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Abstract 
In this paper, we analyzed length of stay (LOS) in hospitals and medical expenditures for type 2 
diabetes patients. LOS was analyzed by the power Box-Cox transformation model when variances 
differed among hospitals. We proposed a new test and consistent estimator. We rejected the ho-
moscedasticity of variances among hospitals, and then analyzed the LOS of 12,666 type 2 diabetes 
patients hospitalized for regular medical treatments collected from 60 general hospitals in Japan. 
The variables found to affect LOS were age, number of comorbidities and complications, intro-
duced by another hospital, one-week hospitalization, 2010 revision, specific-hospitalization-pe- 
riod (SHP), and principal diseases E11.5, E11.6 and E11.7. There were surprisingly large differ-
ences in ALOS among hospitals even after eliminating the influence of characteristics and condi-
tions of patients. We then analyzed daily medical expenditure (DME) by the ordinary least squares 
methods. The variables that affected DME were LOS, number of comorbidities and complications, 
acute hospitalization, hospital’s own outpatient, season, introduced by another hospital, one-week 
hospitalization, 2010 revision, SHP, time trend, and principal diseases E11.2, E11.4 and E117. The 
DME did not decrease after the SHP. After eliminating the influences of characteristics and condi-
tions of patients, the differences among hospitals were relatively small, 12% of the overall average. 
LOS is the main determinant of medical expenditures, and new incentives to reduce LOS are 
needed to control Japanese medical expenditures. Since at least 99% of patients require medical 
care after leaving the hospital, systems that take proper care of patients for long periods of time 
after hospitalization are absolutely necessary for efficient treatment of diabetes. 
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1. Introduction 
In October 2015, the Ministry of Health, Labour and Welfare [1] announced that Japanese medical expenditures 
for fiscal year (FY, the Japanese fiscal year is April-March) 2013 exceeded 40 trillion yen (40.06 trillion yen), 
an increase of 0.85 trillion yen or 2.2% from previous years. Japan has had a mandatory insurance system since 
1961. In FY 2013, public expenditures were 15.53 trillion yen (10.36 trillion from the central and 5.16 trillion 
from local governments), public insurance premiums were 19.52 trillion yen (8.12 trillion from employers and 
11.40 trillion from the insured), and direct expenditures by patients were just 4.71 trillion yen or 11.7% of the 
total. Public expenditures increased by 0.39 trillion yen over the previous year, reaching 38.8% of total medical 
expenditure. Meanwhile, at the end of FY 2014, the Japanese long-term financial deficit reached 1009 trillion 
yen (809 trillion from central and 201 trillion from local governments) or 205% of the Japanese Gross Domestic 
Product (GDP) [2]. Thus, controlling medical expenditures by efficient use of medical resources is an urgent po-
litical issue for sustaining the medical insurance system.  

Among various diseases, medical expenditure for cataract was 1.21 trillion yen, one of the most expensive 
disease [1]. The cost of diabetes, however, has become a worldwide problem. The International Diabetes Feder-
ation (IDF) [3] reported that total world health expenditure for this disease was $612 billion in 2014. Moreover, 
diabetes can cause serious complications such as vision loss, kidney disease (nephropathy), heart failure, and 
stroke [4] [5]. If the costs of taking care of the comorbidities and complications of diabetes were included, the 
medical costs of diabetes would likely be much higher. The Public Health Agency of Canada [6] has reported 
that the “direct health care costs may be as much as 4.5 times higher than when looking at diabetes alone”. Les-
niowska et al. [7] found that the costs of treating complications in Poland were more than five times those of 
hospital diabetes treatment. Chereches et al. [8] reported that comorbid depression increased diabetes-related 
costs in Romania. Yeaw [9] analyzed the costs of complications in the United States in cohorts based on age and 
diabetes type and found that the cost of renal diseases, lactic acidosis and peritoneal dialysis were highest. Zhuo 
et al. [10] estimated that the discounted excess lifetime medical costs for people with diabetes in the United 
States were $124,600, $91,200, $53,800 and $35,900 when diabetes was diagnosed at age 40, 50, 60 and 65, re-
spectively. Condliffe, Parasuraman and Pollack [11] reported that medical expenditures for diabetes patients 
with comorbid hypertension and obesity were significantly higher than those of patients without these comor-
bidities. Yesudian et al. [12] summarized the literature about the economic burden of diabetes in India. In addi-
tion to the medical costs, diabetes reduces the labor supply and the productivity of patients. Dall et al. [13] re-
ported that the national economic burden of pre-diabetes and diabetes in the United States reached $218 billion 
in 2007, $153 billion in higher medical costs and $65 billion in reduced productivity. More recently, the Ameri-
can Diabetes Association (ADA) [14] estimated that in 2012, the total cost of diabetes in the United States was 
$245 billion. Of this total, $69 billion were indirect costs related to reductions in productivity; this was broken 
down further as inability to participate in the labor force (2.7 billion), inability to work as a result of dis-
ease-related disability (21.6 billion), and lost productive capacity due to early mortality (18.5 billion). The Pub-
lic Health Agency of Canada [6] found that the indirect costs of diabetes amounted to $1.7 billion (Canadian) in 
2000. Other reports [15]-[19] suggest that diabetes and diabetes-related complications reduced employment, 
length of working days, and wage rates. All studies lead to the same conclusion: that the true cost of diabetes is 
much higher than the direct cost.  

