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Abstract 
This study attempts to provide an overview of income inequality in Japan for the 1990s and the 
2000s, using the Comprehensive Survey of Living Conditions (CSLC) data. We calculate four 
income inequality measures based on eight income definitions. To measure the income inequality 
with a precision greater than that of the previous studies, we create the sampling weights using 
micro-data from the Population Census. We find that income inequality measures calculated using 
Population-Census weights are higher than those without weighting adjustment and those 
adjusted with provided weights. Although the levels of inequality measures are higher, weighting 
adjustments do not seem to have a significant impact on the trend of inequality measures. We also 
find that the level and the upward trend are less pronounced if imputed rent is considered. 
Moreover, we attempt to find the cause of the rise in inequality. We find that, on an equivalized 
disposable income basis, 31.6 to 57.4% of the rise in income inequality can be explained by the 
changes in the demographic structure and the composition of households for the 1990s. Among 
others, the aging of the population, changes in household composition, and a decrease in the 
number of workers had a large impact on the rise in income inequality. 
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1. Introduction 

The rise in inequality has drawn growing attention, particularly after Piketty (2014) was published. 

In line with the global trend that Piketty (2014) pointed out, income inequality in Japan has also 

been rising over the last few decades. Unlike other developed countries, income distribution in 

Japan became unequal even during economic stagnation, and numerous studies have attempted to 

reveal how and why income inequality rose in Japan. 

Recent discussions on growing income inequality in Japan were provoked by 

Tachibanaki (1998). By using the data from the Comprehensive Survey of Living Standards 

(CSLC),1 Tachibanaki (1998) insisted that income inequality in Japan was relatively high among 

developed countries. However, Ohtake (2005) pointed out that the income definition used for 

calculating inequality measures by Tachibanaki (1998) was different from the income definition 

used for the calculation of income inequality in other countries. Ohtake (2005) shows that Japan's 

income inequality was comparable with the average of OECD countries and not so high as that 

of the U.S. if calculated based on an appropriate income definition. Ohtake's (2005) finding 

teaches us how sensitive income inequality measures are to the income definition.  

Another problem associated with the measurement of income inequality is that income 

inequality measures, such as the Gini coefficients, sometimes differ considerably across datasets. 

Figure 1 shows the Gini coefficients of OECD countries, that of Japan calculated based on the 

National Survey of Family Income and Expenditure (NSFIE) data, and that calculated based on 

the CSLC data. As seen in Figure 1, Japan's income inequality is higher than the OECD average 

and not so high as that of the U.S. if calculated using the NSFIE data, while it exceeds that of the 

U.S. if calculated using the CSLC data. 

                                                   
1 More precisely, the dataset that Tachibanaki (1998) used was Income Redistribution Survey (IRS) data. The income 
questionnaires were distributed to only a subsample of the CSLC respondents, and the IRS sample contains only 
those who received the income questionnaire. 
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 Why are the income inequality measures calculated from the two datasets so different? 

One possible explanation for this discrepancy is the difference in the sampling schemes of the 

surveys: The way of choosing respondents or asking questions may differ between the two 

surveys. 2  As a result, different people respond to the survey questions differently, and the 

resulting income distribution and income inequality measures differ across datasets. This might 

also be the reason why the contribution of household composition change differs across different 

studies. Because inequality measures crudely capture how many rich households and poor 

households are there and how rich or poor they are, a sampling bias can cause a serious problem 

in an inequality analysis. 

Our goal is to provide income inequality measures with a precision greater than that of 

the previous studies. The question is how we can deal with the difficulties associated with precise 

measurement of inequality. Our strategy is two-fold: First, to solve the complications with the 

income definitions, we present income inequality measures calculated based on a variety of 

income definitions. Second, to deal with sampling bias, we create the sampling weights using the 

micro-data from the Population Census, which can be regarded as providing the population 

distribution of the households living in Japan.3  Most government surveys in Japan provide 

sampling weights with the datasets. The problem, however, is that the way of creating the 

sampling weight also differs across the surveys. Therefore, to correct the bias due to the difference 

in the sampling scheme, we have to create the sampling weight ourselves. 

 Our main findings are the following:  

(1) The income inequality measures calculated based on the Population-Census based weights 

are higher than those calculated based on the provided weights, which indicates that income 

                                                   
2 NSFIE and CSLC are both government surveys, but the sampling scheme is different. This is because they are 
conducted by different ministries. 
3 Since changing the sampling scheme of government surveys is quite difficult in general, it is common to use 
sampling weights to correct for such a bias arising from the difference in sampling. 
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inequality measures reported by previous studies using the CSLC data might be under-

estimated. 

(2) The levels and the upward trends in income inequality measures are less pronounced when 

imputed rent is included. 

(3) We confirmed the previous studies' finding that income inequality has been rising, but the 

upward trend is less pronounced for the income definitions closer to consumption, thanks to 

the income redistribution by the social security system. 

(4) As previous studies (e.g., Ohtake, 2005) pointed out, the changes in the composition of 

households contributed to the rise in income inequality in Japan. For the 1990s, 31.6 to 57.4% 

of the rise in income inequality is attributable to the changes in household composition. 

(5) Among others, the aging of the population, changes in household composition, and the 

decrease in the number of workers had a great impact on the rise in income inequality. 

 The rest of this paper is composed as follows. Chapter 2 outlines the background and 

the previous literature. Chapter 3 describes the datasets that we used. Chapter 4 discusses the 

empirical methods. We provide the empirical results in Chapter 5, and Chapter 6 concludes. 

 

2. Related Literature 

Lise et al. (2014) provide a unified view of wage, household income, consumption, and asset 

inequality in Japan, using several survey data. Lise et al. (2014) show that the rise in income 

inequality from the 1980s to the middle of the 1990s can be attributed to the increase in the level 

of income above the median. The rise in income inequality after the mid-1990s, on the other hand, 

is attributable to the decrease in the level of income under the median. Lise et al. (2014) provide 

an overview of the rise in inequality in Japan over the last three decades from a wide perspective, 

but Lise et al. (2014) restricted the sample to households with heads aged 25-59, omitting those 
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with heads aged 60 or older. As is pointed out by previous studies such as Ohtake (1998) and 

Oshio (2010), changes in household composition over the last three decades, such as the aging of 

the population, the decrease in household size, and the increase in the share of dual-income 

households among those with a younger head, had a great impact on inequality in Japan. As the 

variance of income within a cohort increases in age, income inequality measures increase as the 

share of the elderly increase, and cross-sectional income inequality can increase even if there is 

no change in lifetime income inequality across cohorts. Therefore, omitting households with an 

older head can lead to underestimating the rise in inequality.  

