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Abstract

This paper investigates the effect of ordinal rank in grade 9 on subsequent educa-

tional achievement and adult income in Sweden. In contrast to results from the

U.S., I find no effects of ordinal rank in the middle of the rank distribution. Only

students at the top and the bottom of the ordinal rank distribution benefit from ex-

periencing a higher ordinal rank. High ability students from low income families

gain the most from having a higher ordinal rank in grade 9.
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1 Introduction

Important differences in educational outcomes appear already when students are young.

The persistence of these differences and their effects on later educational achievement

and labor market outcomes are well documented Fredriksson et al. ((2013))Chetty et al.

((2011))Pfeffer ((2008)). Therefore, gaining a better understanding of the mechanisms

that give rise to these important and persistent differences is an important, policy-

relevant research question.

This paper investigates the importance of one potential mechanism, namely ordinal

rank. Specifically, this paper estimates the causal impact of a student’s ordinal rank on

their medium- and long-run educational and labor market outcomes, where a student’s

ordinal rank is determined by their position in the distribution of final grades in their

school in year 9. I make use of high-quality Swedish register data to provide evidence

on the effects of ordinal rank on the probability of attending a STEM-related field in

upper secondary school, the probability of finishing upper secondary school, years of

education at age 33, and average income between the ages 30 and 34.

How might ordinal rank affect students’ outcomes today and in their future? One po-

tential mechanism is that being one of the lowest-performing students in the classroom

may decrease a child’s self-confidence Denning et al. ((2020)), social status , and men-

tal healthKiessling and Norris ((2020)). These negative side effects may lower students’

performance today and induce them to lower their effort in the future Denning et al.

((2020)). On the other hand, being surrounded by higher-performing students could im-

prove a student’s drive and motivation (Black et al. ((2013))Booij et al. ((2017))Carrell

et al. ((2018))Carrell et al. ((2009))). The ordinal rank of a student may also impact

their teacher’s behavior and the resources made available to them (Lavy et al. ((2012))).

For example, being among the lower-ranked students in a class could mean getting more

attention and help from the teacher. Alternatively, it could give the teacher a negative

signal that lowers the teacher’s motivation and expectations concerning that student.
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Being among the top students may induce teachers to provide the student with more

learning opportunities and materials.

The importance of studying the impact of the ordinal rank is further underlined by

Bertoni and Nisticò ((2019)). They suggest that understanding the impact of ordinal

rank is crucial for understanding how peer effects work. Importantly, they argue that the

tendency to omit ordinal rank from analyses of peer effects has meant that the previous

literature on peer effects may suffer from an omitted variable bias. The findings of Ribas

et al. ((2020)) support this notion: They find that being low ranked in the class harms

students in Brazilian universities, but this effect is partly mitigated by a positive effect of

the average peer ability. In other words, these studies suggest that the impact of average

peer ability and the students’ ordinal rank work in opposite directions – and may cancel

each other out if both are not considered.

Only recently has the economic literature started focusing on estimating the impact

of ordinal rank on student outcomes. Kiessling and Norris ((2020))) find that a one

standard deviation increase in ordinal rank improves a pupil’s mental health by 6 percent

of a standard deviation. Comi et al. ((2021)) find that a higher ordinal rank lowers the

likelihood of committing a violent act in school.

The most comparable study to my own is FACCHINELLO ((2016)). Using the

Swedish Evaluation Through Follow-up longitudinal study (which includes a 10% sam-

ple of students), he found that although enrolling in a better class helps young students

perform better on some tests, it lowers their desire to sign up for more challenging

courses in the future. He also finds that this effect remains even in upper secondary

schools and leads to a lower GPA.

In this study, I use much larger samples, which provides more variation and allows

me to study subgroups of students defined by demographic background variables and

academic ability. Are the effects of ordinal homogeneous or heterogeneous?

The empirical strategy adopted in this paper builds on Denning et al. ((2020)). Their
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study utilizes register data from Texas and analyzed the effect of ordinal rank on indi-

viduals’ outcomes in their mid-twenties. They used students’ ordinal rank in math and

reading in grade 3 and found a positive impact on high school grades, study track, and

income at the age of 24.

In the current paper, I calculate a student’s ordinal rank in their school and grade

using their grade point average in year 9. I argue that ordinal rank during the final year

of compulsory schooling is of particular importance. First, compulsory school students

spend a lot of time together in well-defined groups and, therefore, clearly understand

their ordinal position in this group. Second, this is a critical year for Swedish students

since they choose what upper secondary school they want to attend and what field of

study they would like to follow. If ordinal rank affects these choices, then the ordinal

rank will have long-run consequences for other outcomes as well.

Throughout the empirical analysis, I flexibly condition a student’s percentile rank in

the national ability distribution in order to isolate the effects of ordinal rank from the

effect of student ability. This, together with additional ability and school-cohort fixed

effect, results in a specification where there is no remaining systematic correlation be-

tween the ordinal rank of a student and observed pre-determined student characteristics.

This is taken as evidence that the ordinal rank-effect that I estimate reflects the causal

impact of ordinal rank and not the effect of other (potentially unobservable) student

differences.

This study contributes to the existing literature in three ways. First, it is the first

study in Sweden that looks at the effect of ordinal rank on long-term outcomes; we know

little about the long-run effects of ordinal rank, and even less about how the effects of

ordinal rank play out in different educational and institutional settings. Second, access

to detailed, population-wide register data is a big advantage that this study has over

much of the previous literature on the topic. For example, Denning et al. ((2020)) lack

information on parental income and education. Having more and better data also allows
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me to improve upon their identification strategy. It also provides me with long-run

outcomes when students are at age 30 to 34 (as opposed to age 24). Lastly, I perform a

large number of non-linear balancing tests and the standard linear balancing test, which

adds to the credibility of the empirical strategy.

