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This study is concerned with the lifecycle bias that affects the estimation result of 

intergenerational income mobility, using Korean data. Previous studies have estimated 

intergenerational income mobility in Korea to be very high, at an elasticity of just below 0.2. 

Knowing that this value is most likely downward biased due to short observation periods and 

small sample sizes, researchers have employed correction methods like multi-year averaged 

OLS estimation, IV estimation, and two-sample estimation, and conclude that the actual 

intergenerational elasticity might be around 0.3.  

I suspect the main cause of bias to be the observation of old fathers and young sons, 

which is unavoidable in OLS and IV estimation due to a short observation period and small 

sample size. I therefore apply the two-sample estimation method to KLIPS data to 

significantly expand the sample size, which then allows me to correct the lifecycle bias by 

limiting the age of fathers and sons to 35-45 years. Using the full sample produces an 

intergenerational income elasticity of 0.321, while using the limited sample gives an elasticity 

of 0.236. We can thus conclude that the lifecycle bias in two-sample estimation is an 

amplification bias – instead of an attenuation bias – in KLIPS data. 
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I. Introduction 
Intergenerational income mobility is an important index that measures a society’s degree of 

(in)equality in economic opportunity. A more commonly known index is the Gini coefficient, 

which measures the distribution of income cross-sectionally. Intergenerational mobility 

includes a time aspect, and is therefore better suited to make predictions about future levels of 

income inequality. Equality of economic opportunity regardless of one’s family background 

is an important prerequisite for a healthy society. If economic success or failure are 

predetermined based on social background, a society is more likely to experience higher 

crime rates, polarization, and social unrest. 

Labor economics has shown that the gap between high and low wage earners has 

widened in the last few decades. If this income inequality is transmitted over generations, 

poverty will also be passed from generation to generation. Such a trend would call for 

government intervention beyond simple poverty relief policies. Therefore, it is recommended 

to measure a country’s intergenerational income mobility regularly, to notice worrisome 

trends early on. In addition, Korea experienced high economic growth for the past few 

decades, so each generation enjoyed a higher standard of living than the last. This trend is 

now over, and it important to observe how this change will affect intergenerational income 

mobility. 

Intergenerational income mobility is a measure of the degree to which income status 

is transmitted from one generation to the next. It measures the correlation in income between 

the parent generation and the child generation, and is estimated by regressing a child’s log 

income on parent’s log income. The resulting coefficient is called intergenerational income 

elasticity. If the elasticity is close to zero, a parent’s income has almost no effect on their 

child’s income; if the elasticity is close to 1, a child’s income is almost completely decided 

by their parent’s income. 

The relation between intergenerational elasticity and mobility is simple: if 

intergenerational income elasticity is 𝜌, intergenerational income mobility is (1 − 𝜌). So, if 

intergenerational income elasticity is low, intergenerational income mobility is high, and the 

other way around. The intergenerational income elasticity in the Republic of Korea 

(henceforth: Korea) is estimated at slightly below 0.2, which translates to a highly mobile and 

equal society. If a father’s income is 10% higher than his generation’s mean income, his 

son’s income is on average 2% higher than the mean income of his generation. 
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 Is this a realistic value for Korea, or are there underlying factors that distort the 

estimation results? International comparison shows that Northern European countries have 

estimates of around 0.2, the US are known to have an elasticity of around 0.4, and most 

unequal countries like Brazil have elasticities over 0.5.  

The Korean society is very homogeneous, which does make a low estimate more 

likely. However, the Korean society also has many features that make such a low elasticity 

seem unrealistic: it is still characterized by rigid hierarchic elements in family and workplace; 

university ranking has a clear influence on job perspectives; and there exist large wage 

differences between conglomerates and small and medium enterprises. Especially worrying is 

the high popularity of private tutoring from elementary through high school. Korean parents’ 

expenditure on their child’s education is very high, which in turn influences their university 

admission and future job prospects. 

Previous researchers have long doubted the validity of their low estimation results in 

Korea. The issue seems to lie in the short observation period of the dataset. Korea’s longest 

panel study, the Korean Labor & Income Panel Study (KLIPS), started only in 1998. This 

results in a small sample size, and the observation of old fathers and young sons. All of this 

leads to a downward bias in the estimation of intergenerational income elasticity. 

To solve both problems – small sample size and skewed age distribution – I use the 

so-called two-sample method for my estimation. Here, fathers and sons of the same 

household do not need to be matched, and fathers’ potential income is used in the regression. 

This method enables me to increase the sample size more than ten-fold, and observe income 

at more appropriate ages for fathers and sons. I find an estimate of 0.321 for the full sample, 

and an estimate of 0.236 when limiting the age range to 35-45, which is when short-term 

income best represents lifetime income. 

Using the two-sample method to measure Korea’s intergenerational income mobility 

is not new. While all previous studies use KLIPS to observe sons, the data source for the 

father sample differs. Yang (2012), S. Kim (2017) and Hyun (2018) use HIES (Household 

Income and Expenditure Survey), while Ueda (2013) uses KLIPS for both sons and fathers. 

The reason for using another survey is to observe fathers and sons at sufficiently different 

time periods. With KLIPS, Ueda (2013) uses observations from the years 1998-2006 for sons 

as well as for fathers. Then, fathers are observed at an inaccurate time frame, leading to 

validity issues. I resolve this problem by observing fathers in 1998 and sons in 2019. This 

puts a sufficient gap between the two generations. 



 3 
 

 

The remainder of this paper is structured as follows. Section II gives a review of the 

relevant literature, and Section III describes the empirical framework based on previous 

studies. Section IV explains the data sources and variables, Section V presents my estimates 

of the intergenerational income elasticity in Korea, and Section VI concludes.  

 

II. Literature Review 
In their seminal papers, Solon (1992) and Zimmerman (1992) laid the groundwork of this 

field of study. Solon was the first to criticize that previous studies concerned with 

intergenerational correlation in income have been biased downward by measurement errors 

and homogeneous samples. He gets an estimate of 0.41 for intergenerational income elasticity 

in the US, twice as high as previously thought. Zimmerman (1992) shares Solon’s concerns, 

and after trying out a variety of estimation methods, he comes to the conclusion that the 

elasticity in the US is around 0.4. 

