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Abstract

This study investigates the benefits and caveats of using tax agency data through a descrip-

tive analysis, and estimates the robust Gini coefficient for individuals’ earned income by

applying statistical tools combining household survey and tax agency data. We show that

the advantage of the tax agency data is that it captures top incomes, while its weak coverage

of female non-regular workers can be complemented by combining it with the household

survey data. Further, the descriptive results show that the Gini coefficient computed using

the household survey is larger than that from using tax agency data, despite not covering

top incomes. This indicates that capturing the distribution of the middle and low incomes

is more important to estimate the inequality level than capturing the top incomes in Japan.

Moreover, the robust estimate of the Gini coefficient indicates that combining top incomes

does not substantially affect the overall Gini index computed solely from the household

survey data, which is distinct from the results for other countries in the literature. However,

when we decompose the Gini coefficient into between- and within-group components of

gender and employment status, combining the tax agency and household survey data is im-

portant. Although both data show an increase in the between-group component from 2014

to 2019, the integrated data indicate that the between-group contribution actually decreases

from 2014 to 2019, reflecting the increases in the incomes of regular female workers.
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1 Introduction

Income inequality has attracted growing attention globally. With the increasing social

awareness of the disparity between employment statuses, especially that between regular and

non-regular workers, the Japanese government has extensively promoted wage increases for

non-regular workers by enforcing the equal pay for equal work system from the mid-2010s1.

Indeed, the Gini coefficient of Japanese households’ earned income was in a gradual decline

in the second half of the 2010s (Kitao and Yamada (2024); Kitao and Yamada (2025); Cabi-

net Office (2022)). Studies reporting the Gini coefficient for earned income in Japan have used

household survey data so far, such as the National Survey of Family Income and Expenditure

(NSFIE); National Survey of Family Income, Consumption and Wealth (NSFICW); Family

Income and Expenditure Survey; and Comprehensive Survey on Living Conditions (Kohara and

Ohtake (2014); Kitao and Yamada (2024); Kitao and Yamada (2025); Cabinet Office (2022)).

However, several recent studies report that household-survey-based estimates of inequality un-

derreport the change in income inequality due to the lack of top incomes (Atkinson (2007);

Atkinson, Piketty, and Saez (2011); Alvaredo (2011); Jenkins (2017); Li, Yu, and Li (2021);

Flachaire, Lustig, and Vigorito (2023)). In Japan, some researchers have recently tackled the

issue of estimating Pareto coefficients using the tax filing data, or reporting the top income

shares using the household survey and semi-aggregated tax dataset(Kunieda and Yoneta (2023);

Mikayama, Imahori, Ohno, Yoneta, and Ueda (2023)). Thus, studying the robust inequality level

using a dataset that captures top incomes can be beneficial for researchers and policymakers to

understand the income disparity between employment statuses.

Here, we use the micro data from the Statistical Survey of Actual Status for Salary in

the Private Sector (SSASSPS; hereinafter, “tax agency data”), which are compiled by Japan’s

National Tax Agency and has recently been made available to academic researchers. One of the

main advantages of the tax agency data is that it requires the sampled establishments to report

all employees who earned more than 20 million JPY. Thus, we first investigate the benefits and

caveats using the tax agency data through descriptive analysis. Thus, the advantage of the tax

agency data is clearly the strong coverage of top incomes. Conversely, the disadvantage is its

weak coverage of female non-regular workers. We compare the Gini coefficient of individuals’

earned income estimated from the tax agency data with that from the NSFIE and NSFICW

(hereinafter, “household survey data”). We find that the Gini coefficient of the household survey

data is larger than that of the tax agency data, despite the lack of coverage of the top incomes

of the household survey data. This indicates that capturing the distribution of middle and low
1The policy was started by Prime Minister Shinzo Abe in 2016.
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incomes is more important to estimate inequality level than capturing that of top incomes in

Japan.