I find that ordinal rank positively impacts many (but not all) of the outcomes studied

in the paper. Years of education completed by age 33 are positively affected by rank in

grade 9, while the probability of graduating from upper secondary school is not affected

by rank. The probability of attending a STEM field in upper secondary school increased

for students, but only for those in the top quartile of the ability distribution (where most

STEM students are drawn from). Income and income rank at age 30 to 34 are both

increasing in ordinal rank in year 9, but the effect size varies across the distribution of

student ability. Only those in the tails of the ability distribution benefit from experienc-

ing a higher ordinal rank. Interestingly, the gains received by high ability students is

even larger for those from low income families.

The rest of the paper is organized as follows. In the next section, I presents the

data. Section 3 describe the empirical strategy in more detail and in section 4, I examine

tests of the internal validity of my identification strategy. The main results are presented

in section 5. Results on heterogeneous effects are presented in section 6. Section 7

demonstrates the robustness of my findings. Section 8 concludes.

2 Data

The analysis is based on detailed register-based data on students attending grade nine

of lower secondary school in the 1990s. School results from lower secondary school

will be used to measure students’ ability. I use individual, family, and demographic

background variables to further control student background and study heterogeneous

impacts along the lines of student gender, parental education, and income. The outcome
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variables span the short-term impact on students’ educational choices and outcomes

and the long-term impact on incomes measured at the age of 34. The data covers an

extensive range of the student’s characteristics, which improves the scope for identifying

the causal effect of the ordinal rank with precision and low measurement error. The

descriptive statistics of all variables are shown in Table 1.

The main independent variable is the school by cohort rank of the students, calcu-

lated based on the final GPA in grade nine. The main specification uses 20 rank posi-

tions. The average number of students in each school during this period is 120 students,

so each bin has approximately six students.

The main control variable for student ability is the country-wide rank of the students’

ninth-grade GPA. This rank is based on the student’s GPA at the end of grade nine.The

GPA is scaled from 1 to 5 with one decimal, ’summing up to a 50-level ability rank. To

get accurate of ability control variables, I added dummy variables for each level of the

Mathematics and Swedish grade, which were at the time given at a 5-level scale going

from 1 to 5.

The GPA that I use for the student’s rank in school and the ability is graded by teach-

ers. This means that students were graded based on their teachers’ exams, attendance,

and overall performance. Teacher-graded tests have both advantages and disadvantages.

The first advantage is that the grade is based on the students’ overall abilities during the

study years and not just based on a single exam. Performances in group work, atten-

dance, presentation skills are potentially better reflected on the teacher-graded grades

than they would be in a single test. The second advantage is that students are likely to

be more aware of their position in the class concerning the teacher base grades com-

pare to the results on a single exam. This is an essential factor since students in the

same school and cohort learn about their relative abilities (and thus their rank in the

group) during the whole year when they see their own and other’s performances in dif-

ferent types of classroom exercises, exams, and homework. On the other hand, using the
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teacher-graded GPA can potentially cause biases in the estimation model. First, teachers

might grade students based on the distribution of the class ability. Also, there might be

some differences between teacher’s attitudes toward grading in general. In the empirical

strategy and robustness check section, I address this issue and how it may impact the

results in detail.

I used four different long-term outcomes. The first is the years of the study measured

at age 34. Among the top students, the higher ordinal rank can encourage students

to continue the study for the higher level; on the other hand, low performing student

reduces their effort go to university. In Sweden, almost 25% of students at least 15

years and have some university degree. The second related outcome variable is the

probability of finishing upper secondary schools, which translated to at least 12 years of

schooling. In our data, almost 86 percent of students finish upper secondary at the age

of 34. I expect that Lower ordinal rank for students with low performance could affect

the incentive to complete upper secondary school and not affecting students with high

abilities.

The third is the field of study that students attend in upper secondary school . This

category is defined in two forms; one is a dummy variable indicating if students attend

an Academic track within the STEM field, and the other shows if students attend a

vocational track. According to Table1 almost 22% of the students attend an Academic

STEM-related track and 37% of the students attend a Vocational track. Previous studies

showed that higher ordinal rank affected students to choose a more challenging track

Denning et al. ((2020)), Murphy and Weinhardt ((2018)) FACCHINELLO ((2016)). I

can also see if this is the case in our setting.

The last outcome is the average income of the students at the age of 30-34. It is

vital to average over several years, since previous research has shown that income infor-

mation is volatile (ref). The income variable used in the two forms is the income rank

within their cohort and the average work income.

7



Different student background characteristics were also used, all measured when stu-

dents were in grade nine: gender, four different levels of parental income and education,

and immigration status. For the parent income, first, the father and mother income were

added, and then the family’s income was sorted from the highest to the lowest in four

groups. For the parent education dummies, parents’ years of education were added and

ranked from highest to the lowest in four levels.

3 Empirical Strategy

This paper estimates the causal effect of students’ ordinal ranks on their medium- and

long-run educational and labor market outcomes. Ordinal rank is determined by a stu-

dent’s position in the distribution of final grades in their school in year 9. The main idea

is that we want to compare the outcomes of equivalent students who have the same in-

nate academic abilities, but who obtain different ordinal ranks by chance. In this setting,

“chance” is generated by the fact that they go to different schools that have (somewhat)

different student grade distributions. The key is that some of the variation in the distri-

bution of grades across schools is purely random and generates random differences in

ordinal ranks among otherwise equivalent students.

Figure 1 illustrates this variation. A student with median ability (= 25 on the x-axis)

can have a rank as low as 7 or as high as 13. This figure shows that students with the

same ability can get different ordinal ranks depending on which school and cohort they

are enrolled in. For this method to have sufficient power, many schools and cohorts are

needed.

Following Denning et al. ((2020)), I model outcome y of student i in school s and

cohort c as follows:

yisc = g(Risc)+A(aisc)+Ssc +Xisc + εisc, (1)

Where g(.) is a function of ordinal rank, Risc, A(.) is a function of student ability, aisc,
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Ssc is a school-by-cohort fixed effect, and Xisc is a set of control variables that includes

student characteristics. The ordinal rank function g(.) is allowed to take two forms.