A more recent study by Kitao and Yamada (2019) used the NSFIE household data, 

including households with a head older than age 60, to measure inequality in income and assets. 

They found that the rise in income inequality in Japan can be attributed to the change in household 

composition, including population aging. Although they provided an overview of income 

inequality over the last three decades from a wide perspective, they used the NSFIE data with the 

weights provided with the dataset. The sampling weights provided with the NSFIE data adjust for 

the disproportionality of the sample with respect to household characteristics, such as the age of 

the household head and the area of residence. There remains, however, sampling bias because 

there are characteristics not considered. Hori et al. (2020) show that the income inequality 

measures are underestimated when the NSFIE data is not adjusted or adjusted with the provided 

weights. 

Because the sampling weights provided with the CSLC data only correct the 

geographical disproportionality, weighting adjustment with the provided weight is expected to be 

less effective in correcting for the sampling than in the case of NSFIE. Figures 2 (a) and (b) show 

the age and household type distribution of the CSLC data, respectively. The left bar shows the 

share of each category in the raw data; the bar in the middle shows the share of each category in 
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the data adjusted with the provided weights; the right bar shows the share of each category in the 

Population Census data. As can be seen from Figure 2(a), provided weight is successful in 

correcting for the sampling bias with respect to the age of household heads. Figure 2(b) indicates, 

however, that the bias in the household type distribution is not corrected.     

Previous studies on income inequality in Japan teach us the importance and difficulty in 

precise measurement of income inequality. While most of the studies put emphasis on the source 

of the rise in income inequality, the method of correcting disproportionality in the sample has not 

been paid much attention, except for Hori et al. (2020). Thus, we follow the empirical strategy 

proposed by Hori et al. (2020) to provide more accurate inequality measures using the CSLC data. 

 

3. Data Sources 

This study uses the CSLC data. The CSLC data is one of the representative government surveys 

in Japan. Although the sample size of income data is smaller than that of the NSFIE, the CSLC 

data contains detailed information not provided by the NSFIE, such as nursing care and health-

related issues. As we mention below, the sampling schemes of the CSLC and the NSFIE are 

different, and we expect that the CSLC data can collect the sample of households that are less 

likely to respond to the NSFIE.  

 

3.1 CSLC 

The CSLC is one of the nationally-representative surveys in Japan conducted by the Ministry of 

Health, Labour, and Welfare. The CSLC is an annual cross-sectional survey, but the large-scale survey 

is conducted only once every three years in May. We use the data from the large-scale survey 

conducted every three years from 1989 to 2010 to overview the transition of income inequality over 

the 1990s and the 2000s. We use the previous year's income to calculate the income inequality 

ESRI Discussion Paper Series No.378 
"Measuring Income Inequality in Japan Using Accurate Sampling Weights"



7 
 

measures. Therefore, we provide inequality measures for every three years from 1988 to 2009. 

 A distinguishing feature of the CSLC is that the survey interviewers are those who work 

at public health and welfare offices or public health centers. The advantage of this feature is that the 

CSLC sample covers more non-standard households, such as poor single households receiving 

social welfare, than the other government survey. Hashimoto (2011) pointed out, however, that the 

response rates can differ considerably across interviewers because the survey interviewers do not go 

through official training.  

Another important feature of the CSLC's sampling scheme is that the target districts are 

randomly chosen, and the target population of the survey is all of the households living in the target 

districts. The size of the target population of the large-scale survey is greater than 200,000 households, 

but the CSLC does not supplement households to compensate for the non-respondents. Therefore, 

even if the response rate of households with a young single male is lower than the other, for example, 

MHLW does not survey additional households with a young single male. Moreover, income 

questionnaires are distributed only to a subsample. For example, for the 2010 survey, the number of 

households living in the target district was 289,363, and 229,785 households responded to the survey. 

Among the respondent households, only 35,971 households received the income questionnaire, and 

27,225 households responded. Furthermore, we apply our own sample selection criteria because there 

are unreliable respondents.4  

Summary statistics of the CSLC data are provided in Table 1. The sample size has 

diminished, perhaps because of the decline in the response rate. We can observe the aging of household 

heads. Household income has decreased since the mid-1990s. Since the decrease in the mean of the 

equivalized income is modest, the decrease in the household income is partly due to the decrease in 

the household size. The household size decreased because the share of three-generation households 

                                                   
4 We drop households who reported that they were working despite the fact that their earnings were zero. Moreover, 
we dropped households with a member older than age 65 with zero income. 
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declined. 

 

3.2 Population Census 

Population Census, conducted by the Ministry of Internal Affairs and Communications, is an 

exhaustive survey that covers all households living in Japan. We regard the household distribution 

of the Population Census data as the population household distribution in Japan. Unfortunately, 

we cannot calculate the income inequality measures by using the Population Census data because 

it does not collect information on households' income. The Population Census data, however, 

contains rich information about the family characteristics that are also available in the CSLC data. 

Therefore, we can take advantage of these household characteristics to define the same population 

groups for the Population Census and CSLC data. By using the share of each population group in 

the Population Census as true population distribution, we can create the sampling weights that 

make the distribution of the CSLC sample conform to the true population distribution. 

 Since we need to select the households according to the sample selection criteria of 

CSLC, we use the microdata of the Population Census and drop those who should be excluded 

under the CSLC sample selection criteria before we calculate the share of population groups. 

Moreover, the categories of socio-economic characteristics are defined in the same manner as we 

define the category for the CSLC so that responding households in the CSLC in each population 

group can be regarded as representing all households in that group. The Population Census is 

conducted every five years, and we calculate the share of households that belong to each group 

for the years 1990, 1995, 2000, 2005, and 2010. Then we linearly interpolate these shares. 

 Table 2 compares summary statistics of the Population Census and the CSLC. It shows 

that the sample distribution of the CSLC is disproportional. For example, single households are 

likely to be under-sampled, while homeowners tend to be over-sampled. Moreover, the share of 
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nuclear households among two-or-more households is almost the same as that in the Population 

Census, while the share of dual-income households among nuclear households is not even when 

weighting adjustment with provided weight is applied. 