Then, to complement the disadvantage of the tax agency data, we combine the top incomes of

the tax agency data with the household survey data. After checking Paretianity of the tax agency

data and finding the splicing points at which we combine two datasets using the Kolmogorov-

Smirnov (KS) statistic, we estimate the robust Gini coefficient using the integrated dataset.

Clearly, combining top incomes does not substantially affect the overall inequality level of the

Gini index computed solely from the household survey data, which is distinct from the results

for other countries in the literature.

Finally, we conduct the Gini decomposition analysis based on Dagum (1997). The Gini

decompositions from the household survey and tax agency data show that the between-group

contribution of gender and employment status increased from 2014 to 2019. This result on the

increase in the group-component remains unchanged even when we use the simply-integrated

data. However, we show that the simple integration method, which involves combining two

datasets at one splicing point following the literature, may overestimate the Gini coefficient and

between-group component. When we use our proposed parallel integration method, which iden-

tifies the gender-employment-status-specific splicing points and combines two data parallelly by

every group-specific distribution, the between-group component of our integrated data decreases

from 2014 to 2019. This reflects the increases in the incomes of regular female workers.

The main contributions of this work are as follows: (1) We compare the distributions of

individuals’ earned income in the household survey and tax agency data through the descriptive

analysis, and report the benefits and caveats using the tax agency data. In particular, we show

that the Gini coefficient computed using the household survey is larger than that computed using

the tax agency data because of the difference in their coverage. Since the micro data from the

household survey have been widely used by researchers in Japan, analyzing the difference in

the household survey and tax agency data provides evidence of the correctness of the coverage

of the household survey. (2) Additionally, we combine the two datasets and estimate the robust

Gini coefficient. Again, its value is not substantially different from the coefficient estimated

solely from the household survey. This evidence provides a reference for studies on this topic.

(3) The parallel integration method corrects the overestimates of the Gini coefficients obtained

from the simple integration method in the literature, which is a methodological contribution.

(4) We report the decomposition of the Gini coefficient into between- and within-components of

gender and employment status after combining the two data sources. This provides evidence of

the contribution of the difference in gender and employment status on overall inequality level,

thereby contributing to the related literature.
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The remainder of the paper is organized as follows. Section 2 presents the data and basic

facts. Section 3 shows the descriptive analysis. Section 4 introduces the method to find the

splicing point and outlines reason we use parallel integration. In Section 5, we integrate the

datasets, re-estimate the Gini coefficient, and conduct the Gini decomposition analysis. Section

6 presents the conclusions of this study.

2 Data and basic facts

The household survey data are from the NSFIE in 2014 and the NSFICW in 20192, which

are compiled by the Ministry of Health, Labour and Welfare in Japan. We use individual-level

pre-tax annual earned income from a main job as a variable of individuals’ earned income3.

Since NSFIE and NSFICW are household surveys, we use the data on the employed household

heads and spouses4. That is, we exclude members other than the head and spouse in each

household because their earned incomes are aggregated. We also drop individuals who are not

working since we focus on earned income. The person whose earned income is zero is also

excluded. This is because surveyed households report their earned income of the previous year.

If they did not work in the previous year and start working in the survey year, they report their

income as zero. Finally, we use the gender and employment status of the surveyed person.

Tax agency data are from the SSASSPS in 2014 and 2019, which is compiled by Japan’s

National Tax Agency. SSASSPS conducts a two-stage sampling to select the surveyed individ-

uals. In particular, in the first stage, establishments are stratified by number of employees and

other factors, and the sample establishments are extracted. Then, in the second stage, surveyed

employees are extracted from the sample establishments. The sampling rate depends on the

number of employees5. However, notice that sample establishments must report all employees
2We do not adjust the difference in the sampling weights of NSFICW and NSFIE since the adjusted sampling

weights are not recorded in our datasets.
3Since our study focuses on earned income, we can not discuss the total income. In particular, if we include

capital income in our study, the effect of covering top incomes on the inequality levels may increase. However, it

is important to study the earned income in order to discuss inequality between genders and employment statuses.
4Although NSFIE and NSFICW record the aggregate earned income of household members other than their

heads and spouses, it is not possible to identify their individual-level income. In order to focus on the analysis of

individual-level earned income, we select data on the employed household heads and spouses. It is notable that

excluding household members other than their heads and spouses may negatively affects inequality levels since

they tend to earn much less than household heads.
5For establishments with 33 ∼ 99 employees, the sampling rate of surveyed employees is defined as “All

employees who earned more than 20 million JPY and one-sixth of those who earned equal to or less than 20 million

