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Abstract

A Study on the Relationship between
Family Background and Birth Month in
Korea

Bumrak Choi
Department of Economics
The Graduate School
Seoul National University
Various studies have shown differences in health, academic performance and income
according to birth month. The previous study focused after birth, but this paper analyzes the
background differences of parents between birth months. Based on the annual birth data of the
census of Statistics Korea (KOSTAT)(1997-2018), the relationship between the birth month of
children, the level of their parents' education and their age was confirmed. Estimating from
binomial logistic regression, parents born in December were relatively less likely to be college
graduates and those in their 30s or older. This pattern stood out when a second child was born
than the first.
In addition, the School Entry Age rule is suggested in this paper as one of the reasons for the
difference between parents' backgrounds. The School Entry Age rule was changed in 2008, so
the data before and after 2008 were used to compare the characteristics of the parents of the
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child born in December. The results showed that parents of child born in December after 2008
were more likely to be college graduates and those in their 30s or older than other months.
The report analyzed that the change in the School Entry Age rule has led to the admission of
students in December at the youngest age compared to their peers, further increasing the
phenomenon of parents' reluctance. The U.S. Centers for Disease Control's data (1989-2001)
also confirmed that the mother of a child born in August, just before the school enrollment
date, had similar characteristics.
Based on this, data from 2009 and later were used in the Neural Network model to predict
first-half and second-half births depending on the characteristics of parents

Keywords : Birth month, Family background, Neural Network, binary
logistic regression, School Entry Age rule
Student Number : 2018-25713

3

Contents
1. Introduction ........................................................................ 5
2. Description of Data............................................................. 6
2.1 Data .................................................................................................6
2.2 Research Method ..........................................................................6
2.3 Multilayer Perceptron ..................................................................7

3. The Birth Month and Parental Characteristics ............. 9
3.1 The Parents of Child born in December ....................................9
3.2 Charateristics by Birth Order ...................................................12
3.3 Change in School Entry Age Rule ............................................15

4. Prediction Model by Neural Networks.......................... 19
5. Conclusion ......................................................................... 20
Reference ............................................................................... 21
Appendix................................................................................ 23

4

1. Introduction
Until now, in papers in various fields, the month of birth was treated as a instrumental variable
unrelated to the family background. Angrist (1990, p.314) utilized the difference in the draft
number based on the month of birth in order to identify the difference in income due to
participation in the Vietnam War. In addition, the month of birth was used as a instrumental
variable to identify the differences in income from the academic years of a child (Angrist &
Kruger , 1991).
However, studies have consistently shown that there are significant differences in health,
academic performance and income depending on the month of a child's birth. It is
questionable whether this difference is only affected by the process of growth after birth.
Despite researchers' claims that family history is irrelevant to the month of birth, Buckles and
Hungerman (2013) used the relationship between birth month and mother's background to
address future income differences. They proved that mother's age, education level, probability
of being white and the percentage married were significantly low in winter, indicating that the
birth season is also an endogenous variable affected by the family background.
However, it is not yet clear why these differences occur. Even if the effects of the weather
were removed at the time of childbirth, significant differences still remain. Therefore, I would
like to present one of the causes in this paper.
In this paper, the relation of mother's age, level of education and month of birth was analyzed
using the census data from Statistics Korea (KOSTAT)(1997-2018). This shows that errors
can occur when the month of birth is used as a instrumental variable in previous studies. It also
analyzed the monthly differences depending on the total number of babies born to the mother.
Also, The standard date for enrollment was changed to January 1 from March 1 in 2008, so
the data before and after 2008 were used to compare the characteristics of the parents of the
5

child born in December.
Finally, the results were used to create and test a child's birth month prediction model using a
neural network model.

2. Description of Data
2.1 Data
In this study, the annual birth data of the census provided by Statistics Korea's MDIS were
extracted and analyzed. The study included 10,731,745 children born from 1997 to 2018, and
excluded children born before 1997 from the absence of data.
The pre-2008 education level categories are divided into five levels: Uneducated, Elementary,
Middle School, High School and above, and after 2008, they are divided into Uneducated,
Elementary, Middle School, High School, College and Graduate School. Therefore, items
above College in the later period were combined with College so that there was no difference.