 

4. Empirical Methodology 

4.1 Motivation for creating the sampling weights ourselves 

As we mention above, we create the sampling weights by using Population Census data to 

enhance the precision of income inequality measures. We employ the so-called "cell weighting" 

method (see, e.g., Kalton and Flores-Cervantez, 2003). The basic idea of cell weighting is that we 

define household groups (referred to as "weighting cells") based on household characteristics and 

assign the same weight to households belonging to the same cell.5 

We apply weighting adjustment to correct for the disproportionality in the sample 

inclusion probability across population groups (weighting cells). If the sample inclusion 

probability is constant across all cells, we can obtain unbiased income inequality measures by 

random sampling without weighting adjustments. Unfortunately, the sample inclusion probability 

can differ considerably across weighting cells. For example, it is well-known that single males 

living alone tend not to respond to surveys, perhaps because they are likely to be absent during 

the daytime. Therefore, if we randomly select households and collect the information of only 

those who respond to the survey, households headed by a single male will be under-sampled. Then 

we use the sampling weights to make the sample distribution conform to the population 

distribution so that respondents represent similar non-respondents. For example, suppose the 

share of single male households in the population is 4%, but the share of corresponding 

                                                   
5 The detailed procedure of calculating the weight assigned to each cell is explained in 
the next subsection. 
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households in the sample is only 2%. Then we assign heavier weights to single male households 

so that the share of a single male household in the adjusted sample becomes 4%. An implicit 

assumption behind such an adjustment is that responding households and non-responding 

households are so similarly distributed that we can regard responding households as representing 

all households in the same population group, including non-respondents. Therefore, to effectively 

correct the sample distribution, we would like to make the households within the same population 

group as homogeneous as possible. 

The question is how we can make the households within a particular cell homogeneous. 

Now let us refer to the variables used to define the weighting cells as "auxiliary variables." If we 

employ more auxiliary variables, households within a weighting cell will be more homogenous, 

and the responding households can be regarded as more representative. This is the primary reason 

why we create sampling weights ourselves. The provided weights correct only for geographical 

disproportionality, but there are other variables available in the Population Census and the CSLC 

that can be used to correct for the disproportionality of the sample. For example, we can use the 

number of workers and the homeownership status of the households as auxiliary variables. We 

can take advantage of these variables in making the sampling weights to make the households 

within a cell as homogeneous as possible if we create the sampling weights ourselves. 

There is another advantage of creating sampling weights by ourselves. Researchers 

often drop households whose reported incomes are not reliable. For example, some respondents 

report that they are working as an employee but do not report wage income. Other respondents 

report that they receive a public pension, but their reported pension income is zero. Moreover, 

even if the answers are reliable, some households are dropped for some reason. For example, 

households with negative disposable income are dropped because we take a logarithm for the 

calculation of some income inequality measures. Thus, there are respondents who report income 
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but are dropped according to our own sample selection criteria. The problem is that respondents 

not used for our analysis were part of the sample when the provided weights were created. Thus, 

if researchers drop the sample according to their own sample selection criteria, it is desirable to 

create the sampling weights on their own. 

There is, however, a disadvantage of employing many auxiliary variables. As we employ 

more auxiliary variables and define more weighting cells, there emerge more no-observation cells. 

Thus we have to merge them with the neighboring cells, but the selection of the cells can be 

arbitrary and lack generality. Furthermore, even if there is no no-observation cell, previous studies 

(e.g., Kish, 1992) pointed out that finer weighting cells result in a larger variance in general. To 

deal with this problem, we employ a measure of variance inflation, defined as: 

𝐹𝐹 = 1 + 𝐶𝐶𝐶𝐶(𝑤𝑤𝑖𝑖𝑖𝑖)2, 

where 𝐶𝐶𝐶𝐶  is the coefficient of variation. Inflation factor F measures by what margin the 

sampling weight inflates the variance of the mean (see, e.g., Kish, 1992). We use F to take the 

variance inflation into account when we create the sampling weights. 

 

4.2 How to create the sampling weights 

As mentioned above, we use the sampling weights to compensate for non-response and non-

coverage. Let 𝑠𝑠𝑖𝑖𝑖𝑖 denote the population share of households in the weighting cell that household 

𝑖𝑖  belongs to at time t. If the sample inclusion probability is constant across households, the 

probability of household 𝑖𝑖 to be included in the sample is 𝑠𝑠𝑖𝑖𝑖𝑖, and we do not need to use the 

sampling weights. However, the response probability can differ across weighting cells, and there 

will be over-sampled and under-sampled households in the sample. To correct for the sampling 

bias, we apply sampling weights. Let �̅�𝑠𝑖𝑖𝑖𝑖  denote the sample share of the households in the 

weighting cell that household 𝑖𝑖 belongs to at time t in the CSLC data. The sampling weight for 
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household 𝑖𝑖 at time 𝑖𝑖 is defined as: 

wit ∝
𝑠𝑠𝑖𝑖𝑖𝑖
�̅�𝑠𝑖𝑖𝑖𝑖

(1) 

Households belonging to the same weighting cell have the same value for 𝑤𝑤𝑖𝑖𝑖𝑖. As mentioned 

above, this method is called "cell weighting." An implicit assumption behind the cell weighting 

adjustment is that the sample inclusion probability is constant across households belonging to the 

same cell. Thus, it is important to define weighting cells so that households within a weighting 

cell are as homogeneous as possible. 

 We define the weighting cells using five auxiliary variables: age ("under 40", "40-59", 

"over 60"), household type ("single male", "single female", "couple", "single parent with 

children", "parents with children", "three generations", and "the other"), number of (full-time) 

workers ("zero", "one", and "two or more"), area ("23 special wards in Tokyo", "designated cities", 

"other cities in Area 1", "other cities in Area 2", "other cities in Area 3", "other cities in Area 4"6), 

and homeownership ("renters", "small homeowners", "large homeowners").7 Thus, there are 3 ×

7 × 3 × 7 × 3 = 1,323 weighting cells in total. However, there are a number of weighting cells 

with no observations. Moreover, as mentioned above, finer weighting cells result in a larger 

variance in the weights and weighted estimates. Therefore, we have to merge (or "collapse") the 

weighting cells. 

