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Abstract   

This paper estimates the intergenerational income elasticity in the UK. Earlier UK studies used 

the OLS estimator and a rank-based estimator to estimate the intergenerational income 

elasticity, but their results were an underestimate because of lifecycle bias and attenuation bias. 

I use a longitudinal UK data and find that lifecycle bias is caused by scale mismeasurement by 

comparing OLS estimates and rank-based estimates. I find that taking the average of sons’ 

earnings at different points as sons’ lifetime earnings is important. Besides that, I also discover 

that sons’ earnings at early ages suffer from lifecycle bias. Moreover, IGE decreases when 

controls for son’s non-cognitive skills, cognitive skills, and qualifications are used. Lastly, I 

find that IV estimates are upward biased because parent’s education and parent’s employment 

as instruments for parental lifetime income might be positively correlated with sons’ earnings.  
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Chapter 1: Introduction and Literature Review   

1.1: Introduction  

It is interesting to observe the extent to which income is passed down from generation to 

generation. Intergenerational income elasticity (IGE) is the measure of intergenerational 

income mobility. The higher the IGE, the greater the intergenerational income relationship 

across generations, and the lower the intergenerational mobility. A weak intergenerational 

income mobility suggests that a child income depends more on his or her parents’ income. 

Blanden et al. (2004) discovered that the UK has a lower intergenerational income mobility 

compared to North American and Europe countries. In addition, intergenerational income 

mobility in UK is low compared to the Nordic countries (Björklund et al., 2006). Previous paper 

found a 0.30 of IGE for men (Blanden et al., 2004), while Gregg et al. (2017) found a higher 

intergenerational income elasticity, 0.43.  

This research mainly focuses on discussing lifecycle bias and attenuation bias, which are the 

major intergenerational income elasticity estimation problems discovered by previous authors. 

The main objective of this research is to look at how the IGE changes at different periods across 

the lifecycle of an individual; and find the intergenerational income elasticity between sons and 

parents in the UK. Moreover, many previous UK studies used only the OLS approach and rank-

based estimates to estimate the IGE, but this study provides new insight and tries to estimate 

the IGE by using the IV approach. It is of interest to know whether the methodology used in 

this research results in a higher or lower intergenerational income mobility in the UK compared 

to previous studies.  

This study uses the OLS approach, rank-based estimation and IV approach. This research found 

that the UK’s intergenerational income mobility is between 0.27 and 0.50. However, note that 

this research may not provide the true IGE because the results ignore self-employed individuals 

and people who are out of work. Moreover, this paper discovered that scale mismeasurement is 

likely the primary cause of the lifecycle bias. Furthermore, parent’s education and parent’s 

employment could be good proxies for parents’ lifetime income.  

This paper consists of chapter 1, which shows the introduction and literature review. Chapter 2 

discusses data and related theories of intergenerational income elasticity. Next, chapter 3 

explains the methodology used and talks about lifecycle bias and measurement error issues, 
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followed by chapter 4 which presents the results using the OLS approach, rank-based estimation 

and IV approach. Finally, chapter 5 discusses limitations of this research and draws conclusion.  

 

1.2: Literature Review   

1.2.1: Lifecycle Bias and Attenuation Bias   

As there are many research papers on intergenerational income mobility in the US, this 

literature review will focus more on USA’s intergenerational income elasticity of father-son 

correlation. The literature review focuses on reviewing and evaluating the ‘Intergenerational 

Income Mobility in the United States’ (1992) by Solon Gary with respect to its methodology 

and main findings. This section mainly discusses attenuation bias, lifecycle bias and 

homogenous samples.  Chapter 3 will further explain these biases in more details.  

Earlier studies, for instance, Behrman and Taubman (1985) obtained an intergenerational 

correlation of 0.2 between parents’ income and sons’ earnings in the US. However, Solon 

(1992) concluded that the intergenerational income elasticity between sons and fathers in the 

United States was 0.4 or even higher. This indicates that earlier studies exaggerate the extent 

of intergenerational income mobility in the United States. Solon (1992) argued that earlier 

studies were heavily downward biased by measurement error and unrepresentative samples. 

The author used intergenerational data from the Panel Study of Income Dynamics (PSID).  

Solon (1992) showed that attenuation bias in intergenerational income elasticity is caused by 

measurement error generated by transitory income fluctuations. Using a short-run proxy for 

long-run status will lead to measurement error because of transitory fluctuations in current 

income. Noise in current income, which is the variance of measurement error in income, 

produces an attenuation bias. Researchers should address this problem or else, IGE will be 

downward biased if attenuation bias exists. This is because measurement error causes the 

variance of current status to exceed the variance of permanent status. Due to transitory 

fluctuations and measurement error, using only a year of income contains a significant amount 

of noise (Mazumder, 2018).  

The most common approach to solve this problem would be using a multi-year average of 

parental income (Hauser and Sewell, 1975). An alternative way to reduce or eliminate errors-

in-variables attenuation bias is to use an instrument variables (IV) approach to predict parents’ 
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income based on parental characteristics (Solon, 1992 and Dearden et al., 1997). According to 

Piraino (2007), “The idea is that the instruments will possibly suffer less from transitory 

variation than the single-year measures of income, thus representing a better proxy for long-run 

economic status”. Both methods have been widely used by researchers.  

Another substantive measurement issue that was not mentioned much by Solon (1992) but 

highlighted in many intergenerational mobility papers is lifecycle bias. As the correlation 

between current income and lifetime income varies across the life cycle, it indicates that 

producing consistent estimates of the IGE requires taking into account both parents and sons 

age. Haider and Solon (2006) stated that if earnings are measured too early in the life cycle, the 

gap between low and high lifetime earners will be underestimated compared to what it will be 

in midlife, and this will therefore understate the true IGE. For example, Reville (1995, cited in 

Haider and Solon, 2006) showed the estimated IGE was around 0.25 when the sons’ earnings 

are observed in their twenties, but the estimates begin to approach 0.5 in their thirties. Haider 

and Solon (2006) suggested using an income variable around mid-life for both children’s and 

parents’ income to mitigate the lifecycle bias because it produced more precise estimates of 

changes over time. However, Nybom and Stuhler (2016) argued that “The validity of this 

approach rests on an assumption that does not hold in Swedish data.” 

The OLS results in Solon’s article showed that the elasticity between sons’ earnings and fathers’ 

earnings of five-year averages was around 0.4 or higher, which indicated less mobility than 

earlier research. This seemed to be consistent with Zimmerman’s (1992) study. On the other 

hand, Mazumder (2005) and Haider and Solon (2006) stated that even estimates based on an 

average fathers’ income across five years has some attenuation bias. Mazumder (2005) reported 

that the estimated of IGE is biased down by approximately 30% based on father’s five-year 

average income.  Mazumder (2005) proposed using average income data of 20 to 25 years 

because lengthening the fathers’ earnings window obtained a high reliability rate (almost no 

attenuation bias). For instance, Mazumder (2015) found that the estimated IGE in family 

income was greater than 0.6 in the United States by using up to 15-year averages of fathers’ 

earnings. Similarly, Aakvik et al. (2012) found that compared to five-year averages, the estimates 

of IGE based on 15-year averages increased by around 20 to 30 percent, for both sons and 

daughters. Therefore, if researchers want to use multi-year average of parental income to 
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mitigate the attenuation bias, it is suggested to use an average income data of 20 to 25 years 

instead of 5 years.  