2.2 Research Method
In this paper, the characteristics of the mother according to the month of childbirth were
analyzed through the following regression model.
logit(pi ) = β0 + β1 Mj + β2 t ym + β3 t 2ym + β2 t 3ym + ε

(1)

p(Yi = 1|Mj , t ym )
logit(pi ) = log(
)
1 − p(Yi = 1|Mj , t ym )
Yi is a dummy variable that indicates the mother's college graduation and whether she is
over 30 years old. Mj is a dummy variable representing each month of childbirth (with
December omitted). t ym is a time trend variable with the following values:
6

t ym = (y − 1997) ∗ 12 + m

(2)

At this time, y is the year of birth and m is the month of birth. In this paper, binomial logistic
regression was used. The value to be obtained here is β1 , indicating the difference of ratio of
parent’s characteristic between the month of childbirth. In addition, the data were divided
according to the total number of births by the mother and the β1 value was measured..
Also, the following regression model was used for comparison before and after the School
Entry Age rule change:
logit(pi ) = α0 + α1 M12 + α2 A + α3 M12 A + α4 t ym + α5 t 2ym + α6 t 3ym + ε

(3)

M12 is a dummy variable for December and A is a dummy variable that represents the birth
since 2008. The coefficient α3 was used to calculate the change in the characteristics of
mothers of child born in December after 2008.

2.3 Multilayer Perceptron
Based on the analysis of correlation, a prediction model was created in this paper. In order to
avoid change in School Entry Age Rule, the model was created using data from 2009 onwards.
Multilayer Perceptron(MLP) of SPSS was used to create predictive models.
A multilayer perceptron is a class of feedforward artificial neural network (Hastie, Tibshirani,
&Friedman, 2009). An MLP consists of at least three layers of nodes called an input layer, a
hidden layer and an output layer. A hidden layer and an output layer are neurons that use a
nonlinear activation function. Multilayer and nonlinear activation of MLP are differences from
linear perceptron. Linearly indivisible data can be distinguished by MLP. (Cybenko, 1989).
Any number of layers can be reduced to a two-layer input output model if the multilayer
perceptron has a linear function that maps the weighted input value to the output of the neuron.
In this paper, hyperbolic tangent function that ranges from -1 to 1 is used in neurons.
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𝑦(𝑣𝑖 ) = tanh(𝑣𝑖 )

(4)

𝑒𝑗 (𝑛) represent the degree of error in an output node j in the nth data point of training
sample
𝑒𝑗 (𝑛) = 𝑑𝑗 (𝑛) − 𝑦𝑗 (𝑛)

(5)

Where d is the target value and y is the value produced by the perceptron. The node weighting
is then determined in the process of minimizing errors in the entire output (ℰ(𝑛)).
1
ℰ(𝑛) = ∑ 𝑒𝑗2 (𝑛)
2

(6)

𝑗

The change in each weight is given by gradient descent
Δ𝑤𝑗𝑖 (𝑛) = −𝜂

∂ℰ(𝑛)
𝑦 (𝑛)
∂𝑣𝑗 (𝑛) 𝑖

(7)

Where 𝑦𝑖 is the output of the previous neuron and 𝜂 is the learning rate. The derivative
depends on the induced local field 𝑣𝑗 . For an output node this derivative can be simplified to
−

∂ℰ(𝑛)
= 𝑒𝑗 (𝑛)𝜙 ′ (𝑣𝑗 (𝑛))
∂𝑣𝑗 (𝑛)

(8)

where 𝜙 ′ is the derivative of the activation function. It is difficult to directly analyze changes
in weight to hidden nodes. So we can use output layer weight change to analyze hidden layer
weight change by this formula.
−

∂ℰ(𝑛)
∂ℰ(𝑛)
= 𝜙 ′ (𝑣𝑗 (𝑛)) ∑ −
𝑤 (𝑛)
∂𝑣𝑗 (𝑛)
∂𝑣𝑘 (𝑛) 𝑘𝑗

(9)

𝑘

This depends on the change in weights of the kth nodes, which represent the output layer. So
this algorithm represents a backpropagation of the activation function. (Haykin, 2008)
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3. The Birth Month and Parental Characteristics
3.1 The Parents of Child born in December
The census provided by Statistics Korea's MDIS includes a variety of information on births.
Starting in 1997, data was created to record the month of birth of children, their level of
education and age of parents, and has been updated every December as of 2019.
As of 1997, the level of education and age of the mother were not recorded on birth reports
of about 0.22 percent, but it rose to 1.63 percent as of 2018. It seems to be the influence of
parents who do not want to expose their academic background. A total of 77,365 (mother) and
123,563 (father) were not recorded from 1997 to 2018.
Figure 1. Ratio of Parent’s Characteristics