In Japan, a new inclusive payment system based on the Diagnosis Procedure Combination (DPC) was intro-
duced in April 2003. The system is called the DPC/PDPS (per diem payment system). As of April 2015, it was 
estimated that a total of 1580 hospitals had joined the DPC/PDPS, and an additional 266 hospitals were prepar-
ing to join (hereafter DPC hospitals) [20]. The DPC hospitals have a total of 520,570 beds. This means that they 
comprise about 25% of the 7528 general hospitals and 58% of the total number of hospital beds (899,385) in 
Japan. Since DPC hospitals must computerize their medical information, we now have access to large-scale 
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medical datasets. 
The IDF [21] reported that 90% or more of diabetics have type 2 diabetes. (Diabetes can be classified as type 

1 or type 2; for details, see ADA [22].) Nawata and Kawabuchi [23] [24] studied the length of stay (LOS) in 
hospitals for type 2 patients who joined educational programs for lifestyle improvement rather than treatment 
(hereafter educational hospitalization). They found a large variation among hospitals in average length of stay 
(ALOS), and that ALOS at some hospitals was unreasonably long even after eliminating the influence of patient 
characteristics. These researchers also evaluated the daily medical expenditure (DME) per patient [24]. Unlike 
ALOS, the variation in average daily medical expenditures (ADME) among hospitals were rather small, with the 
difference between the largest and smallest being just 15% of the overall average. However, in their study, type 
2 diabetes patients who were hospitalized for regular medical treatments (hereafter, regular patients) were not 
analyzed. Since treatments for regular patients may vary depending on the conditions of patients, heterogeneity 
among regular patients is considered to be much larger than in the educational hospitalization cases. In our da-
taset, regular patients represented about two thirds of type 2 diabetes patients, and their treatment constituted 
over 70% of expenditures. 

In this paper, we analyzed LOS and DME of regular patients. LOS was analyzed by the Box-Cox [25] trans-
formation model (BC model), taking into account variance among hospitals. The maximum likelihood estimator 
(BC MLE), which maximizes the likelihood function under the normality assumption, has large biases of the BC 
MLE when heterogeneity exists in variances [26]. For LOS in particular, variances often differ greatly among 
hospitals, even after controlling for the characteristics of diseases, treatments and patients. Nawata [27] pro-
posed a robust estimator that is consistent under heteroscedasticity. However, since the variance of the estimator 
is rather large, we sometimes failed to detect heteroscedasticity. Therefore, we propose a test and new estimator 
for heteroscedastic cases. Next, we analyzed the LOS of regular patients without any operations by the proposed 
methods. We used the DPC dataset of 12,666 patients with DPC code 10070xxxxx0x collected from 60 DPC 
hospitals in Japan. We then evaluated the daily expenditures by the ordinary least squares (OLS) method. 

2. Models for the Analysis of LOS 
For the analysis of cost-effectiveness in diabetes, cohort-study-type models are often used [28]. However, it is 
necessary to consider various risk factors for diabetes, including related complications and comorbidities. Wat-
son et al. [29] reviewed over 100 studies and concluded that, “None of the identified papers included all of these 
features” ([29], p. 250). Therefore, we employed regression-type models. The distribution of LOS of regular pa-
tients is shown in Figure 1. The distribution shows a heavy tail on the right side. In analyzing medical costs 
with a multiple regression model, Sittig, Friedel and Wasem [30] also found that costs were not normally distri-
buted and were skewed to the right, as in this study. They used the log transformation. In this paper, we used the 
BC model for the analysis of LOS. The BC transformation includes the log transformation. Since the distribu-
tion was not skewed, we used the OLS for the analysis of the DME. 

2.1. BC Model and BC MLE 
Suppose that the LOS of patient j in hospital i is given by the BC model: 

( ) ( )1 if 0, log if 0,

1,2, , , 1, 2, ,
ij ij ij ij

ij ij ij i

z t z t

z x u i k j n

λ λ λ λ
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= − ≠ = =
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                         (1) 

where ijt  is LOS, λ  is the transformation parameter, ijx  and β  are the vectors of the explanatory variables  
and coefficients, k  is the number of hospitals, in  is the number of patients in hospital i, and i

i
n n= ∑ . Here  

iju  is assumed to follow the normal distribution with mean 0 and variance 2
ijσ . Let ( )2, ,θ λ β σ′ ′= . The BC 

likelihood function under the normality assumption of the error terms is given by  

( ) ( ){ } ( )
, ,

log log log 1 log ,ij ij ij
i j i j

L z x tθ φ β σ σ λ ′= − − + − ∑ ∑                   (2) 

where φ  is the probability density function of the standard normal assumption, and 2σ  is the variance of iju  
under homoscedasticity. The BC MLE maximizes the likelihood function given by Equation (2), and is consis-
tent if the error terms are homoscedastic and the “small σ” assumption [31] is satisfied.  
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Figure 1. Distribution of LOS of regular patients. 

