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1 Introduction

As education economists, we are looking for optimal combinations of limited resources that would

deliver desired educational outcomes. One of such limited resources is student time. The big question

is: How much time (or effort) should a student put in their studies to deliver an optimal social outcome?

We don’t expect students to put in enough effort as, on the one hand, their private optimum doesn’t

account for positive educational externalities, and on the other hand, students as human beings must

have all sorts of cognitive biases (time inconsistency, short-sightedness, self-control problems, etc.)

that can prevent them from putting in enough study effort. Thus if we want students to use their

study time in a socially optimal way, we may try, in the spirit of libertarian paternalism, to construct

mechanisms that would nudge students to choose this optimal study effort.

One of behavioral economics no-cost tools that can help students overcome self-control problems

and exert more study effort is grading. Grading provides extrinsic motivation that can compensate

students’ costs of study effort. However, as an extrinsic motivator, it can also crowd out students’

intrinsic motivation. Thus, grading effects can be ambiguous.

Grading methods and systems—absolute, relative, blended, etc.—also vary a lot in different coun-

tries, institutions, levels of education, departments and courses. A major form of summative assess-

ment, grades are supposed to provide students with direct feedback on how well they did in the course.

However, grading choice is at the discretion of the grader (who can pursue their own interest); grade

alternation can cost nothing and can even go unnoticed, but the impact can be significant as grades

might influence students’ self-beliefs and perceptions of their academic environment, change their ex-

pectations, and alter students’ decisions about their future study targets and choices of effort. Grades

can also vary within a classroom, when the teacher assigns different grades to different students based

on factors irrelevant to learning assessment per se (cf. favoritism, prejudice, gender bias, racism).

Variety of grading systems and practices (adopted ad hoc, without experimental testing), and lack

of clarity in grading effects suggest that current grading practices may not trigger optimal student ef-

fort, and there is room for research and possible evidence-based policy improvement. In this paper, I

investigate what impact exposure to higher or lower grades has on students’ further academic achieve-

ment. First, I build a behavioral economics model that predicts positive effects of more generous

effort-augmenting grading practice. Then I introduce an anonymous university data set and use it to

obtain empirical evidence on the grading effects.

2 Theoretical modeling

There can be several sources of randomness in grades (e.g., health, accidents, peers, prejudice, fa-

voritism). We focus on one random component: grading strictness. Grades represent a partial order in

the class, and thus give the teacher some discretion over which grade points to assign. For example, if

there are four positive grades: A, B, C and D, and the class consists of three students, who do signifi-

cantly differently from each other though all do pass, then there are four possible grade assignments:

ABC (the most generous), ABD, ACD, and BCD (the strictest). Manipulating grading generosity,
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teachers generate exogenous shocks to students’ grades that can have impact on students’ motivation

further on.

We use the reference-dependent preferences framework (Kőszegi and Rabin, 2006 ) to model

learning behavior of a representative student whose program of study consists of two periods, in each

of which he receives a separate period grade (e.g., a GPA): g1 and g2. The student has an innate pre-

determined background and ability summarized in a, and in period i he can choose to apply learning

effort ei (i = 1, 2). The effort has a marginal cost c (and no fixed cost), and when choosing the effort

level at the start of each period, the student takes into account his expected grade and his gain-loss

utility (if he has set a reference point for his future grade). The student is behavioral and naive (in the

O’Donoghue and Rabin, 1999 , sense): he is concerned with his grades, costs of effort and pains of

falling behind his expectations (if he has got any), but he is short-sighted – he optimizes his behavior

only in the current period, not taking into account that his first period accomplishment will become

his reference point to which he will be comparing his achievements later on. Consider a representative

student who decides at the beginning of the first period what amount of effort he wishes to invest in

learning. The effort has opportunity cost, and it is rewarded with a higher period grade (at least, in

expected value). We normalize grades, abilities, efforts and luck to lie in between 0 and 1. We model

knowledge k as a convex combination of ability a and effort e, and grade g as an imperfect measure

of knowledge, such that the teacher translates only a fraction t of it into the grade g:

k = αe+ (1− α)a, g = tk, where 0 ≤ α, a, e, k, t, g ≤ 1.

Without initial expectations and naively believing that teachers will grade his work straightfor-

wardly (t = 1), in the first period, the student solves his optimization problem:

max
e1∈[0,1]

g1 − ce1 = max
e1∈[0,1]

(α− c)e1 + (1− α)a.

Consequently,

• if c < α, then e∗1 = 1, g1 = α+ (1− α)a;

• if c > α, then e∗1 = 0, g1 = (1− α)a.

Obviously, if too much emphasis is placed on ability (e.g., the student is told that he either ”has

it” or not), the effort shrinks to zero as long as it’s costly.