The first is a linear function of rank λRisc. The linear rank variable is calculated as

Risc =
nisc−1
Nsc−1 , where nisc is the GPA rank of the student within his or her school and

cohort, and Nsc is the number of students in that school and cohort. Thus, the linear

rank variable is a number between 0 and 1. The second functional form for ordinal rank

is a set of dummy variables 1-20.1 Each dummy covers five percent of the students from

the lowest GPA rank to the highest GPA rank in each school and cohort. Rank 10 is the

reference category that will be dropped in the model. Thus, the non-linear function g(.)

is ∑
20
r=1,r 6=10 βrIr, and the main estimates of interest are βr. These estimates tell us how

much the outcome changes when students belong to rank r as compared to rank 10.

To have an unbiased estimate of the ordinal rank, it is critical to control for student

ability since there is a high correlation between rank and ability and since ability will

likely have a direct impact on the outcomes that we are most interested in. As discussed

in section 2, I use a student i’s rank in the entire country-wide by cohort distribution of

GPA as a proxy for student i’s ability, aisc. This ”national rank” is calculated based on

the same measure used to determine the school-by-cohort rank, namely GPA at the end

of grade 9. To calculate national rank, all students in each cohort are sorted from the

lowest to the highest GPA. Then, national ranks between 1 and 50 are constructed such

that each rank covers 2% of the student-by-cohort population. 2

Using national rank as an ability measurement may, however, produce biased es-

timates. This potential bias is due to a potential correlation between a student’s rank

1The number 20 was chosen, since it allows me to include all schools, even those with as few as 20

pupils.
2I chose 50 ranks because 50 rank covers all possible GPA positions, since ninth grade GPA ranges

from 1.0 to 5.0 in the data and is only reported with one decimal place, i.e. 4.5 is a valid GPA, while 4.56

is not.
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and the ability distribution in the student’s school. 3 This correlation can be illustrated

by Figure 2, which shows two schools with the same mean but one with high variance

(school A) and the other with low variance (school B). In this illustrative example, stu-

dents with a GPA of 4.0 (above the average mean) in high variance schools have lower

ordinal ranks than students with the same GPA in low variance schools. In contrast,

students with a GPA of 2.0 (below average, dash line) in high variance schools have

lower ordinal ranks than students in low variance schools. This means that a student’s

ordinal rank is not only relate to his or her own ability, but also to the variance of grades

in his or her school.

Thus, we risk mixing the causal effect of ordinal rank with other factors related to a

school’s grade distribution if we are not careful. For example, if some types of parents

choose schools based on their child’s ability and on the grade distributions observed at

a particular set of schools, then school-level differences in grade distributions together

with student sorting based on observable variables could lead to an omitted variable

bias in the main model. To solve this problem, the function A(.) in model (1) includes

student ability and school type, where school type is defined by the mean grade level of

the school and by the variance of grades in that school. I create a set of dummy variables

that control for school grade distribution type interacted with the student’s ability such

that:

A(aisc) =
D

∑
d=1

50

∑
a=1

βadIdIisc. (2)

In equation (2), Iisc is the dummy that equals one if students i belong to rank r (from

1-50) in the country among cohort c. School type, d, ranges from 1 to D. School types

are defined based on the mean and the variance of the schools grade distribution. To

define these types, the annual school grade means and variances were sorted from the

lowest to highest, and five different categories of schools were defined: 1) quantile of

3This bias is discussed at length in Booij et al. ((2017)) and Denning et al. ((2020))
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mean 2) quantile of variance 3) decile of the mean 4) decile variances 5) quartile of mean

and quartile of variance. Based on any of these alternatives, we have a different number

of dummies in the model. For alternatives 1 and 2, we have 200 dummies (4*50),

alternative 3 and 4, 500 dummies (50 *10), and the last alternative, 800 dummies (16 *

50). To choose between these alternatives, I run a set of linear and non-linear balancing

tests.

Going back to the model 1, Sscis the school and cohort fixed effect that means rank

and school effect assumed that they have a separate additive effect (see Denning et al.

((2020)) page 8 ). Different types of control variables also used in the model include

gender, immigration status, parent education (in four levels), parent’s income (in four

levels), as previously described in the data section. Adding all of the model components

together, results in the following estimation equation:

yisc =
20

∑
r=1,r 6=10

βrIr +
D

∑
d=1

50

∑
a=1

βadIrIa +Ssc +Xisc + εisc. (3)

3.1 Identifying variation

As discussed in the previous section, different numbers of dummies can be used in the

estimation equation to control for ability and school grade distribution type. One ques-

tion is, after adding all of these dummies, is there still a sufficient amount of identifying

variation left in the model to affect outcomes? Keep in mind that the identification

strategy uses differences in the grading distributions across schools that is conditionally

random. If we control for too much – so that the residual grade distributions across

schools are all equal – then the ordinal ranks of students with the same ability will be

identical and we will no longer be able to estimate the effect of ordinal rank. So we need

to categorize schools so that grade distributions are ”sufficiently” similar, but not iden-

tical. One can frame this problem as a trade-off between omitted variable bias (when

we do not control enough for the grade distribution types of schools) and a failure to
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capture the full effect of rank after controlling away too much of the variation in grade

distributions across schools. One method for choosing the correct set of control dum-

mies is to see how using different specifications affects a balance test where we estimate

the correlations between observed student characteristics and ordinal rank. This is done

in section 4.

Here, I investigate how much variation is left after controlling for school grade dis-

tributions and student ability. Figure 3 shows the relationship between student ability

(student country rank) and student ordinal rank in four types of schools with, (a) low

mean and low variance, (b) low mean and high variance, (c) high mean and low vari-

ance, and (d) high mean and high variance. There is variation in students’ ordinal ranks

at each ability level in all four school types.