Subsequent research expanded the scope of this field to include more factors. For 

example, Kim (2002) studies the difference between nominal and real income, and finds that 

due to intergenerational persistence of urbanicity and a substantial urban/non-urban wage gap 

in the US, intergenerational elasticity for nominal earnings is higher than for real earnings. 

Another expansion is the inclusion of women’s income observations in the estimation. While 

early research has exclusively focused on the transmission of income from father to son, 

Chadwick and Solon (2002) start exploring the relation of fathers and daughters. Haider and 

Solon (2006) focus on the relationship between current and lifetime earnings, and find that 

earnings change over the lifecycle in a way that is not accounted for in textbook models. 

Many countries face the problem that there is no panel data recorded long enough to 

cover the lifetime income of two generations. A popular correction approach is the two-

sample method. It was first introduced to the field of intergenerational income mobility 

estimation by Björklund and Jäntti (1997), who get an estimate of 0.28 for Sweden, and for 

comparison present an estimate of 0.42 for the US. Dunn (2007) finds one of the highest 

results in international comparison in Brazil, namely 0.53 when using the traditional multi-

year averaging approach, and 0.85 using the two-sample approach. It should be mentioned 

that comparing estimates across countries is problematic because of the differences across 

studies. Using different datasets and estimation methods can lead to very different results 

even within a country. 
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In Korea, the first studies on intergenerational income mobility were conducted by M. 

Kim et al. (2009) and H. Kim (2009). In the following I present a summary of all relevant 

papers that I am aware of. All studies work with KLIPS data, unless specified otherwise. 

M. Kim et al. (2009) use KLIPS’ waves 1-6 for fathers, and waves 8-9 for sons. They 

use monthly average wage as economic variable, and use combined wages of father and 

mother as well as son and wife. They find estimates of 0.106 when using parents’ 1998 wage, 

and 0.213 using five-year averaged wages. Additionally, they estimate the elasticity to be 

0.380 when using father’s education as an instrument. Using Haider and Solon’s life-time 

bias correction factor gives a result of 0.261. 

H. Kim (2009) uses monthly average wage, monthly average income, yearly 

household income, and household net assets as economic variables. He uses 10-year averages 

to reduce measurement error. His results are 0.141 for monthly average wage, 0.104 for 

monthly average income, 0.122 for yearly household income, and 0.274 for household net 

assets. 

Choi and Hong (2011) use monthly average labor income and yearly labor income 

with results of 0.126 and 0.037. Using IV estimation leads to results of 0.35-0.44. 

B. Kim et al. (2012) make some corrections and improvements to the M. Kim et al. 

(2009) paper, and get results of 0.213 using parents’ 1998 income, 0.242 using three-year 

averages for parents, 0.286 using IV, and 0.338 using Haider and Solon’s life-time bias 

correction factor. 

Yang (2012) is worried about the issue of representativeness and homogeneity when 

only using sons who live with their parents in 1998 and move out in subsequent years. He 

argues that because in Korea it is the norm to only move out when getting married, it is 

important to include sons who still live with their parents. He gets results of 0.1758 for 

moved-out sons and 0.2252 when including sons living with their parents. Additionally, his 

paper is the first instance of using the two-sample method in Korea, where he uses KLIPS for 

the son sample and HIES for the father sample, with an elasticity estimate of 0.2642. He even 

adds a three-sample approach, getting a result of 0.2944. 

Hyun (2013) and B. Kim et al. (2013) combine intra- and inter-generational mobility. 

They use the reliability ratio gained from intra-generational mobility estimation as a 

correction method for intergenerational income elasticity estimation. Hyun (2013) finds an 

estimate of 0.144, and an estimate of 0.376 after correcting with the reliability ratio. B. Kim 

et al. (2013) find an estimate of 0.151 before correction, and 0.196 after correction. 
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Ueda (2013) presents a single-year OLS estimation result of 0.088 for monthly 

earnings, and 0.077 for annual earnings. Multi-year averaging gives results between 0.067-

0.187, using the SIMEX correction method results in estimates between 0.081-0.183, and the 

IV estimation result is 0.189, all for monthly earnings. Using the same methods with annual 

earnings gives estimates of 0.178-0.227, 0.195-0.236, and 0.385. Ueda also applies the two-

sample approach, with an estimated elasticity of 0.298 for monthly earnings and 0.394 for 

annual earnings. 

Choi and An (2015) focus on the transfer of economic status between parents and 

daughters, where they also consider the husband’s income, which has an average share of 

96% of the household income. They use labor income, financial income, real estate income, 

previous income, and other income variables to calculate total income. The elasticity estimate 

is 0.172 using all daughters, and 0.300 using the combined couple’s income. For sons, the 

estimate is 0.122, and 0.0834 using the combined couple’s income. 

H. Kim (2017) criticizes that KLIPS – the panel study used by all previous studies – 

has a representability problem because it only covers urban households. He therefore uses 

KOWEPS (Korea Welfare Panel Study), which covers urban and rural areas. Estimates are 

0.169 when using single-year income, 0.233 using multi-year averaged income, and 0.435 

using IV estimation. 

S. Kim (2017) focuses on two-sample estimation, and follows Yang (2012) in using 

HIES for the father sample. His two-sample estimates vary between 0.354 and 0.585. 

Hyun (2018) uses monthly average wage, and also takes tax payment and living area 

into consideration. She finds an estimate of 0.204 using multi-year averages, and values of 

0.143-0.317 using the two-sample approach with HIES. 

Like many countries, Korea faces the difficulty of short panel data. The longest panel 

study, the Korean Labor & Income Panel Study (KLIPS), started only in 1998. That means 

we only have a short observation period, a very small sample size, and age distributions that 

differ from the long-term panel studies in countries like the US. The Korean father sample is 

significantly older than the US father sample1, which leads to distortions that this paper will 

discuss in detail. Also, US studies work with sample sizes of around 393, while Korean 

studies only have sample sizes of around 229. These factors lead the Korean intergenerational 

elasticity to be slightly below 0.2, while US studies find elasticities of 0.4-0.6. 