In the second period, a reference point emerges in the form of the first period grade, and the

student also learns about the teacher’s grading pattern t (which he believes to be constant), so the

student modifies his optimization problem:

max
e2∈[0,1]

g2 − ce2 + η(g2 − g1), g2 > g1;

g2 − ce2 + ηλ(g2 − g1), g2 ≤ g1.
=
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max
e2∈[0,1]

t(αe2 + (1− α)a)− ce2 + η (t(αe2 + (1− α)a)− g1) , t(αe2 + (1− α)a) > g1;

t(αe2 + (1− α)a)− ce2 + ηλ (t(αe2 + (1− α)a)− g1) , t(αe2 + (1− α)a) ≤ g1.

The results are the following:

• if c < tα(1 + η), then e∗2 = 1;

• if tα(1 + η) < c < tα(1 + λη), then e∗2 = e∗1;

• if c > tα(1 + λη), then e∗2 = 0.

Combining with the results from the first period, the student’s choice of effort falls into the fol-

lowing three categories depending on the grading style t of the first period teacher (see Fig. 1):

• if t < 1
1+λη (”cruel grading” regime), some low-cost students get discouraged in the second

period and switch to zero effort;

• if 1
1+λη < t < 1

1+η (”strict grading” regime), the student just sticks to his first period effort

level (status quo) — low-cost students exert full effort, high-cost students exert no effort — as

the motivation that comes from aversion of falling behind his first period result is just enough to

keep his effort on the same level (and thus expect the same grade) when he faces not-too-high

appreciation of his efforts;

• if t > 1
1+η (”generous grading” regime), some not-too-high-cost students get encouraged in the

second period and switch to full effort.

The results don’t change if we modify the model to include a linear ”free lunch” term: g =

b+ tk, b ≥ 0. They also qualitatively hold for Cobb-Douglas, Leonieff and generalized CES-function

model (see Appendix).

Testable implications of the linear model:

1. for a range of ”normal” grading practices, grading doesn’t change students’ further effort—first

period effort is simply repeated;

2. effort-augmenting generous (above ”normal”) first period grading causes second period effort

improvement in some of the low-effort students, and the more generous the grading is, the

higher the share of the encouraged students;

3. cruel first period grading discourages some of the high-efforts students to produce high effort in

the second semester, and the more cruel the grading is, the lower is the share of students who

repeat high effort, converging to zero under the most cruel grading regime;

4. student behavior isn’t sensitive to the unanticipated ”free lunch” bonus in grading; what influ-

ences student behavior is only how grades appreciate student knowledge.
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Fig. 1. Influence of first period grading regime on second period effort in the linear model.

3 Data analysis

3.1 Background

I introduce a data set of academic records and basic demographics of Masters students of an anony-

mous university located in Europe. The data cover eleven years at the very beginning of the 21st

century. 1 Each year, around 500-600 freshmen, domestic and international, are enrolled in the uni-

versity Masters programs.

For each course, in which a student enrolls, there is a grade recorded (except for dropped courses).

The course record contains the grade point, GPA weight, teacher code 2, student credit, effective year
1 For confidentiality reasons, I do not disclose additional information about the university or give third parties access to

the data set.
2For teachers, original data contained only first, middle and last names, and I straightforwardly encoded them. There
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and study period, and indicators of whether the course is mandatory, or elective, or a language course.

Data also distinguish graduation results: whether and when the student graduated, thesis grades, credit,

and cumulative GPA. GPAs—both preliminary and final—are reported in the university information

system as rounded to two digits. The student’s academic rank is also reported and repeatedly recalcu-

lated. Students have full electronic access (only) to their own records throughout the length of their

study programs.

The university adopts the American grading scale. Positive grade points are 4 (the highest), 3.67,

3.33, 3, 2.67, 2.33, 2, 1.67, and 1 (the lowest); 0 means a fail (the corresponding awarded letter grades

are A, A-, B+, B, B-, C+, C, C-, D, and F). 3 Grades of 1.33, 0.67 and 0.33 are not applicable. A fail

can be retaken (normally only once), and in case of success normally replaced with a grade of 2.33.

The rank of a student is calculated based on exact (not rounded) preliminary GPAs of all the

students who started the program in the same year and are currently enrolled in the program (i.e.,

without those on leave). If several students have exactly the same GPA, they all get the same most

favorable rank (e.g., in a class of four students with GPAs 3.80, 3.00, 3.00 and 2.79, the students

receive ranks of 1, 2, 2, and 4 respectively).

At graduation, students receive a diploma of the quality that depends on their final GPA:

• a GPA of 3.67 or above results in a diploma with Distinction;

• a GPA of 3.33-3.66 results in a diploma with Merit;

• in some programs, a GPA of 3.00-3.32 leads to a diploma with Pass; in other programs—with a

Satisfactory quality statement;

• in some programs, a GPA of 2.66-2.99 leads to a diploma with Pass, in others—results in no

degree at all;

• students with a GPA below 2.66 normally receive no degree. 4

Also, a GPA below 2.66 in the first year of a two-year study program normally can result in the student

enrollment termination.

