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Abstract
Background: The casemix-based payment system has been adopted in many countries, although it often needs
complementary adjustment taking account of each hospital’s unique production structure such as teaching and
research duties, and non-profit motives. It has been challenging to numerically evaluate the impact of such
structural heterogeneity on production, separately of production inefficiency. The current study adopted stochastic
frontier analysis and proposed a method to assess unique components of hospital production structures using a
fixed-effect variable.
Methods: There were two stages of analyses in this study. In the first stage, we estimated the efficiency score from
the hospital production function using a true fixed-effect model (TFEM) in stochastic frontier analysis. The use of a
TFEM allowed us to differentiate the unobserved heterogeneity of individual hospitals as hospital-specific fixed
effects. In the second stage, we regressed the obtained fixed-effect variable for structural components of hospitals
to test whether the variable was explicitly related to the characteristics and local disadvantages of the hospitals.
Results: In the first analysis, the estimated efficiency score was approximately 0.6. The mean value of the
fixed-effect estimator was 0.784, the standard deviation was 0.137, the range was between 0.437 and 1.212. The
second-stage regression confirmed that the value of the fixed effect was significantly correlated with advanced
technology and local conditions of the sample hospitals.
Conclusion: The obtained fixed-effect estimator may reflect hospitals’ unique structures of production, considering
production inefficiency. The values of fixed-effect estimators can be used as evaluation tools to improve fairness in
the reimbursement system for various functions of hospitals based on casemix classification.
Keywords: Casemix classification, Efficiency estimation, Fixed effects

Background
Increasing medical expenditure and threatened financial
sustainability of healthcare systems are common policy
issues in developed and developing countries, in the
context of technological innovation and population
aging. The healthcare system in Japan also faces a serious financial threat because of rapid population aging
and long-lasting economic stagnation since the 1990s.
Meanwhile, societal demand for quality healthcare is
ever increasing. Consequently, improvements in the
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efficiency of healthcare provision are urgently needed to
sustain the healthcare system in Japan.
One of the most popular methods of improving economic efficiency of service production in acute-care hospitals is the inclusive payment system based on casemix
classification. Since the introduction of the system to the
U.S. Medicare service in 1983, several countries including Japan have adopted varying types of inclusive payment schemes [1]. Inclusive payment forces hospital
providers to efficiently allocate their resources and
maximize their productivity under given resources by
sharing the financial risk [2]. Too often, inclusive payment requires complementary adjustment to account for
hospitals’ external conditions that are not amenable to
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efficiency management, such as teaching duties, research
and development, and local disadvantages relating to the
socio-economic environment. For example, U.S. Medicare adopts adjustment factors according to the number
of residents per hospital bed, local price index, and local
economic deprivation related to the availability of free
care [3]. It is challenging, however, to discriminate such
unique components of hospital production structures
and their production inefficiency.
In this study, we employ a new method to estimate
unique components of the hospital function structure,
separately of estimations of production efficiency, using
a new statistical model and panel datasets.
Previous studies on the estimation of hospital production
efficiency

A number of studies have estimated the technical efficiency of hospital production [4]. Among them, stochastic frontier analysis (SFA) was often preferred by
econometricians because it can account for measurement error, and is robust against outlying observations
[5]. Original SFA modeled a hospital’s efficiency independently of random error. However, the estimated
product efficiency was still confounded by each hospital’s
unique structural component of production function,
related to location, status related to teaching, research,
and technology advancement, which are likely to be
time-invariant. Greene proposed the true fixed-effect
model (TFEM) to explicitly account for such unobserved
and invariant heterogeneity across hospitals [6,7]. The
advantage of the TFEM is its ability to absorb unobserved heterogeneity without time variations by setting
dummy variables for individual samples.
Several previous studies have adopted the TFEM to estimate hospital production efficiency. Jacobs, Smith, and
Street (2006) were the first to adopt the TFEM in the field
of health care to estimate hospital efficiency in the United
Kingdom [8]. There were subsequent studies in Japan
[9,10]. However, these studies simply used the number of
outpatient, inpatient, or emergency cases as the production output, ignoring differences in the patient’s severity
and treatment difficulties, which are likely to bias the estimation [11]. In addition, with the exception of Kawaguchi
(2008), previous studies failed to adjust for the quality of
care. Kawaguchi (2008) used the level of nurse staffing as
a proxy of quality care, though still failed to use a direct
measure of quality of care. In the current study, we overcome these limitations by taking advantage of a newly
available casemix database that contains detailed information on the patient’s co-morbidity and disease severity,
and relative resource utilization as used in Kawaguchi,
Hashimoto and Matsuda (2010) [12].
Furthermore, estimated fixed effects unique to each
hospital were not specifically analyzed in the previous