Solon (1992) has provided detailed and well analyzed insight on discussing whether father’s 

years of education will be a valid instrument. Examples of instruments used in other literature 

include employment status, education and housing status (Blanden and Machin, 2008). Solon 

(1992) used fathers’ years of schooling as a proxy for fathers’ earnings, and found that the 

estimated IGE was 0.53. He emphasized that the IV estimates would be upward biased and may 

be arguably served as an upward inconsistent if father’s education has a positive and 

independent effect on sons’ economic status. Solon (1992) claimed that OLS and IV results 

produce the true value of intergenerational income elasticity.  

Despite this, using father’s education as an instrument for father’s permanent income may result 

in upward inconsistency and produce upward bias for IV estimator. Mazumder (2005) argued 

that 0.53 in the article could potentially be a consistent estimate for the IGE and it could even 

be downward biased due to lifecycle effects. Nybom and Stuhler (2016) showed that the IV 

estimates in Sweden do not serve as an upper bound of the true IGE because it suffers from 

larger lifecycle effects than OLS estimates.  

Grawe (2006) stated that fathers’ earnings observed in their forties and sons in their late-

twenties to mid-thirties were most precise. Haider and Solon (2006) suggested that sons’ 

earnings were measured between the early thirties and mid-forties. Nonetheless, Rohenkohl 

(2019) has shown that income observed in the mid-thirties and forties would be a more accurate 

indicator of lifetime income.  

Due to lifecycle bias, studies with young samples will have a lower IGE. In Solon’s work, the 

sample mean for sons in 1984 was 29.6, while the sample mean for fathers in 1967 was 42. This 

indicated that Solon’s work may contain lifecycle bias because he measured the sons’ earnings 

at an earlier stage of the life cycle. Therefore, although an instrument variable being introduced 

in this article, the IV estimates were likely to be downward biased because of lifecycle bias. It 

can be concluded that a greater attenuation bias results from increasing transitory earnings 

variance over time.  
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1.2.2: Homogenous Sample 

The second major concern of the author was unrepresentatively homogenous samples. Solon 

(1992) pointed out that homogenous samples would have lower variance in permanent income 

compared to population samples. In other words, the sample variance of income in effect 

understated the population variance. Some earlier intergenerational studies that relied on 

homogenous samples tend to underestimate the IGE. Examples of homogeneous samples could 

be samples collected from a specific city or region.  

Even though homogeneous selection was on fathers, there would not be any problem in making 

a consistent estimation of the intergenerational income correlation if we could observe 

permanent income of the father. In contrast, Goldberger (1981) and Chung and Goldberger 

(1984) stated that if homogeneous selection was on sons, the estimate of IGE was inconsistent 

and likely to be downward biased. The homogenous fathers’ sample will exacerbate the 

attenuation bias if we do not observe the fathers’ permanent income (Solon, 1992). 

Thus, researchers should consider avoiding samples that are homogenous when collecting data 

because it will lower the variation in permanent status and cause a greater downward bias. 

Therefore, homogenous samples aggravate the attenuation bias and lead to even greater 

downward bias.  

 

Chapter 2: Data and Relevant Theories 

2.1: Data and Sample restrictions 

This research uses data from the British Cohort Study 1970 (BCS70), which follows the lives 

of 17,000 people born in the UK in 1970. As mentioned before, earlier studies in this field 

emphasized the necessity of observing parents and sons at the same stage of the lifecycle. Since 

all sons are observed in the same age group in BCS70, I therefore include parental age and age 

squared because parents are of different ages. Thus, this study uses the average of father age 

and mother age as parental age and restricts parental age between age 25 and age 60. Note that 

controlling the average age of father and mother will limit the sample to two-parent families.  

Previous literatures mainly focused on intergenerational mobility between fathers and sons. 

Blanden et al. (2004) suggested that the changing influence of mothers’ earnings partially 

explains the reduces the rise in IGE by a small amount. So, this research uses parental income 
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to accommodate the importance of mothers’ earnings. The reason why this paper only focuses 

on sons’ earnings is because many daughters’ earnings are missing compared to sons’ earnings, 

and it is easier to make comparison with existing literatures. All earnings variables are in British 

pounds and deflated using the Consumer Price Index of every observed year (base year is 2015). 

They also measured in weakly gross pay in this study.  

The dependent variable is sons’ earnings, which are observed in five periods (age 26, 30, 34, 

38 and 42). Sons’ earnings data are collected from BCS70, where sons are asked to provide 

information on their gross pay (amount paid before deductions). Gregg et al. (2017) claimed 

that periods out of work must be accounted for when considering child’s lifetime earnings 

because the IGE estimates tend to be greater when workless periods are included. Thus, if sons 

are out of work for over three periods, I remove the samples because their earnings do not 

represent accurate lifetime earnings. Since self-employment earnings data are all missing, 

samples in this study excludes self-employed sons, and only includes sons who are employed.  

For parental income, it is measured from the combined gross income of parents when sons are 

aged 16, where BCS70 required parents to place their income within the appropriate band (there 

was eleven earnings bands). Then, this study takes the midpoint of each band as parental 

income. To reduce the effects of life-cycle bias that will affect the IGE estimates, this study 

restricts the sample to include only observations of parents’ income when they are aged 30 to 

60. Hence, it is crucial to note that after these sample restrictions, the sample sizes fall between 

200 and 500 observations, which is a relatively small sample. 

Both parent’s employment and parent’s education are observed when child aged 16. For 

parent’s employment, I combine ‘present employment situation of father’ and ‘present 

employment situation of mother’ into a dummy variable.  

Parent’s employment  =0 if both parents ‘Unemp and seeking work’, ‘Sick, will seek 

work’, ‘Looking after home’, ‘Permanently sick’, ‘Full-time 

student’ and ‘Retired’.  

=1 if one of them has ‘Regularly employed’, 

‘Casual/occasional week’ and ‘Other employment sit’.   
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=2 if both have ‘Regularly employed’, ‘Casual/occasional 

week’ and ‘Other employment sit’.   

