case of use and the frequency of use can not be explained only by observable

18



Figure 3: Density of amounts for men (in e)

Figure 4: Density of amounts for women (in e)
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Figure 5: Probability of use by age for men

Figure 6: Probability of use by age for women
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Figure 7: Average of expenditure by age for men (in e)

Figure 8: Average of expenditure by age for women (in e)
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Data Model 1 Model 2 Model 3 Model 4 Model 5
CORR(D(t), D(t− 1)) 0.41418 0.04049 0.051891 0.36343 0.44604 0.44070

CORR(D(t),M(t− 1)) 0.13305 0.05121 0.035345 0.07210 0.10515 0.13342

CORR(M(t), D(t− 1)) 0.12622 0.03627 0.034786 0.07541 0.10409 0.12955

CORR(M(t),M(t− 1)) 0.68349 0.11733 0.080699 0.28250 0.49865 0.66174

Table 10: Correlation over the time of ambulatory expenditure, Women

covariates. There exist some constant unobserved factors that have a simultaneous impact
on the probability of use and on the amount of expenditure in case of use.

Second, correlations in the time series dimension can be explained by state dependence
and individual heterogeneity (among other things like serial correlation in residuals). Like
in other fields of micro-economics, to get consistent estimators in a model with state
dependence is difficult for theoretical and practical reasons. We suggest to use generalized
residual of a simple model in cross-section on the first period to model with parsimony
the distribution of individual heterogeneity conditional on initial conditions.

Third, as in the cross-section models if the logarithm of the amount is modeled as a
linear function of covariates, we have to take care of the distribution of unobserved hetero-
geneity. In this paper we maintain the assumption of normality, but we show that in this
case the variance of this heterogeneity depends in a large part of the lagged endogenous.

And last, we show that estimations of panel models highly improve the description
of the correlation of endogenous in the times series dimension without damaging the
distributions in cross-sections.
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