JPY.”
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who earned more than 20 million JPY. Thus, SSASSPS has a strong coverage to top incomes.

The individuals’ earned income is from the variable of the individual-level annual salary from

the sampled establishments. Notice that the annual salary from the sampled establishments is

not always equal to the annual earned income because workers may receive salary from other

establishments outside the sample. Additionally, SSASSPS only covers the private sector. We

use other variables like gender, employment status, and employers’(establishments’) size and

industry.

We summarize the comparison of household survey and tax agency data in Table 1. As we

show in the Section 3, the household survey has (tax agency data have) strong coverage of low-

income (high-income) earners but weak coverage of top (low) incomes. Thus, the household

survey and tax agency data can complement each other.

Table 1: Household survey and tax agency data

Data Positive Negative

Household survey data

(NSFIE/NSFICW)

- Strong coverage of low-

income earners

- Cover public employees

- Weak coverage of top incomes

Tax agency data

(SSASSPS)

- Strong coverage of top

incomes

- Record of employment status

of employees and size and

industry of employers (not

included in Tax Filing data)

- More accessible than tax

filing data (but used by

few researchers so far)

- Weak coverage of low incomes

(Female, Non-regular workers)

- Not cover public employees

2.1 Potential problems related to the tax agency data

In the tax agency data, employers report earners who received salaries of 12 months and

those who earned 11 months or less. The latter may receive a salary from other establishments
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outside the sample. Fig. 1 depicts the empirical cumulative distribution function (CDF) of

earners who received salaries of 12 months and 11 months or less. The latter have much lower

distribution. However, we do not know whether they received salaries from other employers and

how many months they received salaries from surveyed establishments.

Figure 1: Empirical cumulative distribution function of the tax agency data (2019)(only incomes

below 30 million JPY are shown)

To reduce the negative bias from the low distribution of earners who received salaries of

11 months or less, we drop them from our sample. However, their exclusion causes the loss

of non-regular workers, especially those of females as shown in Table 2. Thus, we solve this

problem by combining the household survey data in Sections 4 and 5.

Table 2: Statistics for the tax agency data by gender and employment

status

12 months 11 months or less

Non-regular worker Others Non-regular worker Others

Male 7.3% 50.4% 23.1% 20.3%

Female 16.5% 25.7% 41.4% 15.1%

Source: SSASSPS in 2019.

Note: The fraction of each group is adjusted by sampling weights.
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2.2 Composition of the household survey and tax agency data

The household survey data has some advantages in recording the substantial number of

female non-regular workers as shown in Table 3. Leveraging this advantage enables us to

complement low-income earners to estimate inequality indices.

Table 3: Statistics for the two data sets by gender and employment

status

Tax agency data Survey data

Non-regular worker Others Non-regular worker Others

Male 7.3% 50.4% 8.2% 47.4%

Female 16.5% 25.7% 23.7% 20.7%

Source: SSASSPS and NSFICW in 2019.

Note: The fraction of each group is adjusted by sampling weights.