Page 2 of 7

studies. We expect that the value of a fixed-effect parameter should reflect the unobserved and time-invariant
heterogeneity of each hospital’s unique structure of production. We hypothesized that the obtained fixed effect
should have a significant association with hospital functions regarding teaching and technology advancement,
and specific local conditions such as regional demographic characteristics.

Methods
Sample

In our analysis, we used a large casemix database based
on Japanese diagnosis-related grouping called the Diagnosis Procedure Combination (DPC) [13]. The DPC was
introduced to the Japanese social insurance system in
2003 for reimbursement of 82 special-function hospitals,
consisting of main branches of university hospitals, and
two national centers specializing in cancer and cardiovascular diseases [13]. The system has been extended to
a wider spectrum of acute-care hospitals, and an additional 359 hospitals participated in 2006. Owing to limited data availability, we used a balanced panel dataset
collected between 2005 and 2007 from 127 hospitals.
The participating hospitals submitted anonymous data
of discharged cases to a research group funded by the
Ministry of Health, Labour and Welfare. The collection
and use of data were approved by the Internal Review
Board of the institute that the last author was affiliated
with. The sample hospitals had an average of 600 beds, a
relatively large number for Japanese hospitals.
Analytical model of hospital technical efficiency

Economic efficiency can be assessed in terms of technical efficiency and allocative efficiency. In this study, we
estimated the technical efficiency of Japanese hospitals
according to their production function, or the extent of
production for given resources. We chose not to assess
allocative efficiency using price information, because
Japanese hospitals are under rigid price control by the
government, and operated at low cost [14]. Besides, hospital cost data are limited in Japan.
Following a conventional production function,
Equations (1) and (2) are our analytical models, where Y is
the production output, L is labor input, and K is capital input.
lnYit ¼ lnα þ β1 lnKit þ β2 lnLit þ vit  uit

ð1Þ

lnYit ¼ αi þ β1 lnKit þ β2 lnLit þ β3 ð lnLit Þð lnKit Þ
1
1
þ β4 ð lnKit Þ2 þ β5 ð lnLit Þ2 þ vit  uit
ð2Þ
2
2




vit  N 0; σ 2v ; uit ¼ jUit j; Uit ¼ 0; σ 2u
vit is the error term, uit is the efficiency score, and αi is
a time-invariant hospital-specific fixed effect.
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Both models assume that efficiency is time-variant.
Equation (1) follows the conventional Cobb–Douglas
function, while Equation (2) is a more flexible model having a translog function. We adopted JLMS formulation to
compute the efficiency measure Jondrow et al. (1982) [15].
Variables for the efficiency estimation model