 We merge the cells in the following manner: First, we merge no-observation cells with 

the neighboring cell in the area-of-residence category. For example, if the cell of households 

headed by a male aged under 40 living in the Tokyo 23 ward area has no observation, we merge 

                                                   
6 Area 1 is composed of prefectures in Hokkaido and Tohoku areas, Area 2 in Kanto area, Area 3 in Kinki and Chubu 
areas, and Area 4 in Chugoku, Shikoku, and Kyushu areas. 
7 Naoi and Yamamoto (2010) found that the residence distribution of the Japanese Household Panel Survey differs 
considerably from that of the Population Census. Since response probability can differ between those living in an 
apartment and those living in a house, we include a variable closely related to the type of residence. We employed 
homeownership rather than the type of residence because homeownership is expected to be more closely related to 
the richness of households. 
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this cell with the cell of households headed by a male aged under 40 living in the Designated City 

area. If the neighboring cell in the area-of-residence category has no observation, we merge the 

cell with the neighboring cell in the age category.8 After we collapse all the no-observation cells, 

we calculate the inflation factor F. As mentioned above, inflation factor F represents the amount 

of variance inflation due to the weighting adjustment. Kalton and Flores-Cervantes (2003) pointed 

out that the inflation factor F depends heavily on the maximum of the weights. Thus, we merge 

the cell with the largest weight with the neighboring cells in the same manner as we merge no-

observation cells. We repeat this "collapsing" procedure of the weighting cells as long as the value 

of the inflation factor F is higher than the inflation factor of the provided weights. As a result, the 

number of weighting cells remained amounts to 243.9 

 The population share of weighting cells divided by the sample share of corresponding 

cells for single and multi-person households are provided in Table 3(a) and 3(b), respectively. The 

number in each cell is 𝑠𝑠𝑖𝑖𝑖𝑖/�̅�𝑠𝑖𝑖𝑖𝑖, the inverse of the weight defined by Equation (1). Households in 

a weighting cell are over-sampled if this number is higher than 1; households are under-sampled 

if this number is lower than 1. The cells are colored in red if the households in these cells are 

over-sampled; the cells are colored in blue if the households in these cells are under-sampled.  

As can be seen in Table 3(a), single households headed by a person younger than age 60 

are likely to be under-sampled, while homeowner households headed by a head older than age 60 

living in larger houses in rural are tend to be over-sampled. Table 3(b), on the other hand, shows 

that two-or-more-person households with no worker headed by a person aged 60 or younger tend 

to be under-sampled, while three-generations and other type of households headed by a person 

                                                   
8 There are several exceptions. For example, the age of the household head is not important for three-generations 
households. Therefore, we merge no-observation cells in the three-generations category with the cells of the 
neighboring area category. The details of the merging policy are summarized in Appendix A. 
9 The weighting cells of younger single-households, two-or-more-person households with no workers, households 
with an older head and children, and households with a younger head living in a large house are likely to be collapsed 
with their neighboring cells because they have a small sample. 
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younger than age 60 tend to be over-sampled except for renter households with a worker. 

Moreover, households living in the Tokyo 23 wards tend to be under-sampled. 

 Tables 4(a) and 4(b) present the distribution of single and two-or-more-person 

households adjusted with the provided weights. These tables show that weighting adjustment with 

provided weights is effective in compensating for the under-sampled households living in Tokyo 

23 wards, but there remains non-negligible disproportionality in the sample distribution even after 

weighting adjustment is applied. This is because the provided weights correct for the geographical 

disproportionality only. 

 In order to figure out how effectively weighting adjustments correct for the 

disproportionality in the sample distribution, we calculate the ratio of the population to sample 

share 𝑠𝑠𝑖𝑖𝑖𝑖/�̅�𝑠𝑖𝑖𝑖𝑖 by category for each auxiliary variable. The charts in the first column of Figure 3 

show the ratio calculated without sampling weights; the charts in the second column show the 

ratio calculated with the provided sampling weights; the charts in the last column show the ratio 

calculated with our original sampling weights created from the Population Census. If the 

weighting adjustment works perfectly, the ratio of the shares should be equal to one. As seen in 

Figure 3, however, the ratios of the shares deviate from one for age and area categories even if 

we use our original sampling weights.10 This is because we merged no-observation cells and cells 

with extremely high 𝑤𝑤𝑖𝑖𝑖𝑖  with the neighboring cells in area-of-residence or age categories. 

Although the weighting adjustment is not perfect, Figure 3 clearly shows that our original 

sampling weights are more successful in conforming the sample distribution to the population 

distribution than the provided weights, particularly with regard to household characteristics such 

as the number of workers, homeownership, and household type to evaluate the effectiveness of 

                                                   
10 In particular, households living in Tokyo 23 wards and Designated cities are under- and over-sampled because the 
number of households living in the Tokyo 23 wards is quite small, and we merged the cells of those living in Tokyo 
23 wards with the cells of those living in designated cities. 
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the weight adjustment. 

 Figure 3 shows that adjustment with our original sampling weights is successful in 

adjusting for the disproportionality with respect to the auxiliary variables. This may appear to be 

trivial because the weights are designed to make the sample distribution conform to the population 

distribution with respect to the auxiliary variable. Thus, to check the external validity, we calculate 

the share of self-employed households with no weighting adjustment and with adjustments with 

provided weights and our original weights. The bottom charts in Figure 3 reveal that weighting 

adjustment with our original sampling weights is effective in correcting for the disproportionality 

with respect to the characteristics not employed as auxiliary variables. 

 

4.3 Definition of Income 

Previous studies such as Ohtake (2005) show that income inequality measures are sensitive to the 

definition of income, and it is important to present income inequality measures based on a variety 

of income definitions to assess the role of the tax and social security system in reducing inequality. 

Therefore, we assess the income inequality for each of the following four income definitions: 

Initial income, pretax income, disposable income, and disposable income with imputed rents. 

Initial income is defined as pretax income excluding pension income and social security benefits; 

Pretax income is defined as pretax income including pension income; Disposable income is 

defined as after-tax income including pension income and social security benefits. Moreover, we 

calculate income inequality measures based on disposable income plus imputed rents.  

