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Measuring income equity in the demand 
for healthcare with finite mixture models

The paper exploits panel data finite mixture (latent class) models to measure consumer equity 
in healthcare access and utilization. The finite mixture approach accounts for unobservable 
consumer heterogeneity, while generalized linear models address a retransformation problem 
of logged dependent variable. Using the data of the Japan Household Panel Survey (2009–
2014), we discover that consumers separate into latent classes in the binary choice models for 
healthcare use and generalized linear models for outpatient/inpatient healthcare expenditure. 
The results reveal that healthcare access in Japan is pro-poor for the most sick consumers, 
while utilization of outpatient care is equitable with respect to disposable income.
Keywords: healthcare demand; equity; generalized linear models; latent class; finite mixture.
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1. Introduction

Guaranteeing equity for the poor is a major challenge for healthcare systems in developed 
countries. Overall, equity is an ethical issue related to the judgments about healthcare 
accessibility2. At the same time, an economic concept of horizontal equity deals with «an 

equal treatment for equal need» (Wagstaff et al., 1991a; Culyer, Wagstaff, 1993) and «means that 
persons in equal need of medical care should receive the same treatment, irrespective of whether 
they happen to be poor or rich» (Wagstaff et al., 1991b). In practical terms, there is a general agree‑
ment about striving for «minimal variation of [healthcare] use with income» (Newhouse et al., 
1981) and ensuring equity for the poor (Wagstaff, van Doorslaer, 2000b; Cutler, 2002).

According to theoretical predictions, a well-designed social health insurance system may pro‑
vide an equitable redistribution of medical care between the rich and the poor (Zweifel, Brey‑
er, 2006). However, the actual performance of social health insurance systems with respect to 
guaranteeing equity for the poor is an ultimately empirical question (Hurley, 2000; van Doors‑
laer et al., 2004; Rannan-Eliya, Somanathan, 2006; Wagstaff, 2010). The most prevalent meth‑
od for analyzing income equity exploits regression analysis and estimates coefficients for in‑
come group variables in the equation for healthcare utilization, with equality of the coefficients 
interpreted as zero inequity (Wagstaff, van Doorslaer, 2000a; Jones, Wildman, 2008). Indeed, 
the non-rejection of the null hypothesis of equality of coefficients for income groups provides a 

1	 Besstremyannaya Galina — CEFIR at New Economic School; CEMI RAS, Moscow, Russia; gbesstre@cefir.ru. 
2	 As is defined in The Dictionary of Health Economics, equity «relates in general to ethical judgments about the 

fairness of income and wealth distributions, cost and benefit distributions, accessibility of health services, exposure to 
health-threatening hazards» (Culyer, 2005).
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sufficient condition for zero inequity in terms of an alternative approach, which measures con‑
centration indices (Wagstaff, van Doorslaer, 1991b; Wagstaff, van Doorslaer, 2000a; Wagstaff, 
van Doorslaer, 2000b). Such analyses regard consumer’s health condition as the major covari‑
ate that controls for the actual need of healthcare3. Yet, the variables available in most microdata 
surveys (e.g., self-assessed health) may mail fail to fully capture the health status of the respon‑
dent. Therefore, incorporating unobservable heterogeneity, related to the decisions about health‑
care use and the amount of healthcare purchased, is essential for raising the precision of the es‑
timations of healthcare demand.

The purpose of this paper is to account for unobservable consumer heterogeneity in measur‑
ing income equity in healthcare access and utilization. The novelty of the paper is twofold. First‑
ly, we examine inpatient and outpatient healthcare access, and analyze expenditure within health 
insurance, exploiting the longitudinal data of the Japan Household Panel Survey. The unique 
feature of the survey is the fact that it distinguishes between non-users of healthcare, the users 
of inpatient and outpatient care, and provides a wide range of consumer characteristics, such as 
health status, index of psychological distress and life-style variables. Secondly, we measure in‑
come inequity by exploiting the generalized finite mixture models for healthcare use in the lon‑
gitudinal context. The approach encompasses unobservable consumer characteristics with the 
finite mixture models (Deb, Trivedi, 1997), as well as exploits generalized linear models for 
solve the retransformation problem of logged dependent variable (Nelder, Weddernburn, 1972; 
McCullagh, Nelder, 1989). The paper uses the Greene’s (2007) methodology for estimating pan‑
el data generalized linear models with latent classes.

It may be noted that the applicability of the finite mixture models for analyzing healthcare 
demand is well established (Cameron, Trivedi, 2013; Jones et al., 2013). However, the use 
of generalized finite mixture models for measuring healthcare expenditure is generally limited 
to experimental literature or cross-sectional estimates (Deb, Burgess, 2003; Baldi et al., 2013; 
Jones et al., 2013, Besstremyannaya, 2012). To the best of our knowledge, the panel data gen‑
eralized finite mixture models applied in our earlier analysis of the price effects for healthcare 
demand (Besstremyannaya, 2015) might be the only related paper in the longitudinal setting.

The results of our estimations indicate that consumers separate into two latent classes in the 
binary choice models for use of any care or inpatient care, as well as in the loglinear and gen‑
eralized linear models for outpatient and inpatient healthcare expenditure. The classes may be 
naturally interpreted as most frequent and most seek consumers («high users»), infrequent and 
most healthy consumers («low users»), and consumers with median use and median health sta‑
tus («median users»).

The coefficients for low income quintile are positively significant in the binary choice models 
for healthcare access by the most sick and most healthy consumers. The coefficients are gener‑
ally insignificant in the models for healthcare expenditure. The results of the estimations reveal 
that healthcare access in Japan is largely pro-poor, especially for most sick consumers. At the 
same time, healthcare utilization proxied by outpatient expenditure is fully equitable. However, 
certain inequity may be found in health insurance premiums and the prevalence of catastrophic 
healthcare coverage by income groups.

Along with the methodological contribution in terms of the applied econometric approach, 
the results in the paper add to the discussion about equity in the Japanese social health insur‑

3	 Indeed, the healthy and the sick have different income elasticity of healthcare expenditure (Nyman, 2006).
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ance system. Indeed, the earlier findings are extremely mixed: income effect is insignificant ac‑
cording to the results of some research (Senoo, 1985; Sawano, 2001; Ii, Ohkusa, 2002; Kawai, 
2007; Tokuda et al., 2009; Kawai, 2010), while other literature finds a positive and significant 
income effect (Bessho, Ohkusa, 2006; Babazono et al., 2008; Ishii, 2011).

The remainder of the paper is structured as follows. Section 2 outlines various aspects of eq‑
uity in Japanese social health insurance system. Section 3 sets up the empirical models for mea‑
suring the demand for healthcare. Section 4 describes the data of the Japan Household Panel 
Survey. The findings of the empirical estimations with panel data binary choice models, loglin‑
ear and generalized linear models with latent classes, along with the analysis of the goodness-
of-fit are summarized in Section 5. Section 6 discusses equity in Japanese social health insur‑
ance system. A review of the studies on income effect for healthcare demand in Japan is pre‑
sented in the Appendix.