 
1 Studies using PSID have fathers with a mean age around 41.5, while fathers in KLIPS have a mean age around 
54.7. 
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This raises the question whether intergenerational income mobility in Korea is really 

that high, or whether previous estimations are seriously biased due to data limitations. The 

most appropriate method for overcoming this data limitation seems to be the two-sample 

approach, which significantly expands the sample size and allows income to be observed at 

prime earning years. In this paper, I utilize the two-sample approach’s advantages – a large 

sample size and broad age distribution – to control for the lifecycle bias that seems to be the 

main cause of distortion. 

 

III. Empirical Method 
3.1 Basic Model 
The model used most frequently in the study of intergenerational income mobility was first 

formulated by Solon (1992). The basic empirical approach is to estimate income elasticity 𝜌: 

    𝑦&' = 𝜌𝑦)' + 𝜀'      (1) 

where 𝑦&' is the log of the child’s permanent income, 𝑦)' is the log of the parent’s permanent 

income, and 𝜀' is a random error uncorrelated with 𝑦)'. If 𝑦&' and 𝑦)' are directly observed, 𝜌 

can be estimated by applying ordinary least squares regression. However, most data sets, 

including the Korean Labor & Income Panel Study used in this paper, don’t cover enough 

years to allow the observation of permanent earnings of two generations. Therefore, early 

studies have resorted to using single-year income observations as short-run proxies for 

permanent income: 

    𝑦,'- = 𝑦,' + 𝑣,'-      (2) 

where generation 𝑔 = 0,1; i denotes the family; period 𝑡 = 𝑠 for the father’s observations and 

period 𝑡 = 𝑢 for the son’s observations; 𝑦,'- is the income observed in period 𝑡; and 𝑣,'- is a 

measurement error assumed to be uncorrelated with permanent income 𝑦,'. 

Solon (1992) shows that using such a short-term proxy leads to an errors-in-variables 

bias. Assuming that only the father’s short-term income leads to a problematic bias, the 

situation can be described as follows. Let 𝜎6)7  and 𝜎6&7  be the variances of v for the two 

generations, and assume that 𝑣)'8 and 𝑣&'9 are uncorrelated with each other and with 𝑦)' and 

𝑦&'.  If we also assume that the variance 𝜎:7 is same for both generations, then the errors-in-

variables bias is as follows: 

    plim	𝜌@ = 𝜌𝜎:)7 A𝜎:)7 + 𝜎6)7 B < 𝜌D ,    (3) 
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meaning that using single-year observations leads to an attenuation bias in the estimation of 

𝜌. 

Most studies on intergenerational income mobility follow Solon (1992)’s proposal to 

reduce the errors-in-variables bias by averaging income observations over multiple years. In 

the Appendix, I describe why I do not apply this method. 

3.2 Lifecycle Bias 
The textbook errors-in-variables model assumes that the coefficient of 𝑦,' in equation (2) 

equals 1. This would imply that OLS estimation of a regression equation where 𝑦,'- is used 

as a proxy for 𝑦,' consistently estimates the coefficients in a regression of son’s income on 

father’s income. This is no longer the case if the textbook errors-in-variables model does not 

correctly characterize the relationship between single-year and lifetime income.  

Haider and Solon (2006) show that the coefficient in the regression of single-year 

income on lifetime income deviates from 1 in a way that evolves over the life cycle, meaning 

that it varies with age. 

Figure 1: Log Lifetime Income 

 
Figure 1 shows the lifetime income of a worker. We can see that using a single-year 

income observation as proxy for long-run income underestimates the income at all ages 

before t*, and overestimates it at ages after t*. Age t* is when the textbook errors-in-variables 

model can be correctly assumed, which Haider and Solon (2006) conclude to be in the early 

thirties to mid-forties. 
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If income is observed at too young or too old ages, and assuming the errors-in-

variables model is not correct, there are two additional measurement errors. First, we have 

left-side measurement error, with the son’s income as the source of the error. Equation (2) 

becomes 

    𝑦&'9 = 𝜆9𝑦&' + 𝑣&'9      (4) 

where 𝜆9 varies over the lifecycle. 𝑣&'9 is constructed to be uncorrelated with 𝑦&', and we 

keep the assumption that it also is uncorrelated with each separate determinant of 𝑦&'. Then, 

combining equation (1) and (4) gives us 

    𝑦&'9 = 𝜆9𝜌𝑦)' + 𝜆9𝜀' + 𝑣&'9     (5) 

Now, the OLS estimator is inconsistent, and the degree of inconsistency depends on the age 

at which the annual income is observed. 

Right-side measurement error is concerned with the father’s income. Parallel to the 

son’s case, equation (2) becomes 

    𝑦)'8 = 𝜆8𝑦)' + 𝑣)'8.      (6) 

So,  

    plim	𝜌@ = FG6(:IJK,:LJ)
MNO(:IJK)

= 𝜌
PKQRIS

PKSQRIS TQUIS
= 𝜌𝜃8.   (7) 

Haider and Solon (2006) call 𝜃8”inconsistency factor,” also referred to as “reliability ratio.” 

When 𝜆8 = 1, the inconsistency factor reduces to the standard attenuation factor. While the 

inconsistency factor can also become an amplification bias, it is most often an attenuation 

bias. Unlike Haider and Solon (2006), my data do not enable me to find out concrete values 

for 𝜆-. Therefore, my only correction method is to use income observations of fathers and 

sons in their early thirties to mid-forties. 