We treated the number of physicians as labor input (L)
because physicians are responsible for treatment outcomes, and almost all Japanese hospitals adopt a closed
system where physicians are employed in-house [14].
The number of full-time-equivalent physicians at each
hospital was obtained from various published sources
[16]. In Japanese law for the provision of health care, the
placement and number of health care professionals, including doctors and nurses, has already been decided
according a fixed ratio of the number of beds in the hospital. According to the same law, managers of hospitals
in Japan should be physicians. Therefore, we assume that
the other health care professionals at the hospital are
allocated proportionally to the number of doctors and
hospital size. The number of hospital beds cited from
official statistics of the Japanese government [17] was
used as an index of capital input.
As a production output, we obtained the number of
discharged patients, weighted by a casemix-specific relative weight [13]. More specifically, the relative weight is a
ratio of the average amount of resources required for the
treatment of patients belonging to a casemix category,
relative to that of all discharged cases. The weight reflects
the relative severity of the disease, and subsequent resource use. Many Japanese hospitals offer outpatient as
well as inpatient services, though we did not include the
number of outpatients, mainly because of data limitation.
Finally, we used the hospital standardized mortality
ratio (HSMR) to account for the quality of inpatient services. The HSMR is a ratio calculated by dividing the
observed hospital mortality rate by the expected hospital
mortality rate [18]. The prediction model that estimates
the expected hospital mortality rate has an independent
variable that takes the value 1 in the case of an inhospital death, and zero otherwise. In the model, the
number of in-hospital deaths of discharged cases was
regressed using a logistic model of age, sex, disease category, use of surgical intervention, emergency status, comorbidities at admission, and disease severity scores.
Higher ratios of the HSMR mean that there was excess
mortality for the patient’s conditions, suggesting poor
quality of care.
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linear model of the location and the specific function of
each hospital in the community care system. Specifically,
we chose five explanatory variables: the “advanced treatment hospital dummy variable", "casemix index", "number of physicians per 100,000 people living locally (i.e.,
physician density)”, “number of hospitals per 100,000
people living locally (i.e., hospital density)”, and “proportion of the local population aged 65 and over.” The status of an advanced treatment hospital was accredited
only to main branch hospitals of university affiliation
and national center hospitals for cancer and cardiovascular diseases. The status of advanced treatment hospital
indicates that the hospital has a tertiary function with
teaching and research duties. This prestigious status is
expected to be associated with lower output given the
same resource. A higher casemix index suggests that the
hospital treated patients with more severe conditions,
and should logically be associated with higher production. Local density of physicians and hospitals reflects
the degree of competitiveness in the local market. High
competitiveness should positively affect the production
output, regardless of hospital efficiency. Finally, local
demographics of population ageing would be a marker
of greater local healthcare demand, which should be
associated with larger production, regardless of hospital
function and efficiency. These explanatory variables were
recorded for the municipality unit in which the hospital
was located.
Limdep 8.0 (Econometric Software, Inc.) and SPSS
19.0 (SPSS Japan, Inc.) software were used for all
analyses.

Results
Estimation of efficiency

Descriptive statistics of the variables used in the estimation of technical efficiency are presented in Table 1, and
the estimation results are presented in Table 2. The variables used in the Cobb–Douglas model (equation 1)
were all statistically significant, and all sign directions
were as expected. The inputs, the number of physicians
and the number of beds, were both positive and statistically significant. The coefficient of the HSMR was significantly negative, suggesting that low mortality rates
(or high-quality care) decreases output. The translog
model (equation 2) yielded results similar to those
obtained with the Cobb–Douglas model (equation 1).
The 3-year average of the efficiency estimated with the
Cobb–Douglas model (equation 1) was 0.586, while that
estimated with the translog model (equation 2) was
0.610.

Regression of the estimated fixed effect in terms of
hospital characteristics

Estimation of hospital-specific fixed effects

The estimated values of hospital-specific fixed effects
were further regressed using an ordinary least-squares

The mean value of the hospital-specific fixed effects (αi)
was 0.784, the standard deviation was 0.137, and the
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Table 1 Descriptive statistics used in the estimation of
technical efficiency
Weighted number
of inpatients

Number of
physicians

Number
of beds

HSMR

Mean

2528.67

108

600

1.180

S.D.

1618.40

64

294

0.315

Maximum

7043.48

266

1475

2.243

Minimum

15.40

16

130

0.549

The data we used in the TFEM is a balanced panel dataset collected between
2005 and 2007 from 127 hospitals. The sample hospitals had an average of
600 beds, which is a relatively large number for Japanese hospitals.

range was between 0.437 and 1.212. The peak of the
distribution of values was around 0.9 as depicted in
Figure 1. Figure 2 is a plot of the time-invariant fixedeffect value versus the 3-year average of inefficiency for
each hospital. The correlation between the estimated
fixed-effect estimator and the efficiency score was −0.1631,
and not statistically significant, suggesting statistical independence between the two estimates (Figure 2).
Secondary regression analysis of the value of the fixedeffect variable

Descriptive statistics of explanatory variables are presented in Table 3, and results of the regression analysis are
summarized in Table 4. The adjusted coefficient of determination (adjusted R2) was 0.15 and relatively low. Four
out of six explanatory variables were statistically significant. With respect to the characteristics of the hospitals,
the coefficient of the advanced treatment hospital dummy
variable was negative, and statistically significant. The
casemix index and hospital density had statistically significant positive coefficients. The remaining two explanatory

variables, physician density and proportion of the local
population aged 65 years or older, had positive coefficients
of correlation as hypothesized, although they did not
reach statistical significance. Model F statistics reached
statistical significance, and the variance inflation factor of
less than 10 indicates that there were no serious multicollinearity problems.