To check the size of the variation after controlling for all factors in the equation, we

can see how the residual of the equation 4 varies across ability distribution.

Risc =
16

∑
d=1

50

∑
a=1

βadIrIa +Ssc +Xisc + εisc (4)

The standard deviation of the εisc at each point in the ability distribution indicates

how rank varies across the ability distribution after controlling for other factors. Figure

4 shows the standard deviation of ordinal rank and the residual of ordinal rank across

plotted across the ability distribution. The standard deviation of the ordinal rank is

higher on average and has an inverted U-shape. The plot of the residual of regression 4

used, then the variation changed is higher on the middle of the stable across the ability

distribution, and it is, on average, 0.7 standard deviation. This is the variation that we

use in the main model. This means that on average a student can get 0.7 ordinal ranks

higher or lower in any ability point. This variation corresponds to 3.5% changes in their

position in the class.
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3.2 Teacher Grading

As we discussed in the data section, using a teacher-graded GPA could have both advan-

tages and disadvantages. On the one hand, it could capture multi-dimensional measures

of the human capital. On the other hand, it could increase measurement error in the

ability measure. This section addressed the downside of teacher grading in two cases.

First, suppose that ”grading generosity” is at the school level and that it affects all

students in a school and cohort similarly. In that case, the composition of teachers

in a school and year is captured by the inclusion of school-by-cohort fixed effects in

the regression model, which alleviates this concern. However, if this generosity varies

across classes within the same cohort and school, it may give rise to a biased estimate

of the ordinal rank effect. Students in different classes may face teachers with different

grading behaviors, but I do not have data on student classes , therefore, can not control

for this possibility. At the same time, this concern is likely mitigated by the fact that

students in year 9 tend to meet many teachers who teach specific subjects, which lowers

the chance that one class of students meets a specific subset of teachers having their own

grading standards.

Later, as a robustness check, this issue is addressed by looking at the effects found

in a sample of small schools. These schools have fewer teachers, and all students most

likely graded by the same teachers, which should mitigate this problem.

Another potential concern is that the ability distribution in the school may itself

have an impact on the grades given by the teachers. The grading system in place at

the time was such that grades should be set relative to the standard normal distribution

in the cohort nationwide. This means that, in principle, the teachers should not let the

school-level distribution influence their grade setting. In other words, it was in principle

possible to give all students the highest grade if all students were considered top students

in relation to the nationwide distribution.

However, it is easy to suspect that teachers may still have been affected by the ability
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distribution of the students in the school. The more likely scenario is that a student,

given ability, would get slightly lower grades if she were the worst in the class than if

she were a bit higher up in the school-level cohort distribution. In the same spirit, being

the very best in the class (again, conditional on ability) may have contributed to getting

slightly higher grades.

Two crucial facts shall be noted in relation to this issue. The first is that the empirical

model partially controls for the school level (observed) ability distribution by including

the A(.) function. The second is that the case that was outlined above – where the

within school ability distribution contributes to a wider set of grades being handed out

– will most likely result in a downward bias of the ordinal rank effect on later academic

outcomes. The reason is that being ranked low in the school will then be correlated with

a lower GPA, given academic ability. The empirical analysis includes dummies of the

nationwide rank of GPA, which means that the study is based on comparing students

with equal GPA, but different school level ranks. If low school rank is correlated with

lower GPA (given actual ability), then the lower-ranked students will have ”worse GPA

than they really have,” which means that they will be grouped with ”worse students”

when compared with students with the same GPA but with higher school level rank. So,

suppose we expect a low ordinal rank to have a negative impact on later outcomes. In

that case, this will be counteracted by the fact that the ”comparison students” are worse

in absolute ability. For students who are top rank in the school, on the other hand, the

grade will be an overstatement of absolute ability (if having a high rank in the school

leads to getting higher grades), and this will mitigate the impact of the school-level rank

when the student is compared with students with the same GPA (but with lower school

level rank and higher absolute ability).
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4 Balance Test

Before estimating the regression according to equation 3, this section provides an in-

formal test of whether the controls added to the regression equation are sufficient to

control for omitted variable bias. This is done by testing if different pre-determined stu-

dent characteristics are uncorrelated with the ordinal rank when different sets of controls

are added to the model. If this is the case, I can reasonably assume that unobserved stu-

dent characteristics are also likely to be uncorrelated with the ordinal rank, conditional

on the included controls. The model is, therefore, likely to produce the causal effect of

ordinal rank. I do this in two formats. First, I run the linear balance check, and second

non-linear check.

4.1 Linear Balance test:

To run the linear balance test, I run equation 1 and replace the outcome variable with

different characteristics of the students. Following Denning et al. ((2020)), I use five

alternative specifications. If the background characteristics are not related to the ordinal

rank, it is reasonable that unobserved characteristics are also not associated with rank.

Running these regressions thus provides us with information on which specification

can be used to produce estimates on the impact of the ordinal rank that are plausibly

unaffected by unobserved variable bias.

The results presented in Table 2. The table shows the estimates of the ordinal rank

coefficient when dummy variables for students being male; having high and low ed-

ucated parents; high and low-income parents, and dummies for student immigration

status, are used as outcome variables.

Panel A shows the estimates when only the ability measurement is used as a control

variable in the model without interaction with school types. Panel B shows estimates

when the quartiles of school mean GPA are interacted with ability measurement (four
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school types interacted with 50 ability). Panel C allows for deciles of school mean GPA

(10 = 500dummies), panel D quartiles of school variance in GPA(200 dummies), and

panel E deciles of school variance in GPA (500 dummies). The last panel uses quartiles

of GPA variance and the quartiles of GPA mean (800 dummies). This is the preferred

specification that Denning et al. ((2020)) used in their model.

The table shows that no coefficient is statistically significantly different from zero

in the last two specifications, which means that the student’s background characteristics

are not correlated with the linear rank.