2.2. Nawata’s Estimator and the Test for the “Small σ” Assumption 
Nawata [32] proposed a semiparametric estimator (hereafter, N-estimator), obtained by 
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These equations are available by the approximation of the log L θ∂ ∂ . Using the BC MLE and N-estimator, 
we can conduct the test for the “small σ” assumption (the null hypothesis is that the “small σ” assumption holds) 
by the Hausman test [33]. For details, see Nawata and Kawabuchi [23] [24]. 

2.3. A Test for Homoscedasticity 
The N-estimator cannot be consistent under heteroscedasticity. Nawata [27] proposed a consistent estimator even 
under heteroscedasticity based on the third-moment restriction. However, as the result of a Monte Carlo study 
showed, the variances of the estimators were rather large [27], and we cannot sometimes reject the null hypothe-
sis of homoscedasticity even if the error terms are heteroscedastic. In other words, the power of the Hausman test 
based on Nawata’s [27] estimator may not be high in some cases. Here, we propose a new test. The advantage of 
the test is that the residuals of the BC model are directly used and we do not need an alternative estimator unlike 
the Hausman test. The null hypothesis is that the error terms are homoscedastic, and 2 2

0ijσ σ=  for any i and j. 
Note that we used the residuals of the BC MLE if the “small σ” assumption were accepted, and the N-estimator 
otherwise in the previous test. Let { }ie  be residuals of the BC model and ( )0 0,λ β′  be true parameter values. Then 
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timator of 1V . The calculation of 1V  may not be easy, and we get the following formula in the test 
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When the BC MLE is used, ( )4 4 4
2 2ijV Eu σ σ= − =  from the moment of the normal distribution. 

2.4. A New Consistent Estimator under Heteroscedasticity 
If the null hypothesis of homoscedasticity is accepted, we can use the BC MLE or N-estimator. When it is re-
jected, we modified Equation (3) and replaced ( )G θ  with  
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3. Evaluations of the LOS and DME 
In this section, we analyze the LOS of regular type 2 diabetic patients by the proposed method and the DME per 
patient by the OLS method. 

3.1. Data 
The data used in this study were collected by the Department of Health Care Economics at the Tokyo Medical 
and Dental University from over 100 hospitals; the sample period was from July 2008 to March 2012. The data 
included patients’ LOS, medical expenditures, age, gender, health-related conditions and medical treatments. For 
details, see Nawata and Kawabuchi [23]. The original dataset included 27,861 patients, and 22,430 patients (80%) 
were classified under the DPC code 100070xxxxxx0x (type 2 diabetes patient without diabetic ketoacidosis and 
secondary diseases). The ALOS and average medical expenditure (AME) for these patients were 17.4 days and 
461,431 yen, respectively. This means that 77% of medical expenditures for diabetes were for these patients. As 
in the previous study [24], we only used the data of patients: 1) who were treated in clinical departments that 
mainly treat diabetes; and 2) whose principle disease was diabetes. Of the 21,603 patients who satisfied these 
criteria, 14,193 were regular patients. Diabetes can cause complications that require serious operations. It is nat-
ural that LOS would become longer and medical expenditures higher for these patients. Therefore, we excluded 
932 patients who had received operations (ALOS and AME for patients with operations were 28.5 days and 
882,378 yen, respectively). Finally, we used a data set of 12,666 patients in 60 hospitals (Hp1-60) with more 
than 60 regular patients to evaluate the effects of patients.  

Table 1 shows LOS and medical expenditure by hospital. For all 12,666 patients, ALOS was 18.1 days with a 
standard deviation (SD) of 12.7 days. The AME was 461,680 yen with a SD of 273,253 yen. In the case of edu-
cational hospitalization, the ALOS was 13.7 days with a SD of 6.7 days, and the AME was 370,336 yen with a 
SD of 152,895 yen for 6,178 patients. Therefore, the ALOS was 4.4 days longer and AME was 91,344 yen high-
er for regular patients than for those with an educational hospitalization [24]. Moreover, the coefficients of varia-
tion (=SD/average) became 70% for LOS and 59% for medical expenditures. The coefficients of variation were 
49% and 41% for the educational hospitalizations. This means that heterogeneity of regular patients was larger 
than that of educational hospitalization, as expected.  

The maximum ALOS by hospital was 37.6 days (hp50) and the minimum was 10.0 days (hp42). The maxi-
mum was thus 3.8 times larger than the minimum, with a difference of 27.6 days. The maximum SD by hospital 
was 28.4 days (hp21), and the minimum was 4.7 days (hp52). This maximum was six times larger than the 
minimum and the variances were quite different among hospitals. This implies the importance of the proposed 
model, which takes into account the heteroscedasticity of the variances.  

Figure 2 shows the relationship between the ALOS and AME by hospital. The correlation coefficient was 
0.984, and there was an almost linear relation between these two variables. This implies that despite large hete-
rogeneity among patients, ALOS was the largest determinant of AME. 
 