Discussion
The 3-year average of the estimated efficiency was
around 0.60, which was lower than 0.896 reported by
Jacobs, Smith, and Street (2006), 0.78 by Kawaguchi
(2008), and 0.79 by Takatsuka and Nishimura (2008)
[8-10]. This discrepancy could be attributed to differences in the nature of sampled hospitals, the functional
form of estimation models, and inclusion of a quality
indicator in our model. Jacobs, Smith, and Street (2006)
used a simple linear cost function with 4-year panel
data of 185 samples from public hospitals in the United
Kingdom [8]. Kawaguchi (2008) analyzed 5-year panel
data of 862 municipal hospitals in Japan with a Cobb–
Douglas cost function, accounting for patient characteristics and proxy indicators of care quality [9]. Takatsuka
and Nishimura (2008) investigated the effects of introducing a new ordering system on efficiency with 5-year
panel data of 408 municipal hospitals using a translog
production function [10]. When we removed the quality
indicator from our model, the 3-year average efficiency
increased to 0.744, a level similar to that reported in the
previously published studies described above. Thus, we
speculate that previous studies may fail to discriminate
the efficiency of quantity production from the quality of
production. Additionally, Mutter et al. (2008) reported

Table 2 Results of technical efficiency estimation (N = 127 for 3 years)
Cobb–Douglas function

Translog function

(equation 1)

(equation 2)

Coefficient

Standard error

Coefficient

ln Number of physicians

0.384***

0.019

2.898***

0.304

ln Number of beds

0.665***

0.034

−0.525**

0.211

Hospital standardized mortality ratio

−0.208***

0.022

−0.172***

0.020

0.438***

0.108

ln Number of physicians (squared)

Standard error

ln Number of beds (squared)

0.691***

0.115

ln Number of physicians x ln number of beds

−0.711***

0.118

Efficiency score

0.610

0.586

Log likelihood

−66.852

−88.115

Likelihood ratio test value

365.405***

322.880***

***p < 0.01 **p < 0.05.
The results obtained with the TFEM show that all explanatory variables in the Cobb–Douglas function (equation 1) were statistically significant, and all sign
directions were as expected. The inputs, the number of physicians and the number of beds, were both positive and statistically significant. The coefficient of the
HSMR was significantly negative, suggesting that low mortality rates (or high quality of care) decreases output. The translog model (equation 2) yielded results
similar to those obtained with the Cobb–Douglas model (equation 1).
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Figure 1 Histogram of the estimated fixed-effect values. The mean value of the dummy variable (αi) that complements the fixed effect was
0.784, and the standard deviation was 0.137. The minimum and maximum values were 0.437 and 1.212, respectively, and the maximum value
was 2.77 times the minimum value. The peak of the distribution of values was around 0.9 as indicated in Figure 1.

that the mortality rate of Medicare patients had a negative
coefficient of correlation with the cost function, implying
that higher quality production increased costs [19].
Previous economic studies of hospital production efficiency focused on estimated efficiency, and conducted a
secondary regression analysis to identify factors related
to the efficiency. Our idea to use the estimated fixedeffect value as an indicator of structural hospital properties of the production function is unique. The estimated
hospital-specific fixed effects were statistically independent of estimated efficiency scores, and had wide variance
across hospitals. The secondary regression analysis confirmed that the fixed-effect estimators were significantly
associated with hospitals’ advanced functions and local
competitiveness, as hypothesized. These results indicate
that the numerical value of the fixed-effect estimator
may reflect the unobserved time-invariant heterogeneity

of hospitals that corresponds to the structural properties
of their location and function.
Identifying the contribution of these structural properties to a hospital’s production function has an important
policy implication, especially under rigid price regulation
as is the case in Japan, Canada, and some European
countries. Non-profit hospitals are expected to meet societal demands of high quality and quantity of service
provision regardless of unprofitable external conditions
[20]. Because inclusive payment mainly covers variable
cost, non-profit hospitals with high functional and academic duties or those in remote rural areas often need
complementary subsidization. However, subsidies discourage efficiency. Our new method may provide an approach for discriminating the contribution of external
structural properties and efficiency per se, and for tailoring the finance method of non-profit hospitals under
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Figure 2 Scatter plots of the average inefficiency and fixed-effect values. The scatter plot has a horizontal axis representing the average
inefficiency score estimated by the TFEM (translog model) and a vertical axis indicating the fixed-effect estimator value. The two variables appear
to be uncorrelated.
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Table 3 Descriptive statistics of explanatory variables
used to predict hospital-specific fixed effects
Mean

S.D.