Figure 1 shows the characteristics of the parent of a born child from 1997 to 2018. Panel A
9

shows the percentage of mothers giving birth who have a higher education than high school.
Panel B shows the percentage of mothers giving birth who are over age 30. Panel C represents
the ratio at which the father's education level is higher than that of a college graduate, and
Panel D is the ratio at which the father is over 30.
A striking feature of Panel is the characteristics of the parent of a December birth. The red
reference line indicates the month of December. Both mother and father show clear seasonal
patterns in December, with the ratio of college graduates and those over 30 years old dropping.
This shows that in Korea, the family background of babies born in December is relatively bad,
unlike the mother's pattern shown in the paper by Buckles and Hungerman (2013). Also, it is
special that the father also shows a pattern. This trait has been deepening since 2008.
Table 1. Mother Characteristics
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A binomial logistic regression using equation (1) will lead to Table 1. Table 1 characterizes
mothers who gave birth from January to November (with December omitted). The numbers
next to each month indicate Odds ratio and standard error is in parentheses. Mothers of babies
born in December have a relatively low percentage of college graduates and are more likely to
be under the age of 30 compared to those born in other months. There are statistically
significant differences in all months.
Table 2. Father Characteristics

Table 2 characterizes Fathers of birth child from January to November (with December
omitted). In each analysis, birth-month trend was controlled through Time variable t ym ’s
third-order polynomial.
Similarly, there have been statistically significant differences in all months. For example, in
11

April, the probability of parents being over 30 years old was even more than 10 percent
compared to December. One of the features highlighted in Table 1 and Table 2 is that
February's characteristics are all lower than in January and March. Except for December and
February, these results are not available in other months. We can make a assumption that the
pre-2008 school standard date for enrollment was March 1 and may have been affected.

3.2 Charateristics by Birth Order
The census data by Statistics Korea also includes the total number of babies born to mothers.
Using this data, we can determine the birth order of the babies. Table 3 shows the ratio of
mothers to college graduates or more, respectively, for first and second births.
Table 3. Ratio of College Graduate Mother by Birth Order
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As shown in Tables 1, 2, they contrasted from January to November based on December. In
all months except January, the exponentiated coefficient for the second child is relatively
higher than that for the first child.
Table 4. Ratio of Mother Over Age 30 by Birth Order

Table 4 shows the percentage of mothers aged 30 or older. For second births, the proportion of
mothers over 30 years old increases relative to the first childbirth in all months. Table 5 and
Table 6 compare father characteristics by birth order. Table 5 shows the ratio of fathers who
are more than a college graduate, and Table 6 shows the ratio of fathers who are over 30 years
old. Like mothers, in all months except January, the exponentiated coefficient for the second
child is relatively higher than that for the first child.
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Table 5. Ratio of College Graduate Father by Birth Order

Table 6. Ratio of Father Over Age 30 by Birth Order
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Also, in every month except August, the ratio of fathers of second-born children who are over
the age 30 is increases. Why do these differences occur? if parents are interested in education,
they may become aware of their age relative to their peers by raising their children after the
first childbirth. In such cases, the next child may deliberately try to avoid December by
adjusting the timing of pregnancy. This is because second pregnancy is often more planned
than first pregnancy.

3.3 Change in School Entry Age Rule
February's student entered the school at the earliest age, as the previous Korean standard
enrollment date in 2008 was March 1. In South Korea, the majority of people use Counting
age(Korean age) instead of age. This has led to the perception that their February birth children,
one year younger than other children, are lagging behind them, which is why parents with
relatively higher education and age may be reluctant to have one in February. Many parents
put their children, who were born in February, on hold without sending them to school, and
then enroll them the following year.
For this reason, the school standards of the Elementary and Secondary Education Act were
changed and it was implemented on March 1, 2008. Therefore, parents of children born after
2008 are more likely to avoid December, the lowest age compared to their peers. In fact, as
shown in the results of Table 1 and Table 2, February also shows a relatively low percentage of
parents over college graduates and those over 30 years old compared to the surrounding
month, which is likely to be affected by the School Entry Age rule before 2008. To confirm
this, a regression equation (3) was used. Table 7 shows how the characteristics of mothers who
gave birth in December since 2008 have changed compared to those before 2008.
15

Table 7. Mother Characteristics after 2008(Dec)