For parent’s education, parents are asked about ‘Holder of Degree, or Diploma, or Membership 

of Professional Institute (e g BSc, Bed, PhD, HND HNC, FAC FRICS, MIEE)’, ‘Other 

Qualification(s)’ and ‘No qualification(s)’. I first turn them into dummy variable:  

(a) ‘Holder of Degree, or Diploma, or Membership of 
Professional Institute (e g BSc, Bed, PhD, HND HNC, FAC 
FRICS, MIEE)’ 

=1 if one of them has  

=2 if both have  

(b) ‘Other Qualification(s)’ =1 if one of them has  

=2 if both have  

(c) ‘No qualification(s)’ =1 if one of them has   

=2 if both have 

 

Then, I combine three of them into one dummy variable, which is called parent’s education:  

Parent’s education 

 

=0 if (c)==2 

=0.5 if (c)==1 

=1 if (a)==1 or (b)==1 

=2 if (a)==2 or (b)==2 or (a)==1&(b)==1 

 

2.2: Becker and Tomes model  

The intergenerational income elasticity (IGE) is predicted to be positive, with an estimated 

value between zero and one. The intergenerational elasticity was explained by using Becker 

and Tomes (1986) model. This model shows that parents care about the welfare of their 

children, and they make investments. It predicts intergenerational coefficient of between zero 

and one. For example, assuming a parent must decide how much to invest in human capital of 

a child. A child will receive more as parents become richer. Becker and Tomes (1986) claimed 

that the more you invest in a person, the lower the marginal rates of return because investment 

costs eventually increase as his forgone earnings rise. Thus, it is arguably to say that what stops 

these coefficients and drives them down is because of decreasing returns to investment in the 

human capital of the child.  
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Following O’Neill et al. (2007) and Lillard and Reville (1999) which discussed Becker and 

Tomes (1986) model, where parents spend money on their own consumption and invest in their 

child’s human capital. Equation (1) is a regression of a son’s log earnings (��
∗) on parental log 

earnings (����
∗ ) and endowments (��). Equation (2) shows the correlation between a son’s 

endowment (��) and parent’s endowment (����). In the model, parents are altruistic, and they 

want to maximize utility or welfare of their children without reducing their own utility. If credit 

constraints do not exist, the human capital and earnings of children will only depend on the 

inheritability of endowments  � , and do not depend on parents’ human capital. In other words, 

every child will receive the optimal level of human capital, which depends on ��, so � = 0 in 

equation (1).   

��
∗ =  � ����

∗  +  � ��  + ��
�

 (1)  

�� = ����� + ��
�   (2)  

where ��
�

 and ��
� are IID random variables. 

In contrast, poor parents fail to finance the optimal level of human capital if credit constraints 

exist. Then, the constraint weakens as income increases when �� is constant, so only wealthy 

parents can invest more in their children and  � > 0. Hence, the mobility of wealthy parents is 

greater because they can invest effectively in their children and better-endowed children would 

have higher expected earnings.  

 

Chapter 3: Methodology  

3.1: Ordinary Least Squares (OLS) Approach 

Intergenerational income elasticity measures the relationship between the lifetime incomes of 

parents and sons across generations. All income variables are measured in log. Equation (3) 

shows the OLS regression of sons’ lifetime earnings (��
���∗) on parents’ lifetime earnings 

(��
������∗

), where � is the estimated intergenerational income elasticity (IGE).  

��
���∗ = � + ���

������∗
+ �� (3)  
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where � denotes the family and �� is an error term which is assumed to be uncorrelated with 

parents’ lifetime income ���(��
������∗

, ��) = 0.  Due to data limitations, it is a major challenge 

for researchers to estimate both parents’ and sons’ lifetime income.  

Proxies for ��
���∗ and ��

������∗
 are sons’ current earnings and parents’ current income. Equation 

(4) shows that sons’ current earnings (���
���) proxy for sons’ lifetime earnings in period �.  

���
��� = ��

���∗ + ���    (4)  

where the error term, ��� represents the transitory fluctuation around lifetime income due to 

measurement error and short-term transitory variations. We assume that ���  and ���  are not 

correlated with each other and are also uncorrelated with ���
��� and ���

������
. 

Equation (5) shows the parents’ current income proxy for parents’ lifetime income. Its structure 

is the same as equation (4),  

���
������

= ��
������∗

+ ��� (5) 

where ��� is the error term. 

3.1.1: Lifecycle Bias   

Jenkins (1987) highlighted that earnings trajectories across the lifecycle have considerable 

heterogeneity, which differs by family background. Nybom and Stuhler (2016) also stated that 

heterogeneity in individuals’ age-earnings profile is important. As discussed in section 1.2, true 

IGE estimates will be underestimated if earnings are observed too early in the lifecycle. The 

following part will follow what was done by Gregg et al. (2017) who discussed Solon’s (1992) 

work. Even though lifecycle bias affects both parents and sons, the explanation below focuses 

only on sons for simplicity.  �� in equation (6) is a measure of sons’ earnings at a certain point 

in time, which differs from their lifetime earnings over the lifecycle. 

���
��� = ����

���∗ + ���       (6) 

Assuming there is no error in parental income in equation (7),  

���
��� = � + ���

������∗
+ ���     (7)  
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So, note that ��
������∗

= ���
������

 because no error in parental income. Then, equation (7) 

yields the probability limit of �: 

������ =
���(���

���, ���
������

)  

���(���
������

)
=

���(����
���∗ + ���, ���

������
)  

���(���
������

)
 

=
���(�����

������∗
+ ���, ���

������
)  

���(���
������

)
 

=
��� ���(���

������
)  

���(���
������

)
+

 ���(���, ���
������

)  

���(���
������

)
 

= �� � +
����(��

������∗
, ���) ����

 

���������∗
 

(8)  

Böhlmark and Lindquist (2006) stated that �� in equation (8) refers to a population parameter 

that is correlated with the shape of age-earnings profiles, which changes across cohort, sex and 

nation. Allowing for heterogeneity in age-earnings profiles across the lifecycle generates 

lifecycle bias, for example, different types of workers have different shape of age-earnings 

profiles (Böhlmark and Lindquist, 2006). If �� = 1, then the measurement error is approximately 

classical and hence ��  will result in a consistent estimate of �  if ����(��
������∗

, ���) = 0 . 

However, Nybom and Stuhler (2016) argued that ����(��
������∗

, ���) = 0 from equation (8) 

usually does not hold because deviations from average income trajectories related with family 

and individual characteristics leads to inconsistent estimates of IGE when �� = 1.  

Due to these issues, this study first focuses on estimating intergenerational income elasticity at 

different points over the lifecycle. Since lifecycle bias might arise from heterogeneity across 

lifecycle income profile and Böhlmark and Lindquist (2006) claimed that control for parental 

age will not remove lifecycle bias. Most estimates in this research still follows Haider and Solon 

(2006) and control for parental age and age squared.   