Min

Max

Advanced treatment hospital

0.46

0.50

0.00

1.00

Casemix index

0.92

0.17

0.48

1.31

437.19

398.76

110.56

1891.03

Number of hospitals per unit
of population

7.28

3.46

2.49

21.67

Proportion aged ≥ 65 years

0.19

0.03

0.11

0.31

Number of doctors per unit
of population

The table gives descriptive statistics of the dataset used in ordinary leastsquares regression. The sample size is 127 hospitals.

non-profitable external conditions without discouraging
improvements in efficiency.
Limitations and future directions

Similar to previous studies on hospital production efficiency, our study suffers several limitations. First, a relatively small sample size and a short time interval of
3 years may limit the generalizability and estimation efficiency of our results. Despite our best efforts to obtain
the necessary information to construct our production
function model, data in panel form were only available
from 127 DPC hospitals. As a result, our sample is not
representative of all Japanese hospitals, and reflects only
advanced, acute-care hospitals. Greene (2005a) argued
that when a fixed-effect model is used for data in a relatively short period, and a period of three years is short
in this context, the estimated parameters may be biased

Table 4 Results of the ordinary least-squares regression
analysis of the hospital-specific fixed effect

Constant term
Advanced treatment
hospital

Coefficient

S.E.

0.332

0.109

−0.115

0.038

Standardized Variance
coefficient
inflation
factor
−0.416

2.877

Casemix index

0.455

0.107

0.554

2.505

Number of doctors per
unit of population

0.004

0.004

0.103

1.453

Number of hospitals per
unit of population

7.63E–05

0.000

0.221

1.211

Proportion aged ≥
65 years

0.123

0.410

0.030

1.498

Adjusted R squared

0.147

F-statistics

5.333

***p < 0.01 **p < 0.05.
The results of ordinary least-squares regression were that three out of the five
explanatory variables were statistically significant. In terms of the factors of
hospital characteristics, status as an advanced treatment hospital and the
Casemix index were significant. In terms of the hospital location, the number
of hospitals per unit of population was statistically significant.

and there may be an "incidental parameters" problem
[6]. Chen, Schmidt, and Wang (2011) investigated the
effects of the incidental parameter problem on the fixedeffect parameters [21]. The effect on E [uit/εit] is still unclear. They also suggested that the incidental problem
would be reduced by adopting data covering periods
from 5 to 10 years [21]. Thus, our results and the usefulness of fixed-effect parameters in discriminating hospital
structural properties should be confirmed with a larger
and longer panel dataset.
Second, we used a simple production function as the
first step in testing our hypothesis. Because a simple empirical model was used in this study, there is a possibility
of the omitted variables problem, which may bias the estimation of time-variant component of hospital production efficiency. However, fixed effect model should allow
us to obtain time-consistent component of productive
efficiency more free from such misspecification, and we
believe the second regression would tell how such time
consistent characteristics of hospital production function
were related to regional healthcare needs and demographic characteristics.
Finally, in our estimation, the minimum efficiency
score was negative and the maximum efficiency score
was not 1. The same problem was reported by Jacobs,
Smith, and Street (2006) in their analysis of National
Health Service hospitals in the United Kingdom using
the same method [8]. This is apparently a limitation of
statistical modeling, and further studies are needed to
resolve this issue.

Conclusions
Despite the limitations identified above, our analyses indicated that the estimated efficiency of Japanese acute-care
hospitals was approximately 0.6, which is lower than the
estimates made in previous studies that do not account
for quality of services. We also examined the value of the
fixed-effect constant terms as adjustments for unobserved
heterogeneity, and confirmed a correlation between the
fixed value and the function and location of the sample
hospitals. The policy implications of these results are that
a fixed-effect variable may be a promising tool in evaluating a hospital’s structural conditions, and in improving
the fairness of reimbursement among hospitals under
price regulation and inclusive-payment systems. We also
hope that this concept can be applied to other types of reimbursement systems based on casemix classification.
However, the proposed method and concept require further empirical investigation with a larger and longer hospital panel dataset.
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