It is common practice to incorporate age profiles into the regression when estimating 

intergenerational income mobility. Equation (2) is extended to 

    𝑦,'- = 𝑦,' + 𝛽,𝐴,'- + 𝛾,𝐴,'-7 + 𝑣,'-    (8) 

where 𝐴,'- is the age of the father if 𝑔 = 0 and the age of the son if 𝑔 = 1 from family i in 

year 𝑡 = 𝑢, 𝑠. Solving equation (8) for 𝑦)' and 𝑦&' and substituting the two resulting 

equations into equation (1) yields 

    𝑦&'9 = 𝜌𝑦)'8 + 𝛽&𝐴&'9 + 𝛾&𝐴&'97 − 𝜌𝛽)𝐴)'8 − 𝜌𝛾)𝐴)'87   

     +𝑣&'9 − 𝜌𝑣)'8 + 𝜀'.     (9) 

Equation (9) expresses son’s observed income in year u as a function of father’s observed 

income in year s and age controls added for both father and son. If equation (9) is estimated 
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via OLS, the resulting 𝜌@ is subject to errors-in-variables bias because of the correlation 

between 𝑣)'8 and 𝑦)'8. If the age variables are assumed to be uncorrelated with long-run 

income and the v’s, and if we observe father’s and son’s income at a point in their life where 

𝜆- = 1,  𝜌@ is only downward inconsistent by a factor of 𝜎:)7 A𝜎:)7 + 𝜎6)7 BD , as explained in 

Section 3.1.  

3.3 IV Method 
One approach to correct the errors-in-variables bias induced by using short-term observations 

is to apply instrumental-variable (IV) estimation to equation (9). Most commonly, father’s 

years of education are used as the instrument for father’s single-year income. This is because 

education is closely related with lifetime income, and not related with yearly income 

fluctuations. However, because a father’s education is very likely to have a direct impact on 

his son’s income, using it as an instrument here is not straightforward. It leads to an 

inconsistency of the estimator of 𝜌 in upward direction, due to 𝑐𝑜𝑟𝑟(𝑒𝑑𝑢𝑐)', 𝜀'∗) > 0, where 

𝜀'∗ = 𝑣&'9 − 𝜌𝑣)'8 + 𝜀'. This means that we expect the true value of 𝜌 to lie between the OLS 

estimator and the instrumental-variable estimator. I use both father’s education and 

occupation as instruments, in hopes of getting a more accurate estimate. 

Another issue with IV estimation is that the effect of education and occupation on 

income changes over the years. Studies on return to education show that a certain amount of 

education translates to very different labor market outcomes in different generations. Kim 

and Topel (1995) find a large fall in wage inequality in Korea after the 1970s; Choi et al. 

(2005) show that the rate of return to education in Korea substantially dropped from 1983 to 

1994; and Sandefur and Park (2007) find a downward trend in returns to education for 

cohorts entering the labor market in the 1980s compared to those entering in the 1960s and 

1970s. This means that for our father sample with a mean age 50 in 1998, who entered the 

labor market in the 1970s, the return to education is higher than for fathers at our preferred 

age of 40, who entered the labor market in the 1980s. Patterns of return to occupational 

groups are less clear. This is another potential source for estimation biases. 

3.4 Two-sample Method 
Another correction approach is the two-sample method, first introduced by Björklund and 

Jäntti (1997). It is very similar to IV estimation in that it uses instruments (education and 

occupation) instead of the father’s actual income. In fact, it is often called two-sample IV 

estimation or two-stage IV estimation, in short TSIV.  
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The big advantage the two-sample method has over OLS or IV estimation is that we 

can drastically expand the sample size by not limiting it to sons that can be matched to their 

fathers. OLS and IV estimation require sons to be matched to fathers of the same household.  

Having to match fathers and sons in panel data that only spans a few years leads to the 

problem of observing short-term income at old ages for fathers and young ages for sons. The 

two-sample method avoids this issue by not trying to match fathers and sons from the same 

household. Instead, two separate samples from different time periods are used for fathers and 

sons, respectively.  

The instrumentation of fathers’ income by education and occupation can be 

performed across more than one sample. Angrist and Krueger (1992) and Arellano and 

Meghir (1992) each showed that, given reasonable assumptions, moments from multiple data 

sets can be combined and produce consistent IV estimation.  

One data set contains the dependent variable (son’s income) and the instruments 

(father‘s education and occupation), and a second data set contains the instruments and the 

independent variable (father’s income). Prerequisites are therefore the availability of 

information on son’s income, and father’s education and occupation in the son sample, as 

well as information on father’s income, education, and occupation in the father sample. 

Through an income equation where we regress the fathers’ income on education and 

occupation in the father sample, we gain coefficients that tell us the expected return to 

education and to occupations. The “potential” fathers are 20-60 year-old males with positive 

income in 1998. 

    𝑦)'8 = 𝛼) + 𝛾)𝑒𝑑𝑢𝑐)' + ∑ 𝛿)d𝑜𝑐𝑐)'d&)
de& + 𝜂'. (10) 

In equation (10), 𝑦)'8 represents the log of fathers’ income, 𝑒𝑑𝑢𝑐)' represents their years of 

schooling, and 𝑜𝑐𝑐)'d represents the vector of dummy variables for the occupation codes, 

which I divided into ten occupation groups. 

In the second step, using the estimated coefficients 𝛼@), 𝛾@), and ∑ 𝛿g)d&)
de&  from 

equation (10), we can now predict the actual fathers’ expected income 𝑦)hi  in the son sample. 

The second-stage OLS regression of sons’ log income on fathers’ predicted log income and 

controls for sons’ age is as follows: 

    𝑦&'9 = 𝜌𝑦)hi + 𝛽&𝐴&' + 𝛾&𝐴&'7 + 𝜀'.   (11) 

The estimated 𝜌@ from equation (11) is the TSIV estimate of intergenerational earnings 

elasticity. 
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Just like IV estimation, the two-sample method also results in an upward bias in 𝜌@ 

because we use fathers’ education and occupation as instruments, which both arguably have a 

direct effect on sons’ income.  

Concerning the lifecycle bias, in two-sample (as well as in IV) estimation, the 

probability limit of 𝜌 is 

    	plim	𝜌@ = 𝜌 Pj
PK

,     (12) 

meaning that 𝜆- may have a significantly different effect than it has in OLS estimation. 

However, because of the large sample size covering a much broader age distribution, we are 

able to control for 𝜆-,klmM =
Pj
PK

 by limiting the sample to fathers and sons aged about 35-45 

years old, the age range at which 𝜆- can be assumed to be 1. 