3 Descriptive analysis

Figs. 2, 3, and 4 show that the household survey and tax agency data have similar empirical

CDFs except for the top and bottom incomes. The household survey has higher values of the

CDF in the bottom-income brackets than those in the tax agency data in Fig. 3; the opposite

holds for the top-income brackets in Fig. 4.
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Figure 2: Empirical cumulative distribution function of the two datasets (only incomes below

30 million JPY are shown)

(a) 2014 (b) 2019

Figure 3: Empirical cumulative distribution function of the two datasets (only incomes below 4

million JPY are shown)

(a) 2014 (b) 2019

Figure 4: Empirical cumulative distribution functions of the two datasets (only incomes greater

than 20 million JPY are shown)

(a) 2014 (b) 2019
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3.1 Gini inequality index and its decomposition

Next, we introduce the decomposition of Gini coefficient considering the sampling weights

based on Dagum (1997).

Consider 𝑁 =
∑𝐾
𝑘=1

∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘 individuals with mean income 𝜇, sampling weight 𝑤𝑖𝑘 , and

𝑘 = 1, 2, ...𝐾 partitioned groups with 𝑁𝑘 =
∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘 individuals with mean income 𝜇𝑘 :

𝜇 =

∑𝐾
𝑘=1

∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘 𝑦𝑖𝑘∑𝐾

𝑘=1
∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘

and 𝜇𝑘 =
∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘 𝑦𝑖𝑘∑𝑁𝑘
𝑖=1 𝑤𝑖𝑘

. Each individual 𝑖 in group 𝑘 has 𝑦𝑖𝑘 income.

The Gini coefficient of the whole population 𝐺, within component 𝐺𝑤, and between com-

ponent 𝐺𝑏 are expressed as follows:

𝐺 =

∑𝐾
𝑘=1

∑𝐾
ℓ=1

∑𝑁𝑘
𝑖=1

∑𝑁ℓ
𝑗=1 |𝑦𝑖𝑘 − 𝑦 𝑗ℓ |𝑤𝑖𝑘𝑤 𝑗ℓ

2𝑁2𝜇
=

𝐾∑︁
𝑘=1

𝐺𝑘𝑘𝑃𝑘𝑆𝑘 +
𝐾∑︁
𝑘=1

𝐾−1∑︁
ℓ≠𝑘

𝐺𝑘ℓ (𝑃𝑘𝑆ℓ + 𝑃ℓ𝑆𝑘 )

= 𝐺𝑤 + 𝐺𝑏

(1)

where 𝑃𝑘 = 𝑁𝑘
𝑁

, 𝑆𝑘 = 𝑁𝑘𝜇𝑘
𝑁𝜇

,

𝐺𝑘𝑘 =

∑𝑁𝑘
𝑖=1

∑𝑁𝑘
𝑗=1 |𝑦𝑖𝑘 − 𝑦 𝑗 𝑘 |𝑤𝑖𝑘𝑤 𝑗 𝑘

2𝑁2
𝑘
𝜇𝑘

; (2)

𝐺𝑘ℓ =

∑𝑁𝑘
𝑖=1

∑𝑁ℓ
𝑗=1 |𝑦𝑖𝑘 − 𝑦 𝑗ℓ |𝑤𝑖𝑘𝑤 𝑗ℓ

𝑁𝑘𝑁ℓ (𝜇𝑘 + 𝜇ℓ)
. (3)

The results are reported in Table 4. Compared to Kitao and Yamada (2025), who report the

Gini coefficients at the household level (0.627 in 2014 and 0.559 in 2019), our coefficients from

the household survey are smaller because we drop individuals who are not working or whose

earned income is zero. The coefficients in both datasets have increased a little from 2014 to

2019. Remarkably, the coefficients from the household survey are larger than those from the tax

agency data despite the lack of covering top incomes. Moreover, the between-component has

increased a little from 2014 to 2019 in both datasets despite the government’s policy.