 

3.1.2: Attenuation Bias (Measurement Error) 

Another measurement issue is attenuation bias (measurement error), where only parental 

income variable will contain measurement error and includes transitory shocks at any point in 
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time. It is crucial to note that measurement error in sons’ earnings do not cause inconsistency 

in the model (Nybom and Sulther 2016; Haider and Solon, 2016). To show how parental income 

contain measurement error, the following section follows again the work of Gregg et al. (2017). 

In equation (9), assuming there is no measurement error in the sons’ earnings variable,  

��
���∗ = � + ����

������
+ ��� (9)  

where ���
������

 is parents’ annual income. 

Note that ���
��� = ��

���∗ because no error in sons’ earnings variable. Then, the probability limit 

of ��  is:  

������ =
�������

������
, ��

���∗�

�������
������

�
=

�������
������

, � + ���
������∗

�

�������
������

�
 

=
������

������∗
+ ���, � + ���

������∗
�

������
������∗

� + ���(���)
 

=
�������

������∗
�

������
������∗

� + ���(���)
=  �

��������∗
�

��������∗
� + ��

�
 

(10)  

As shown in equation (10), the attenuation bias arises from the measurement error in parental 

income (��
�) due to variance of measurement error in parental income. Shortly speaking, 

inaccurately measuring parents’ permanent income causes attenuation bias. A constant 

attenuation bias implies that earnings persistence estimates will not change because of 

proportional growth in permanent and transitory earnings variance (Grawe, 2003). The 

attenuation bias depends on the variance of the measurement error in parental income, so the 

bias will increase when the variance of the measurement error in parental income increases. For 

instance, if parental income contains measurement error, noise will be generated on parental 

income (where the noise will not be correlated with children's income). Then, the coefficient as 

shown in equation (10) goes down because the denominator grows while the numerator remains 

the same. Thus, this suggests that noise in parents’ current income cause parents’ permanent 

income to be measured with error and produces attenuation bias that lower IGE.   
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The increase in transitory earnings variance leads to a greater attenuation bias and reduces 

persistence estimates. Grawe (2003) noted that transitory earnings variance is higher when both 

parents and sons are older in later periods. Hence, findings are inconsistent if attenuation bias 

arises because measurement error causes the estimated IGE to be different from the true IGE. 

The OLS estimates will be downward biased and served as a lower bound estimate of the actual 

IGE. Therefore, it is suggested to use multi-average income or IV approach to solve this 

measurement error problem.   

 

3.2: Rank-based Estimation 

Besides than OLS estimator, many previous studies (Rohenkohl, 2019; Gregg et al., 2017) used 

the rank-based estimation, which is another approach to estimate intergenerational income 

elasticity. The rank-based estimation approach employs the regression of the rank of sons’ 

earnings on the rank of parental income. It helps to remove the difference in variation between 

two measures. Section 4.2.3 will discuss more about rank-based estimates.    

 

3.3: IV Approach (2SLS) 

Researchers can use multi-average parental income or the IV approach to reduce attenuation 

bias as described in section 2. Due to data limitations, this research is only able to use IV 

approach.  An appropriate instrumental variable should be correlated with the endogenous 

variables (relevance condition), but uncorrelated with the error term (exogeneity condition). In 

other words, the exogeneity condition states that an instrument can only affect dependent 

variable through endogenous variables. The IV estimates are not consistent if either one of the 

conditions fails to hold. Blanden et al. (2013) showed that social class is not an appropriate 

instrument for permanent income.  

Estimate equation (11) to find the IV estimates, where ��
���∗ is the multi-year average of sons’ 

earnings. ���
������

 is the endogenous variable that shall be instrumented by parental 

characteristics because unable to observe parents’ permanent income. The IV estimates in this 
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research use parent’s education and parent’s employment as proxies for parents’ lifetime 

income. Parents age and age squared are exogenous variables.  

��
���∗ = � + ����

������
+ ������� ��� +  ������� ���� +  �� (11) 

���
������� = �� + �� �������′ ��������� +  �� �������′ ����������� + � (12) 

where � shows the relationship between parental characteristics and parental income. In the 

first stage, we use equation (11) to run an OLS regression for ���
������

 on all instruments, all 

exogenous variables, and an intercept to get the fitted values. Then, the second stage is to regress 

���
������

on the predicted values of all endogenous variables, exogenous variables and an 

intercept using OLS. The IV estimation in this research is conducted using Stata (version 17).  

To explain the consistency of IV estimates, this part will follow Solon’s (1992) work. For 

simplicity, I add only parents’ education (��) into equation (3) (it is the same for parents’ 

employment):  

��
���∗ = ����

������∗
+ ���� + �� (13)  

Estimate equation (3) results in omitted variable bias if equation (13) shows the true relationship 

between sons’ earnings and parental income, because equation (3) excludes parent’s education. 

The relationship between �� and �� is:  

� = �� +
�� ���(��, ��

������∗
)

��
�

=  
�� + �����

��
 

(14)  

where � shows the correlation between �� and ��
������∗

, and ��
� represents the variance of ��. 

As using only one year of parental income causes attenuation bias. To solve the attenuation 

bias, we use parents’ education as a proxy for parents’ current income. Assuming that �� is 

uncorrelated with ��� and ��� results in:  

���� ���� =
���(��, ���

���)

������, ���
������

�
 

=
������, �����

������
+  ���� +  �� + ��� −  ������

���(��, ���
������

)
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=
�� + ����

�

�����
 

= 
��� ����

���
 

=
�� + �����

��
+ ��(

��

���
−

���

��
) 

= � + ���� �
1 − ��

���
� 

(15)  

Note that error in �� does not affect the consistency of the estimates. Equation (15) proves that 

IV estimates are consistent only if the instrument variable, which is parent’s education in this 

case is not correlated with sons’ earnings because instruments cannot affect dependent variable 

directly (�� = 0) or parents’ education and parents’ permanent income have perfectly positive 

correlation (� = 1) . The problem that this research is facing is �� > 0 , where parent’s 

education and employment might be positively correlated with sons’ earnings. If �� > 0, IV 

estimates will be upward biased, because it is reasonable to assume that sons who have high-

educated parents are expecting to make more money than those who have low-educated parents. 

Similarly, for parent’s employment, it is considerable to say that sons whose parents are upper-

class workers earn more than those who are lower-class workers.  

Hence, the expected result in this research is the IV estimates would provide as an upper bound 

of actual IGE because the parental characteristics used to predict parents’ permanent income 

have a positive effect on sons’ earnings in this research. Note that IV estimates will not provide 

as an upper bound of the actual IGE if it suffers from larger lifecycle effects than OLS estimates. 
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Chapter 4: Findings  

4.1: Descriptive Statistics  

Figure 1 

 Mean Standard deviation Min Max N 

Parental income (age 16) 554.764 357.234 52.995 1622.281 713 

Sons’ earnings (age 26)  339.586 136.037 14.535 1453.488 927 

Sons’ earnings (age 30) 896.715 4184.347 1.058 115342.8  1005 

Sons’ earnings (age 34) 927.834 1105.111 50.277 18275.52 988 

Sons’ earnings (age 38) 1026.765 1053.726 59.032 15643.45 835 

Sons’ earnings (age 42) 1066.251 3786.491 1.161 117065.6 1029 

 

Notes: Observations exclude full-time and part time self-employed sons and sons who are out of work for 

over 3 periods.  

