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Abstract 

         Relative age effect refers to the phenomenon that people who are relatively older 

in their age group are more likely to succeed than those who are relatively younger. It 

has been found to exist in both academia and sports, suggesting that older students in 

the same year are likely to have better school performances and older athletes are 

more likely to make it to the sport team. This research paper is intended to shed lights 

on relative age effect in academia, specifically to examine if high school academic 

performance shows a pattern of relative age effect, to further explain the potential 

benefits of being relatively older in an age group, such as being relatively taller, more 

mature and more intelligent. Data were collected from Project Talent in 1960, which 

surveyed over 400,000 students from 1353 high schools in the United States. The 

dataset originally provided 371,911 observations. After elimination of invalid data points, 

we reached a sample of 330,450 observations. A linear regression model is performed 

with STATA on the dataset, and results are to show a presence of relative age effect in 

high school academic performance and a potential selection bias that could confound 



results of relative-age related analysis due to constant occurrences of deferred and 

early school enrollments. The result is also consistent with a decision process of school 

entry for children with birth dates on the border of two school years – whether to choose 

the upper grade or the lower grade: smarter kids might go one grade up, and others not.  

 

Literature Review 

There has been a lot of research on different positive and negative influences on 

people’s life due to their birth months.  Relative age effect, is believed to occur when 

those who are relatively older for their age group are more likely to succeed. In the field 

of sports, for example, relative age effect exhibits a significant pattern in Canadian ice 

hockey, where nearly 40% of players on elite junior teams are born in the first quarter of 

the year, meaning that, because of a January 1 cut-off date, they would have been 

consistently older than their age group peers (Deaner, Lowen & Cobley 2013). Elite 

sports performers’ birth dates tend to cluster just after age-group cut-off dates. A recent 

systematic review (Bedard & Dhuey, 2006) reported a significant bias toward early-

season birth dates in multiple sports when the calendar year is divided into either 

quarters (3-month periods) or halves (6-month periods). Relatively older children, born 

early in the school/sports-selection year, are initially more likely to play representative 

sports due to physical and/or maturational advantages over their peers born later in the 

year (Sandercock et al. 2014), while kids born just before the cutoff date for an 

academic year or sports age division are at a disadvantage because they can be nearly 

a full year younger than some of the other children in their group (Belsky 2012). This 



disadvantage may then be potentiated through a version of “The Matthew Effect” – the 

strong gets stronger and the weak gets weaker (Hancock, Adler & Cote 2013). 

Relative age effect has also been found to play a part in other non-athlete part of 

high school, suggesting that not only relative physical immaturity but also 

mental/intellectual immaturity could be ascribed to being relatively younger in the same 

age group, which could also then lead to more significant variations in later-life success. 

Dhuey and Lipscomb (2008) show that relatively oldest high school students are 4-11 

percent more likely to become high school club or sport team leaders, and the impact of 

high school leadership experiences, as Kuhn and Weinberger (2005) find in their 

research, is believed to substantially increase their wages as adults and their likelihood 

to become managers. Thus, relative age effect could play a significant part in pre-

adulthood development, which could lead to greater future success variation. Further 

understanding of the effect might prove helpful to the educators in modifying the 

approaches to educating and identifying talents. 

However, current findings of relative age effect, such as both the athlete findings 

and the leadership findings, tend to focus on the benefits brought by, as Sandercock et 

al. believe (2014), physical and/or maturational advantages due to a higher relative age. 

Academic performance, unlike leadership or athletic competence, might be less likely to 

vary under the influence of physical or mental maturity. Being taller or more mentally 

mature might not result in scoring better in tests as much as it would result in playing 

better at sports or higher chances of holding a leadership position. Thus, it is important 

to distinguish whether higher relative age also leads to advantage in another aspect, 

academic performance. 



         This research paper is intended to explore the extent that relative age effect is 

present in high school academic performance by building up quantitative relationships 

between those two factors and explaining how common practices such as deferred and 

accelerated school enrollment might lead to selection bias when relative-age-related 

analysis is performed. 