Because our ultimate interest is to assess the inequality of households' welfare, it is 

desirable to use the income definition that is close to the actual resource for consumption. For 

example, the United Nations Canberra Group recommends Haig-Simons income definition, 

which includes not only cash income but also imputed rents of owned houses, capital gain/loss, 
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and in-kind employee benefits. Larrimore et al. (2021) show that the rise in inequality in the U.S. 

from 1989 to 2016 is much less pronounced when they assess income inequality based on the 

Haig-Simons income definition. Thus we provide income inequality measures based on 

disposable income plus imputed rents. 11  

Although we cannot include non-cash income flow other than imputed rents, including 

imputed rents can have a significant impact on the level and the trend in the inequality measures. 

As we mentioned above, previous studies, such as Ohtake (2005) and Kitao and Yamada (2019), 

suggest that the rise in inequality in Japan is attributable to the aging of the population. Because 

the homeownership rate of households with an older head is quite high in Japan, the rise in 

inequality can be moderate if we include imputed rents as a part of income. 

 Furthermore, previous studies have shown that the levels of income inequality measures 

can differ considerably between household income and equivalized income. Thus we calculate 

the income inequality measures for each of the 4 × 2 income definitions. Since our Population-

Census-based weights do not allow for family size explicitly, we apply the raking method to 

modify our weights.12.  

 

4.4 Income Inequality Measures 

To assess income inequality from a wide perspective, we calculate several income inequality 

measures commonly employed by previous studies. First, we present the Gini coefficients, 

which are regarded as one of the most common income inequality measures. Gini coefficient G 

represents the area between the 45-degree line and the Lorenz curve and can be written as: 

                                                   
11 Because the information about capital gain/loss and in-kind employee benefits are not available, 
we include only imputed rents. The CSLC data does not contain imputed rents. The NSFIE data 
contains imputed rents calculated by the Statistical Bureau, and we use them to estimate the 
imputed rents. For a detailed procedure of estimation, see Appendix B. 
12 To verify if this modification affects our results, we present income inequality measures calculated based on 
equivalized income using the household-level weights (household size is not considered) and the individual-level 
weights (household size is considered). 

ESRI Discussion Paper Series No.378 
"Measuring Income Inequality in Japan Using Accurate Sampling Weights"



17 
 

 𝐺𝐺 =  1
2𝑛𝑛2𝜇𝜇

∑ ∑ �𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗�𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1  

Where 𝑦𝑦𝑖𝑖 is the income of individual i, µ is the mean of income, and n is the number of 

observations. 

The Gini coefficient is useful in that it summarizes the overall trend in income 

inequality. However, it is difficult to figure out whose income changed when the Gini 

coefficient changed. Therefore, we draw the Lorenz curve and calculate the income share of the 

top, middle, and bottom 10% of households. By doing so, we can show whether richer/poorer 

households became richer/poorer when the Gini coefficient changed. We also present the kernel 

density of the income distributions to show visually how income distribution changed. 

Moreover, to shed light on the most disadvantaged households, we present relative poverty 

rates, defined as the share of households with income below half of the median income.  

The Gini coefficients, Lorenz curves, 10% share, kernel density, and relative poverty 

rates are informative about how the change in income distribution affects income inequality. 

However, those statistics do not reveal why income inequality changed. To investigate the cause 

of the increase/decrease in income inequality, we present log variance (LV) and mean log 

deviation (MLD) for the purpose of factor decomposition of income inequality.13  

The log variance LV is defined as: 

LV =
1
𝑛𝑛
��log𝑦𝑦𝑖𝑖 − log 𝑦𝑦�������
𝑛𝑛

𝑖𝑖=1

 

Suppose there are J population groups. As Ohtake and Saito (1998) show, LV can be written as: 

LV = V(st,σt, Y𝑖𝑖)        (1) 

where st ≡ �𝑠𝑠𝑖𝑖1, 𝑠𝑠𝑖𝑖2, … , 𝑠𝑠𝑖𝑖𝑡𝑡� is the vector of the population share of each population group, σt ≡

                                                   
13 As noted in prior research, such as Oshio et al. (2006), LV and MLD tend to be particularly sensitive to changes in 
the income distribution at the lower quantiles, whereas the Gini coefficient is more responsive to shifts in the income 
distribution around the mean. 
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�𝜎𝜎𝑖𝑖1,𝜎𝜎𝑖𝑖2, … ,𝜎𝜎𝑖𝑖𝑡𝑡�  is the vector of the variances within each population group, and Yt ≡

�𝑦𝑦�𝑖𝑖1,𝑦𝑦�𝑖𝑖2, … ,𝑦𝑦�𝑖𝑖𝑡𝑡� is the vector of the average income of each population group. Using Equation 

(2), we can calculate the contribution of each factor: The contribution of the change in population 

share is given by V(𝑠𝑠𝑖𝑖+1,𝜎𝜎𝑖𝑖,𝑌𝑌𝑖𝑖) − V(𝑠𝑠𝑖𝑖,𝜎𝜎𝑖𝑖 ,𝑌𝑌𝑖𝑖); the contribution of the change in within-variation 

is given by V(𝑠𝑠𝑖𝑖,𝜎𝜎𝑖𝑖+1,𝑌𝑌𝑖𝑖) − V(𝑠𝑠𝑖𝑖,𝜎𝜎𝑖𝑖,𝑌𝑌𝑖𝑖); the contribution of the change in between-variation is 

given by V(𝑠𝑠𝑖𝑖,𝜎𝜎𝑖𝑖,𝑌𝑌𝑖𝑖+1) − V(𝑠𝑠𝑖𝑖,𝜎𝜎𝑖𝑖,𝑌𝑌𝑖𝑖). 

 The mean log deviation MLD is defined as: 

MLD = 1
𝑛𝑛
∑ log �𝜇𝜇

𝑦𝑦𝑖𝑖
�𝑛𝑛

𝑖𝑖=1 . 

Mookherjee and Shorrocks (1982) proposed a factor-decomposition of the change in MLD: 

𝛥𝛥𝛥𝛥𝛥𝛥𝛥𝛥 ≈��̅�𝑠𝑗𝑗𝛥𝛥𝛥𝛥𝛥𝛥𝛥𝛥𝑗𝑗

𝑡𝑡

𝑗𝑗=1

+ �𝛥𝛥𝛥𝛥𝛥𝛥������𝑗𝑗

𝑡𝑡

𝑗𝑗=1

𝛥𝛥𝑠𝑠𝑗𝑗 

+���̅�𝜆𝑗𝑗 − 𝑙𝑙𝑛𝑛 𝜆𝜆𝚥𝚥�������𝛥𝛥𝑠𝑠𝑗𝑗

𝑡𝑡

𝑗𝑗=1

+ ���̅�𝜃𝑗𝑗 − �̅�𝑠𝑗𝑗�𝛥𝛥 𝑙𝑙𝑛𝑛 𝑦𝑦�𝑗𝑗

𝑡𝑡

𝑗𝑗=1

 

where a bar above a variable indicates the average of the variable at time t and t+1. The first term 

can be regarded as the contribution of the change in within-variation; the sum of the second and 

third terms can be regarded as the contribution of the change in population share; the last term 

can be regarded as the contribution of the change in between-variation. The advantage of the 

factor decomposition of MLD over the factor decomposition of LV is that the sum of the three 

factors is approximately equal to the total change in MLD. 