 

IV. Data Description 
The data used in this study was obtained from waves 1-22 (covering the years 1998-2019) of 

the Korean Labor & Income Panel Study (KLIPS) conducted by the Korea Labor Institute. 

KLIPS is a longitudinal survey that asks households in urban areas about their labor market 

activities. The first wave, conducted in 1998, includes 5000 households with 13,321 members 

aged 15 or older. As income variable I use the average monthly wage from the main job, after 

taxes. I log-linearize income to obtain the regression coefficient as an elasticity. I convert 

income into real terms using the consumer price index (CPI) as provided by KOSTAT, with 

2019 as the base year.  

Important for our purposes is that KLIPS contains information on an individual’s 

recollection of his father’s education and occupation when the individual was aged 14. I 

convert education dummies into a ‘years of schooling’ variable, and summarize job codes 

into ten occupation dummies. 

This study analyzes two samples. For both samples, only observations with positive 

income were included, and the age range is limited to 20-60 years for fathers and sons. The 

first sample is used for OLS regression and IV regression. For these estimations, it is 

necessary that fathers and sons can be matched. This is achieved by only including 

households where father and son live together in the first wave, and the son remains in the 
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survey even after starting his own household. This limits the number of observations 

significantly, to 182 father-son pairs.2 

The second sample is used in the two-sample approach. Here, men aged 20-60 who 

report positive income in 2019 as well as information on their father’s education and 

occupation when they were 14 are used for the son sample. The father sample consists of all 

men aged 20-60 with positive income in 1998, regardless of their relationship with the son 

sample. This approach allows us to include a significantly larger amount of observations. We 

now observe 3329 sons and 1902 fathers. 

Table 1 summarizes the descriptive statistics for the samples used in OLS as well as 

in IV estimation and in two-sample estimation. For both samples, sons have a higher income 

than fathers, which for once showcases Korea’s economic growth and improved standard of 

living, but is also likely to be a result of the Asian financial crisis that hit Korea in 1997. 

Compared to the small sample, the large sample features a more dispersed income 

distribution for both fathers and sons. This is likely to stem from the broader age distribution. 

While the large sample contains fathers and sons at all ages (20-60), the smaller sample only 

has fathers aged 37-60 and sons aged 36-54. Haider and Solon (2006) recommend using 

income observations when individuals are in their early thirties to mid-forties, to reduce the 

lifecycle bias. Looking at the mean ages, we can expect the fathers’ mean age of 49.9 to 

induce a bias in the OLS and IV sample. Other than that, both samples have favorable mean 

ages of 42.0 for sons in the small sample, and 40.4 and 44.8 for fathers and sons in the large 

sample, respectively. 

Table 1: Descriptive Statistics (KLIPS) 

 OLS and IV, 𝑛 = 182 Two-sample, 𝑛qN-rsO8 = 1902, 

𝑛8Gu8 = 3329 

Variables Mean S.D. Min Max Mean S.D. Min Max 

Fathers’ log real 

income in 1998 

16.959 0.572 15.175 18.394 17.011 0.500 13.563 18.573 

Sons’ log real 

income in 2019 

17.590 0.402 16.300 18.642 17.495 0.445 14.691 19.407 

Age of fathers 49.9 5.3 37 60 40.4 8.6 20 60 

 
2 I decide to only analyze fathers and sons, because special attention is needed when including daughters. For a 
detailed analysis of status transmission between fathers and daughters, see Choi and An (2015). 
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Age of sons 42.0 4.4 36 54 44.8 8.7 20 60 

 

V. Estimation Results 
5.1 OLS and IV Estimation 
Table 2 presents the estimates of intergenerational income elasticity using OLS and IV 

estimation. Using 1998 observations for fathers and 2019 observations for sons, the 

estimation result of equation (9) is 0.192. That means, all other things equal, if the father’s 

income increases by 10%, the son’s income increases by 1.92%, signifying a very high 

intergenerational income mobility.  

Previous studies find an average estimate of 0.145 using single-year income 

observations. The reason for this quite significant difference can be found in the age 

distribution. Some previous studies barely limit the age of fathers and sons at all, to not lose 

too many observations.3 Therefore, father samples have a mean age well over 50, which leads 

to an attenuation bias as described in equation (7).  

First, let us take a look at the role of the son’s age distribution on the estimation 

outcome, as described in equation (5). In the regression analysis we cannot disentangle 𝜆9 

and 𝜌. Therefore, the coefficient of 𝑦)' may vary greatly across age groups and we cannot 

know the actual value of 𝜌. If we observe relatively young sons, the measurement error is 

most likely an attenuation bias because we expect 𝜆9 < 1. However, our OLS sample records 

a mean age of 42.0 for sons, which is in the range where 𝜆9 is probably close to 1, so we can 

cautiously assume that the left-side measurement error stemming from sons is not very large. 

Right-side measurement error, which is caused by the father’s age distribution, is 

more complicated to interpret. Going back to equation (7), we see that without the influence 

of 𝜆8, 
QRIS

QRIS TQUIS
 is the errors-in-variables bias that leads to an attenuated estimation of 𝜌. It is 

difficult to predict the scope of 𝜃8, but it will almost always be an attenuation bias. The only 

case where we can observe an amplification bias is when 𝜆8 < 1 and QUI
S

QRIS
 is sufficiently small. 

Then, 𝜃8 can exceed 1, turning the errors-in-variables bias into an amplification bias. We are 

working with a case where the father sample has a mean age of 49.9, which according to 

 
3 Previous studies have an average sample size of 229. 
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Figure 1 likely produces 𝜆8 > 1. That means that we are definitely looking at an attenuation 

bias in OLS estimation. 

Table 2: Intergenerational Income Elasticity Estimates (n=182) 

 OLS IV 

Fathers’ log real income 0.192*** 

(0.054) 

0.281*** 

(0.083) 

Age of father -0.041 

(0.104) 

-0.049 

(0.105) 

Squared age of father 0.001 

(0.001) 

0.001 

(0.001) 

Age of son 0.165 

(0.139) 

0.185 

(0.140) 

Squared age of son -0.002 

(0.002) 

-0.002 

(0.002) 

Intercept 11.424 

(3.319) 

9.598 

(3.581) 

R-squared 0.089 0.075 

Note: Standard errors in parentheses. 
*** Significant at the 1% level. 
 