 

Method 

The dataset used in this thesis comes from Project Talent, a national longitudinal 

study that first surveyed America’s high school students in 1960. Over 400,000 students 

from 1353 schools participated and Project Talent was designed to represent the 

diversity of the American high school experiences in early 1960. The study surveyed 

private, parochial and public schools from every corner of the country; from small rural 

towns to big cities, and from all economic, cultural, and social backgrounds. (Project 

Talent Overview) One advantage of this dataset is that it was designed to be 

representative of the larger U.S. high school population in 1960. 

         Project Talent surveyed a comprehensive list of questions and tests to access 

the background information and test performance of the students. Two important index 

that are used in my analysis include General Academic Aptitude Composite (general 

score) and Socioeconomic Index. General score is a composite score based on the 

scores a student acquired in various tests including math information, vocabulary, 

reading comprehension, creativity, abstract reasoning and general math. Since all the 

students surveyed responded to the same tests and surveys, the test scores, after the 

removal of missing values, are a good reflection of the academic performances of 



nation-wide high school students with the same standard, allowing the comparison of 

academic performances of all participants. SES is a calculated score for socio-

economic status of the participants, based on their responses to the ses-relevant 

questions, such as education level, occupations, income level of the parents, present 

value of their house, etc. Each of these ses-relevant question is given a weight and 

each chosen answer to the question is given a score. The total score is then converted 

to an overall score on a standard score scale, which becomes the socioeconomic 

variable used in my analysis.  

In my model, the dependent variable is the general score of the students, and we 

included two control variables: gender and socioeconomic status, while the main 

explaining factor is a constructed factor called “relative age”. The two control variables 

are included because they are thought to make a difference in school performances 

prediction. Sirin (2005) believes that socioeconomic status is probably the most widely 

used contextual variable in education research, and Weis, Heikamp and Trommsdorff 

(2013) found a gender differences in school achievements. Relative age is constructed 

based on birth month of the students: January - March birth dates fall under quarter 1 

brith (Q1), April - June birth dates under Q2, July - September birth dates under Q3, and 

October - December birth dates under Q4. This way of relative age assignment would 

guarantee that within one same year, Q1 borns are the oldest in their relative age, Q2 

the second oldest group, Q3 the second youngest, and Q4 the youngest in their relative 

age.  



 According to the pattern relative age effect in high school athletes, the model 

predicts that the relatively older the students, the better score they will acquire in the 

test. Thus, our basic empirical specifies the following equation:  

 

generalscorei = β0 + β1*Q1i + β2*Q2i + β3*Q3i + β4*genderi + β5*sesi + μi,  

 

where i denotes individuals and μ is the usual error term. Q1, Q2, Q3 are dummy 

variables that denote the relative age group of the student, with Q4 being omitted from 

the equation to avoid perfect collinearity in the regression; generalscore is a numeric 

variable from the General Academic Aptitude Composite mentioned above, gender is 0 

for female and 1 for male (suggesting a gender binary viewpoint of Project Talent 

survey in 1960), and ses stands for the numeric socioeconomic index. My hypothesis is 

that to prove the influence of relative age effect in high school academic performance, 

we should observe the estimates of β1 > β2 > β3 > 0.  

         In the dataset, the responses of 371,911 high school students in 1960 are 

available with their survey and test results. Since my model requires certain values not 

to be missing from the dataset, the first step is to clear all the missing data points. After 

dropping observations that have missing values in any of the variables we need to use: 

gender, socioeconomic status, general score, birthdate. Dropping 41,461 observations 

with missing values in any of the variables mentioned above, we reach a sample of 

330,450. Here are some of the summaries of the sample information: there are 167,661 

(50.74%) female participants, and 162,789 (49.26%) male participants. Among different 

grades, 89,352 (27.04%) are 9th graders,  87,471 (26.47%) are 10th graders, 82,126 



(24.85%) are 11th graders and the rest of 71,501 (21.64%) are 12th graders. The 

distributions of general scores and socioeconomic status index are as follows: 

 

Variable Mean Standard Deviation Minimum Value Maximum Value 

General Score 490 123 5 816 

SES 98 10 61 131 

Note: the means of both general score and SES are likely to be overestimates of the entire research 
since the missing values of those two variables are dropped, which are more likely to fall under the mean 
values of those variables.  
 