4.2 Nonlinear Balance check:

Table 2 suggests that there is no remaining correlation between ordinal rank, in linear

form, and pre-determined student characteristics in the panel D and E specifications.

As ordinal rank may have a non-linear impact, I want to check if the pre-determined

features are uncorrelated with the rank in a non-linear format. More specifically, I run

model 3 and replace the outcome variable with student characteristics. As was the

case for Table 2, statistically insignificant coefficients provide support for the notion

that the ordinal rank is conditional on the included controls, not correlated with student

characteristics, and that the specification will thus yield estimates of the causal effect of

the ordinal rank.

Three different specifications were used: no controls (green), control for ability

(Orange), and control for ability and 16 school types (blue). The last two correspond to

specifications (a) and (f) in the linear table 2. Figure ?? shows the estimates of each of

the characteristics for three specifications. In each figure, the x-axes show the student’s

ordinal rank in school, where each rank is covered 5% of students, and the y-axes show

the coefficient estimates of the corresponding rank. Note that the scale of figures is not

the same since the dependent variable in each has different scales.

The figure illustrates that the correlation between ranks and characteristics is high
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when I do not control any school type and ability. 4 When the model controls for the

ability, most of the estimates move toward zero. In the last specification, when the 16

types of schools interacted with the student’s ability (800 dummies), the correlation is

zero across student’s ordinal rank in almost all cases. 5. This means that using these

controls in the model takes care of all observable characteristics of the students. I take

this as suggesting that it likely also controls for all unobservable student characteristics

and will therefore continue with this specification.

5 Results

This section presents estimates of the effects of ordinal rank on future educational and

labor-market outcomes. Two types of estimators are considered, linear and non-linear.

For the non-linear effect, for which separate coefficients are estimated for each ventile

of the school by cohort rank distribution, the results are presented visually due to a large

number of coefficients.

5.1 Linear Effect of ordinal rank

The estimates of ordinal rank are presented in each panel of Table 3. The estimates of

school rank in each row show how the outcomes change when the students’ rank in-

creases by one rank in the school. Note that one rank increase is equal to an increase

of 5% the position of the students because the ordinal rank variable is defined as the

ventiles of the school by cohort distribution. The effect size is calculated by dividing

the estimates by the average of the outcome variable. Each column from (a) to (f) cor-

responds to specification (A) to (F) defined in the data section, wherein each different
4Note that the scale of the graphs is not similar to make it easier to show the differences between

specifications
5There are negative and small significant estimates for high-income and educated parents for the ranks

below 4.
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specification number of dummies is used to capture ability and school types. Specifica-

tion (f) is the preferred specification.

Most of the estimates in Table 3 show that while the magnitude of the effect is

small, the school rank significantly affects the outcomes. For example, the estimate for

the income rank in the specification (f) is 0.24. When the student’s position in the school

randomly increases by 5%, the income rank rises by 0.24 (out of 100). The effect size

is less than half a percent. For other outcomes, the size of the effects is also very small.

In terms of the specification, the results show that the estimates in all cases are

smaller when the model controls for school variances (column (d) and (e) ) compare to

when controlling for school mean (column (b) and (c) ) or only controlling for ability

(column (a)). Our preferred specification is a specification (f) when we have both school

variances, and school means interacting with the ability.

The takeaway from Table 3 is that if the ordinal rank is used in the linear format, the

effect size is small. As discussed in the empirical strategy section, this might be because

the rank effect is not homogeneous across all ranks. If the effect is zero in some parts

of the rank distribution, this will decrease the overall estimate of the rank effect. This is

addressed by estimating the the impact of ordinal rank in a non-linear format.

5.2 Non-Linear Effect of ordinal rank

Figure 6 shows the main results of the non-linear effect of ordinal rank on different out-

comes. The figure shows the result of equation 3, with each dot showing the estimated

coefficient of each of the 20 ventiles and the corresponding 95 percent confidence inter-

vals. Students in the 10th ventile (approximately in the middle of the school by cohort

distribution) are reference category, meaning that the coefficient of the ith ventile shows

the impact of being ranked in the ith ventile in the school by cohort distribution relative

to being in ventile 10. Note that the scale of the figures is not the same since the scales

of the outcomes variable are not the same.
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We start first with the field choices in upper secondary school in panels (a) and (b).

Panel (a) shows that the ordinal position of the students has a positive and significant

effect on attending the STEM field only for students in high rank. Moving from rank

15 (75 percentile) to the top of the class (100 percentile) increases the probability of

attending the STEM field by almost 6% compared to rank 10. This is the most imme-

diate effect of the rank since student chooses their upper secondary field of study right

after finishing grade nine. Attending a vocational track has an inverted-U shaped rela-

tion with the ordinal rank impact. This means that the likelihood that students attend

the vocational track increases with the rank when students have low rank (below 25

percentile) and decreases when students have high rank (above 75 percentile).

Next, we explore if the ordinal rank affects the probability of finishing upper sec-

ondary school and the years of schooling. Panel (c) shows that ordinal rank has an effect

on years of education, measured at age 34, in the low-rank interval (below 15 percentile)

and top rank interval (above 80 percentile). In contrast, for the interval in-between, the

coefficients are statistically indistinguishable from zero. The interpretation is that stu-

dents with very high (and low) ability, with the higher rank, were more strongly posi-

tively affected to continue their studies. This incentive is not high for all students in the

middle part of the ability distribution.

Panel (d) illustrates that ordinal rank has an extreme effect on students with very

low ability: raising from rank one to two increases the probability of finishing upper

secondary school by almost 25 percent (from -0.04 to -0.15 in panel d, rank 1 to 2) .

From rank 3 to 11, there is no effect of ordinal rank, and after that, the effect is very

small.