 

Figure 1 shows descriptive statistics for the main variables used in this research. All income 

variables are transformed from annual gross earnings to weekly gross earnings. To show the 

comparison between sons’ earnings and parental income, income variables are adjusted for CPI.  

The mean shows that sons’ earnings at age 26 have lower earnings compared to parental income 

observed when their sons are aged 16. This is because sons’ earnings are observed at an earlier 

stage of the lifecycle. This suggests that sons at a young age earned less than their parents. On 

average, sons at age 30, 34, 38 and 42 have higher earnings than their parents, which means 

that individuals’ living conditions have improved across generations in absolute terms. The 

mean shows that sons’ earnings increase considerably by 557.129 from age 26 to 30 and starts 

to rise steadily at age 30 to 42. 
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4.2.1: OLS Estimates 

Figure 2 

 (1) 

OLS 

(2) 

OLS 

(3) 

Rank-
based 

 

(4) 

OLS  

(5-95% 
winsorization) 

N (5)  

OLS 

 

(6) 

Rank-
based 

 

N 

Age 26 0.200*** 

(0.037) 

0.201*** 

(0.038) 

0.344*** 

(0.049) 

0.180*** 

(0.026) 

388 0.241*** 

(0.048) 

0.319*** 

(0.051) 

356 

Age 30 0.278*** 

(0.042) 

0.277*** 

(0.043) 

0.349*** 

(0.046) 

0.250*** 

(0.035) 

417 0.344*** 

(0.052) 

0.330*** 

(0.048) 

385 

Age 34 0.266*** 

(0.043) 

0.264*** 

(0.044) 

0.356*** 

(0.046) 

0.267*** 

(0.036) 

413 0.303*** 

(0.059) 

0.312*** 

(0.049) 

378 

Age 38 0.326*** 

(0.046) 

0.312*** 

(0.048) 

0.402*** 

(0.048) 

0.344*** 

(0.042) 

356 0.382*** 

(0.055) 

0.371*** 

(0.051) 

323 

Age 42 0.358*** 

(0.047) 

0.362*** 

(0.049) 

0.386*** 

(0.044) 

0.334*** 

(0.040) 

427 0.458*** 

(0.070) 

0.359*** 

(0.046) 

390 

Average 0.272*** 

(0.043) 

0.273*** 

(0.044) 

0.345*** 

(0.047) 

0.263*** 

(0.038) 

271 0.321*** 

(0.057) 

0.300*** 

(0.049) 

249 

 

Notes: Column (1) presents the OLS estimates with no controls, whereas column (2) controls for the age and 

age�of parents at the time that income is observed. Column (3) to (6) all control for the age and age�of 

parents. Column (3) presents the rank-based estimates. Column (4) shows OLS estimates after 5-95% 

winsorization.  Column (5) and (6) presents OLS estimates and rank-based estimates of sons’ earnings 

regress on two-period averages of parental income (age 10 and 16). Robust standard errors are shown in 

parenthesis. 

***= significant at 1% where P-value < 0.01 

**= significant at 5% where P-value < 0.05 

*= significant at 10% where P-value < 0.10 
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First, we use the OLS approach to estimate intergenerational income elasticity at different 

points across son’s lifecycle, where the independent variable is parental income at age 16. Note 

that the estimates from column (1) to (5) suffer from attenuation bias, because only using a 

single year of parental income as the dependent variable. The point of doing this is to focus on 

looking at how estimates change over time and the difference between OLS estimation and 

rank-based estimation.  

The equation for point estimate is ���
��� = � + ����

������
+ ��� . Column (1) shows OLS 

estimates with no controls. Column (2) presents OLS estimates controlling for parental age and 

age squared. IGE estimates are slightly lower in column (2) compared to column (1), except for 

estimates at age 26 and 42. However, there is only a difference of 0.001 at age 26 and 0.004 at 

age 42, which implies only a little change in intergenerational income mobility when include 

parents age and age squared.  

Blanden et al. (2004) stated that there was a decline in mobility due to an increase in income 

inequality in the UK since the late 1970s. In column (2), IGE starts at a very low estimate of 

0.201 at age 26 and increases significantly to 0.277 at age 30, indicating a dramatic decrease in 

the UK intergenerational income mobility. Gregg et al. (2017) found that IGE increased slightly 

starting from age 30, suggesting that income mobility declined overtime, or that the persistence 

of intergenerational inequality increased overtime. However, column (2) shows that IGE 

decreases from age 30 to age 34, but there is not much difference. The IGE then increases to 

0.312 at age 38 and peaks at 0.362 at age 42. The IGE at age 42 is very close to Belfield et al. 

(2017) results, who used the same data and procedure as this research, but controls for a 

quadratic of fathers’ age found the IGE was 0.358 at age 42.  

The accuracy of average annual income as a representation of lifetime income relies on the ages 

at which annual income is measured. To reduce the transitory fluctuations of earnings and the 

impact of very low-earnings periods, it is suggested to use a multi-year average of sons’ current 

income to reduce lifecycle bias (Nybom and Stuhler, 2016). Hence, to find the UK’s 

intergenerational income elasticity, this research will use equation (9) where it regresses the 

average of sons’ earnings across five periods on parental income at age 16. So, as shown in 

columns (1) and (2), OLS estimate with no additional controls is 0.272, while OLS estimate 

increases to 0.273 when controls for parents’ age and age squared. The difference between them 

is extremely small, which is consistent with what Rohenkohl (2019) has discovered.  
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4.2.2: Winsorization 

Few literatures pointed out that IGE estimates can be sensitive to the treatment of outliers and 

missing values (Dahl and DeLeire, 2008; Nybom and Suthler, 2016). Winsorization limits 

extreme values in the data to diminish the impact of spurious outliers. Rohenkohl (2019) found 

that winsorizing has a little impact on increasing the IGE estimates, indicating that part of the 

persistence in IGE estimates is due to extreme values of the distribution, while the rank-based 

estimates remain relatively stable to winsorization. The results for winsorization are also shown 

in Figure 2.   

Column (4) shows the OLS estimates after 5-95% winsorization. With winsorization, IGE rises 

sharply from 0.180 at age 26 to 0.250 at age 30, and it continues to increase gradually. The 

sharp increases from age 26 to 30 might imply that there is lifecycle bias at sons’ early ages. 