Here, instead of Odds ratio, the coefficients were marked directly. The coefficient of DecAfter
in Table 7 indicates a negative number, which means that the differences between the
characteristics of mothers in December 2008 and those in other months have widened.
However, the ratio of mothers who graduated from college or higher came to a degree that is
not a significant difference in statistics
Table 8. Father Characteristics after 2008(Dec)
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Table 8 compares father characteristics before and after 2008. Similarly, DecFaAfter's
coefficient (2) is negative, which means the gap in father's characteristics has also widened.
However, DecFaAfter's coefficient (1) is not a significant difference in statistics. It even turns
out that the gap has narrowed. In other words, a mother is more interested in changing the
school entrance age rules than her father.
Table 9. Mother Characteristic after 2008(Feb)

Table 10. Mother Characteristic after 2008(Jan)
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We also looked at changes in the characteristics of mothers who gave birth in January and
February. Unlike December, both FebAfter in Table 9 and JanAfter in Table 10 are positive
numbers. This means that mothers who have graduated from college or are in their 30s or
older prefer to give birth in January or February. According to the results of Table 7, 8, 9 and
10, parents in their 30s or older are more reluctant to give birth in December after the change
of School Entry Age rule. This eventually means that the School Entry Age rule is one of the
causes of Seasonality.
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4. Prediction Model by Neural Networks
The correlation indicated that the change in School Entry Age Rule had an effect. Therefore,
the prediction model was created using only data from 2009 onwards. The results also showed
that the parental characteristic difference was noticeable in the second born children. Therefore,
only data of second born children was used to improve the accuracy of the forecast results.
Data from 2009 to 2017 were used as training data and data from 2018 were used as test data.
A dependent variable is a dummy variable that distinguishes between the first and second
half of the year. Factors are education level of mother and father, cities and provinces. Time
variable and ages of mother and father are used as Covariates. Minimum number of units in
Hidden layer is 1 and maximum number of units in Hidden layer is 50.
Tables 11 to 20 attached to the appendix show the results of the neural network model. The
average of the total Percent Correct was 57.23 percent. This is 7.23 percent higher than
randomly divided first-half and second-half. In other words, the timing of childbirth can be
predicted depending on the characteristics of parents..

19

5. Conclusion
Studies have continued to show that there are differences in health, income, etc. between the
month of the birth of a child. However, most studies focused on differences due to factors after
birth. This paper shows that in Korea, a child's birth month can also be affected by the
characteristics of their parents. In other words, you should be careful when using your child's
month of birth as a instrumental variable. Meanwhile, this paper suggests that School Entry
Age rule can also cause seasonality, unlike the reasons for seasonality suggested by Buckles
and Hungerman (2013). The data from Buckles and Hungerman (2013) suggest that the
mother of January's birth has a high probability of being married, white, and a teenager and
lacks a high school diploma. Separately, mothers born in August are also relatively less likely
to be Married, white, and has high school diploma than in July and September, and more
likely to be teenager. The reason may be that the date of admission to schools in the United
States is September 1. To be more certain of the results, I think it is better to find and compare
cases in other countries where the School Entry Age rule has changed. Finding these examples
in the future may further confirm the extent to which the school-based date affects the timing
of the birth.
Analysis of pre-1996 births was not possible due to the limitations of the data currently
analyzed. No research on income has been conducted yet because it is highly likely that those
born in 1997 are currently attending college. If studies are conducted on differences in income
from birth months over time, it is predicted that the results of this paper will be used to
eliminate differences in income due to differences in family backgrounds.
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Appendix
Table 11. Neural network model results
Predicted
Sample