The birth month and birth year of the participants span across a huge time gap, 

with the oldest being born in Feb 1932 (28 years old at time of the survey, in 1960) and 

the youngest being born in August 2015 (not even born when the survey was 

conducted). Outliers such as these are likely to be either rare abnormalities in the 

sample or simply wrong information. Thus, to make sure our analysis is performed on 

the right group of observations - we decide to focus on only participants born from 1942-

1945, the major year for each grade. These four years (1942, 1943, 1944, 1945) are 

selected as major years because the normal-aged high school freshman to seniors are 

most likely to be born in each of these years (this rationale is also supported when the 

birth years are counted within each grade, see chart below), which would prevent 

inaccurate results due to birth year outliers that might bring very large noises in the 

regressions. For example, at 9th grade, the oldest was born in October 1936 (24 years 

old at the survey time) and the youngest was born in March 1965 (born after the survey 

was conducted); there are 964 9th graders born in and before 1942 (17 years or older as 



a 9th grader), and 383 born in and after 1947 (13 years or younger as a 9th grader). 

These are too obvious signs of either misinformation or extremely problematic/genius 

students who are far behind/ahead of majority of the students at their own age. After 

such analysis, we define birth year in 1945 as the main year for 9th graders in Project 

Talent, 1944 for 10th graders, 1943 for 11th graders and 1942 for 12th graders. 

 

Grade total #  # of students born in  
1945/1944/1943/1942 

percentage 

9 89,352 (1945) 59,877 67% 

10 87,471 (1944) 59,654 68% 

11 82,126 (1943) 58,533 71% 

12 71,501 (1942) 51,933 73% 

Note: the 1st row and 3rd column of the table is interpreted as the number 9th graders who were born in 
1945 is 59,877. Similar interpretation for other grades and years. The 4th column is the percentage of 
students who were born in the major year for the grade.      

 

After choosing the major birth year of each grade, it is also important to note the 

concept of cut-off date for schools because some youngest students whose birthdays 

are around the cut-off date could choose to defer school entry for a year or not to, which 

would switch the relative age of the student in their grade from youngest to oldest; 

similarly, the oldest students whose birthdays are around the cut-off date would choose 

to accelerate school entry for a year. Specifically, if the cut-off date for kindergarten 

entry is January 1st, then a kindergarten-aged child who was born in December could 

choose to defer school entry for a year to become the oldest in the class of next year 



instead of being the youngest in the class of the current year. Similar result could 

happen to January-born children. They can choose to enroll kindergarten with the class 

of previous year to become the youngest of their class, and if they are smart enough, 

their performance won’t be too much influenced by disadvantages due to younger age. 

Most of the times, the decision to whether defer a year, accelerate a year or stay normal 

in school entry is dependent on the child and what’s best for them. The capable ones 

might want to accelerate one year given their ability to survive an older environment, 

and the not-so-smart ones might want to defer one year of school entry to ensure their 

relative advantage of being an older kid (part of this statement is proven in this thesis). 