2. Background on health insurance in Japan

Mandatory and universal social health insurance system in Japan was established in 1961 and 
celebrated its semicentennial anniversary4. The enrolment in one of the non-intersecting health 
insurance plans is obligatory and depends on enrollee’s age and status at the labor market. The 
major health insurance plans include: 1) national health insurance, which is municipality-man‑
aged insurance for self-employed, retirees, and their dependents; 2) government-managed in‑
surance for small firms’ employees and their dependents, and 3) company-managed insurance 
associations formed by firms with over 700 employees for employees and their dependents. The 
year 2008 saw a creation of a special plan for the elderly (aged 70 and above).

Japanese social health insurance system is equitable in terms of the choice of healthcare fa‑
cilities, the list of available healthcare services, the size of nominal coinsurance rate, and the 
prices charged by providers. The users of any health insurance plan can seek care at any health‑
care institution, regardless of its location or type (e.g., private/public, hospital, clinic or am‑
bulatory division of hospital). There are no gatekeepers, and an amendment to Health Insur‑
ance Law, which introduced minor payments for turning to a large facility without referral, was 
passed only in 19965.

While the amount of insurance premiums is determined by each of the health insurance plans, 
the types of medical services and drugs to be offered within social health insurance and their 
costs (i.e., provider prices) are set by the Ministry of Health, Labor, and Welfare (MHLW) in a 
biennially revised unifying fee schedule6. The schedule ensures equal prices for similar types 
of healthcare institutions.

The size of nominal coinsurance rate for non-elderly adult population varied in the 0–50% 
interval, but became a flat value of 30% for enrollees of all health insurance plans since 2003. 

4	 See the series Japan: Universal Healthcare at 50 Years in Lancet’s issue of September 17, 2011.
5	 A payment for the first visit to a large hospital (with over 200 beds) without referral would normally vary from 

1570 yen to 5250 yen. 
6	 With the exception of obstetrics, preventive care, cosmetology and a number of additional types of treatment, bal‑

ance billing, i.e. «charging the patient over and above the reimbursement from health insurance» (Ikegami, Campbell, 
2004), is prohibited in Japan (Ikegami, 2006).
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Although consumers pay out-of-pocket for the incurred healthcare costs according to the nom‑
inal coinsurance rate, they are compensated in case of high medical expenditure. The system 
of high-cost medical benefits (also called catastrophic coverage) aims at enhancing income eq‑
uity in healthcare access and utilization. Consumers get refunds if their healthcare expendi‑
ture reaches a certain cap (Table 1). Accordingly, the nominal coinsurance rate for expenditure 
above the cap may become as low as 1%. Moreover, consumers with the lowest income face 
the cap of 35400 yen a month, receiving the rest of the health insurance care for free. Owing 
to the system of high-cost medical benefits, the values of the actual share of out-of-pocket ex‑
penditure incurred by an enrollee (so called effective coinsurance rate) are almost twice lower 
than the nominal coinsurance rate (Ikegami, Campbell, 1999; Imai, 2002; Ikegami, Campbell, 
2004; Ikegami, 2005).

Table 1. High-cost medical benefits for adult Japanese consumers

Income category Caps on monthly out-of-pocket health insurance expenditure
High income (above 530 000 yen a month) 150 000 yen + (healthcare expenditure – 500 000 yen) ×1% 

[83 400 yen] 
General category 80 100 yen + (healthcare expenditure – 267 000 yen) ×1% 

[44 400 yen] 
Low income (i.e. those exempt from residence 

taxes) 
35 400 yen 
[24 600 yen] 

Source: (Ministry of Health…, 2011, p. 17).

Notes. The table shows the caps for one to three high-cost medical benefits per 12 months. Figures in brackets corre‑
spond to the fourth within 12 months. All monetary values in the table are reported according to the reform of October 
2008. The thresholds for residence tax exemptions vary in each municipality.

The lowest income category are consumers exempt from paying resident taxes, and the size 
of income to qualify for the exemption is set at the level of each municipality. Therefore, in‑
come thresholds may differ up to two times across the affluent municipalities in the Tokyo met‑
ropolitan area and the unprosperous small towns in the North or South of the country. Overall, 
the safety net and the income thresholds are likely to depend on the fiscal situation in the mu‑
nicipality (Ikegami et al., 2011).

The studies of poverty and deprivation in Japan have mixed results about income effect on 
the amount of healthcare expenditure (See review in Appendix). It should be noted that income 
effect is rarely analyzed with respect to income group. Even when income groups are introduced 
(e. g., Bessho, Ohkusa, 2006; Tokuda et al., 2009), threshold values for low and middle-income 
groups are arbitrary chosen.

3. Empirical models

Following Gravelle et al. (2006), we assume healthcare utilization by individual i  may be 
expressed as 1 2( , , )it i i iy f x x s= , where 1ix  denotes need variables (covariates that should have 
significant estimated coefficients, such as state of health), 2ix  stands for non-need variables (co‑
variates that should not have an effect on healthcare utilization, for instance income), and si in‑
dicates supply variables.
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Below we outline econometric models for healthcare access, interpreted as the binary choice 
of going to clinic/hospital, and for healthcare utilization, which is proxied by the amount 
of healthcare expenditure. A vector of need variable includes self-assessed health, body mass 
index, index of psychological distress, and other consumer characteristics, as explained in the 
Data section.

As for the non-need variables, we believe that employing income percentiles (Ishii, 2011; 
OECD, 2009) is the most applicable approach for analyzing income inequity in a sample, which 
encompasses many unknown municipalities with different levels of poverty lines. Note that 
quintile analysis is commonly used in the studies of horizontal equity in the OECD countries 
(van Doorslaer et al., 2004). Accordingly, to address income equity in healthcare access and in‑
curred healthcare costs (Culyer, Wagstaff, 1993), our empirical analysis focuses on the exami‑
nation of the estimated coefficients for income quintiles.

Due to unavailability of municipality names in our data, we limit the vector is  to the dichot‑
omous variables for designated cities and other cities. The approach accounts for better health‑
care supply in Japanese cities relative to rural areas.

The estimations in this paper exploit the Duan et al.’s (1983) multi-part model, which con‑
siders individuals who make independent decisions about purchasing healthcare and the amount 
purchased. The approach is particularly applicable to Japanese healthcare market with the strong 
degree of trust between physician and patient, so patients would follow physician’s recommen‑
dations about the treatment (Muramatsu, Liang, 1996)7.

3.1. Multi-part model

The model distinguishes between non-users of healthcare, users of inpatient and outpatient 
care. The model incorporates binary choice equations and is estimated using maximum likeli‑
hood method, with each equation of the model estimated separately owing to an additive log-
likelihood function (Duan et al., 1983). Let

1Pr ( 0) ( , )i i iy F y x> = b ,	 (1)

2Pr ( 0 | 0) ( , )i i i iinpatient y F inpatient x> > = b ,	 (2)

3log( | 0, 0)i i i i iy y inpatient x> = = b e ,	 (3)

4log ( | 0)i i i iy inpatient x> = b  ,	 (4)

E E E( ) E( ) 0i i i i i ix x e =  = e =  = ,	 (5)

where i  is the index for observation, iy  denotes healthcare expenditure, iinpatient  indicates 
healthcare expenditure during hospitalization, and ix  are covariates. The dependent variables iy  
in (3) and (4) are taken in logs due to the skewness of health expenditure data and zero mass prob‑
lem (i.e., the fact that healthcare expenditure is truncated at zero).