 

5 Results 

5.1 Income Inequality by Weights 

Figure 4 shows the Gini coefficients of various income definitions. Solid (blue) lines represent 

the Gini coefficients calculated without weighting adjustment, while dashed (orange) and dotted 
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(gray) lines represent the Gini coefficients adjusted with the provided sampling weights and those 

adjusted with our original sampling weights, respectively. Three charts on the top of Figure 4 

represent Gini coefficients calculated based on household income, while those in the middle and 

bottom show Gini coefficients calculated based on equivalized income. As can be seen from 

Figure 4, weighting adjustment with our original sampling weights has different effects on 

different income definitions. Moreover, we use modified weights for equivalized incomes to allow 

for household size. Thus, Figure 4 includes the Gini-coefficients calculated based on equivalized 

income weighted with household-level weights (household size is not considered) and individual-

level weights (household size is considered). The charts in the middle of Figure 4 show Gini 

coefficients calculated based on equivalized incomes adjusted with household-level weight, while 

the charts at the bottom of Figure 4 show those adjusted with individual-level weights.  

First, let us compare the Gini coefficients calculated without weighting adjustment 

(solid blue line) and those calculated with the provided weights (dashed orange line). It appears 

that Gini coefficients are slightly lower in 2000 and 2003 when weighting adjustment is applied, 

but the difference is quite small and negligible for the other years. Next, let us compare the Gini 

coefficients calculated using the provided weights and those calculated with the Population-

Census-based weights. As can be seen from Figure 4, the Gini coefficients calculated with the 

Population-Census-based weights are higher than those calculated with the provided weights. 

This is perhaps because single households and jobless households tend to be under-represented 

even after being adjusted with the provided weights. The relative poverty rates, MLD, and LV by 

sampling weights are shown in Figures 5, 6, and 7. The effects of weighting adjustments are 

almost the same as those of Gini coefficients shown in Figure 4. 

 As we can see in Figures 4 to 7, there is an upward trend in income inequality when the 

inequality measures are calculated based on initial income. However, the trend is less pronounced 
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when pensions and taxes are considered. This indicates that income redistribution via tax and 

social security system effectively reduces the impact of the rise in income inequality in Japan. 

The income inequality measures calculated with and without weights shift almost in parallel. Thus, 

it appears that weighting adjustment does not affect the trend.  

Previous studies using the CSLC data, such as Oshio (2010), report that the trend of income 

inequality during the 2000s is flat, while those using the NSFIE data (e.g., Hori et al., 2020) report 

an upward trend. There appears to be an upward trend for some income inequality measures based 

on initial and disposable income, while the trend is not clear for those based on pretax income.14. 

  

5.2 Lorenz Curve, and Top and Bottom 10% share 

In order to take a closer look at what is behind the rise in income inequality, we draw the Lorenz 

curve in Figure 8. Apparently, the Lorenz curves became more curved, and this is the reason for 

the increase in Gini coefficients. From Figure 8, however, it is difficult to know whether poor 

households became poorer or rich households became richer. 

In order to figure out at which level income distribution became unequal, we draw the 

top, middle, and bottom 10% share in Figure 9.15 The upward trend of the top 10% share is more 

pronounced than the downward trend of the bottom 10% share. Thus, it appears that richer 

households' share of income increased, but it is not always the case because the top 10% share 

can increase when all households become poorer. Therefore, we should look over the whole 

distribution of income. 

 

5.3 Kernel density of income distribution 

                                                   
14 We construct a 95% confidence interval of the Gini coefficient and find that the increase in the Gini coefficient 
from 2000 to 2009 is not statistically significant. 
15 The middle 10% share is defined as the share of income owned by 45-55 percentile households. 
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In order to directly look at the income distribution, we draw kernel densities in Figures 10(a) and 

10(b). Figure 10(a) shows the income distribution from 1988 to 2000, while Figure 10(b) shows 

the income distribution from 2000 to 2009. Apparently, the pattern of the changes in the income 

distribution for the 1990s is different from that of the 2000s. During the 1990s, both the level and 

variance increased. As a result, income inequality increase, reflecting the increase in the 

dispersion of income. On the other hand, the income level decreased during the 2000s, and the 

increase in the share of poor households resulted in a rise in income inequality measures. As can 

be seen from Figure 10(b), the shift of income distribution during the 2000s is less pronounced 

for the disposable income with imputed rents. This is perhaps because the share of low-income 

households increased during the 2000s, but many of them were homeowners. Thus, many of the 

low-income households in 2010 received housing services from their own home, and their living 

standards were not as low as they might appear. 

 

5.4 Contribution of the Household Composition Change 

Thus far, we have provided an overview of the transition of income inequality and income 

distribution itself for a variety of income definitions. Henceforth we focus on the change in 

income inequality from 1988 to 2000 and 2000 to 2009 and attempt to reveal the cause of the rise 

in income inequality. As mentioned above, previous studies suggested that changes in the 

demographic structure and composition of households played a key role in the rise of inequality 

in Japan. Among the household characteristics that we used to define the household groups, we 

focus on age, household type, number of workers, and area because these characteristics are more 

relevant to important demographic changes, such as aging of the population, household 

nuclearization, and increase in the share of dual-income households. 