Panel (e) and (f) show that ordinal rank positively affects income at the age of 30-

34. This holds both when we use the income log (e) and income rank (f). The pattern

is almost similar for both and suggests that the slope of the effect is high for students in

low rank and lower for students in the higher rank. For example, the income rank of the
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students increases one rank when the student’s ordinal rank randomly increased from

one to two in the school, whereas if the students’ rank in the school increased from 19

to 20, the income rank increases by 0.5. 6

6 Heterogeneity Effect

In this section, I analyze if the ordinal rank has various effects on students with different

backgrounds. The heterogeneity study is limited to the non-linear specification and

is carried out for the following four background characteristics: gender, immigration

status, parent income, and parent education. All results are presented in figure A.1 -

figure A.4.

Figure A.1 shows females reacted slightly more than males to the random increase

ordinal rank for income and years of education. For other outcomes, they almost follow

the same pattern. Figure A.2 illustrates that ordinal rank has a higher effect on immi-

grant student’s income when they are in the top ranks of the school. In contrast, for the

native group, higher ordinal rank has a more positive effect in the lower parts of the rank

distribution. According to panel (f), the ordinal rank does not affect the likelihood of

attending a vocational track among immigrant students, while native students have the

inverse U shape pattern.

Figure A.3 and A.4 shows the differences between students with high and low par-

ents income and education. The differences can be seen in the student’s income and

the probability of finishing upper secondary education for the parents’ income hetero-

geneity. The impact of school rank on the income is strong, particularly among students

with low-income parents at the top of the school. An increase in the school rank from

18 to 20 (top 90% to 100%) increases the income rank from almost two to five; an effect

6part of the effect might be due to that getting higher income rank in the high end of the income

distribution is harder than getting a higher rank in low-income levels
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size of almost 6 percent (3 increases with the average of 50). Looking at the effect on

finishing upper secondary school, low-income students also benefit from higher rank if

they are among the top 15% of the schools.

7 Robustness Check

In the empirical strategy section, concerns about the validity of the estimators were

discussed. This section carries out a set of robustness checks that adresses each of these

concerns.

7.1 Functional Form

I used specification when the 16 categories of schools have interacted with the student’s

ability. For the validation of the model, the balance test was used. I argue that the

more balanced model of the pre characteristics could give us the best functional form.

The linear balance test suggests that specifications (e) and (f) in table 2 provide the

best specification. In the non-linear specification, they were no big differences between

specifications (e), (f), and (c) for most of the student’s characteristics. The main result’s

pattern hold across these specifications. I control for different types of schools. Overly

controlling for school types however diminishes the remaining identifying variation,

whereas adding too few controls increases the risk for omitted variable bias. So the

question is how adding different school type controls affect the main non-linear results.

Figure A.5 in the appendixes shows the results for different specifications. The first

specification is the main specification and same as the main results in figure 6 (16 types

of school). Specification A is when there is no interaction between ability and school

types. Specification B is when ten deciles of school means are used, and specification

C is the decile of variance used in the model. In most outcomes, the results for spec-

ification (c) are smaller for students on the top, from rank 15 to 20 ( 25% top of the
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class). This means that controlling more for school variances decreases the effect of the

rank for these students. The variances of the school in each cohort year are more ran-

dom compare to the school means. This is because the average school doesn’t change

too much between cohorts since all teachers are supposed to grade students based on

the normal nationwide distribution. By this reasoning, using more categories of school

based on variances might lead to over-controlling for school types and lead to under-

estimates of the effect size. The main specification in most cases stands somewhere

between other specifications that correspond to specification f, which used 16 types of

schools based on variances and mean.

7.2 School Size

The most preferred setting is to have class-level data and capture the student’s ordinal

rank in the class. To investigate how this might affect our estimates, I run the model

separately in large and small schools. 7 Analyzing the results for different school size

also helps to observe the issue of teacher grading that discussed in section 3. In a small

school, the number of teachers in each topic is limited and in most cases, students have

the same teacher in all schools, so almost all students are graded with the same teachers.

The is also the advantage of looking at big schools with respect to measurement

error. In a big school, there are more students in each ordinal rank bin. In big schools,

more students with the same ordinal rank get similar abilities. This can decreases the

biases from ability measurement because it covers more students with the same ability.

The results in figure A.6 show the estimates of small and big schools. Almost in all

outcomes, the estimates in a big school are bigger than a small school for students on

top of the class (above 75%) but the results are the same in all estimates. This is similar

to 132018Murphy and Weinhardt results on school size.

7The large schools define if the size of the school ( captured by the number of students ) is more than

the mean school size
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7.3 Ability measurement

To measure the ability of the students, I used national student rank in the country. The

Swedish, English, and Mathematics grades were added to the model to check if the

results are robust with other ability measures. The grade is added with four dummies

that indicate the grade from 1 to 5. Since the mathematics and English grades were

offered in two levels, each level’s dummies were used in the model.

The results are shown in figure A.7 and illustrate that adding Mathematics and

Swedish grade separately in the model leads to a slightly smaller effect in the top ranks.

In other words, grades in mathematics, Swedish, and English reduced the ordinal rank

effect on the outcomes.

8 Conclusion

This paper studies the causal impact of a student’s ordinal rank in their school during

grade 9 on their subsequent educational and labor market outcomes. The study builds

upon the methodology used in Denning et al. (2020), but adds a set of non-linear bal-

ancing tests that prove to be quite important and informative when choosing the proper

specification of the model. The main finding of the study is that a higher ordinal rank

has a positive impact on later life outcomes, but only for those in the tails of the abil-

ity distribution. This stands in contrast to results from the U.S., where Denning et al.

(2020) report rank effects across the entire ability distribution.

In Sweden, I find that moving up five rank positions to the top of the class increases

the probability of attending a STEM field in upper-secondary school by almost 6%.

Ordinal rank also has a positive effect on years of education measured at age 33, but

only for pupils below the 15th percentile or above the 80th percentile. A rank effect

on finishing upper secondary school is only seen for those at the very bottom of the

rank distribution; moving up by one ordinal rank increases the probability of finishing
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upper-secondary school by almost 3 percent. The effect of ordinal rank on income at the

ages 30 to 34 is modest, but larger for high ability students from low income families.