Therefore, it’s important to know the school cut-off date to figure out the birth months 

that are near the school cut-off dates, and the children born in these months are more 

likely to accelerate or defer school and still be considered as a normally aged student in 

their class, regardless of their decision to join the earlier school year or the later school 

year. As Dhuey and Lipscomb (2008) noted in their research with the same dataset: 

many states did not have explicit statutes about school cut-off dates during the late 

1940s, when Talent respondents entered kindergarten. However, most schools followed 

the same cut-off date as the rest of the schools in their state. Therefore, they obtained 

state cut-off dates in our Talent sample by using the empirical distribution of birth 

months. The beginning of the first of the 12 consecutive months containing the largest 

percentage of student birth dates is defined as the cut-off date for each state. They 

determined that the majority of cut-off dates during the late 1940s occurred on January 

1. This is consistent with Angrist and Krueger (1991). 



An inherent selection problem exists in measuring the direct effect of relative age 

on later outcomes because of the practice of enrollment acceleration and deferral 

(Dhuey & Lipscomb, 2008). The selection problem lies in the fact that, within the same 

grade, the early-year borns are more likely to be less smart than the late-year borns 

because the smarter early-year borns may enroll in one grade above and the less smart 

late-year borns may enroll in one grade below. To address this problem of selection 

bias, we include three types of broad regressions to run, of the same basic equation but 

with different samples. Let’s call them Regression 1, 2, and 3. Regression 1 (with the 

selection bias) and Regression 2 (generally without the selection bias) serve as a 

comparison to prove the existence of the bias, and Regression 3 is an improvement of 

Regression 2 to show more precise relative age effect.  

 

Results 

Table 1 shows Regression 1, and the four samples used for Regression 1 are (1) 

9th graders born in 1945, (2) 10th graders born in 1944, (3) 11th graders born in 1943 

and (4) 12th graders born in 1942. Note that the samples used in Regression 1 exclude 

those accelerated or deferred students. For example, smarter children who are at Grade 

10 but born in 1945 are not included in sample (1), even if they should be included 

because they are in the same age group with everyone else born in 1945. Table 2 

shows Regression 2, and the four samples used for Regression 2 are (1) everyone born 

in 1945, (2) everyone born in 1944, (3) everyone born in 1943 and (4) everyone born in 

1942. The rationale of Regression 2 is to also include students that have been 

accelerated to other grades, who are excluded in samples of Regression 1, but there 



are a few “too accelerated” students in this sample: namely, accelerated 1945 borns 

who are not in Grade 10, but in Grade 11 and Grade 12. For such students, we consider 

them to be outliers because they are “too accelerated”. Thus, we establish a concept 

that students who accelerated or deferred within one year of school entry are still within 

the acceptable range, but those accelerated or deferred more than one year are either 

genius or overly-behind. We don’t want to include genius or overly-behind in our sample 

because they are not reflective of the general population. We found that over 93% of 

students from each grade were born within the acceptable range. 83,812 (93.8%) out of 

89,352 9th graders were born from 1944-1946; 83,116 (95%) out of 87,471 10th graders 

were born from 1943-1945; 79,297 (96.6%) out of 82,126 11th graders were born from 

1942-1944; 69,336 (97.0%) out of 71,501 12th graders were born from 1941-1943. After 

the acceptable range is defined, we found that in Regression 2 still includes “too genius” 

or “too behind” students in the samples, but the results of Regression 2 are generally 

less biased because the “too genius” or “too behind” students are too small in numbers 

to deflect the general relative age pattern. To further refine the sample, we introduced 

Regression 3 whose results are shown in Table 3. In Regression 3, we limit each of our 

samples to be (1)1945 borns who are 9-10th graders, (2) 1944 borns who are 9-11th 

graders, (3) 1943 borns who are 10-12th graders and (4) 1942 borns who are 11-12th 

graders. Since Project Talent only surveyed high school students (9-12th graders), we 

couldn’t include 8th graders born in 1945 and “13th” graders (those who recently 

graduated from high school when Project Talent was surveyed) born in 1942 even 

though they are, by definition, in acceptable grades of their birth year.  