Comparing age 30 to 34 in column (4) and column (2), IGE decreases without winsorized data, 

while IGE increases with winsorized data. This implies that since parental income is the same 

over the lifecycle, it is arguably to say that the increases of IGE from 0.250 to 0.267 in column 

(4) is due to winsorization that removes the left tail of sons’ earnings. In other words, some 

lowest sons’ earnings are removed with winsorizing, so the IGE rises to 0.267. Even though 

IGE decreases from 0.344 at age 38 to 0.334 at age 42, this will not affect the intergenerational 

income mobility too much because there is no significant change between them.  

Therefore, the OLS estimates of five-period averages of sons’ earnings on parents’ annual 

income after winsorization is 0.263, which shows only a 0.10 drop compared to OLS estimates 

without winsorizing. Overall, IGE estimates move closer once data are winsorized because 

winsorization removes some outliers.  

 

4.2.3: Rank-based Estimates  

Gregg et al. (2017) argued that the inaccuracy in the distance between sons’ earnings (scale 

mis-measurement issues) drives the lifecycle bias, instead of the inaccuracy of rank ordering 

(positional accuracy issues). Positional inaccuracy refers to incorrectly ordering the individuals. 

Taking lifecycle bias as an example, if a survey is conducted before an individual realized the 

complete returns to their education, sons’ earnings will be placed in a lower distribution than 

in later periods when sons’ earnings have matured (Gregg et al., 2017). Conversely, scale 
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mismeasurement refers to incorrectly measuring the difference between individuals’ earnings. 

For instance, the scale of earnings gaps between low-educated individuals and high-educated 

individuals will be understated.  

In this paper, earnings variables are used in levels (not log) for rank estimates. To look at the 

difference between OLS estimates and rank-based estimates, this part mainly focuses on 

discussing column (2) and (3). Since rank-based estimates remove the scale mis-measurement 

issues, it makes sense that rank-based estimates in column (3) are much higher than OLS 

estimates in column (2). At early ages, there is a large difference between the OLS estimates 

and rank-based estimates. Then, starting at age 34, the difference slowly narrows as sons are 

getting older. These reflect the argument of Gregg et al. (2017) who stated that OLS estimates 

are subject to more lifecycle bias than rank-based estimates, especially at a young age.  

For point estimates, OLS estimate rises sharply at age 26, while rank-based estimate does not. 

Since rank-based estimation removes scale mismeasurement, it is reasonable to conclude that 

scale mismeasurement causes the majority of lifecycle bias in OLS estimates, instead of 

positional inaccuracy. Even though the robust standard errors in the OLS estimates in column 

(2) are slightly smaller than rank-based estimates in column (3), but OLS estimates suggest 

being downward biased due to life-cycle effects (larger lifecycle bias compared to rank-based 

estimates) because sons’ earnings are observed at young age. Therefore, it would seem that 

rank-based estimates are not subject to much lifecycle bias as compared to OLS estimates. 

As shown in column (3), the rank-based estimate increases relatively stable from age 30 to 38. 

There is a slight decrease from 0.402 at age 38 to 0.386 at age 42, which does not cause any 

significant difference at all. The rank-based estimates of five-period averages of sons’ earnings 

on parental income at age 16 is 0.345, which indicates that an increase of 10 percentile point in 

the rank of parental income would result in a 3.45 percentile point increase in the rank of sons’ 

earnings. Overall, rank-based estimates are more stable across the lifecycle compared to OLS 

estimates.  

Next, Gregg et al. (2017) who used two different UK datasets (NCDS and BCS70), found that 

the age-earnings trajectories for both datasets are identical across cohorts in the UK. However, 

Jenkins (2009) found large differences in individual age-earnings trajectories from average 

trajectories of groups defined by education, gender, and cohort in UK data. Therefore, if Jenkins 
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(2009) was correct, it can be argued that not only heterogeneity in age-earnings profiles causes 

lifecycle bias in estimating UK’s IGE, but also scale mismeasurement.  

 

4.2.4: Averaging parental income for two periods 

In figure 2, column (5) and (6) show a regression of sons’ earnings at different points across 

the lifecycle on the average of parental income across two periods (age 10 and 16). The way 

this research measures parental income at age 10 is the same as how parental income are 

measured at age 16, where midpoint of each band is taken. The sample size slightly reduced 

because not all parents provided their income in both periods.  

The pattern across lifecycle for OLS estimates in column (5) is similar to column (2). Again, 

this suggests that lifecycle bias in OLS estimates at early age are subject to more lifecycle bias, 

because the coefficient at age 26 is relatively small compared to rank-based estimates. 

Comparing the OLS estimates in column (5) and column (2), averaging parental income 

increases IGE estimate from 0.273 to 0.321. This could suggest that single-year parental income 

suffers more transitory income variance (larger attenuation bias) than two-year averages of 

parental income, so OLS estimates in column (2) are lower because it is underestimated.  

However, as mentioned in the literature review, using average of parental income across two 

periods will not entirely mitigate attenuation bias.  

Therefore, the IGE in OLS estimates suffer from larger attenuation bias when using only a 

single year of parental income. This result is consistent with Gregg et al. (2017), where it 

showed OLS estimates with average parental income is higher than using only a single year of 

parental income.  

4.3: Average sons’ earnings at different periods 

Figure 3 

 

 

 

 

 

 

 

 (1) (2) (3) 

OLS  0.239*** 

(0.039) 

0.283*** 

(0.045) 

0.323*** 

(0.047) 

Rank-based 0.343*** 

(0.045) 

0.355*** 

(0.046) 

0.380*** 

(0.047) 

N 339 312 322 
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Fig 3 Notes: All columns control for parents age and age�. Dependent variable in column (1) is the average 

of sons’ earnings at age 26, 30 and 34, while column (2) takes the average sons’ earnings at age 30, 34 and 

38. Column (3) uses the average of sons’ earnings at age 34, 38 and 42. Robust standard errors are shown in 

parenthesis.  

***= significant at 1% where P-value < 0.01 

**= significant at 5% where P-value < 0.05 

*= significant at 10% where P-value < 0.10 

 

Figure 3 is estimating ��
���∗ = � + ����

������
+ ���, where the independent variable is parental 

income at age 16 for all columns.  Note that, attenuation bias still exists because of single-year 

parental income. OLS estimate is 0.239 in column (1) and 0.323 in column (3). Comparing 

column (1) and column (3), column (1) shows that taking the average of sons’ earnings at early 

ages results in a much lower IGE. These results reflect the fact that lifecycle bias would 

attenuate the IGE. Both OLS estimates and rank-based estimates increase with age, and rank-

based estimates are relatively stable. Therefore, these estimates show that taking different points 

of sons’ earnings as sons’ lifetime earnings will change both OLS and rank-based estimates.  