 
Figure 2. ALOS and average medical expenditures by hospital. 
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Table 1. Length of stay and medical expenditure by hospital. 

HP N 
LOS (days) ME (yen) 

HP N 
LOS (days) ME (yen) 

ALOS SD AME SD ALOS SD AME SD 

HP1 582 14.79 5.85 413,632 144,371 HP32 192 16.85 9.83 442,586 219,745 

HP2 137 18.55 13.83 474,460 301,932 HP33 149 15.17 8.55 412,000 185,321 

HP3 85 17.94 15.11 449,164 317,935 HP34 149 10.67 4.96 322,364 143,331 

HP4 63 15.54 8.99 435,237 206,362 HP35 62 17.40 8.98 436,615 181,931 

HP5 89 25.72 20.51 658,025 439,181 HP36 212 14.38 8.90 391,749 193,203 

HP6 254 14.70 6.31 406,213 141,270 HP37 259 15.81 6.46 413,243 146,484 

HP7 99 25.10 25.15 597,842 555,042 HP38 304 17.35 9.21 453,310 207,938 

HP8 252 16.63 9.43 450,692 334,735 HP39 294 23.15 14.77 569,587 358,668 

HP9 148 21.22 9.92 517,550 209,554 HP40 341 12.52 7.75 335,680 175,104 

HP10 70 18.40 11.62 438,506 224,096 HP41 357 22.31 10.70 527,369 232,023 

HP11 102 15.35 12.71 421,123 292,665 HP42 653 15.71 5.84 424,447 137,315 

HP12 302 16.11 6.93 431,296 162,428 HP43 89 14.98 6.42 404,746 154,791 

HP13 149 16.03 7.36 402,396 133,737 HP44 186 16.04 7.35 416,456 161,017 

HP14 429 24.67 11.59 612,452 245,115 HP45 330 19.99 10.29 493,362 217,380 

HP15 193 14.77 6.69 377,203 140,015 HP46 136 19.41 13.63 489,587 299,087 

HP16 98 18.64 12.41 489,848 271,582 HP47 229 15.66 10.30 407,329 232,307 

HP17 542 10.54 7.43 309,743 164,012 HP48 177 16.47 10.60 435,584 234,179 

HP18 124 14.20 6.04 402,431 148,693 HP49 603 16.97 8.78 423,653 181,434 

HP19 70 16.59 12.18 414,280 233,975 HP50 557 37.57 24.83 807,833 484,304 

HP20 79 12.37 7.40 337,624 158,109 HP51 179 21.88 19.35 531,286 422,577 

HP21 80 29.24 28.35 632,467 622,123 HP52 240 10.03 4.74 297,370 115,368 

HP22 138 13.94 4.95 383,960 123,768 HP53 268 20.38 10.94 518,470 243,989 

HP23 64 18.63 8.37 496,006 187,280 HP54 196 14.55 6.23 406,779 152,333 

HP24 181 16.96 13.57 447,201 299,459 HP55 102 21.37 10.05 515,697 211,656 

HP25 177 18.94 11.72 485,520 261,974 HP56 229 15.34 10.05 416,528 228,015 

HP26 244 15.55 7.33 410,726 168,783 HP57 177 20.24 9.40 520,557 280,607 

HP27 269 16.53 12.87 421,123 284,123 HP58 70 11.21 6.08 331,358 152,516 

HP28 93 14.11 8.31 398,494 200,704 HP59 208 25.86 13.25 604,269 313,967 

HP29 75 19.37 20.51 528,224 555,561 HP60 99 19.49 14.71 473,631 314,834 

HP30 254 17.51 10.07 451,452 223,114 All 12666 18.05 12.66 461,680 273,253 

HP31 177 20.98 10.80 518,968 230,641       
N: Number of patients, ME: Medical expenditure per patient, AME: Average ME, SD: Standard deviation. 
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3.2. Evaluation of LOS 
We chose the following as explanatory variables. The Female dummy (1: female, 0: male) was used for gender. 
The proportion of female patients was 42.3%. Since LOS tends to increase with patient age, we used Age as an 
explanatory variable. The average age of the patients was 63.8, and the standard deviation was 13.9 years. Japan 
has a mandatory health insurance system, and the percentage of medical fees paid by patients changed at age 70 
in the sample period (30% for younger than 70; 10% for 70 or over). So, an Age 70 (1: 70 or over, 0: otherwise) 
dummy was also added. Other explanatory variables representing the conditions of patients included: Comorbid-
ities (number of comorbidities), Complications (number of complications), Acute Hospitalization dummy (acute 
hospitalization: 1, otherwise: 0), Outpatient dummy (outpatient of the same hospital before hospitalization: 1, 
otherwise: 0), Introduction dummy (introduced by another hospital: 1, otherwise: 0), and Home dummy (1: re-
turned to home: 1, otherwise: 0). Among our study subjects, 14.6%, 15.7%, 15.1% and 39.4% of patients had 1, 
2, 3 and 4 comorbidities, respectively, while 16.1%, 10.6%, 7.0% and 10.2% of patients had 1, 2, 3 and 4 com-
plications, respectively. The proportions of acute hospitalization patients, outpatients of the same hospital before 
hospitalization, patients introduced by another hospital, and patients who returned home were 18.9%, 80.1%, 
38.2%, and 77.7%, respectively. To evaluate seasonal effects we added Winter (December to February) and 
Summer (July and August) dummies. Since the DPC/PDPS was revised in April 2010, an after 2010 dummy 
(after April, 2010: 1, otherwise: 0) was used. As shown in Figure 1, many patients were discharged from hospit-
als on the eighth day (after one week of hospitalization); hence, we added the One Week dummy (discharged on 
the eight day: 1, otherwise: 0). If the LOS exceeds the Specific-Hospitalization-Period (SHP, 29 days in this case) 
determined by the DPC/PDPS, the medical payment becomes a conventional fee-for-service system. Therefore, 
we added the Over SHP dummy (LOS is over the SHP: 1, otherwise: 0). For these variables, 55.0% of patients 
were after April 2010, 5.0% were discharged on the eighth day, and 11.0% stayed over the SHP.  