7	 A sample selection (Heckman, 1979) model, where the two processes are not independent, does not fit our data. 
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3.2. Finite mixture models

The finite mixture approach (Deb, Trivedi, 1997; Deb, Holmes, 2000) divides observations 
into unobservable classes (components) to account for immeasurable consumer characteristics, 
related to healthcare demand but not captured by self-assessed health and other control vari‑
ables. Formally, the dependent variable ity  is observed over time periods 1,..., .t T=  The ob‑
servations come from a mixture of J  components (classes or subpopulations) in unknown pro‑
portions 0, 1,...,j j Jp > =  which are called prior probabilities of class membership and sum 
up to unity. The unconditional probability density of ity  is the sum of conditional probability 

densities, so 
1

( | , ) ( | )
J

i j j i j
j

f y f y
=

p  = p  , where ( | )j i jf y   is the component density and j  

are the values of parameters, which determine separation into subpopulations. The model as‑
sumes the presence of independent repeated measurements of the dependent variable over 
time. Therefore, the component density is obtained as the product of the densities in each pe‑

riod: 
1 1

( | ) ( | )
J T

j i j j it j
j t

f y f y
= =

 = p    . In case of unbalanced panels, the densities in the peri‑

ods with absence of data are replaced by unity (Wedel, DeSarbo, 2002; Greene, 2007). The in‑
tuitive interpretation of the setup implies that the observation remains in the same latent class 
within each moment of time.

The classes may be interpreted as frequent and infrequent users of healthcare. Accordingly, 
the approach implies an implicit ordering of the classes and prior class probabilities, which can 
be accomplished within the rearrangement after the estimation (Cameron, Trivedi, 2013). For in‑
stance, in case of a two-class model the ordering, which looks like 1 2E Ey y> , indicates that in‑
dex 1 stands for consumers with higher values of the dependent variable y (class 1) and index 2 
denotes consumers with lower values of the dependent variable y (class 2).

Prior class probabilities are commonly estimated in the multinomial logit form. Namely,

	

1

exp
, 0

exp

j
j JJ

j
j=


p =  =


. 	 (6)

The general formulation of the model allows for jp  to be functions of covariates. Accord‑
ingly, we consider ijp  in equation (7), although the subscript i is redundant in our case, as no 
covariates except for constant are introduced in (6).

Posterior joint probability Pr ( )i j of belonging to component  j is computed using the Bayes 
theorem:

	 1

1 1

( | , )
Pr ( )

( | , )

T

ij it it j
t

J T

ij it it j
j t

f y x
i j

f y x

=

= =

p  

 =

p  



 
, 	 (7)
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where jp  is a prior class probability from (6) and ( | , )it it jf y x   are probability densities for ob‑
servation i conditional on class j in a period t. Choosing the maximum value of Pr ( )i j  across 
all j, the most probable latent class for observation i  is determined8.

3.2.1. Binary choice model

The binary choice models (1) or (2) are extended to finite mixture models as follows (see 
Greene (2007) for details):

	 Pr ( 1| , , ) ( )it it i it j jz x u j x= = b  ,	 (8)

	 |it i it j it iy u x u= b e  ,	 (9)

	 2~ (0,1), ~ (0, ),it i uN u Ne s  iu  is uncorrelated with itx ,	 (10)

where i is the index for consumers; t is the index for year; j is the index for component (only con‑
stant term varies across classes in the implementation in LIMDEP); itz  is a binary variable which 
equals unity if healthcare expenditure is positive and zero otherwise; ity  is healthcare expenditure; 

itx are covariates related to the demand for healthcare; bj are coefficients for the j-th class, pj and 
Pr ( )i j  are estimated according to (6) and (7).

3.2.2. Loglinear model

For observations with 0ity > , let

log ( )it it j it iy x= g x  ,		  (11)

E E 0i it = x = , itx  and itx  are non-correlated, i  and itx  are non-correlated, 	 (12)

where ity  is healthcare expenditure; itx are covariates,  j is the index for component, gj are coeffi‑
cients for j-th component, jp  and Pr ( )i j  estimated according to (6) and (7).

3.2.3. Generalized linear models

Owing to the retransformation problem in the models with logged dependent variable (Duan, 
1983; Manning, 1998; Mullahy, 1998), estimating linear model (11) – (12) can yield unbiased 
predictions only when error terms are normal or homoscedastic. A solution to the retransforma‑
tion problem in case of non-normal and heteroscedastic errors is the use of generalized linear 
models (Nelder, Wedderburn, 1972; McCullagh, Nelder, 1989; Mullahy, 1998; Blough et al., 
1999). Although there are other possible solutions9, the advantages of generalized linear models 

8	 Note that estimating the fitted values of the dependent variable by assigning each observation to the most prob‑
able component may not be a most accurate approach. Indeed, the classes are «latent» (i.e. not exactly determined) and, 
thus, the assignment involves an approximation. An alternative approach takes a weighted average of the fitted values 
of each observation in all latent classes (Greene, 2005).

9	 There are several alternative ways to deal with heteroscedasticity. Among them are Manning’s (1998) method, 
which is particularly easy to implement if heteroscedasticity is present across mutually exclusive groups; semi-para‑



12 Общество	 Society

ПРИКЛАДНАЯ  ЭКОНОМЕТРИКА  /  Applied  Econometrics2017, 46

are improved precision and robustness of the estimate of the conditional mean (Manning, Mul‑
lahy, 2001). Generalized linear model specifies the mean and variance functions for the depen‑
dent variable by setting a family of distributions ( )g  , as well as the link function, which is log‑
arithmic in our case. This paper uses LIMDEP 9.0 to analyze the panel data finite mixture mod‑
els for nonnegative dependent variables with several distribution families. Let

	  log E( | , )it it j ity x x = b  and ( | , ) ~ ( , , )it j it it jy x g y x  ,	 (13)

where ( )g   is a family of distribution, itx  are covariates, b are coefficients and j  are ancillary pa‑
rameters for the j-th component (Greene, 2007). The ancillary parameters include shape param‑
eters in the distribution family and prior class probabilities.

3.2.4. Model comparison

The comparison of the goodness-of-fit between loglinear and generalized linear models is con‑
ducted with the analysis of residuals: raw bias, mean squared error, and mean absolute prediction 
error. Additionally, Greene (2007) proposes the following statistics to test between 0H : «a latent 
class (unrestricted) model» and aH : «a model without latent classes (restricted model)»:

	  22(log log ) ~ ( 1)( 1)u rL L L J k= -  -  ,	 (14)

where log uL  is loglikelihood of the unrestricted model, log rL  is loglikelihood of the restricted 
model, J is the number of latent classes, and k is the number of estimated parameters.