 IV estimation gives an elasticity estimate of 0.281, which is lower than the average IV 

estimate of previous studies at 0.381. Together with two-sample estimation, the lifecycle bias 

in IV estimation is of the form 𝜆-,mM =
Pj
PK

. Our son sample with a mean age of 42.0 lets us 

assume that 𝜆9 is close to 1, and the father sample’s mean age of 49.9 means that we can 

expect 𝜆8 > 1. We can therefore assume 𝜆-,mM < 1, however we cannot calculate concrete 

values. Therefore, it is difficult to say whether the IV estimator is overestimated due to the 

correlation between a father’s education and occupation with his son’s income; or whether it 

is underestimated due to the lifecycle bias. 

As mentioned in Section III, single-year OLS estimation results can be interpreted as 

a lower bound, and IV results as an upper bound. We could then conclude that the 

intergenerational income elasticity in Korea is between 0.192 and 0.281.  

Instead of ending my analysis here, I attempt to reduce the lifecycle bias induced by 

observing individuals at too low or too high ages. However, when limiting my already small 
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sample of 182 observations to ages between 35-45, the regressions no longer produce 

statistically significant results. In order to increase my sample size to make that kind of 

calculation possible, I turn to two-sample estimation. 

5.2 Two-sample Estimation 
Table 3 reports the estimates of the elasticity from the two-stage approach using the father’s 

predicted income. Using the full sample, the elasticity is estimated at 0.321, which is only 

slightly lower than the average elasticity of 0.338 estimated by previous studies. 

Interestingly, previous studies report higher IV coefficients than two-sample coefficients, 

while I find the opposite to be true. Just like IV estimation, two-sample estimation produces 

an upward bias because the instruments – father’s education and occupation – are not 

unrelated with son’s income. 

 The estimation result of 0.321 is produced when including fathers and sons aged 20-

60, with a mean age of 40.4 for fathers and 44.8 for sons. Both values are in the early thirties 

to mid-forties age range recommended by Haider and Solon (2006) for observing short-term 

income observations that best represent lifetime income. However, because we observe 

individuals at much younger and much older ages, the result inevitably suffers from a 

lifecycle bias. We remember that the lifecycle bias in two-sample estimation is of the form 

plim	𝜌@ = 𝜌 Pj
PK

, where 𝜆9 is the bias induced by the son’s age distribution and 𝜆8 by the 

father’s age distribution. At this point, we do not have sufficient information to say whether 

the final direction of the bias is upward or downward. 

I am now ready to limit the age range to control the lifecycle bias. Haider and Solon 

(2006) recommend using observations between the early thirties and mid-forties. Because 

Korean men join the labor force a bit later than American men due to high educational 

attainment and mandatory military service, I choose to limit the age range to 35-45 for fathers 

and sons. Observing individuals aged 35-45 reduces the samples of fathers and sons from 

1092 and 3329 to 805 and 1374 observations, respectively. The new estimation result of 

0.236 is statistically significant.  

Table 3: Two-sample Estimation 

 Two-sample using full 

sample (ages 20-60) 

Two-sample using restricted 

sample (ages 35-45) 

Fathers’ log real income 0.321*** 

(0.034) 

0.236*** 

(0.042) 
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Age of son 0.116*** 

(0.0089) 

0.095 

(0.094) 

Squared age of son -0.001*** 

(0.000) 

-0.001 

(0.001) 

Intercept 9.497*** 

(0.601) 

11.392*** 

(2.013) 

R-squared 0.084 0.031 

Sample size fathers 1902 805 

Sample size sons 3329 1374 

Note: Standard errors in parentheses. 
*** Significant at the 1% level. 
 

How can we interpret the decrease from 0.321 to 0.236? In our full sample, the 

lifecycle bias has an amplification effect, meaning that either 𝜆9 > 1 or 𝜆8 < 1, or both. 

Because the mean age of fathers and sons in the full sample is 40.4 and 44.8, it is plausible 

that 𝜆9 leads to an overestimation in the full sample because the son sample’s age distribution 

is slightly skewed toward older ages.  

The result confirms that the intergenerational income mobility is rather high. If a 

father’s income increases by 10%, his son’s income increases by only 2.36%. This result is 

most likely upward-biased, due to the well-known problem of using father’s education and 

occupation as instruments. 

5.3 Robustness Analysis 
5.3.1 Alternative Year Analysis 

Because I use single-year observations, it is necessary to check how sensitive my results are 

to transitory variation. Table 4 presents the results of OLS, IV, and two-sample estimation 

using sons’ 2018 income instead of 2019. 

Table 4: Estimation Results using Sons' 2018 Income 

 OLS IV Two-sample using 

full sample (ages 20-

60) 

Two-sample using 

restricted sample 

(ages 35-45) 

Fathers’ log real 

income 

0.180*** 

(0.052) 

0.263*** 

(0.080) 

0.337*** 

(0.033) 

0.278*** 

(0.041) 

Age of father -0.034 -0.038 - - 
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(0.100) (0.101) 

Squared age of 

father 

0.000 

(0.001) 

0.000 

(0.001) 

- - 

Age of son 0.202 

(0.129) 

0.221* 

(0.131) 

0.123*** 

(0.008) 

0.127 

(0.089) 

Squared age of 

son 

-0.002 

(0.002) 

-0.002 

(0.002) 

-0.001*** 

(0.000) 

-0.001 

(0.001) 

Intercept 10.802*** 

(3.161) 

9.016*** 

(3.443) 

9.097*** 

(0.583) 

10.022*** 

(1.904) 

R-squared 0.086 0.073 0.096 0.042 

Sample size  179 179 Father 1902 

Son 3522 

Father 805 

Son 1452 

Note: Standard errors in parentheses. 
*** Significant at the 1% level. 
* Significant at the 10% level. 
 