To evaluate the time trend that may represent the progress of medical technologies, Time (number of months 
from July 2008) was used. For more specific classification of the principal disease, the International Disease 
Classification version 10 (ICD-10) was used. The ICD-10 classifies type 2 diabetes by complications. We used 
the E11.2-E11.7 dummies based on E11.9 (without complications). Among patients, 5.9% were classified under 
E11.2 (with kidney complications), 7.8% were classified under E11.3 (with ophthalmic complications), 5.2% 
were classified under E11.4 (with neurological complications), 0.8% were classified under E11.5 (with circula-
tory complications), 13.1% were classified under E11.6 (with other specified complications), and 32.1% were 
classified under E11.7 (with multiple complications). To evaluate the effects of hospitals, we added 60 hospital 
dummies and did not use the constant term.  

As a result, Equation (1) becomes: 

1 2 3 6 5

6 7 8 9

10 13

Female Age Age 70 Comorbidities Complications

Acute Hospitalization Outpatient Introduction Home
One Week Over SHP ICD-10 dummy -th Hospital dummy

ij

i
i

x

i

β β β β β β

β β β β
β β β β

+ + + +

+ + + +

+ + + +

′ =
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     (11) 

We first tested the “small σ” assumption. The estimates of λ were 0.3537 for the BC MLE and 0.3785 for the 
N-estimator. The value of the test statistic was ( )0.3537 0.3785 0.0338 1.775t = − =  and the null hypothesis 
was accepted at the 5% level. Therefore, we used the residuals of the BC MLE in the test for heteroscedasticity.  
We got ( ) 2

1 2
,

0.0398ij ij ij
i j

n f f e− =∑  and 1 2 3 0.0121V V V≤ + = , and the value of the test statistic was  

3.281t ≥ . The null hypothesis was rejected at the 1% level; thus, we could not use the BC MLE and had to use 
the newly proposed estimator.  

The estimation results are presented in Table 2. The estimate of λ was 0.4824, which was sufficiently larger 
than that of the BC MLE. This coincides with the results of the Monte Carlo study [27], where the BC MLE un-
derestimated λ under heteroscedasticity. The results of other variables were similar to those for educational hos-
pitalization [23]. The estimates of Age, Comorbidities, Complications and Introduction dummy were positive 
and significant at the 1% level. This means that LOS was prolonged by age and complications. The LOS also 
became longer if patients came from another hospital. The estimate of After 2010 dummy was negative and sig-
nificant at the 5% level, and it was admitted that the 2010 revision reduced LOS. The estimates of the Female,  
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Table 2. Results of estimation (LOS). 

Variable Estimate SE t-value Variable Estimate SE t-value 
λ 0.4824 0.0010 485.31** HP20 3.9390 0.2078 18.958** 

Female 0.0286 0.0273 1.0477 HP21 5.5099 0.2978 18.502** 

Age 0.0053 0.0015 3.6228** HP22 4.2774 0.1450 29.509** 

Age70 −0.0403 0.0411 −0.9807 HP23 4.8487 0.2142 22.635** 

Comorbidities 0.1170 0.0107 10.885** HP24 4.0421 0.1669 24.219** 

Complications 0.1675 0.0109 15.372** HP25 4.9755 0.1567 31.754** 
Acute Hospitalization 0.0574 0.0421 1.3622 HP26 4.4978 0.1282 35.088** 

Outpatient 0.0530 0.0432 1.2252 HP27 4.4246 0.1478 29.943** 

Introduction 0.1490 0.0325 4.5833** HP28 4.2511 0.1890 22.489** 

Home −0.0514 0.0373 −1.3785 HP29 4.5950 0.2458 18.692** 

Winter −0.0441 0.0339 −1.3034 HP30 3.9840 0.1428 27.904** 

Summer −0.0084 0.0333 −0.2512 HP31 5.2178 0.1451 35.956** 

One Week −1.3904 0.032809 −42.378** HP32 4.3233 0.1518 28.489** 

Over SHP 4.6233 0.0533 86.739** HP33 4.5857 0.1435 31.946** 

After 2010 −0.1137 0.0557 −2.0419* HP34 3.5024 0.1309 26.765** 

Time 0.0006 0.0023 0.2468 HP35 4.6768 0.1993 23.464** 
ICD10 Dummies   HP36 4.2679 0.1424 29.973** 