To show the reason why the Gini index from household survey is larger than that from tax

agency data, we depict the Lorenz curves from the two datasets in Fig. 5. The Gini coefficient

is known to be twice the area captured between Lorenz curve 𝐿< (𝑤) and the line of perfect

equality:𝐺 ≡ 2
∫ 1

0 [𝑤 − 𝐿< (𝑤)]𝑑𝑦 , where 𝑤 is cumulative share of workers. Thus, we can

visualize why the household survey has a higher Gini coefficient than the tax agency data.
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Table 4: The gini coefficient, and its decomposition

by gender and employment status

Gini Decomposition

Between Within

Household survey data

2014 0.401 77.8% 22.2%

2019 0.402 78.0% 22.0%

Tax agency data

2014 0.375 76.8% 23.2%

2019 0.378 77.4% 22.6%

Source: SSASSPS and NSFIE/NSFICW in 2014 and 2019.

Note: Employment status is classified into “Regular worker”, “Non-regular

worker”, and “Others”. The coefficients are adjusted by the sampling

weights.

Figure 5: Lorenz curves of the tax agency and household survey data, 2019

The household survey has lower values of the Lorenz curve for low and middle percentiles

than the tax agency data, and vice versa for top percentiles. Therefore, the effect of the household

survey’s capturing middle and low incomes on Gini coefficient is larger than that of tax agency

data’s capturing top incomes. Consequently, the coefficients of the former are larger than those

of the latter.

Why did the Gini coefficient of both datasets increase from 2014 to 2019? Possibly, the

promotion of women’s participation in the workplace increases the low-income female earners,
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such as non-regular female workers. Since our analysis focuses on employed workers, the Gini

coefficient may increase “among workers”. Then, the increase in the Gini coefficient does not

mean an increase in the inequality in earned income. Rather, it represents the transitional result

of the promotion of women’s participation in the workplace. However, this is not the case as

seen in Fig. 6. Specifically, the increase in working population from 2014 to 2019 was not

concentrated on female non-regular workers, but on regular female workers.

Figure 6: Working population change by group from 2014 to 2019

Source: SSASSPS

Additionally, we use the relative income divergence curve to show that the distribution of

female workers did not shift to the lower percentiles. The relative income divergence curve is

introduced as the “Relative Regional Income Divergence Curve” in Rinz and Voorheis (2023)

to visualize the distributional difference between groups. We use it to show the distributional

difference between gender and employment status groups.

The relative income divergence curve can be expressed as follows:

𝑅(𝑝) = 𝐹𝑁 (𝑞𝑛 (𝑝)) − 𝑝, ∀𝑝 ∈ [0, 1]

where 𝐹𝑁 (.) is the cumulative income distribution function of the national distribution, 𝑝 is

percentile of the group-specific distribution, and 𝑞𝑛 (𝑝) is the quantile function of the distribution

of group 𝑛.
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As shown in Fig. 7, the relative income of regular female workers increased at around 10 to

90 percentiles, while that of female non-regular workers remains almost unchanged from 2014

to 2019.

Considering the results of Figs. 6 and 7, increasing women’s participation in the workforce

did not cause the increase in female low pay earners in the sample. Clearly, this is not the cause

of the increase in the Gini coefficient.

Fig. 8 depicts the CDF of the tax agency data in 2014 and 2019. The value and composition

ratio of top incomes increased from 2014 to 2019. Thus, the growth in top incomes may cause

the larger increase in the Gini coefficient in tax agency data. However, since the Gini coefficient

of the household survey also increased despite the different coverage from the tax agency data,

further analysis is needed to obtain true changes in inequality by combining the two datasets.

Figure 7: Relative income divergence curves by gender and employment status

(a) 2014 (b) 2019

Source: SSASSPS

Figure 8: Growth of top incomes

Source: SSASSPS
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4 Integration methodology

4.1 Splicing point

This section introduces the methodology to find a splicing point, and integrate the tax agency

and household survey data at the points. The methodology is based on Jenkins (2017) and Li et

al. (2021).