 



 

 
Table 1 *p<0.1; **p<0.05; ***p<0.01 
 

 

 

 



 

 
Table 2 *p<0.1; **p<0.05; ***p<0.01 
 

 

 

 

 

 

 



 

 
Table 3 *p<0.1; **p<0.05; ***p<0.01 
 

 

 

 

 

 



In Table 1, we are able to observe a “reversed” relative age effect. Namely, by 

simply looking at the magnitude of coefficients in each regression, we roughly observe 

that β1 < β2 < β3 < 0. The interpretation of that is, in this sample, being born in Q1 

predicts lower scores attained than being born in Q2, Q2 lower than Q3 and Q3 lower 

than Q4, which might suggest that “the younger, the better scores attained” in this 

sample. In both Table 2 and Table 3, we are able to observe a relative age effect (β1 > 

β2 > β3 > 0) in almost each year except for sample (4). In sample (4) of Regression 2 

and 3, the coefficient of Q1 is too low to show a relative age pattern and this is due to 

fact that smarter thus accelerated students born in early months of 1942 already 

graduated from high school when the survey was conducted. If they had taken the test, 

however, the coefficient of Q1 in sample (4) of Regression 2 and 3 would’ve been 

higher.  

To connect the results with a selection bias, we need to understand what is 

captured in each sample that we analyze. Suppose we are now looking at the all those 

born in early months 1945. Since a majority of the school cut-off date is January, those 

born in early months of 1945 could choose either to join the previous class year or their 

current class year, because they are on the verge of two school years. This means that 

a lot of the smarter participants born in early 1945 could be 10th graders when the 

survey was conducted, and those 9th graders at the survey time who were born in early 

months of 1945 are more likely to be the less smart ones compared to the children born 

in their same year and same month who are at 10th grade. Similarly, when we look at 

the late-year borns of 1945, they, on the verge of two school years, also face a similar 

decision. With similar decision rationale, those who end up at a higher grade are more 



likely to be smarter. Therefore, when we look at the 9th graders who were born in late 

months of 1945, we need to realize that some of the late-year borns of 1945 are still at 

8th grade (junior school), probably correlated with being less smart. Such junior school 

students were not surveyed in Project Talent, but if they had taken the test, their scores 

could have been the lower ones among all students born in late-year of 1945. We could 

also generalize similar reasoning process to other grades in Regression 1, so we 

conclude that, for the four samples in Regression 1, the samples we analyzed are, 

roughly, the combination of the less smart early-year borns, average mid-year borns, 

and smarter late-year borns for each sample year. Thus, the “reversed” relative age 

effect are observed in such problematic samples. To solve this problem, we need to 

figure out a method to include a representative sample of each students born in each 

quarter. Ideally, the total samples we test should be a combination of average early-

year borns, average mid-year borns, and average late-year borns. By utilizing 

Regression 2 and 3, we are able to eliminate part of the bias by including the smarter 

early-year borns who are accelerated to one grade higher and the less smart late-year 

borns who are deferred to one grade lower to the original biased samples in Regression 

1. It’s important to note that Project Talent only surveyed high school students (Grade 9 

- 12), so the sample doesn’t have, 1945 borns (9th grader “should-be”s) who deferred 

school entry and were 8th graders at time of the survey, and 1942 borns (12th 

grader ”should-be”s) who accelerated school entry and completed high school at time of 

the survey. If these omitted were to be included, we would predict the following changes 

in the results: A. in sample (1) of Regression 2 and 3, the coefficients of Q1, Q2 and Q3 

would increase, and the coefficient of Q3 would become statistically significant; B. in 



sample (4) of Regression 2 and 3, the coefficients of Q1 would become higher than Q2 

and a general relative age effect would be identifiable.  

In conclusion, we use Regression 3 as the most precise regression for our 

relative age effect analysis, and the most significant score increase is in sample (2) 

when switching from Q4 to Q1 leads to 9.34 point increase in the test, an increase of 

about 2% in test score.  