E112 0.0628 0.0594 1.0564 HP37 4.4344 0.1366 32.459** 

E113 0.0634 0.0523 1.2118 HP38 4.6163 0.1378 33.505** 

E114 0.0181 0.0748 0.2422 HP39 5.3361 0.1381 38.653** 

E115 0.5088 0.1588 3.2028** HP40 4.0143 0.1324 30.321** 

E116 0.1200 0.0491 2.4432* HP41 5.1711 0.1381 37.432** 

E117 0.1296 0.0351 3.6976** HP42 4.6685 0.1094 42.656** 

Hospital Dummies   HP43 4.5198 0.2189 20.648** 
HP1 4.4863 0.1169 38.367** HP44 4.8467 0.1772 27.349** 

HP2 4.4642 0.1731 25.783** HP45 4.7989 0.1255 38.226** 

HP3 4.5492 0.2039 22.316** HP46 4.3817 0.1880 23.302** 

HP4 4.6349 0.1832 25.306** HP47 4.4592 0.1442 30.922** 
HP5 4.8959 0.2677 18.288** HP48 3.9485 0.1801 21.922** 
HP6 4.5489 0.1352 33.644** HP49 4.8959 0.1100 44.524** 

HP7 4.9872 0.2066 24.134** HP50 6.1109 0.1404 43.520** 

HP8 4.5842 0.1304 35.143** HP51 4.8743 0.1902 25.624** 

HP9 5.0341 0.1516 33.214** HP52 3.2377 0.1352 23.943** 

HP10 4.5405 0.2328 19.501** HP53 4.9419 0.1401 35.265** 

HP11 4.0397 0.1738 23.238** HP54 4.1868 0.1340 31.248** 

HP12 4.8730 0.1175 41.478** HP55 5.0853 0.1720 29.569** 

HP13 4.5355 0.1493 30.379** HP56 4.0793 0.1585 25.739** 

HP14 5.2492 0.1279 41.043** HP57 5.0209 0.1491 33.685** 

HP15 4.6980 0.1367 34.365** HP58 3.7117 0.1815 20.450** 

HP16 4.6742 0.1888 24.755** HP59 5.2332 0.1491 35.091** 

HP17 3.6085 0.1212 29.764** HP60 4.8338 0.1995 24.227** 

HP18 4.0759 0.1557 26.174** R2 0.5958 

HP19 4.4652 0.2330 19.161**     
SE: Standard Error, *Significant at the 5% level, **Significant at the 1% level. 
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age 70, Acute Hospitalization, Outpatient, Home, Winter and Summer dummies were not significant at the 5% 
level, and we could not find evidence that the LOS depended on these variables. The estimates of One Week and 
Over SHP dummies were positive and significant at the 1% level, showing that one-week hospitalization and 
exceeding the SHP affected LOS. With respect to the ICD-10 dummies, the estimates of E11.5 and E11.7 were 
positive and significant at the 1%, as was E11.6 at the 5% level; none of the other estimates was significant at the 
5% level. For the hospital dummies, the maximum estimate was 6.111 (HP50), the minimum was 3.238 (HP52), 
and the difference was 2.873.  

3.3. Evaluation of DME 
Next, we evaluated daily medical expenditures (DMEij) per patient. Since the distribution was not skewed, we 
used the OLS for the analysis of DME. Since heteroscedasticity of error terms might exist, the standard errors 
were obtained by the robust variance calculation method [34]. We considered the model given by 

( )

1 2 3 6 5

6 7 8 9 10

11 12

Female Age Age 70 Comorbidities Complications

Acute Hospitalization Outpatient Introduction Home
Over SHP Over SHP* LOS -SHP ICD-10 dummy -th Hospital dumm
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β β β β β

β β β β β
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The medical expenditures of 129 patients were not available, and the DME of 42 were too low (below 10,000 
yen). Excluding these patients, we used the dataset of 12,495 patients. The results of the estimation are presented 
in Table 3. The average daily medical expenditure (ADME) for regular patients was 27,375 yen, a little bit 
smaller than the ADME for educational hospitalization (27,983 yen) [24]. The estimates of Comorbidities and 
Complication were positive and significant at the 1% level. Thus, we found that comorbidities and complications 
not only made LOS longer but also DME higher. The estimates of Acute Hospitalization and Outpatients were 
significant at the 1% level but the signs were opposite. Acute hospitalization made DME higher but it were 
smaller if a patient was a hospital’s own outpatient. The estimates of Winter and Summer were positive and sig-
nificant at the 1% and 5% levels, respectively. In this case, we observed a seasonal effect. The estimate of After 
2010 was positive and significant at the 1% level. 