First, in order to figure out by what margin changes in the demographic variables used 
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for the definition of weighting cells can collectively account for the rise in income inequality, we 

calculate the income inequality measures holding the share of each cell constant at the 1988 and 

2000 levels. To obtain income inequality measures for 2000 and 2009 holding the share of each 

cell at the 1988 level, we use the sampling weights 𝑤𝑤𝑗𝑗,𝑖𝑖
1988 = 𝑠𝑠𝑗𝑗,1988

𝑠𝑠�̅�𝑗,𝑡𝑡
 (t=2000, 2009) instead of 

𝑤𝑤𝑗𝑗,𝑖𝑖 = 𝑠𝑠𝑗𝑗,𝑡𝑡

𝑠𝑠�̅�𝑗,𝑡𝑡
 to calculate the income inequality measures. We can create the sampling weights that 

hold the share of each cell at the 2000 level in the same manner. The results are shown in Figures 

11(a) to 11(d).  

The dashed lines illustrate what would happen to the income inequality measures if the 

share of each weighting cell is held fixed at the level of the 1988 Population Census. As can be 

seen in Figures 11(a) to 11(d), the rise in income inequality during the 1990s would be moderate 

if the household composition stayed constant. For the income inequality measures calculated 

based on equivalized disposable income (with and without imputed rents), the contribution of the 

change in the household composition ranges from 31.6% to 57.4%. Thus, the rise in income 

inequality in the 1990s can be explained by the changes in household composition to a decent 

extent, such as the aging of the population and the nuclearization of households. This result is 

consistent with the finding of Hori et al. (2020). The dotted lines, on the other hand, illustrate how 

income inequality would shift for the 2000s if the population share was fixed at the 2000 level. 

They indicate that income distribution would stay constant or even become equal if there were no 

changes in household composition. Thus, for the 2000s, the changes in household composition 

account for the rise in income inequality for the most part, which is not consistent with the results 

of Hori et al. (2020), which reports that only a small fraction of the rise in inequality during the 

2000s is attributable to changes in the demographic structure and composition of households. It 

is difficult to find the cause of this discrepancy, but one possible reason is that the change in 
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inequality was modest during the 2000s. Another possibility is the difference in the survey years. 

Hori et al. (2020) decomposed the change from 1999 to 2009, while we decomposed the change 

from 2000 to 2009. 

 

5.5 Factor-Decomposition of Income Inequality Measures 

Income inequality measures calculated with fixed population shares reveal that the changes in the 

household composition, such as the aging of household heads, the nuclearization of households, 

and the increase in dual-income households, collectively played an important role in the rise of 

income inequality. The next question we consider is which of these changes are important. To 

answer this question, we decompose the changes in the MLD and the LV with respect to household 

characteristics. Since the composition effects can be regarded as the contribution of household 

composition change, let us focus on the composition effects. Moreover, we mainly focus on the 

decomposition of the change during the 1990s because the amount of the change in MLD and LV 

during the 2000s is modest. 

The decomposition of the changes in the MLD and the LV with respect to age are 

displayed in Figures 12(a) and 12(b), respectively. The composition effect is greater for household 

initial income than for the other income definitions because initial income does not contain 

pension income, and the variability of income received by older people is exaggerated. Because 

the contributions of the composition effect differ considerably across income definitions, let us 

focus on the income definitions closer to the actual resource of consumption. The contribution of 

the change in age-composition effect during the 1990s is 38.4% for the MLD based on disposable 

income without imputed rents and 28.2% for the MLD based on disposable income with imputed 

rents.16  

                                                   
16 Since decomposed factors of the LV do not sum up to the whole amount of the change in LV, we 
calculate the rate of contribution only for the MLD. 
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To figure out how age composition has changed, we calculate the share of households 

belonging to each age category, shown in Figure 16. It clearly shows an upward trend in the share 

of households with a head older than age 60. Thus, the composition effects shown in Figures 12(a) 

and 12(b) are attributable to population aging.17 

The between effect also had a non-negligible positive effect on the rise in inequality 

during the 1990s. This indicates that the income dispersion across age groups increased. In order 

to see the income differential across age groups, we calculate the mean of income for each 

category of age, household type, and number of workers. Figures 17(a)-(c) show the mean of 

income of each category of age, household type, and number of workers, respectively. The 

between effect during the 1990s perhaps reflects the fact that, as can be seen in Figure 17(a), 

household income increased only for households with a head age 30s to 50s during the 1990s, 

which led to the rise in income differential across age categories. For the 2000s, the contribution 

of the composition effect is inconclusive. For initial income, the composition effect is positive, 

and it offsets the negative within effect. For disposable income, however, the composition effect 

has a sizable positive impact only for MLD of the disposable income without imputed rents, and 

it is even negative for the LV of the disposable income with imputed rents. The results appear to 

be inconsistent results perhaps because, as noted above, the amount of the change in inequality 

for the 2000s was relatively small for disposable income. 

Figures 13(a) and 13(b) show the decomposition of the changes in the MLD and LV 

with respect to household type. The contribution of household type composition effect calculated 

based on the disposable income without imputed rents is 18.6% for the 1990s and 24.7% for the 

2000s, while that calculated based on the disposable income with imputed rents is 18.0% for the 

                                                   
17 The aging of the population leads to an increase in income inequality because income inequality is 
high among households with an elderly head in Japan. Income inequality among the elderly can be 
lower in countries with higher welfare and higher tax burden. 
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1990s and 40.0% for the 2000s. Thus, the magnitude of the contribution for the 1990s is smaller 

than that of the composition effect for the decomposition with respect to age.18 To see how the 

composition of household type changed, let us take a look again at Figure 16. As can be seen from 

the charts in the second row, there are upward trends in the shares of households with fewer 

members (single and couple) and downward trends in the shares of households with more 

members (couple-with-children and three-generations). Since single and couple households 

contain more households with an older head and the variability of income is increasing in age, the 

increase in the share of the households with fewer members contributes to the rise in income 

inequality. Thus, the composition effect shown in Figures 13(a) and 13(b) can be interpreted as 

the effect of the nuclearization of households. The between effect was relatively small for the 

decomposition with respect to household type, perhaps because the mean of income of different 

household types shifted mostly in parallel, as shown in Figure 17(b). 

The decompositions of the MLD and LV with respect to the number of workers are 

presented in Figures 14(a) and 14(b). The magnitude of composition effects of the number of 

workers is comparable to those of the decomposition with respect to age. The contribution of the 

change in the number of workers calculated based on the disposable income without imputed 

rents is 19.6% for the 1990s and 46.7% for the 2000s, while those calculated based on the 

disposable income with imputed rents are 16.7% for the 1990s and 51.2% for the 2000s. Figure 

16 shows the share of households by the number of workers. As can be seen, the share of no-

worker households increased, while the share of households with two or more workers decreased. 