Discussions 

 The results suggest that relative age effect is present in academic performance 

of high school students surveyed in 1960 by Project Talent, which is small but 

significant. This finding is also collectively interesting with the result of the research of 

Dhuey and Lipscomb (2008), which shows that relatively oldest high school students 

are 4-11 percent more likely to take leadership roles in school organizations. Mwangi 

(2016) finds a moderate but significant indirect effects from leadership positions on 

academic performances in secondary schools. Thus, such positive correlations of 

leadership roles and academics performance could be, to some extent, attributed to a 

third factor – relative age. It is also possible that these three factors collectively improve 

each other, being relatively older gives the student a higher chance of taking leadership 

positions and higher academic performance. Then, being a student leader trains certain 

skillsets in the student, which further brings positive effect on academic performance. 

Further research can focus on separating the effect of leadership experience and 

relative age on academic performance.      

 There are, also, limitations to the research. First of all, the observations that are 

dropped due to missing values might be of a certain type that could influence the result 



in another direction. Majority of the dropped observations are due to missing values in 

score, and it is likely that those with missing scores are the students who didn’t take the 

effort to complete the test – meaning that they either find the test too challenging to 

complete or lack the motivation/patience to finish through – both of these reasons can 

be correlated with a lower score if they had finished the tests. It’s hard to predict how 

the inclusion of these missing values might or might not change the estimates in the 

regression. Second, due to different practices in each state, the school entry cut-off 

dates were different state by state. If the state of residence of each observation is 

available, then we would get a better relative age estimate by creating Q1, Q2, Q3, Q4 

according to the state of residence and state cut-off date. Since the state of residence 

was not available in the dataset due to protection of privacy, the best estimate we could 

do was to use the cut-off date that occurred for most of the states: January 1, 34 out of 

50 states had this cut-off date back at the time (Dhuey & Lipscomb, 2008). However, by 

constructing Q1, Q2, Q3, Q4 as the chronological order of a year (January – March, 

April – June, July – September, October - December) and comparing only the 

observation in the same year, we ascertain that Q1-Q4 students are the relatively oldest 

to youngest in the sample we select. Third, since the test of academic performance 

consists of questions that measure different types of knowledge, and high school 

students from all over the nation took the same test, it is hard to measure whether the 

construction of the questions favor one type of geographical-location, school size or 

lifestyle. Moreover, since the general score utilized to measure academic performance 

is a composite score based on the total weighted scores of different scores in each 

aspect, it becomes a relatively large number, with a wide max-min range and standard 



deviation. The implication of, say, getting 5 more scores due to being born in Q1, is hard 

to define. The general score is more used as a numeric comparison than as an 

indication of any outcomes. For example, it doesn’t tell anything such as a score over 

600 leading to higher chance of getting into a top 30 university. Thus, even if the results 

show that the highest Q1 and Q4 difference is scoring 2% more, it is hard to define how 

much that difference is in real life.   

 Another implication of the result is the importance of a proper time to start school 

that would guarantee an advantageous position, academically or more. This could be 

one way to alleviate the inequalities in education. As Dhuey and Lipscomb (2008) point 

out, children from a higher socioeconomic background is more likely to defer school 

entry by a year if they are relatively younger in their age group, thus switching from 

being the youngest to being the oldest in the next age group and gaining the 

advantages of being relatively older. The reason for those lower socioeconomic children 

not to consider school entry deferral could be either they are not aware of/don’t care 

about relative age effect, or that they have difficulties in deferring a year for school 

entry. Be it either way, proper programs could be designed to address education 

inequalities by allowing relatively younger children from lower socioeconomic status 

families to defer school enrollment by one year – which is a reasonable period that 

might bring larger returns.  
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Appendix 

A. STATA output of Regression 1, 2 and 3 

a. Regression 1 

 

 



 

 

 

b. Regression 2 



 

 



 

 

c. Regression 3 



 

 



 

 

 

B. Socioeconomic factor (Project Talent Handbook p.37-39) 



 

 



 



 



C. General Academic Aptitude Composite 

 

Component Max	Raw	Score Raw	Score	Weight
Math	Info 23 2
Vocabulary 30 1
English	Total 113 3
Reading	Comprehension 48 3
Creativity 20 2
Abstract	Reasoning 15 2
Math 40 5
Total 829

General	Academic	
Aptitude	Composite