4.4:  
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Add Additional Controls  

Figure 4 

 (1)  

OLS estimates 

(2) 

OLS estimate 

Parental income  
 

0.241*** 
(0.048) 

0.209*** 
(0.045) 

Parents age  -0.066 
(0.059) 

-0.061 
(0.059) 

Parents age squared  0.001 
(0.001) 

0.001 
(0.001) 

Application  -0.002 
(0.005) 

0.001 
(0.005) 

Clumsiness  -0.013** 
(0.006) 

-0.014*** 
(0.005) 

Extroversion  
 

-0.006 
(0.007) 

-0.008 
(0.006) 

Hyperactivity  0.005 
(0.004) 

0.008** 
(0.004) 

Anxious (age 10)  0.002 
(0.006) 

-0.003 
(0.006) 

Reading  0.002 
(0.004) 

-0.002 
(0.003) 

Maths  0.007** 
(0.003) 

0.005 
(0.003) 

Anxious (age 16) 0.086 
(0.121) 

0.193 
(0.131) 

Bad GCSEs   0.220** 
(0.090) 

CSE 2-5, other Scottish school qualification  0.077 
(0.100) 

O levels, Good GCSEs  0.141* 
(0.076) 

1 A-level or more than 1 AS-level  
 

 0.564*** 
(0.125) 

2 or more A-levels       0.079 
(0.128) 

Diploma of HE   
 

 0.216* 
(0.115) 

Degree, other degree level      
 

 0.448*** 
(0.088) 

Higher degree   
 

 0.410*** 
(0.116) 

N  224 224 
 



24 
 

Kent Economics Undergraduate Research Journal, Volume 2, 2023 

 

Fig 4 Notes: The dependent variable in this figure is the average of sons’ earnings across five periods (age 26, 

30, 34, 38, 42) and independent variable is parental income at age 16. Both columns control for parents age 

and age squared. Column (1) presents the OLS estimates, controls for son’s non-cognitive skills at age 10 and 

16 and son’s cognitive skills at age 10. Column (2) adds control of son’s highest academic level at age 30. 

Robust standard errors are shown in parenthesis.  

***= significant at 1% where P-value < 0.01 

**= significant at 5% where P-value < 0.05 

*= significant at 10% where P-value < 0.10 

 

��
���∗ = �� + �����

������
+ ����� − ��������� ������ + ����������� ������ + ��� (16) 

��
���∗ = �� + �����

������
+ ����� − ��������� ������ + ����������� ������

+ ��ℎ��ℎ��� �������� ����� + ��� 

(17)  

 

It is interesting to observe how IGE estimates will change when adding controls of son’s non-

cognitive skills, cognitive skills, and highest academic level (these variables are in linear form).1 

Variables for son’s non-cognitive skills, including application, clumsiness, extroversion and 

hyperactivity at age 10; anxious at age 10 and 16, while cognitive skills include maths and 

reading at age 10. Son’s highest academic level contains nine dummy variables.  

At here, the independent variable is the five-period averages of sons’ earnings. Column (1) 

estimates equation (16), while column (2) estimates equation (17). The coefficient 

interpretation of log-linear regression is  100 ∗ �������
�� − 1� . Column (1) shows the 

coefficient of clumsiness and maths are statistically significant at 5% significance level. It 

indicates that one unit increase in clumsiness would decrease sons’ earnings by 1.305%, while 

one unit increase in maths score would increase sons’ earnings by only 0.724%. Both variables 

have very small impact on sons’ earnings and the IGE drops from 0.273 (in figure 2, column 2) 

to 0.241.  

 
1 See Appendix A for more details about son’s non-cognitive, cognitive skills and highest academic level.   
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After adding son’s highest academic level as shown in column (2), the coefficient of clumsiness 

is statistically significant at the 1% significance level, interpreting that one unit increase in 

clumsiness would decrease sons’ earnings by 1.42%. Then, the coefficient of hyperactivity is 

now statistically significant at 5% significance level, which indicates that one unit increase in 

hyperactivity would raise sons’ earnings by 0.82%. For son’s highest academic level, the 

coefficient of sons with 1 A-level or more than 1 AS-level, Degree and Higher Degree are 

statistically significant at 5% significance level. It indicates that sons with 1 A-level or more 

than 1 AS-level earn more than a son without it by 75.7%. Moreover, sons with Degree earn 

more than a son without Degree by 56.5%, while sons with a Higher Degree earns 50.74% 

more than those without a Higher Degree. Interestingly, the coefficient of Bad GCSEs, 0.220 

is significant at 5% significance level and has a small positive effect on sons’ earnings. 

However, this coefficient might not be accurate because there are only three individuals in the 

sample who have Bad GCSEs. Other than that, the coefficient of O levels and Diploma of HE 

is statistically significant at 10% significance level. Obviously, the IGE slightly decreases from 

0.241 to 0.209 after adding son’s qualifications.  

Therefore, the IGE decreases from 0.273 (in figure 2, column 2) to 0.241 due to the significance 

of son’s clumsiness and maths and diminishes further to 0.209 as the significance of son’s 

clumsiness, hyperactivity and highest academic levels. Note that both 0.241 and 0.209 are 

statistically significant at 1% significance level. The coefficient of 0.209 implies that one unit 

increase in parental income would increase 2.09% in sons’ earnings as an adult on average.  

Hence, intergenerational income mobility in the UK increases with the introduce of son’s non-

cognitive skills, cognitive skills and qualifications, indicating that sons’ earnings depend less 

on their parental income compared to IGE with only parental age as controls.  
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4.5: IV Estimates    

Figure 5 

 (1)  N 

 

Average 

 

0.506*** 

(0.105) 

 

 

137 

 

Notes: Robust standard errors are shown in parenthesis.  

***= significant at 1% where P-value < 0.01 

**= significant at 5% where P-value < 0.05 

*= significant at 10% where P-value < 0.10 

 

Due to data limitations, we are unable to observe parents’ lifetime income, and use only one 

year of parental income as a proxy for lifetime income, which causes attenuation bias. So, I 

propose an IV approach to estimate IGE.  To make it easier to make comparison between OLS 

results and IV results, IV estimates will control for parents age and age squared only. For IV 

estimates, the independent variable is the average of sons’ earnings across five periods and the 

dependent variable, parent’s permanent income is instrumented by parent’s employment and 

parent’s education2. The IV estimate is 0.506, suggesting that a 10% increase in parental 

income, increase 5.06% in sons’ earnings as an adult. However, as mentioned at section 3.3, 

parents’ education and employment are very likely to be positively correlated with sons’ 

earnings, so the IV estimate is upward bias.  

 

Chapter 5: Conclusion 

The findings in this research are subject to three limitations. Firstly, the income range for ‘£500 

and over’ is not clear enough to calculate the exact parental income at age 16. It would be better 

to have a range of ‘£500 and £1000’ or ‘£500 and £1500’, instead of using ‘£500 and over’. As 

 
2 See Appendix B for details about dummies.  
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this research uses the midpoint estimate of ranges, setting the highest point for the income range 

is crucial because it could affect the midpoint estimate, which will directly affect the IGE 

results. This is because the higher the mid-point for parental income, the lower the IGE 

estimates.  