This is perhaps because of the aging of the population and the nuclearization of households.  

A distinguishing feature of the decomposition with respect to the number of workers is 

                                                   
18 The contribution of the change in household composition during the 2000s is greater 
than that during the 1990s. This is merely because the total amount of the change in 
MLD and LV during the 2000s was small.  
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that the between effect has a sizable negative impact for the 2000s. This implies that the income 

gap between households with different numbers of workers shrank in the 2000s. In order to verify 

this hypothesis, we present the mean of income by the number of workers in Figure 17(c). It 

shows that the average income of households with no workers increased, perhaps because of the 

increase in pension beneficiaries among elderly households, while the average income of 

households with two or more workers declined. As a result, the income gap shrank, which resulted 

in the negative effects during the 2000s. 

Figures 15(a) and 15(b) present the MLD and LV decomposition with respect to areas. 

Apparently, the composition and between effects have no effect on the rise in income inequality. 

Therefore, we can conclude that area of residence does not play an important role in explaining 

the rise in income inequality. 

 

5.6 Income inequality by household characteristic 

Within-effects can be interpreted as the part of the rise in income inequality not explained by the 

change in the composition of households nor the change in the differences in average income 

across household groups. Although within-effects do not inform us of why income inequality rose, 

we can at least figure out in which category the rise in income inequality occurred. Thus, we 

calculate the income inequality for each category of household characteristics.  

Figures 18(a) to (d) present income inequality measures by age category. As previous 

studies such as Oshio (2010) pointed out, income distribution became unequal for the younger 

group and more equal for the oldest group, particularly after 2000. The rise in income inequality 

among younger households might be caused by the factors associated with the labor market, such 

as the collapse of traditional Japanese employment and wage system (e.g., Hamaaki et al., 2012). 

The decrease in income inequality among the oldest group is perhaps because of the increase in 
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the share of pension beneficiaries.  

Figure 19(a)-19(d). show income inequality measures by household types. Income 

inequality increased for most of the household types except for couple households. The level and 

upward trend of inequality among single-parent-and-children households are remarkable.  

Figure 20(a)-20(b) presents income inequality measures by the number of workers. On 

a household income basis, income inequality rose throughout the 1990s and 2000s for all of the 

measures. On an equivalized income basis, on the other hand, changes in income inequality are 

modest for households with workers, while income inequality declined for households with no 

workers. This is perhaps because the share of poor households with no workers decreased because 

of the increase in the share of pension-beneficiary households.  

Finally, we present income inequality measures by area in Figure 21(a)-21(b). Income 

inequality increased in both urban and rural areas, but the rates of increase seem slightly higher 

in urban areas than in rural areas. 

 

5.7 Comparison with Hori et al. (2020) 

We construct the sampling weights following the procedure employed by Hori et al. 

(2020). We apply the same weighting adjustment to the CSLC, while Hori et al. (2020) uses the 

NSFIE. If the gap between the income inequality measures calculated with the two data is partly 

attributable to the difference in the sample distributions, the gap is expected to shrink if the sample 

distribution is adjusted with a sampling weight created in the same manner. Thus let us compare 

the results obtained in this study and Hori et al. (2020) 

As mentioned above, income inequality measures calculated using the CSLC data tend 

to be higher than those calculated using the NSFIE data if the data are weighted with the provided 

weights. We find that the gap between the Gini coefficients calculated using the CSLC and NSFIE 
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data with the provided weights is 0.0485, while the gap shrinks to 0.0408 if adjusted with our 

original weights. The gap shrinks only slightly because even the income inequality measures 

calculated with the CSLC data tend to be higher if the weighting adjustment with our original 

weights is applied. This is partly because the CSLC undersamples single households. 

The levels of income inequality measures calculated using the CSLC and NSFIE tend 

to be higher when weighting adjustments with our original weights are applied. However, the 

weighting adjustment with our original sampling weight does not have a significant change in the 

trend of the inequality measures. We also find that 31.6 to 57.4% of the change in inequality 

measures during the 1990s are attributable to the changes in the composition of households, which 

is comparable with the corresponding figures in Hori et al. (2020). For the changes in the income 

inequality measures during the 2000s, however, we draw different conclusions. Hori et al. (2020) 

found that approximately 20-30% of the change in the 2000s is attributable to the changes in the 

composition of households, while we find that more than 100% can be explained by the changes 

in the composition of households. This discrepancy is perhaps due to the fact that the amount of 

the change in the 2000s is small. Another difference that can cause this discrepancy is that we 

decompose the change from 2000 to 2009, while Hori et al. (2020) decompose the change from 

1999 to 2009.  

 

6 Conclusion 

This study attempts to measure income inequality in Japan during the 1990s and 2000s with a 

precision greater than that of previous studies. We use the CSLC data to calculate four 

representative income inequality measures based on eight income definitions. To precisely 

measure the income inequality in Japan, we create sampling weights using the microdata from 

the Population Census. 
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We find that the level of income inequality measures becomes higher if we apply 

weighting adjustment using the Population-Census based weights. We confirmed previous studies' 

findings that there was an upward trend in income inequality in the 1990s. We also confirmed the 

finding of previous studies that the pattern of the change in income distribution was quite different 

for the 1990s and 2000s: the rise in income inequality during the 1990s was caused by the increase 

in the variability of income, while the rise in income inequality during the 2000s was caused by 

the increase of poorer households. 

A comparison of the level and pace of increase in inequality measures across the eight 

income definitions revealed that the rise in income inequality is less pronounced for income 

definitions closer to the actual source of consumption. This is largely due to the redistributive 

mechanisms such as the tax and social security system. Moreover, we show that the upward trend 

in inequality measures and the effect of the aging of the population are less pronounced if we 

include the imputed rents because the majority of older households are homeowners. This 

indicates that omitting imputed rents can exaggerate the level and the upward trend in income 

inequality. 
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Table 1: Summary statistics (CSLC) 
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Table 2: Summary statistics (Population Census) 
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Table 3(a): Inverse of the adjustment factors (1/𝑤𝑤𝑗𝑗,𝑖𝑖 ≡ �̂�𝑠𝑗𝑗,𝑖𝑖/𝑠𝑠𝑗𝑗,𝑖𝑖) by weighting cell :  

Single-person households in the raw 2009 CSLC data 
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