For the educational hospitalization case, the 2010 revision reduced DME, but we got the opposite result for 
regular patients. The estimate of LOS was negative and significant at the 1% level. Since daily payments to hos-
pitals decrease as LOS becomes longer under the DPC/PDPS, this result is quite reasonable. On the other hand, 
estimates of Over SHP and Over SHP * (LOS - SHP) were positive and significant at the 1% level. After the 
SHP, payment is based on a conventional fee-for-service system, and we got the same result as for the educa-
tional hospitalization cases. The coefficient time was negative and significant at the 1% level, and there was a 
time trend that reduced DME. Among the ICD-10 dummies, E11.2, E11.4 and E11.7 were positive at the 1% or 
5% levels, and the DME increased for these diseases. Among estimates of hospital dummies, the largest was 
36,920 yen (HP28) and the smallest was 33,553 yen (HP49). The difference was 3368 yen or 12.3% of the 
ADME of all patients. 

4. Discussion 
The analyses in the previous section suggest that the large differences of medical expenditures among hospitals 
were mainly caused by the ALOS. Moreover, large differences existed among hospitals, and the influence of the 
hospital was much larger than that of other variables. For example, let us consider two male patients staying at 
the same hospitals. One patient is age 80, has 4 comorbidities and 4 complications, was introduced by another 
hospital, and has the ICD-10 code E11.7. The other patient is age 50, has no comorbidities or complications, was 
not introduced by another hospital, and has the ICD-10 code E11.9. (All other variables are set to the same val-
ues.) The former and later are the worst- and best-case scenario patients that we can consider. The difference of 
between these two patients is 1.534. The difference between the largest and smallest estimates of hospital dum-
mies was 2.873, a much bigger number. Moreover, compared to the estimate of HP52 where the ALOS was the 
shortest, the estimates at 21 hospitals, more than one third of the total 60 hospitals, exceeded this criterion. This 
suggests that ALOS for some hospitals were unreasonably long, and it will be necessary for them to explain why 
and to revise their medical practices. It is difficult for the working generation to stay in a hospital for a long  
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Table 3. Results of estimation (daily medical expenditure). 

Variable Estimate SE t-value Variable Estimate SE t-value 

Female −63.3 64.4 −0.9822 HP20 34,964 465 75.223** 

Age 4.7 3.5 1.3594 HP21 35,633 487 73.145** 

Age70 −79.9 98.1 −0.8144 HP22 35,113 392 89.636** 

Comorbidities 219.2 24.6 8.9076** HP23 34,969 505 69.241** 

Complications 196.7 26.3 7.4735** HP24 34,820 364 95.705** 

Acute Hospitalization 2464.7 88.3 27.897** HP25 34,553 366 94.485** 

Own Outpatient −342.7 95.3 −3.5951** HP26 33,963 341 99.735** 

Another Hospital −102.3 73.0 −1.4010 HP27 34,597 330 104.747** 

Home −3.5 83.5 −0.0419 HP28 36,920 443 83.270** 

Winter 242.1 79.1 3.0612** HP29 35,302 475 74.358** 

Summer 168.3 79.9 2.1052* HP30 33,617 336 100.148** 

After 2010 823.5 131.9 6.2443** HP31 34,284 364 94.135** 

Over SHP 1308.3 150.4 8.7014** HP32 34,841 356 97.771** 

LOS −443.2 6.0 −73.332** HP33 35,537 382 93.087** 

Over SHP * (LOS-SHP) 428.6 7.9 54.313** HP34 35,817 378 94.847** 
Time −97.4 5.4 −18.117** HP35 34,376 517 66.493** 

ICD10 Dummies    HP36 34,825 352 98.883** 
E112 474.0 133.2 3.5589** HP37 34,371 366 93.966** 
E113 −71.9 128.6 −0.5588 HP38 35,118 323 108.691** 
E114 330.4 151.8 2.1767* HP39 34,921 330 105.969** 
E115 169.6 360.3 0.4706 HP40 33,847 315 107.344** 
E116 32.8 114.2 0.2874 HP41 34,434 321 107.292** 

E117 274.7 83.8 3.2764** HP42 35,276 288 122.294** 

Hospital Dummies   HP43 34,455 435 79.254** 

HP1 35,750 294 121.678** HP44 34,727 362 95.923** 

HP2 34,623 396 87.377** HP45 34,694 328 105.928** 

HP3 35,780 459 77.946** HP46 34,070 395 86.203** 

HP4 35,643 515 69.228** HP47 34,603 348 99.309** 

HP5 36,026 448 80.364** HP48 34,094 364 93.619** 

HP6 35,961 341 105.558** HP49 33,553 281 119.418** 

HP7 34,220 438 78.150** HP50 35,021 313 111.866** 

HP8 34,820 340 102.329** HP51 34,695 372 93.172** 
HP9 33,968 392 86.757** HP52 35,681 334 106.946** 

HP10 35,554 495 71.846** HP53 35,127 336 104.581** 

HP11 34,862 425 81.970** HP54 34,669 355 97.524** 

HP12 34,361 308 111.477** HP55 33,833 428 78.982** 

HP13 34,518 383 90.128** HP56 35,708 343 104.226** 

HP14 35,810 310 115.561** HP57 34,514 374 92.168** 
HP15 34,792 364 95.640** HP58 36,856 482 76.479** 
HP16 36,048 435 82.873** HP59 35,020 359 97.503** 
HP17 36,121 290 124.763** HP60 33,703 443 76.027** 

HP18 35,510 404 87.805** R2 0.4847 

HP19 34,072 489 69.699**     
S E: Standard Error, *Significant at the 5% level, **Significant at the 1% level. 
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period of time (two weeks or more). Therefore, long LOS might prevent working-age patients in the early stages 
of diabetes from getting proper treatments. The Japanese standard retirement age is 65, and the average age of 
patients was 64, with more than half of patients aged 65 or younger. 