Secondly, this study restricts samples to two-parent families only, meaning that the influence 

of one-parent families has not been considered. Not only that, this research only estimates the 

intergenerational income elasticity between parents and sons, and not take into account the 

intergenerational income elasticity between parents and daughters.  

Lastly, is the problem of workless individuals and self-employed individuals. This research 

ignores individuals who being unemployed for out of 3 periods and self-employed individuals. 

Gregg et al. (2017) found that IGE was understated by around 0.05 due to the exclusion of 

unemployed individuals. Hence, the measurement issues include (1) how to treat periods out of 

work, and (2) how to deal with zero earnings (self-employed individuals) when considering 

lifetime earnings. Clearly, there could be other factors such as luck and a child’s personality 

that would affect the intergenerational income elasticity indirectly.  

Rohenkohl (2019) used the OLS estimator and found that the IGE in the UK was between 0.25 

and 0.27. Blanden et al. (2004) used BCS70 cohort and found that IGE was around 0.30 for 

men. Gregg et al. (2017) found an even higher estimate of 0.43 for the BCS70. The likely reason 

why the upper bound (0.50) in my research is higher than Gregg et al.’s (2017) findings is 

because I control parental age to reduce lifecycle bias, and I use IV estimates to reduce 

attenuation bias, whereas Gregg et al. (2017) only used average parental income for only two 

periods (suffer from attenuation bias).  

To summarize, there are many factors to consider when measuring a country’s intergenerational 

income mobility. Sample selection, lifecycle bias and attenuation bias are the main problems in 

estimating intergenerational income elasticity. Section 4.2.2 concludes that IGE estimates are 

closer after winsorizing because winsorization reduces the magnitude of some outliers. By 

comparing OLS estimates and rank-based estimates, the results in section 4.2.3 suggest that 

scale mismeasurement causes the lifecycle bias rather than positional inaccuracy. However, 

heterogeneity in income profiles may affect OLS estimates. Hence, further research should find 

out if there is heterogeneity in income profiles in the UK data. Moreover, section 4.2.4 proves 

that using single-year parental income has a lower IGE compared to two-year parental income 
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but note that using two-year parental income does not mean attenuation bias is fully mitigated. 

Section 4.3 shows that taking the average of sons’ earnings at different periods matters when 

estimating IGE across generations. Then, results from section 4.4 imply that there is high 

intergenerational income mobility when controls for son’s non-cognitive skills, cognitive skills, 

and qualifications compared to results that without these controls.  

In conclusion, the findings suggest that lifecycle bias still exist in point-in-time estimates of 

intergenerational income elasticity. The IV estimate of 0.506 could serve as an upper bound of 

the true IGE because instruments that used in this research are very likely to be positively 

correlated with parental income. Meanwhile, the OLS estimate of 0.273 provides a lower bound 

of the true IGE because the OLS estimates do not take into account the measurement error in 

parental current income. To sum up, the findings reveal that the intergenerational income 

mobility in the UK falls between 0.27 and 0.50. This result indicates that for every additional 

10% of parental income advantage, only between 2.7% and 5.0% will be passed on to the next 

generation in the UK. Nonetheless, both OLS and IV estimates in this research still suffer from 

workless spells bias and using multi-average of sons’ earnings will not totally mitigate lifecycle 

bias. Hence, it is concluded that the intergenerational income elasticity of 0.27-0.50 still 

understates the true IGE, meaning that sons’ earnings will be less dependent on parental income.  
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Appendices 

Appendix A 

Variables for son’s non-cognitive skills, including application, clumsiness, extroversion and 

hyperactivity at age 10; anxious at age 10 and 16; cognitive skills such as maths and reading at 

age 10.  

 

Non-cognitive skills:  

Teacher reported at age 10 

Application: 10 items 

- Scale: what extent does the child accept the goals of the school curriculum.  

- Is given to daydreaming.  

- Cannot concentrate on any particular task, even though the child may return to it 

frequently.  

- Becomes bored during class.  

- Becomes confused or hesitant when given a complex task. 

- Is easily distracted. 

- Pays attention to what is being explained in class. 

- Is forgetful when given a complex task. 

- Shows lethargic and listless behaviour. 

- Fails to finish things he starts. 

 

Clumsiness: 3 items  

- Trips or falls easily or bumps into objects to other children. 

- Is noticeably clumsy in formal or informal games.  

- Manipulates small objects easily with his/her hands.  

 

Extroversion: 5 items  



35 
 

Kent Economics Undergraduate Research Journal, Volume 2, 2023 

 

- When something important has happened, does the child endeavour to tell his or her 

friends about it? 

- When something important has happened, does the child endeavour to tell his or her 

teacher about it? 

- When talking to friends, is the child (compared to the rest of the class) talkative?  

- When talking to teacher, is the child normally (compared to the rest of the class) 

talkative?  

- Scale: Extrovert-Introvert.  

 

 

Hyperactivity: 6 items.  

- Is excitable, impulsive. 

- Shows restless or over-active behaviour. 

- Squirmy and fidgety. 

- Hums or makes other odd vocal noises at inappropriate times. 

- Given to rhythmic tapping or rhythmic kicking during class. 

- Has twitches, mannerisms or tics of the face or body.  

 

Anxious: 9 items 

- Is fearful or afraid of new things or situations. 

- Cries for little cause. 

- Behaves ‘nervously’. 

- Is fussy or over-particular.  

- In relations with others appears to be miserable; unhappy tearful or distressed. 

- Becomes obsessional about unimportant tasks. 

- Is sullen or sulky. 

- Truants from school.  

- Fearful in movements, requires much encouragement to move faster.  
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Mother reported at age 16 

Anxious: 8 items 

- Often worried, worries about many things.  

- Tends to do things on own rather solitary. 

- Often appears miserable, unhappy, tearful or distressed.  

- Tends to be fearful or afraid of new things or new situations.  

- Is fussy or overparticular.  

- Becomes obsessional about unimportant things.  

- Is sullen or sulky.  

- Cries for little cause.  

 

Cognitive skills:  

Child reported at age 10 

Maths: Friendly Maths Test score 

 

 

 

Reading: Edinburgh Reading Test score 
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Appendix B 

Highest academic levels:  

Sons reported at age 30 

There are nine dummy variables where each interprets different academic level.  

Dummy 0        Label = None 

Dummy 1 Label = Bad GCSEs      

Dummy 2 Label = CSE 2-5, other Scottish school qualification 

Dummy 3 Label = O levels, Good GCSEs    

Dummy 4 Label = 1 A level or more than 1 AS level at gr 

Dummy 5 Label = 2 or more A-levels      

Dummy 6        Label = Diploma of HE   

Dummy 7 Label = Degree, other degree level      

Dummy 8 Label = Higher degree   

 

 

 

       

       

 