Although the statistics L  corresponds to the general logics of likelihood ratio test for nested 
models, Greene (2007, E17.10.5) argues that the use of conventional information criteria may be 
more preferable in the applied analysis. Therefore, to choose between the models with and with‑
out latent classes (or with different number of classes), we use both Greene’s (2007) test as spec‑
ified in (14), and follow Cameron, Trivedi (2013) to examine the values of log likelihood func‑
tion per se, information criteria (e.g. AIC) and goodness-of-fit in terms of the residual analysis.

4. Data

The paper uses the six most recent waves of data from Japan Household Panel Survey (2009–
2014). The survey was established in 2009 as a nationally representative annual survey of adults. 
Respondents aged above 20 answer a wide range of questions on their labor activity, income 
and expenditure, socio-demographic characteristics, anthropometry, health, and health-related 
lifestyles in the previous year. There are a number of important features of this longitudinal sur‑
vey for the purposes of the analysis of healthcare demand. First, healthcare access/utilization 
is reported at the individual level10. Second, it is divided into healthcare in outpatient and inpa‑

metric approaches and extensions of generalized linear models (Basu, Manning, 2009). Recent reviews of the applied 
literature with generalized linear models and other methods for modeling healthcare expenditure may be found in Mi‑
haylova et al. (2011), Mullahy (2009), Basu and Mullahy (2009), Buntin and Zaslavsky (2004).

10	 While in Japanese Panel Survey of Consumers and Keio Household Panel Survey healthcare expenditure is re‑
ported at the household level. 
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tient facilities. Finally, healthcare expenditure distinguishes the expenditure covered and non-
covered by health insurance.

The binary choice in our analysis is modeled through dichotomous variables «healthcare» 
for using any healthcare facility (corresponds to equation (1)), and «inpatient care» for seek‑
ing care in an inpatient facility given consumer used some healthcare facility (3). The intensi‑
ty variable «expenditure» is out-of-pocket payments for healthcare covered by health insurance 
(equations (3) and (4)).

We construct dichotomous variables «group1» through «group5» for quintiles of the annu‑
al disposable (after-tax) household income, with the upper quintile — «group5» — treated as a 
reference category. Five interaction terms (income group×log of annual disposable income) are 
added to the list of regressors to estimate income elasticity in each quintile. Individual charac‑
teristics are age, gender, binary variables for graduate education (available as of 2009 survey), 
and employment. Health status is taken into account with a binary variable for low health condi‑
tion, Ben-Sira’s (1982) psychological distress index (PDI), and body mass index (BMI). Binary 
variables for drinking and smoking reflect risky behavior which may impact health. The binary 
variables for designated city and other cities capture healthcare supply which is generally bet‑
ter in Japanese urban areas (rural areas, i.e., towns and villages become a reference category)11. 
We add a dummy for National Health Insurance, since there are additional high-cost medical 
benefits for the poor in this health insurance plan.

The analysis uses a subsample of non-elderly consumers (aged below 70), since Japanese el‑
derly have lower nominal coinsurance rates12 and special thresholds for high-cost medical ben‑
efits (Table 2).
Table 2. Descriptive statistics for the unbalanced panel in 2009–2014

Variable Definition Mean St. Dev. Min Max
healthcare 1 if out-of-pocket expenditure for health care covered by health 

insurance is positive in the previous year; 0 otherwise
0.61 0.49 0 1

inpatient 
care

1 if used inpatient care and out-of-pocket expenditure for healthcare 
covered by health insurance is positive in the previous year; 0 
otherwise

0.05 0.22 0 1

expenditure Out-of-pocket expenditure for healthcare covered by health insurance 
the previous year, thousand yen

42.10 107.60 0 2400

income Disposable household income in the previous year, thousand yen 5191.38 3495.64 20 120000
age Years of age as of January 31 of the survey year 48.0 13.30 19 69
gender 1 if female; 0 if male 0.48 0.50 0 1
education 1 if completed junior college, college or university as of January 2009 0.44 0.49 0 1
work 1 if was employed last month 0.77 0.42 0 1
designated 1 if lives in a designated city, 0 otherwise 0.27 0.44 0 1
city 1 if live in a non-designated city, 0 otherwise 0.62 0.49 0 1

11	 The migration across the two types of cities and towns/villages is minor over the waves of 2010–2014, and about 
9% of nonelderly respondents reside in rural areas. However, no rural residence is reported in 2009 and the city resi‑
dence is often inconsistent with the data for later years. So we replace the residence in 2009 with the data for 2010, 
where available. 

12	 Since 2007 nominal coinsurance rate is 10% for aged above 75 and 20% for aged 70–74.
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Variable Definition Mean St. Dev. Min Max
lowhcond 1 if self-assessed health condition is reported as «not very healthy» 

or «not at all healthy»; 
0 if self-assessed health condition is reported as «very healthy», 
«rather healthy» or «average health» 

0.10 0.31 0 1

PDI Physiological distress index, calculated as the sum of responses to 
8 questions on the recent presence of the below conditions (each 
response is on a four-point scale, where «one» refers to «often», 
«two» means «sometimes», «three» implies «almost never», and 
«four» stands for «never»): 
headache or dizziness; palpitation or shortness of breath; sensitive 
stomach and intestines; backache or shoulder pain; get tired easily; 
catch a cold easily; 
feel reluctant to meet people; dissatisfied with present life; anxiety 
over future

25.40 5.38 9 36

BMI Body mass index = weight/height2 (kg/m2) 22.70 3.43 13.84 64.92
smoking 1 if currently smokes; 0 otherwise 0.26 0.44 0 1
drinking 1 if drinks moderately or heavily; 0 otherwise 0.64 0.48 0 1
NHI 1 if National Health Insurance; 0 other health insurance plan 0.29 0.46 0 1

Note. The total number of observations is 12 272 with 3174 individuals in the unbalanced panel.

5. Empirical results

5.1 Binary choice model for healthcare use

According to the results of the test for normality of errors (Greene, 2007, E18.60), we use 
probit model for binary choice equations of the four-part model (equations (1) and (2)). For each 
equation we estimate a model without latent classes and two to four latent classes, as the models 
with five classes fail to converge. The prior probabilities for class membership are significant 
in the models with two to four classes, and Greene’s (2007) likelihood ratio test rejects the null 
hypothesis of the model without latent classes. We use the values of log likelihood function and 
AIC to choose between the models with different number of classes. The values of these sta‑
tistics, which are presented in Table 3, indicate that the model with three classes is most pref‑
erable for (1) and (2): there are evident gains in the values of log likelihood function and AIC, 
when the number of classes is increased from two to three, while the gains under a more granu‑
lar division into four classes are minor. Additionally, the division of consumers into four class‑
es maybe unreasonable given our sample size of only 3174 individuals, while three classes are 
naturally interpreted as «high», «median» and «low» users.