Comparing these values with our 2019 results, we see that the 2018 OLS result is slightly 

lower than the 2019 result of 0.192, and the IV result is also a bit lower than the 2019 

outcome of 0.281. Concerning two-sample estimation, the elasticities are higher than their 

2019 counterparts. Generally, we see a similar, although weaker pattern than before. For 

2019, the full sample result was 0.321, and limiting the age distribution led to a result of 

0.236. Now, the gap is smaller at elasticities of 0.337 and 0.278.  

 Because the 2018 results are not far off from my 2019 results and the overall 

interpretation does not change, I conclude that my estimation results are valid. 

 

5.3.2 Alternative Age Ranges 

Until now, I have assumed that Korean men in 1998 and 2019 have a similar age-income 

profile as American men in 1951-1991, which is the time frame observed by Haider and 

Solon (2006).4 However, it is very likely that the age-income profile especially of Korean 

men in 1998 differs significantly, because the Korean promotion system was very different to 

the American one until the mid-1990s. Until then, promotion and compensation were mostly 

based on seniority, not performance. This was due to the Korean culture’s emphasis on 

seniority, making it unacceptable for a younger employee to command over an older 

 
4 Additionally, I assume Korean men to enter the job market later than American men due to Korea’s mandatory 
military service and high educational attainment. 
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employee. Large Korean conglomerates started introducing the ‘western’ performance-based 

promotion system in the mid-1990s in order to compete with international companies (Kim 

and Briscoe, 1997). Then, the Asian financial crisis of 1997 forced all Korean companies to 

restructure their HR system. 

This makes it difficult to say how the age-income profile of Korean men might differ 

from American men. For once, the old Korean promotion system based on seniority, not 

performance, might lead to workers reaching the income that is closest to lifetime income at 

older ages. This is because promotions tend to come in smaller steps at younger ages, 

meaning that workers take longer to get to a certain income level. In the American 

performance-based system, young workers might be able to work harder and therefore 

achieve a steeper age-income curve that brings them to a certain level faster.  

However, another important factor suggests the opposite. Employees in Korea used to 

be expected to retire by the age of 55 (Kim and Briscoe, 1997). Thus, they might have 

reached their mean income earlier than American men. Most employees would then go on to 

seek full-time work after retirement, making the age-income curve at older ages more volatile 

and difficult to predict compared to the US. 

Here, I look at two-sample estimation results using alternative age ranges. I assume 

that Korean men in 2019 have a similar age-income profile as American men due to the 

adoption of the western promotion system. I therefore keep the assumption that the son’s 

lifecycle bias is smallest between the ages 35-45. For fathers, I must consider the possibility 

that their lifecycle bias could be smallest at younger or older ages. I therefore repeat the two-

sample estimation with limited age ranges, this time limiting the father’s age to 30-40, and 

40-50, and keep the son’s age range at 35-45. 

Table 5: Alternative Restricted Two-sample Estimations 

 Father sample 

restricted to ages 35-

45 

Father sample 

restricted to ages 30-

40 

Father sample 

restricted to ages 40-

50 

Fathers’ log real 

income 

0.236*** 

(0.042) 

0.325*** 

(0.053) 

0.243*** 

(0.038) 

Age of son 0.095 

(0.094) 

0.091 

(0.093) 

0.088 

(0.093) 
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Squared age of 

son 

-0.001 

(0.001) 

-0.001 

(0.001) 

-0.001 

(0.001) 

Intercept 11.392*** 

(2.013) 

9.970*** 

(2.081) 

11.375*** 

(1.980) 

R-squared 0.031 0.035 0.037 

Sample size 

fathers 

805 871 662 

Sample size sons 1374 1374 1374 

Note: Standard errors in parentheses. 
*** Significant at the 1% level. 
 

In Table 5, I repeat the restricted sample result from Table 3 for comparison. Limiting 

the fathers’ age range to 30-40 and the sons’ age range to 35-45 gives an estimate of 0.325, 

compared to the full-sample result of 0.321. If it is true that the father’s short-term income is 

closest to lifetime income between ages 30-40, the full-sample estimation seems to not suffer 

from a lifecycle bias at all. With a mean age of 40.4 and 44.8 for fathers and sons, this result 

is not impossible.  

Limiting the fathers’ age range to 40-50 years results in an elasticity estimate of 

0.243, which is slightly higher than my original limited two-sample result of 0.236. This 

would lead to the same conclusion, namely that 𝜆9 is higher than 𝜆8 in the full sample, 

making the lifecycle bias an upward bias with an estimation result of 0.321. 

Because I am not able to observe lifetime income and therefore cannot calculate 

values for 𝜆9 and 𝜆8, I cannot check which age range limits the lifecycle bias most. Using an 

older age range for fathers leads to a similar interpretation as before, which is an upward 

lifecycle bias in the full sample. On the other hand, observing a younger age range suggests 

that there is no lifecycle bias in the full sample, due to almost identical estimation results in 

the full and restricted samples.  

 

VI. Conclusion 
Previous studies on intergenerational income mobility in Korea have found elasticities of 

slightly below 0.2 when using OLS estimation. These results are biased downward due to 

small sample sizes and the observation of old fathers. Researchers have already voiced 
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concerns that their results are biased downward due to these reasons, and applied correction 

methods like IV and two-sample estimation which produce estimates around 0.3. 

In this study, I use the two-sample method to first expand the sample size, and then 

limit the sample to income observations at ages 35-45 to minimize the lifecycle bias. This 

correction method gives an estimate of 0.236, which is between previous studies’ uncorrected 

and corrected estimates. Solving the two important issues of a small sample size and skewed 

age distribution, my estimate is probably very accurate, with the caveat of possible 

overestimation due to the use of instruments. 

This value confirms that the intergenerational income mobility in Korea really is quite 

high. In conclusion, the intergenerational income mobility in Korea is a lot higher than in the 

US, and close to that of Northern European countries that are widely recognized for their 

equal societies. 