First, we find the splicing point from the distribution of the tax agency data such that the

complementary CDF (CCDF) of the left-truncated tax agency data offers the closest fit to the

CCDF of the analytical Pareto model. In particular, suppose that the splicing point is an

arbitrary income value 𝑥𝑚𝑖𝑛. Following Jenkins (2017) and Li et al. (2021), we estimate the

scaling parameter 𝛼 of the Pareto distribution as 𝛼̂ = 1 + 𝑛
[∑𝑛

𝑖=1

(
ln 𝑥𝑖

𝑥𝑚𝑖𝑛

)]−1
. Given 𝛼̂, we

obtain the CCDF 𝑃(𝑥) as 𝑃(𝑥) =
(

𝑥
𝑥𝑚𝑖𝑛

)−𝛼+1
. Then, we calculate the KS statistic by minimizing

the distance between the empirical CCDF 𝑆(𝑥) and analytical Pareto model CCDF 𝑃(𝑥) given

𝑥𝑚𝑖𝑛. We repeat the process above for any value separated from a million JPY to the maximum

value of the income distribution by every million JPY to decide the final value of 𝑥𝑚𝑖𝑛 such that

the KS statistic is minimized: min{max𝑥𝑚𝑖𝑛≤𝑥≤𝑥𝑚𝑎𝑥 |𝑆(𝑥) − 𝑃(𝑥) |}.
Second, after finding the splicing point, we integrate records whose earnings are higher than

the splicing point in the tax agency data and those lower than the splicing point in the household

survey data. We find just one splicing point from the entire distribution of the tax agency data.

However, although the literature decides one splicing point, combining the two datasets at

just one splicing point may cause an overestimation of the Gini coefficient. Fig. 9 shows how the

maximum values of earned income in the household survey differ by gender and employment

status. In particular, the maximum income of non-regular workers in the household survey is

much lower than that of other workers. Thus, if the splicing point for the whole distribution is

higher than the maximum income of non-regular workers, the integrated data will not include

non-regular workers whose income is higher than the maximum value in the household survey but

lower than the splicing point. Consequently, non-regular workers with relatively high incomes

are dropped from the sample, resulting in the overestimation of the Gini coefficient.

To avoid this overestimation problem, we try the parallel integration method: we apply the

integration method to each distribution by gender and employment status parallelly, and then

combine all the data. We can make splicing points by gender and employment status thanks to

the variables of the tax agency data.
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Figure 9: Empirical cumulative distribution function of the two datasets by gender and employ-

ment status, 2019 (only incomes below 100 million JPY are shown)

(a) Male, regular workers (b) Female, regular workers

(c) Male, non-regular workers (d) Female, non-regular workers

(e) Male, other workers (f) Female, other workers

4.2 Paretianity

Our method explained in Section 4.1 assumes the Paretianity of all distributions by gender

and employment status. Before combining the household survey and tax agency data, we check

the Paretianity of the distributions by using the Zenga curve. The Zenga curve 𝑍 (𝑤) has been
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developed by Cirillo (2013) to check Paretianity.: 𝑍 (𝑤) =
𝑤−𝐿>(𝑤)
𝑤 [1−𝐿>(𝑤)] , 0 < 𝑤 < 1 where

𝐿 > (𝑤) = 1 − 𝐿 < (𝑤). A dataset follows the Pareto distribution when 𝑍 (𝑤) is positively-

sloped and rises as 𝑤 → 1. As shown in Figs. 10 and 11, the Zenga plots provide strong

evidence of Paretanity for all distributions by gender and employment status.

Figure 10: Zenga curves for tax agency data (Threshold = JPY 23 million)

(a) 2014 (b) 2019
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Figure 11: Zenga curves for tax agency data, by gender and employment status, 2019

(a) Male, non-regular worker (Threshold =

JPY 35 million)

(b) Female, non-regular worker (Threshold =

JPY 24 million)

(c) Male, non-regular worker (Threshold =

JPY 30 million)

(d) Female, non-regular worker (Threshold =

JPY 2 million)

(e) Male, non-regular worker (Threshold =

JPY 37 million)

(f) Female, non-regular worker (Threshold =

JPY 27 million)

5 Results

5.1 Fitting to the Pareto model

Fig. 12 shows the KS statistic for each splicing point in the distributions of the whole sample

in 2014 and 2019. We set 40 and 23 million yen as the splicing points in 2014 and 2019,

respectively.
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Similarly, we define the splicing points by gender and employment status in Table 5. As

shown in Fig. 11, the Zenga curves certify the Paretianity of all distributions by gender and

employment status.