Accordingly, for each equation we estimate probit model with three classes. Marginal ef‑
fects for each covariate in case of any care or only inpatient care are given in Tables 4 and 5, re‑
spectively. The results indicate that the coefficients for marginal effects for the lowest income 
quintile are positively significant at the classes of high users and low users of any health care 
(Table 4). At the same time, the marginal effect of the low income group for median users is 
negative. The facts implies the Japanese health system is pro-poor in terms of access to outpa‑
tient and inpatient care for consumers with the highest and the lowest demand for healthcare. 

End of the Table 2
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Table 3. Comparison of the panel data probit finite mixture models for healthcare use

Fmm-1 Fmm-2 Fmm-3 Fmm-4

Model for any healthcare
log L –6819.5 –6854.7 –6791.7 –6758.5
AIC 13685.0 13799.5 13719.4 13699.0

Model for inpatient care
log L –2315.6 –2299.7 –2271.7 –2249.2
AIC 4677.3 4689.4 4679.3 4680.5

Notes. Fmm-1 stands for the models without latent classes. Fmm-2, Fmm-3 and Fmm-4 indicate 
models with two, three and four latent classes, respectively. AIC = –log L + 2k, where k is the number 
of parameters. Statistics for the preferred models are in bold.

Table 4. Marginal effects in the binary choice equation for any healthcare: 
panel data finite mixture probit model

Latent class 1 
(high users) 

Latent class 2 
(low users) 

Latent class 3 
(median users) 

constant 0.315 (0.539) –1.571 (1.010) –0.526 (0.323) 
age 0.003 (0.021) 0.002 (0.067) 0.007 (0.041) 
PDI –0.003 (0.024) –0.002 (0.068) –0.009 (0.049) 
BMI 0.002 (0.033) –0.001 (0.093) 0.004 (0.074) 
group1 × log(income) –0.046 (0.036) –0.106 (0.076) 0.093 (0.056) 
group2 × log(income) 0.020 (0.167) 0.056 (0.448) 0.067 (0.318) 
group3 × log(income) 0.015 (0.249) 0.358 (0.705) –0.182 (0.535) 
group4 × log(income) –0.073 (0.218) –0.218 (0.451) 0.012 (0.395) 
group5 × log(income) 0.008 (0.006) 0.022 (0.025) 0.006 (0.012) 
gender –0.003 (0.011) –0.032 (0.033) 0.067*** (0.025) 
education 0.029*** (0.01) 0.065** (0.029) 0.112*** (0.022) 
group1 0.168* (0.086) 0.961*** (0.086) –0.593*** (0.172) 
group2 –0.173 (1.65) –0.194 (0.843) –0.503 (1.012) 
group3 –0.119 (3.272) –0.842 (0.815) 0.687 (0.488) 
group4 0.402 (0.791) 0.999*** (0.006) –0.061 (1.94) 
lowhcond 0.036*** (0.015) 0.120* (0.064) 0.162*** (0.033) 
smoking –0.026* (0.013) –0.053 (0.029) –0.139*** (0.025) 
drinking –0.023** (0.01) –0.036 (0.032) 0.054*** (0.023) 
NHI –0.013 (0.012) 0.011*** (0.029) 0.000 (0.024) 
work –0.011 (0.015) –0.095** (0.038) –0.049* (0.026) 
designated –0.009 (0.018) –0.077 (0.037) 0.010 (0.039) 
city 0.009 (0.016) –0.008 (0.039) 0.001 (0.035) 
Prior class probability 0.381*** (0.034) 0.155*** (0.020) 0.465*** (0.031) 
Observations in the class 5255 1605 5412
Individuals in the class 1411 365 1398

Notes. The dependent variable is the binary indicator for having insurance-covered healthcare expenditure. The table reports 
marginal effects for covariates and their robust standard errors, estimated using delta method, in parentheses. Marginal 
effects are evaluated at sample means. Group1, group2, group3, group4 and group5 denote dichotomous variables for 
log (income) quintiles, with group1 standing for the lowest quintile, and group5 indicating the highest quintile. Numbers 
of observations and clusters are based on the posterior assignment of each observation to the most probable latent class.
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Other variables, which explain the use of healthcare are: education, poor health (lowhcond), and 
risky habits (smoking and drinking).

High users of any healthcare constitute 38.1 percent of sample and the mean value of the bina‑
ry dependent variable in this class is 0.96 (standard deviation, SD = 0.19). This may be contrasted 
to the mean values of 0.09 (SD = 0.28) in the class of low users and 0.52 (SD = 0.50) in the class 
of median users. On average, most frequent users are less healthy than consumers in the low or 
median use categories: the mean value of lowhcond is 0.133 across high users (SD = 0.34), while 
the mean values at other two classes are 0.083 (SD = 0.28).

Table 5. Marginal effects in the binary choice equation for inpatient care: 
panel data finite mixture probit model

Latent class 1 
(low users) 

Latent class 2 
(high users) 

Latent class 3 
(median users) 

constant –13.401*** (3.483) 0.044 (1.213) –0.700 (0.684) 
age 0.0001 (0.002) 0.006 (0.125) –0.001 (0.034) 
PDI 0.0001 (0.002) –0.009 (0.102) 0.003 (0.039) 
BMI 0.0005 (0.002) –0.007 (0.159) –0.003 (0.053) 
group1 × log(income) –0.002 (0.002) –0.102 (0.147) 0.034 (0.052) 
group2 × log(income) 0.007 (0.015) 0.809 (0.818) –0.208 (0.223) 
group3 × log(income) –0.001 (0.019) 0.309 (1.142) –0.045 (0.354) 
group4 × log(income) –0.001 (0.016) 0.437 (0.745) –0.031 (0.316) 
group5 × log(income) 0.001 (0.001) 0.010 (0.027) –0.003 (0.011) 
gender 0.0001 (0.001) –0.171*** (0.049) –0.015 (0.018) 
education –0.0002 (0.001) –0.134*** (0.043) 0.036** (0.016) 
group1 0.999*** (0.004) 0.829** (0.413) –0.142 (0.092) 
group2 –0.655 (1.711) –1.000*** (9E–06) 1.000*** (3E–04) 
group3 0.810 (8.576) –0.722 (1.484) 0.735 (4.362) 
group4 0.819 (4.971) –0.921** (0.423) 0.486 (3.32) 
lowhcond –0.001 (0.001) 0.269*** (0.068) 0.138*** (0.038) 
smoking 0.003 (0.003) –0.146*** (0.051) 0.010 (0.02) 
drinking 0.001 (0.002) 0.062 (0.05) –0.060*** (0.018) 
NHI –0.0004 (0.001) 0.025 (0.049) –0.003 (0.017) 
work 0.001 (0.001) –0.115* (0.062) –0.118*** (0.028) 
designated 0.008 (0.007) –0.142*** (0.058) 0.020 (0.031) 
city 0.001 (0.001) –0.108* (0.06) 0.015 (0.009) 
Prior class probability 0.477*** (0.046) 0.194*** (0.048) 0.329*** (0.053) 
Observations in the class 10105 647 1520
Individuals in the class 2694 160 320

Notes. The dependent variable is the binary indicator for using inpatient care and having out-of-pocket healthcare 
expenditure within health insurance. The table reports marginal effects for covariates and their robust standard errors, 
estimated using delta method, in parentheses. Marginal effects are evaluated at sample means. Group1, group2, group3, 
group4 and group5 denote dichotomous variables for log (income) quintiles, with group1 standing for the lowest quintile, 
and group5 indicating the highest quintile. Numbers of observations and clusters are based on the posterior assignment 
of each observation to the most probable latent class.
*** — p < 0.01, ** — p < 0.05, * — p < 0.1.
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The inpatient care is less prevalent in Japan than in other OECD countries, so the class of 
frequent users is only 19.4% of the sample. As may be seen from Table 5, the demand for in‑
patient care is pro-poor for high and low users, and equitable for median users. The values of 
lowhcond are average 0.22 across high users (SD = 0.41), 0.17 across median users (SD = 0.38) 
and 0.09 across low users (SD = 0.28).