Overall, Girls tend to gain more than boys from an increase in ordinal rank, especially

high ability girls near the top of their class. Ordinal rank may also be relatively more

important for students from immigrant families and low income families.

The policy implications of ordinal rank effects are not year clear, since we do not yet

know enough about the underlying mechanisms. Are rank effects due to how schools

allocate resources, including teachers’ time, attention, and good will? Does a higher

rank boost confidence or act as a motivator for future effort? Are the effects of rank

symmetric? We would like to be able to harness the potentially beneficial effects of or-

dinal rank - especially for those from families from low socio-economic status - without

harming others. At the very least, educators should be made more aware of the disad-

vantages associated with a low ordinal rank and work towards reducing the degree of

disadvantage that persists into the future.
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Figure (1) Relationship between ability and school rank

Note: The figure shows the relationship between ordinal rank of students in school and ability.

The ability is measured according to the pupils’ ninth-grade GPA rank in the Sweden, which

ranges between 1 to 50. Each dots represent the mean of school rank in each ability point, and

lines represent types of the school from low- to high-mean in 20 groups.
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Figure (2) Two schools with the same GPA mean but different variance; high and low

Note: This figure shows the grade distribution in two schools with the same mean GPA but with

two different variances: high and low. The black line is the distribution of high variance schools.
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Figure (3) Relationship between ability and school rank in different types of schools

(a) Mean Q1- Variance Q1 (b) Mean Q1- Variance Q4

(c) Mean Q4- Variance Q1 (d) Mean Q4- Variance Q4

Note: Figure 3 shows the box plot of students ability and their ordinal rank. Each box represents

the median, 25, and 75 percentile of ordinal rank for each ability point. Four types of schools are

shown in panle: schools with, low mean and low variance (panel a), low mean and high variance

(panel b), high mean and low variance (panel c), and high mean and high variance (panel d).
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Figure (4) The standard deviation of ordinal rank by the ability

Note: This figure shows the standard deviation of pupils ordinal rank (black line) and the residu-

als (grey line) of ordinal rank. When calculating the residual of ordinal rank, the rank is used as

a dependent variable regressed on ability-school types, pre-characteristics control, and school-

cohort fixed effect.
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Figure (5) None Linear Balance Test

(a) Male (b) Immigrant

(c) Low Income Parent (d) High Income Parent

(e) Low Education Parent (f) High Education Parent

Note: figure shows the none linear balance test of different pre-deterministic characteristics of

the pupils across ranks. Each point is the estimate and 95% confidence interval of the corre-

sponding rank. The green dots show the estimates when no control is included in the model.

The yellow dots shows when 50 dummies of ability are included in the model, and the blue

dots represents estimates when the interaction of school types and 50 dummies of ability were

included.
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Figure (6) The effect of nine grade ordinal rank on different Outcomes

(a) Attending STEM (b) Attending Vocational Track

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Income, age 30-34 (f) Income Rank age 30-34

Note: Each dot in the figures shows the estimates of 1 to 20 school rank with 95% confidence

interval. The 10th rank is the reference point. In all models, sixteen types of schools (based

on mean and variances ) is interacted with the pupils’ national rank. The following controls

are included in the model: Immigration status, gender, parental education, parent income, and

school-cohort fixed effect.

32



Table (1) Descriptive statistics

Mean Standard Deviation Observations

Demographics

Female 48.9 49.99 794076

Father income log 8.9 2.18 754112

Mother income log 8.6 2.14 727636

Father years of education 11.2 2.86 726405

Mother years of education 11.3 2.54 757699

Born outside of sweden 7.5 26.33 794076

Parent born outside of sweden 13.0 33.59 794076

Academic outcome

GPA 3.2 0.70 794076

English (advance) 3.0 0.90 211072

English 3.3 0.87 536233

Mathematics (advance) 3.0 0.95 309044

Mathematics 3.3 0.90 445494

Sweidish 3.2 0.90 770575

Physics 3.2 0.99 715389

Long term outcome

STEM 22.4 41.67 276062

Vocational Track 37.3 48.35 276062

Income (age 30-34) 7.6 1.00 684328

Years of education (age 34) 13.1 2.17 756340

Finished USS 86.1 34.60 794076

Number of students in each school 121.8 40.30 794076

Number of students in each rank 6.1 2.01 794076

Note: This table contains descriptive statistics of the variable used in the study. It covers all

students in compulsory school between years 1990 untile 1997.
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Table (2) Balance Test

Male Low edu High edu Low income High income Immigrant

A0. Un-interacted

Rank -0.35*** -0.32*** 0.44*** -0.26*** 0.33*** -0.060***

(0.0031) (0.0029) (0.0043) (0.0028) (0.0037) (0.0028)

B. School Mean Quartiles

Rank -0.056*** -0.0064 0.019 0.0068 0.012 0.0028

(0.016) (0.013) (0.014) (0.015) (0.013) (0.0053)

C. School Mean Deciles

Rank -0.054*** -0.014 0.032** 0.0042 0.019 0.0035

(0.016) (0.013) (0.014) (0.015) (0.014) (0.0055)

D. School Variance Quartiles

Rank -0.026* 0.020 -0.018 0.010 -0.0098 0.000071

(0.015) (0.012) (0.014) (0.014) (0.013) (0.0047)

E. School Variance Deciles

Rank -0.018 0.016 -0.016 0.0088 -0.0061 -0.00092

(0.015) (0.012) (0.013) (0.014) (0.013) (0.0047)

F. School Mean quartiles and variance quartiles

Rank -0.00081 -0.012 0.010 0.0076 0.020 -0.00024

(0.016) (0.013) (0.013) (0.015) (0.013) (0.0052)