Figure 12: Fitting tax agency data to the Pareto model

(a) 2014 (b) 2019

Table 5: Splicing point by gender and employ-

ment status (JPY Thousand)

Employment status 2014 2019

Male, regular worker 32000 35000

Male, non-regular worker 21000 30000

Male, other worker 21000 37000

Female, regular worker 3000 24000

Female, non-regular worker 2000 2000

Female, other worker 20000 27000

5.2 Robust Gini coefficient and its decomposition

After integrating the tax agency and household survey data at the splicing point reported in

Section 5.1, we calculate the robust Gini coefficients, and decompose them into between- and

within- group components of gender and employment status. The results are summarized in

Table 6.

The Gini coefficients and between-components of simply-integrated data are larger than

those estimated solely from the household survey or tax agency data. However, as stated in

Section 4.1, the results of the simply-integrated data may overestimate the coefficients and

between-components owing to discard high incomes at around 20–40 million yen.
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To avoid the overestimation problem, we apply the parallel integration to the tax agency

and household data by gender and employment status. The Gini coefficients of parallelly-

integrated data are lower than those of simply-integrated data since the former avoid discarding

the data of relatively high incomes. Notably, the coefficients of parallelly-integrated data have

increased from 2014 to 2019. Further, the increase is larger than those of household survey

and tax agency data. The increase in the coefficients of parallelly integrated data reflects the

summation of the change in household survey and tax agency data. Next, the coefficients of the

parallelly-integrated data are closer to those of household survey than to those of tax agency

data in both 2014 and 2019. In Japan, the contribution of the disparity between top and bottom

incomes to Gini inequality index is much lower than that in other countries. This finding which

is consistent with Mikayama et al. (2023), who report a small share of top incomes in Japan.

This small contribution of top incomes to overall inequality is distinctive from that in other

countries(Jenkins (2017); Li et al. (2021)). Next, in contrast to the results of the other three

datasets, the between-component of parallelly-integrated data has decreased from 2014 to 2019.

Since the parallel integration method enables us to capture the growth of female incomes at

around 10 to 90 percentiles (see Fig. (7)), its between-component has decreased from 2014 to

2019.
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Table 6: Gini coefficient and its decomposition by gender

and employment status after parallel integration

Gini Decomposition

Between Within

Household survey data

2014 0.401 77.8% 22.2%

2019 0.402 78.0% 22.0%

Tax agency data

2014 0.375 76.8% 23.2%

2019 0.378 77.4% 22.6%

Simply-integrated data

2014 0.407 78.1% 21.9%

2019 0.413 78.7% 21.3%

Parallelly-integrated data

2014 0.405 79.4% 20.6%

2019 0.409 78.6% 21.4%

Source: SSASSPS and NSFIE/NSFICW in 2014 and 2019.

Note: The employment status is classified into “Regular worker”, “Non-regular

worker”, and “Others”. The coefficients are adjusted by sampling weights.

6 Conclusion

Household survey and tax agency data complement each other to estimate inequality level.

This study shows the strong coverage of the top (low) incomes in the tax agency (household

survey) data by plotting the empirical CDF and Lorenz curves. Then, we integrate both the

data by our proposed parallelly integration method after confirming the Paretianity by Zenga

curves and re-estimate the Gini coefficients. Our robust estimation of the Gini coefficients

indicates that the change in inequality level and decomposition of the coefficients should be

analyzed by combining household survey and tax agency data. Although the difference in the

Gini coefficients estimated from widely-used household survey data and our parallelly-integrated
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data is not large, the decomposition analysis suffers from an overestimation problem due to the

lack of relatively higher incomes, unless we use our proposed parallel integration method.
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