5.2. Modeling healthcare expenditure with logged dependent variable

The errors in the loglinear models for outpatient or inpatient healthcare expenditure are non-
normal but homoscedastic. The fact is similar to the results of earlier studies on the applicabil‑
ity of normal mixtures for predicting healthcare costs (Besstremyannaya, 2015) and enables the 
use of Duan’s (1983) smearing factor for post-estimation analysis.

However, experimenting with generalized linear models for several distribution families we 
discover that the model with the exponential distribution outperforms the loglinear model in 
terms of mean squared error (MSE) and mean absolute prediction error (MAPE) of outpatient 
healthcare expenditure. The results of the residual analysis and goodness-of-fit statistics for these 
two models are presented in Table 6. The model with three classes and the exponential distribu‑
tion is most preferable in terms of residual analysis and the values of AIC. The loglinear model 
with four classes gives slightly smaller values of the bias, MAPE and MSE than the three-class 
model. However, the value of the log likelihood statistics is higher for the four-class model and 
the four-class model would not pass the Greene (2007) test if compared to the three-class mod‑
el. To sum up, the models with three latent classes provide the best fit both in case of the log‑
linear model and the model with the exponential distribution family. The Appendix gives mod‑
el comparison for the Weibull and gamma distribution families, which underperform the model 
with the exponential distribution.

Table 6. Comparison of the panel data finite mixture models for outpatient healthcare 
expenditure

Loglinear model Exponential glm
Fmm-1 Fmm-2 Fmm-3 Fmm-4 Fmm-1 Fmm-2 Fmm-3 Fmm-4

Bias (residual) –1.38 –1.64 –0.58 –0.37 0.08 3.42 3.78 28.32
MAPE 40.35 34.01 30.91 29.99 40.11 32.25 28.94 36.26
MSE 8987.71 8115.76 7395.54 7371.77 8958.82 7234.76 5965.25 9927.96
log L –10959.5 –10311.6 –10061.0 –9921.59 –35797.4 –34965.5 –34830.1 –34794.7
AIC 21961.1 20717.2 20264.1 20033.2 71638.8 70020.9 69796.1 69771.5

Notes. Fmm-1 denotes the models without latent classes. Fmm-2, Fmm-3 and Fmm-4 indicate models with two, three 
and four latent classes, respectively. MAPE is mean absolute prediction error. AIC = –log L + 2k, where k is the number 
of parameters. Statistics for the preferred latent class models are in bold.

There are only 597 consumers with inpatient healthcare expenditure. Therefore, the analy‑
sis exploits at most two latent classes. The results of the model comparison, which are shown 
in Table 7, reveal that the generalized linear models with Weibull or gamma distribution fami‑
lies do not provide superior fit in comparison with the loglinear model. The generalized linear 
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model with the exponential distribution family and two latent classes has the insignificant prior 
probability for the second class, so the model is not used in our analysis.

Accordingly, we choose the loglinear model and conduct estimations both without latent 
classes and with two latent classes. The reason is the inability to fully prefer the two-class model 
to the model without latent classes due to the failure of the Greene (2007) likelihood ratio test.

Table 7. Comparison of the panel data finite mixture models for inpatient healthcare expenditure

Loglinear model Gamma glm Weibull glm
Fmm-1 Fmm-2 Fmm-1 Fmm-2 Fmm-1 Fmm-2

Bias (residual) –8.67 12.50 –1.35 235.64 99.11 110.76
MAPE 162.27 128.85 158.01 236.62 149.75 201.28
MSE 67357.78 53810.06 64748.85 124682.5 74745.15 83325.98
log L –879.39 –804.54 –3821.19 –3758.76 –3824.30 –3777.42
AIC 1804.8 1703.1 7688.4 7611.5 7694.6 7648.8

Notes. Fmm-1 denotes the models without latent classes. The shape parameter in the generalized linear model without 
latent classes and Gamma distribution family is not statistically different from unity, so the goodness of fit statistics are 
close to those for Fmm-1 in the model with the exponential distribution. Fmm-2, Fmm-3 and Fmm-4 indicate models 
with two, three and four latent classes, respectively. MAPE is mean absolute prediction error. AIC = –log L + 2k, 
where k is the number of parameters. Statistics for the preferred latent class models are in bold. Fmm-3 and Fmm-4 are 
not estimated for inpatient expenditure due to relative small sample sizes.

5.3. Income equity in the models with latent classes

The coefficients for income groups are insignificant in each of the latent classes in the log‑
linear model for outpatient care (Table 8). This implies that different from the findings for the 
binary choice models, healthcare utilization proxied by expenditure, is equitable. The findings 
on horizontal equity with respect to income in Japan may be contrasted to the estimations of log 
healthcare expenditure of the US elderly, where the coefficients for the lowest income quartile 
are significant in each latent class (Deb, Trivedi, 2013).

The exponential GLM applied to outpatient care similarly reveals insignificance of the coef‑
ficients for income quintiles. However, the standard errors for the income group coefficients are 
overly high in this model, which casts doubts on the convergence of the maximum-likelihood 
algorithm and hence, validity of division into income groups.

Concerning inpatient care, the results of the estimations reveal insignificance of the coeffi‑
cients for income groups in the model without latent classes. As for the model with latent class‑
es, the coefficient for the lowest income quantile is negatively significant at the 10% level in the 
class of frequent users (Table 9).

5.4. Overview of results

Our analysis used a mixture of distributions for modelling healthcare utilization and use. 
The approach treats the universe of consumers as several groups, and assumes a group-specif‑
ic distribution of the binary choice decision and utilization decision. The separation into groups 
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is conducted according to the unobserved variable (s), which justifies the applicability of the 
mixture (latent class) models. It should be noted that the methodology may be viewed as an ap‑
plicable alternative for the subjective division into groups, according to arbitrary chosen crite‑
ria by healthcare analysts.