Note: This table showed the balance test when the different characteristics of the students were

regressed on rank, and 50 categories of abilities in various specifications. This table is similar to

table 2 Denning et al. ((2020)). In panel A, the ability doesn’t interact with school types. Panel

B interacts ability with dummies for quartiles of school mean GPA. Panel C interacts ability

with deciles of school mean. Panel D and E interact ability with quartiles of school mean and

variance, respectively. Panel F interacts ability with 16 dummies for school mean and variance.
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Table (3) Linear Results

(a) (b) (c) (d) (e) (f)

Income Rank

School Rank 0.24*** 0.27*** 0.28*** 0.18*** 0.17*** 0.24***

(0.037) (0.040) (0.041) (0.039) (0.039) (0.042)

Effect size (% of mean) 0.48 0.54 0.56 0.35 0.33 0.47

Income Log

School Rank 0.0077*** 0.0082*** 0.0082*** 0.0057*** 0.0052*** 0.0074***

(0.0015) (0.0017) (0.0017) (0.0016) (0.0017) (0.0018)

Effect size (% of mean) 0.10 0.11 0.11 0.076 0.069 0.099

Years of Schooling

School Rank 0.020*** 0.029*** 0.032*** 0.0062** 0.0043 0.015***

(0.0027) (0.0029) (0.0030) (0.0028) (0.0029) (0.0030)

Effect size (% of mean) 0.15 0.22 0.24 0.047 0.033 0.12

Finished Upper Secondary School

School Rank 0.0014** 0.0018*** 0.0022*** 0.0015*** 0.0016*** 0.0022***

(0.00055) (0.00061) (0.00062) (0.00059) (0.00060) (0.00063)

Effect size (% of mean) 0.16 0.21 0.26 0.18 0.18 0.25

STEM

School Rank 0.0058*** 0.0063*** 0.0063*** 0.0029*** 0.0028*** 0.0039***

(0.00097) (0.0011) (0.0011) (0.00099) (0.00099) (0.0011)

Effect size (% of mean) 2.60 2.82 2.83 1.31 1.24 1.73

Vocational track

School Rank 0.0054*** -0.0013 -0.0018 0.0057*** 0.0058*** 0.0014

(0.0012) (0.0013) (0.0014) (0.0013) (0.0013) (0.0014)

Effect size (% of mean) 1.44 -0.35 -0.49 1.52 1.55 0.38

Note: This table showed the linear effect of students ordinal rank on different short- and long-

term outcomes. Each row in the table shows the estimates of each outcome on ordinal rank

(1-20). All panels included ability, school-cohort fixed effect, parent income, parent education,

gender, and immigration status. In panel A, the ability doesn’t interact with school types. Panel

B interacts ability with dummies for quartiles of school mean GPA. Panel C interacts ability

with deciles of school mean. Panel D and E interact ability with quartiles and decile of school

variance, respectively. Panel F interacts ability with 16 dummies for school mean and variance.
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Appendices

A Figures

Figure (A.1) Heterogeneity by Gender

(a) Income, age 30-33 (b) Income Rank age 30-33

(c) Years of Schooling age 33 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for females (grey) and males (black). The 10th rank is the reference point. In all models,

sixteen types of schools (based on mean and variances ) interacted with the students national

rank. Immigration status, parental education, parent income, and school-cohort fixed effect are

included in the model.
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Figure (A.2) Heterogeneity by Immigration status

(a) Income, age 30-33 (b) Income Rank age 30-33

(c) Years of Schooling age 33 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for immigrant (grey) and Native (black). The 10th rank is the reference point. In all

models, sixteen types of schools (based on mean and variances ) interacted with the students

national rank. Gender of the pupils, parental education, parent income, and school-cohort fixed

effect are included in the model.
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Figure (A.3) Heterogeneity by Parent’s Income

(a) Income, age 30-34 (b) Income Rank age 30-34

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for low-income parent (grey) and high-income parent (black). The 10th rank is the

reference point. In all models, sixteen types of schools (based on mean and variances ) interacted

with the student’s national rank. Gender of the students, parental education, parent income, and

school-cohort fixed effect are included in the model.
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Figure (A.4) Heterogeneity by Parent’s Education

(a) Income, age 30-34 (b) Income Rank age 30-34

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for low-educated parent (grey) and high-educated parent (black). The 10th rank is the

reference point. The coefficient of the school rank comes from the model 3. In all models,

sixteen types of schools (based on mean and variances ) interacted with the student’s national

rank. Gender of the students, parental education, parent income, and school-cohort fixed effect

are added to the model.
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Figure (A.5) Robustness check, Functional Form

(a) Income, age 30-34 (b) Income Rank age 30-34

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note:Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for low-educated parent (grey) and high-educated parent (black). The 10th rank is the

reference point. In all models, sixteen types of schools (based on mean and variances ) interacted

with the student’s national rank. Gender of the students, parental education, parent income, and

school-cohort fixed effect are included in the model.
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Figure (A.6) Robustness check, School size

(a) Income, age 30-34 (b) Income Rank age 30-34

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval for the small school (grey) and big school (black). Small (big )schools are defined if the

school has less (more ) than 120 students. The 10th rank is the reference point. In all models,

sixteen types of schools (based on mean and variances ) interacted with the student’s national

rank. Gender of the pupils, parental education, parent income, and school-cohort fixed effect are

included in the model.
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Figure (A.7) Robustness check, Other Grades

(a) Income, age 30-34 (b) Income Rank age 30-34

(c) Years of Schooling age 34 (d) Finished Upper Secondary school

(e) Attending STEM (f) Attending Vocational Track

Note: Each dot in the figures shows the estimates of 1-20 school rank with 95% confidence

interval. The main specification is similar to the result in figure 6. The grey dots showed the

estimates when Swedish, Mathematics, and English added to the main model. The 10th rank

is the reference point. In all models, sixteen types of schools (based on mean and variances )

interacted with the student’s national rank. Gender of the students, parental education, parent

income, and school-cohort fixed effect is added to the model.
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