Observed

Training

First half

708088

76833

90.2%

Second half

625913

72284

10.4%

Overall Percent

89.9%

10.1%

52.6%

First half

40422

22726

64.0%

Second half

26592

27556

50.9%

Overall Percent

57.1%

42.9%

58.0%

Testing

First half

Second half

Percent Correct

Table 12. Neural network model results
Predicted
Sample

Observed

Training

First half

686914

98007

87.5%

Second half

608492

89705

12.8%

Overall Percent

87.3%

12.7%

52.4%

First half

50796

12352

80.4%

Second half

39004

15144

28.0%

Overall Percent

76.6%

23.4%

56.2%

Testing

First half

Second half

23

Percent Correct

Table 13. Neural network model results
Predicted
Sample

Observed

Training

First half

525461

259460

66.9%

Second half

471597

226600

32.5%

Overall Percent

67.2%

32.8%

50.7%

First half

44700

18448

70.8%

Second half

32818

21330

39.4%

Overall Percent

66.1%

33.9%

56.3%

Testing

First half

Second half

Percent Correct

Table 14. Neural network model results
Predicted
Sample

Observed

Training

First half

619123

165798

78.9%

Second half

549681

148516

21.3%

Overall Percent

78.8%

21.2%

51.8%

First half

47931

15217

75.9%

Second half

34127

20021

37.0%

Overall Percent

70.0%

30.0%

57.9%

Testing

First half

Second half

24

Percent Correct

Table 15. Neural network model results
Predicted
Sample

Observed

Training

First half

672393

112528

85.7%

Second half

590699

107498

15.4%

Overall Percent

85.2%

14.8%

52.6%

First half

42825

20323

67.8%

Second half

30063

24085

44.5%

Overall Percent

62.1%

37.9%

57.0%

Testing

First half

Second half

Percent Correct

Table 16. Neural network model results
Predicted
Sample

Observed

Training

First half

503002

281919

64.1%

Second half

437705

260492

37.3%

Overall Percent

63.4%

36.6%

51.5%

First half

48243

14905

76.4%

Second half

31600

22548

41.6%

Overall Percent

68.1%

31.9%

60.4%

Testing

First half

Second half

25

Percent Correct

Table 17. Neural network model results
Predicted
Sample

Observed

Training

First half

478808

306113

61.0%

Second half

409976

288221

41.3%

Overall Percent

59.9%

40.1%

51.7%

First half

27821

35327

44.1%

Second half

18423

35725

66.0%

Overall Percent

39.4%

60.6%

54.2%

Testing

First half

Second half

Percent Correct

Table 18. Neural network model results
Predicted
Sample

Observed

Training

First half

608915

176006

77.6%

Second half

537362

160835

23.0%

Overall Percent

77.3%

22.7%

51.9%

First half

43564

19584

69.0%

Second half

29478

24670

45.6%

Overall Percent

62.3%

37.7%

58.2%

Testing

First half

Second half

26

Percent Correct

Table 19. Neural network model results
Predicted
Sample

Observed

Training

First half

747098

37823

95.2%

Second half

659706

38491

5.5%

Overall Percent

94.9%

5.1%

53.0%

First half

49007

14141

77.6%

Second half

37336

16812

31.0%

Overall Percent

73.6%

26.4%

56.1%

Testing

First half

Second half

Percent Correct

Table 20. Neural network model results
Predicted
Sample

Observed

Training

First half

483536

301385

61.6%

Second half

430442

267755

38.3%

Overall Percent

61.6%

38.4%

50.7%

First half

39262

23886

62.2%

Second half

25327

28821

53.2%

Overall Percent

55.1%

44.9%

58.0%

Testing

First half

Second half

27

Percent Correct

요약(국문초록)

한국의 출생 월과 가족배경과의 관계
에 대한 연구
다방면의 연구에서 출생 월에 따른 건강, 학업성취, 소득의 차이가 입증되었다.
기존의 연구는 출생 이후에 초점을 맞췄으나 본 논문에서는 출생월간의 부모의
배경차이를 분석한다. 통계청의 인구동향조사의 연간 출생자료(1997년-2018년)을
기반으로 자녀의 출생 월과 부모의 교육 정도, 나이의 관계를 확인하였다. 이항
로지스틱 회귀분석(binomial logistic regression)으로 추정하면 12월 생의 부모는 상
대적으로 대졸 이상일 확률과 30대 이상일 확률이 떨어졌다. 이러한 패턴은 첫
번째 출생아 보다 두 번째 출생아일 때 두드러졌다.
또한 본 논문에서는 부모의 배경차이가 나는 이유중 하나로 취학기준일을 제시
하였다. 2008년 기준으로 취학기준일이 3월 1일에서 1월 1일로 변경되었기에
2008년 전후의 데이터를 비교해 12월 생의 부모의 특성을 비교하였다. 이 결과
2008년 이후 12월 생의 부모가 다른달에 비해 대졸 이상일 확률과 30대 이상일
확률이 더욱 줄어들었다. 취학기준일의 변경으로 12월생이 동급생 대비 가장 어
린나이에 입학하게 되면서 기피 현상이 더욱 높아진 것으로 분석하였다. 미국의
질병 대책 센터(Centers for Disease Control)의 자료(1989년-2001년)에서도 취학기준
일 직전인 8월 생의 어머니가 비슷한 특징을 보임을 확인했다.
이를 바탕으로 취학기준일 변경 이후인 2009년 이후 데이터를 신경망(Neural
Network) 모델에 적용시켜 부모님의 특성에 따른 전반기, 후반기 출산을 예측하
였다.
28

주요어: 출생월, 부모의 배경, 신경망(Neural Network),
이항 로지스틱 회귀분석, 취학기준일
학번: 2018-25713

29