The paper uses the probit model with the three latent classes for estimating the binary deci‑
sion of healthcare utilization. We compared the fit of models with different number of classes, 
and chose the best model using the information criterion. The three classes may be interpreted 
as the low, median and high users of healthcare. The interpretation is based on the mean per‑
cent of the unity values of the dependent variable in each group. Indeed, as the separation into 

Table 8. Estimating healthcare expenditure with a finite mixture panel data loglinear model, 
consumers who used only outpatient care

Latent class 1 
(high users) 

Latent class 2 
(median users) 

Latent class 3 
(low users) 

constant 1.838*** (0.374) 2.001*** (0.178) 1.058*** (0.19) 
age 0.025*** (0.002) 0.036*** (0.001) 0.028*** (0.001) 
Psychological distress 
index

0.005 (0.006) –0.010*** (0.003) –0.003 (0.003) 

Body mass index 0.047*** (0.008) 0.018*** (0.004) 0.016*** (0.005) 
group1 × log(income) –0.028 (0.148) –0.094* (0.055) 0.079 (0.068) 
group2 × log(income) 0.673 (0.579) –0.708** (0.28) –0.154 (0.31) 
group3 × log(income) 0.719 (1.273) –0.364 (0.564) –0.6914 (0.67) 
group4 × log(income) 1.306** (0.56) –0.108 (0.339) –0.492 (0.386) 
group5 × log(income) 0.009 (0.022) –0.011 (0.013) 0.003 (0.012) 
gender 0.079 (0.065) –0.094*** (0.028) –0.091*** (0.035) 
education 0.061 (0.057) –0.168*** (0.026) –0.003 (0.031) 
group1 0.055 (1.126) 0.623 (0.416) –0.710 (0.51) 
group2 –5.731 (4.732) 5.726** (2.285) 1.19 (2.524) 
group3 –6.105 (10.754) 2.990 (4.772) 5.729 (5.665) 
group4 –11.315** (4.895) 0.838 (2.955) 4.285 (3.369) 
lowhcond 0.452*** (0.093) 0.329*** (0.04) 0.470*** (0.059) 
smoking –0.073 (0.078) 0.240*** (0.031) –0.075** (0.037) 
drinking –0.196*** (0.061) 0.097*** (0.028) –0.052 (0.033) 
NHI –0.033 (0.066) –0.129*** (0.032) –0.069* (0.039) 
work –0.253*** (0.069) –0.124*** (0.034) –0.042 (0.038) 
designated 0.123 (0.109) –0.171*** (0.048) 0.047 (0.053) 
city –0.058 (0.101) –0.089** (0.044) –0.037 (0.048) 
Prior class probability 0.262*** (0.017) 0.245*** (0.015) 0.493*** (0.015) 
Observations in the class 1713 2134 3573
Individuals in the class 495 737 1349

Notes. The dependent variable is logarithm of out-of-pocket healthcare expenditure within health insurance for the sub‑
sample that used only outpatient care. The еable reports coefficients for covariates and robust standard errors in pa‑
rentheses. Group1, group2, group3, group4 and group5 denote dichotomous variables for log (income) quintiles, with 
group1 standing for the lowest quintile, and group5 indicating the highest quintile.
*** — p < 0.01, ** — p < 0.05, * — p < 0.1.
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groups is not subjective, each observation is assigned to a latent class according to the posterior 
class probability (Greene, 2007).

The models with three latent classes are used for analyzing the continuous positive variable 
of healthcare expenditure. The results of the estimates come from the generalized linear mod‑
els with lognormal and exponential distribution. The generalized linear models allow solving 
the retransformation problem of logged dependent variable (Nelder, Weddernburn, 1972; Mc‑
Cullagh, Nelder, 1989). It may be noted that the sole use of information criteria may not be well 

Table 9. Estimating healthcare expenditure with panel data loglinear model, 
consumers who used inpatient care

Whole sample Latent class model
Latent class 1 
(high users) 

Latent class 2 
(low users) 

constant 5.242*** (0.501) 5.615*** (0.476) 4.553*** (1.244) 
age 0.021*** (0.004) 0.009*** (0.003) 0.027*** (0.01) 
Psychological distress 
index

0.004 (0.009) –0.013 (0.009) 0.019 (0.024) 

Body Mass Index –0.036*** (0.007) 0.011 (0.011) –0.058** (0.023) 
group1 × log(income) 0.061 (0.148) 0.127 (0.115) –0.013 (0.398) 
group2 × log(income) 1.189 (0.823) –1.131* (0.628) 8.164*** (2.118) 
group3 × log(income) 0.074 (2.253) 1.058 (1.76) –4.070 (5.13) 
group4 × log(income) –1.151 (1.483) 0.242 (1.194) –2.68 (4.37) 
group5 × log(income) –0.053 (0.034) –0.026 (0.032) –0.156* (0.082) 
gender –0.226** (0.105) –0.228** (0.094) –0.085 (0.264) 
education 0.051 (0.093) 0.001 (0.085) 0.252 (0.236) 
group1 –0.914 (1.118) –1.583* (0.872) –0.106 (3.04) 
group2 –10.167 (6.702) 8.491* (5.127) –67.13*** (17.345) 
group3 –1.027 (19.072) –9.438 (14.921) 33.873 (43.346) 
group4 9.633 (12.939) –2.579 (10.393) 22.906 (38.013) 
lowhcond 0.361*** (0.116) 0.009 (0.112) 0.928*** (0.261) 
smoking –0.080 (0.124) –0.119 (0.095) –0.246 (0.322) 
drinking –0.179* (0.094) –0.347*** (0.084) 0.234 (0.229) 
NHI –0.259** (0.105) –0.063 (0.09) –0.577** (0.288) 
work –0.152 (0.106) –0.107 (0.095) –0.248 (0.245) 
designated 0.140 (0.149) 0.362** (0.142) –0.250 (0.354) 
city 0.076 (0.131) 0.164 (0.132) –0.044 (0.289) 
Prior class probability 0.597*** (0.049) 0.403*** (0.049) 
Observations in the class 597 426 171
Individuals in the class 331 136

Notes. The dependent variable is logarithm of out-of-pocket healthcare expenditure within health insurance for the sub‑
sample that used inpatient care. The table reports coefficients for covariates and robust standard errors in parentheses. 
Group1, group2, group3, group4 and group5 denote dichotomous variables for log (income) quintiles, with group1 
standing for the lowest quintile, and group5 indicating the highest quintile.

*** — p < 0.01, ** — p < 0.05, * — p < 0.1.



G
. B

es
st

re
m

ya
n

n
ay

a

21

Applied  Econometrics  /  ПРИКЛАДНАЯ  ЭКОНОМЕТРИКА

Society	 Общество

2017, 46

applicable for the models with the continuous dependent variable, so the choice of the best mo
del was based on the mean standard error and mean absolute prediction error.

The results of the estimates may be summarized as follows. Firstly, the fact of seeking health‑
care depends on consumer income. In particular, there is a bias towards the lowest income 
groups, so healthcare access is pro-poor. Secondly, the analysis of outpatient healthcare expen‑
diture shows the absence of income bias. In other words, healthcare use does not depend on the 
income quintile. Finally, there is income inequity for healthcare expenditure in hospitals, and 
this inequity is anti-poor in the group of most frequent users.