 One major drawback of this study and most other studies on intergenerational income 

mobility is that it tries to estimate social mobility and equality of economic opportunity 

without considering factors other than labor income. The idea to measure the transmission of 

economic status between generations based on income alone comes from a time when income 

was the most important factor in gaining wealth. Now, assets like real estate, stocks, or 

simply inherited wealth have become much more important in determining an individual’s 

economic circumstances. Some studies do include assets and non-wage income. H. Kim 

(2009) uses family net assets instead of income and gets a significantly higher elasticity. B. 

Kim et al. (2013) looks at non-wage earners and finds even smaller elasticities than for wage 

earners. Choi and An (2015) use a variety of income sources like financial income and real 

estate income additional to labor income and find comparably low elasticities. Incorporating 

non-wage income and assets is an important task to get a more accurate index for social 

mobility in the future. 

 Another factor that should not be ignored is the Asian financial crisis that started in 

Korea in 1997 and impacted the economy for a few years. Hyun (2018) shows that Korea 

suffered from high unemployment until 2001. In these uncertain times, it is plausible that the 

parent generation was forced to cut back on the investment in their child’s education. 

Because of the close relationship between education and later earning prospects, this factor 

might significantly lower intergenerational correlation, and therefore level the playing field 

for intergenerational mobility. If the financial crisis actually had the effect of raising 

economic mobility, we cannot expect our low estimation results to be an accurate prediction 

of future mobility. The education fever is strong in Korea, and parents of all income classes 
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prioritize their child’s education in their spending behavior. Therefore, future research should 

avoid using income observations before 2001 to estimate intergenerational income elasticities 

that are a more suitable representation of Korea’s current society. 
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Appendix 
Multi-year Averages Approach 
It is common practice to use the multi-year averages approach to correct for the errors-in-

variables bias induced by using short-term proxies for lifetime income in OLS estimation. 

However, using this correction method with KLIPS barely has any effect on the estimated 

elasticity. 

To understand this phenomenon, we take a closer look at the regression method. With 

the goal of dealing with errors-in-variables bias, one averages income observations over T 

years, so that equation (9) becomes 

    𝑦w&' = 𝜌𝑦w)' + 𝛽&�̅�&' + 𝛾&𝐴&h7wwww − 𝜌𝛽)�̅�)' − 𝜌𝛾)𝐴)h7wwww  

     +�̅�&'9 − 𝜌�̅�)' + 𝜀'    (A1) 

where for any variable 𝑧,'-; 𝑧,̅' = ∑ 𝑧,'d 𝑇⁄-Tk
de- . Then, the probability limit is 

    plim	𝜌@ = 𝜌𝜎:7 |𝜎:7 +
QUIS

k
} < 𝜌D .   (A2) 

We can see that the attenuation bias diminishes the more years of income 

observations are averaged. By adding observations over a longer period, we achieve a value 

that is closer to the lifetime income of an individual. Even in samples where this method is 

effective, it only reduces the bias, without completely eliminating it. 

Table 6 shows my estimation results when averaging fathers’ and sons’ income. The 

result barely differs from my single-year OLS estimation result of 0.192. 

Table 6: Multi-year Estimation 

 OLS, 1998-2002 income for fathers, 

2015-2019 income for sons (𝑛 = 251) 

Fathers’ averaged log real income 0.197*** 

(0.043) 

Age of father 0.033 

(0.101) 

Squared age of father -0.000 

(0.001) 

Age of son 0.240** 

(0.107) 

Squared age of son -0.003** 



 25 
 

 

(0.001) 

Intercept 8.106*** 

(2.793) 

R-squared 0.117 

Note: Standard errors in parentheses. 
*** Significant at the 1% level. 
** Significant at the 5% level. 
 

 Why does the multi-year averaging method fail to eliminate the errors-in-variables 

bias in the Korean sample? The answer lies in the age distribution of fathers and the large 

transitory income variation at old (and young) ages. Averaging fathers’ income over a few 

years does not lower the mean age, because it is too far off. We end up using an income 

observation at a mean age of 50 years in single-year OLS, and an averaged income value still 

around the age of 50 or older in multi-year OLS estimation.  

Figure 2: Transitory and Permanent Log Lifetime Income 

 
Figure 2 shows that the transitory income part at older ages fluctuates strongly. It can 

be assumed that this is the reason why the averaging estimation result barely differs from the 

single-year estimation result. 
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세대 간 소득 이동성 추정법에 미치는 연령 분포의 영향 
 
 

Sarah Rieger 

사회과학대학 경제학부 

서울대학교 대학원 

 
 

본 연구에서는 연령 분포 문제로 발생하는 세대 간 이동성 추정에서의 편의를 

살펴본다. 선행연구들은 한국의 세대 간 소득 탄력성이 0.2보다 약간 낮다고 

추정하는데, 이는 이동성이 아주 높다는 말과 같다. 연구자들이 이 추정치는 패널 

데이터가 짧고 표본수가 작다는 이유로 하향편의가 크다는 가능성이 있기 때문에, 

여러 가지 보정방법들을 적용한다. 대표적인 보정방법은 다년도의 평균 값을 

이용하는 최소자승모형 (multi-year averaged OLS estimation), 도구변수 추정법 (IV 

estimation), 그리고 두 표본 도구변수 추정법 (two-sample estimation)이며, 보정된 

탄력성은 대략 0.3 이다.  

본 연구자는 하향편의의 주된 요소로 표본에 나이가 많은 아버지와 젊은 

아들이 많다는 것이라고 추측한다. 이 연령 분포는 관측 기간이 짧고 표본이 작은 

OLS와 도구변수 추정법을 사용하면 피할 수 없는 문제이다. 따라서 표본 수를 늘릴 

수 있는 두 표본 도구변수 추정법의 강점을 이용하여, 관측된 아버지와 아들의 나이는 

35-45살로 제한한다. 이것으로 바람직하지 않은 연령 분포로 생기는 편의를 피할 수 

있어, 탄력성을 0.236으로 추정한다. 두 표본 도구변수 추정법은 연령 제한 없이 

0.321의 추정치로, 이 추정법에서 연령 분포 편의가 오히려 상향편의가 된다는 것을 

알 수 있다. 

 

 

주요어: 두 표본 도구변수 추정법, 세대 간 소득 이동성, 연령 분포, 하향편의 
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