On the other hand, the differences of ADME among hospitals were relatively small. After eliminating the in-
fluence of patient characteristic and conditions, the differences between the maximum and minimum were only 
12% of the overall average.  

The estimate of Over SHP dummy was 4.623, very large compared to other non-hospital dummy variables. 
Once LOS exceeded the SHP, patients stayed in hospitals for long periods of time. Eleven percent of patients, 
not a small number, stayed over the SHP, and ALOS for these patients was 44.6 days. Payment is based on a 
conventional fee-for-service system after the SHP, and our analyses revealed that the DME did not decrease af-
ter the SHP. In other words, there is no incentive for hospitals to discharge patients earlier under the current 
DPC/PDPS. Therefore, new incentives for high and efficient quality medical services [35] [36] may be neces-
sary to improve the DPC/PDPS in future revisions.  

In our dataset, only 131 regular patients out of 14,193 were reported as complete recoveries; that is, at least  
99% of patients required medical care after leaving the hospital. Moreover, a large number of patients do not 
follow prescribed therapies [37]. Dilla et al. [38] reported that it was possible to control medical expenses by re-
ducing body mass index (BMI). Although compared to non-diagnosed individuals at risk for high blood sugar, 
diagnosed diabetics are more likely to improve their lifestyle, the effect diminishes and some behavioral res-
ponses to diabetes may be short-lived [39]. Therefore, systems that take proper care of patients for long periods 
of time after hospitalization are absolutely necessary for diabetes. However, such systems are not yet sufficiently 
established [22], and we need to institute them as soon as possible. For the development of new systems, adop-
tion of health-information technologies [40] and proper budget allocation [41] are considered critically important. 
The differences of social and cultural factors should also be considered. Condliffe and Link [42] found that 
medical expenditures were different among races. Phelps, Hodgson and Lamson [43] suggested that it is neces-
sary to consider ethnic group differences. Salois [44] pointed out that a “local” food economy might be an im-
portant factor in the prevention of obesity and diabetes. Finally, Pan and Ward [45] suggested the necessity of 
developing models to explain the relationship between self-related health and diabetes self-management in a 
non-Western context. In establishing desirable systems, these factors should also be considered. 

5. Conclusions 
In this paper, we consider an analysis of the LOS and daily medical expenditure (DME) for regular patients with 
type 2 diabetes. LOS was analyzed by the power Box-Cox transformation model when variances differed among 
hospitals. We proposed a new test and consistent estimator. We rejected the homoscedasticity of variances 
among hospitals, and the feasibility of the proposed model was strongly supported. We then analyzed the LOS of 
12,666 type 2 diabetes regular patients collected from 60 DPC hospitals in Japan. The variables found to affect 
LOS were age, number of comorbidities and complications, introduced by another hospital, one-week hospitali-
zation, 2010 revision, Specific-Hospitalization-Period (SHP), and principal diseases E11.5, E11.6 and E11.7. 
There were surprisingly large differences in ALOS among hospitals even after eliminating the influences of cha-
racteristics and conditions of patients. 

We then analyzed the DME by the OLS method. The variables that affected DME were LOS, number of com-
orbidities and complications, acute hospitalization, hospital’s own outpatient, season, introduced by another hos-
pital, one-week hospitalization, 2010 revision, SHP, LOS, time trend, and principal diseases E11.2, E11.4 and 
E117. The DME did not decrease after the SHP. After eliminating the influence of characteristics and conditions 
of patients, the differences among hospitals were relatively small, 12% of the overall average. Since at least 99% 
of patients require medical care after leaving the hospital, systems designed to properly care for patients over 
long periods of time after hospitalization are absolutely necessary for diabetes.  

Diabetes is a chronic disease and a long-term evaluation for medical expenditures and outcomes of treatments 
is necessary. Eggleston et al. [46] analyzed the data of 821 patients joining a self-funded health plan between 
1999 and 2009 and concluded that the unit cost of treatment for diabetes, adjusting for the value of health out-
comes, has been roughly constant over time. Thurecht and Brown [47] developed a diabetes simulation model 
that could provide a wide range of outputs to assess the current and projected impact of those with the disease in 
Australia. Such analyses are also necessary in Japan. Although type 1 diabetes was not analyzed in this study, it 
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is also an important factor for controlling the costs of diabetes [48]. These are subjects to be analyzed in future 
studies. 
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