5.5. Robustness and limitations

Our discussion of robustness of estimates touches upon several data issues. Firstly, there is 
attrition bias in the Japan Household Panel Survey, which is similar to other longitudinal con‑
sumer surveys and may be explained by non-response or migration of respondents. However, 
the panel is only weakly unbalanced. For instance, 76% of observations for all ages and 72% 
of observations for non-elderly consumers appear across all periods of time. Comparing the de‑
scriptive statistics for different waves of the survey, we do not find any systematic bias in terms 
of the values of the dependent and explanatory variables.

Secondly, this paper follows the earlier approaches in the analysis of healthcare demand in 
Japan and exploits the disposable income, reported by consumers. Although non-reporting or 
misreporting of income by median and high-income categories might be a problem with oth‑
er consumer surveys, we do not believe this is the issue with Japanese respondents. In a for‑
mal robustness check we impute the total consumer expenditure by adding various expendi‑
ture categories. The imputed expenditure is often used as a proxy of income in absence of re‑
liable data with consumer surveys of other countries. It should be noted that the values of in‑
come and imputed expenditure in the Japan Household Panel Survey are not fully comparable 
due to potential recall bias: expenditure are asked on a monthly basis while income is reported 
annually. Nonetheless, it is plausible to assume that the recall bias would not differ across in‑
come groups. Accordingly, we project the expenditure for the 12‑month period and contrast it 
to the reported income. As a result, there is no underreporting of income by median and high-
income quantiles.

The major limitation of our analysis, however, is the approximation of the low income cate‑
gory by the lowest quintile. Indeed, the knowledge about the poverty line in municipality would 
enable more accurate estimates. Finally, small sample size of inpatient care users allows only 
tentative conclusions about income equity of their healthcare demand.

6. Discussion

Our estimations, which account for unobservable consumer heterogeneity through a latent 
class approach, reveal that healthcare access is pro-poor for the most sick Japanese consumers. 
Outpatient healthcare utilization in terms of healthcare expenditure is fully equitable with re‑
spect to household income. The findings are similar to equitable or pro-poor non-specialist care 
utilization in OECD countries (van Doorslaer et al., 2004). However, there are other aspects 
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where Japanese social health insurance system may demonstrate income inequity: health insu
rance premiums and catastrophic coverage (Ikegami et al., 2011; Hashimoto et al., 2011; Health 
and Global…, 2009).

We use the data of Japan Household Panel Survey to estimate the share of National Health 
Insurance (NHI) premiums in the disposable household income (for single non-elderly respon‑
dents). The resulting figure is 9.06%, which is twice higher than the corresponding value for 
the users of the company-based insurance. The differences in the burden of premiums in the 
disposable household income reveal income inequity for the users of the two health insurance 
plans. According to Ikegami et al. (2011), the reason is relatively low average income and rela‑
tively high health risk of enrollees in National Health Insurance, who are retirees, unemployed, 
and self-employed.

Second, using our data we discover horizontal inequity of premiums within the subscribers 
of National Health Insurance: the premiums constitute 14% of income for the lowest quintile, 
which is 3–4 times higher than the figures for higher income groups (Figure 1). The differences 
in the share of premiums in household income between income quintiles are statistically sig‑
nificant. Overall, horizontal inequity in premiums is common in the developed countries with 
social health insurance (Wagstaff, 2010). Yet, a solution to the problem of intra-health insur‑
ance plans and within-NHI plan inequity in premiums in Japan may be found in the consolida‑
tion of municipal NHI plans at the prefectural level, which would raise healthcare efficiency, 
increase the degree of solidarity, and lower the existing inequity in premiums (Ikegami et al., 
2011; Hashimoto et al., 2011).

Finally, our analysis of the prevalence of high-cost medical benefits reveals that the cata‑
strophic coverage is not necessarily equitable or pro-poor. Indeed, the shares of consumers who 
applied for high-cost medical benefits are the highest in the top quintile and the second quin‑
tile. The differences between the fifth quintile and quintiles 1, 3, and 4 are statistically signifi‑
cant. Presumably, higher prevalence of using high-cost medical benefits in the top income quin‑

0

3

6

9

12

15

group1 group2 group3 group4 group5

National Health Insurance premiums as percent of income
Use of high-cost medical benefits, percent of consumers

%

Fig. 1. Share of premium in household income and prevalence of applying for catastrophic 
coverage by income quintile (non-elderly consumers)

Source: Estimations according to Japan Household Panel Survey (2009). 
Note. The share of premium in household income could be estimated only for single respondents 

in National Health Insurance.
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tile is explained by higher healthcare expenditure these consumers can afford. At the same time, 
Japanese consumers of the top income quintile may have better knowledge about the system 
of catastrophic coverage13.

7. Conclusion

The paper studies horizontal equity in healthcare access and utilization in Japan by estimat‑
ing the coefficients for income groups in the Duan et al.’s (1983) multi-part model which distin‑
guishes between non-users, the users of inpatient and outpatient care. To account for consumer 
unobservable characteristics, we apply a latent class approach (Deb, Trivedi, 1997). We address 
a retransformation problem in the equations with logarithm of healthcare expenditure as depen‑
dent variable, using Greene’s (2007) generalized linear models with latent classes.

Our sample is six waves of data for healthcare expenditure by the Japan Household Panel 
Survey. The results prove the applicability of latent class models to account for heterogeneity 
in healthcare access and utilization in Japan. Namely, consumers separate into latent classes in 
the binary choice models for healthcare use and generalized linear models for outpatient/inpa‑
tient healthcare expenditure. The paper discovers a pro-poor horizontal inequity in healthcare 
access with respect to disposable income in Japan. Healthcare utilization is fully equitable, but 
certain income inequity may be revealed in the amounts of health insurance premiums and the 
prevalence of catastrophic coverage.
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Appendix

Table A1. Comparison of the generalized linear models for outpatient healthcare expenditure

Gamma distribution family Weibull distribution family
Fmm-1 Fmm-2 Fmm-3 Fmm-4 Fmm-1 Fmm-2 Fmm-3 Fmm-4

Bias (residual) 0.08 50.51 50.43 50.37 –26.83 11.17 5.03 –14.36
MAPE 40.11 50.51 50.42 50.37 5.42 35.33 52.86 76.55
MSE 8958.82 12039.93 12035.73 12033.45 9954.37 7705.28 12528.24 46038.35
log L –35797.4 –34630.7 –35797.4 –34002.8 –35701.4 –34678.5 –34208.8 –34043.3
AIC 71638.8 69355.4 71638.8 68195.5 71448.8 69450.9 68559.6 68276.5

Notes. 1) Fmm-1 denotes the models without latent classes. The shape parameter in the generalized linear models without 
latent classes and Gamma distribution families is not statistically different from unity, so the estimates and the goodness 
of fit statistics coincide across the Fmm-1 model in this Table and Fmm-1 for the model with the exponential distribution.

2) Fmm-2, Fmm-3 and Fmm-4 indicate models with two, three and four latent classes, respectively.

3) MAPE is mean absolute prediction error.

4) AIC = –log L+ 2k, where k is the number of parameters.
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