3.2 Potential grading forces and channels

The university grading system triggers the following forces that can influence student study behavior:

remains a slight possibility that some two teachers had a common first and last name and thus got the same code.
3After the first two years of the analyzed period, the university administration recommended to abandon grades of 2,

1.67 and 1. In the data, there are 78 such low grade records in the first two years, and only 46 spread across the last nine
years. In the analyzed sample, there are 53 such low grade records in the first two years, and only 34 in the last nine years
(all with positive GPA weights).

4The requirement that the final (rounded to two decimal points) GPA should be at least 2.66 was probably introduced just
before the start or in the first two years of the analyzed period. Different departments adopted the policy at different times.
E.g., department 10 applied the constraint immediately, failing in year 1 a student in a one-year program with a GPA below
2.66, while department 25 didn’t apply the policy for their students in years 1-2 of the analyzed period, letting four students
graduate while violating the requirement. Except for these four cases, we don’t have anyone in the sample who graduated
with a rounded GPA below 2.66.
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• a grade (imperfectly) measures the student’s learning in the course, and the amount of learning

is believed to positively depend on the student’s background, ability and effort, the latter be-

ing controllable by the student within their study program; thus, the student can control their

chances of getting higher grades by investing more study effort;

• the higher the current GPA, the better (ceteris paribus) are the opportunities for winning inter-

nally and externally granted scholarships, prizes and grants;

• the higher the final GPA, the broader (ceteris paribus) are the labor market and post-graduate

educational opportunities, making higher grades more desirable for some or majority of students
5 ;

• the termination cutoffs (2.66 or 3.00) provide extrinsic motivation for students to study if they

want to graduate (or continue in the second year, for 2-year programs);

• the merit (3.33) and distinction (3.67) cutoffs provide incentives to study for students who care

about appreciation of their achievements and/or want to use a reward as a signal of their ability

and diligence on the labor market or for post-graduate admissions;

• perceived strictness of grading signals the ”prices” of particular grades, that the students can

take into account when choosing their optimal combinations of study and leisure time;

• adopted absolute or relative grading systems at some departments or in some courses provide

incentives to cooperate or compete with peers respectively 6.

Additionally, first study period grades can trigger the following psychological forces that can have

a significant impact on a student’s further choice of effort:

• low initial grades can discourage some students and make them give up on studies (cf. learned

helplessness, perceived controllability, attribution style, need for appreciation);

• undeserved high grades (”free lunches”) can destroy incentives to study;

• in the imperfect information environment (the university), grades—one’s own and those of

peers—can serve as reference points, trigger loss aversion and thus add to the motivation to

study;

• students can use first period grades to identify themselves as ”high/middle/low achievers” (cf.

nerds, jerks and burnouts in Akerlof and Kranton, 2002), sticking to their identities and acting

respectively;
5In some programs, this role is played by the preliminary (current) GPA, as students can apply for jobs and post-graduate

programs even before they graduate.
6It is well-known, for example, that that law departments all over the world adopt relative grading.
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• the higher the inintial GPA, the easier it is to achieve a desired cutoff (be it 3.67, 3.33, 3.00

or 2.66) and the less probable it is to fall below one; after some point the student can perceive

a cutoff as ”achievable” and go for it, instead of ”eating up” their first period grading surplus

and sliding down close to an inferior cutoff (e.g., having an initial GPA of 3.60, the student

can either put in more effort and target a GPA of 3.67+ winning a diploma with Distinction,

or they can relax and decrease their effort, putting in just enough to stay at 3.33+ and get a

diploma with Merit); thus, this effect is ambiguous: boosting motivation by making a target

more achievable (especially if the cutoff is very close), and depressing motivation by making a

loss less anticipated.

Finally, the impact of first period grading practices on further student motivation and achievement

can be analyzed as acting through the following channels:

• observable:

1) ranking (students with higher GPA can have better opportunities within and outside the

program);

2) feasibility of cutoffs (e.g., what average grade they need to earn in the second period in

order to hit the targeted cutoff);

• unobservable:

1) reference ponts (students can stick to either their initial GPA or GPA of their peers or

some other target, e.g. a cutoff);

2) identity (first period GPA can induce an identity of the student, depending on the classi-

fication it falls in);

3) perceived controllability of the study process (if grades are unexpectedly very low, the

student can lose faith that they can correct the situation in the second period);

4) students’ perceived appreciation of their efforts (vs. ability or background) by the teach-

ers (especially if grades are the only feedback that students receive);

5) perceived strictness of grading (especially if students exhibit external attribution of their

grade results);

6) perceived ability (especially if students exhibit internal attribution of their grade results).

3.3 Selection of students into the sample

The university records cover 5,943 Masters students spread across eleven academic years. For a

small fraction of classes, students were not uniquely identified due to differences in departmental

semesters encoding (we exclude them from our data). We also exclude 191 students who took courses

in overlapping study periods (from different departments), so that we cannot tell their first and second
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study period. We don’t use data on seven students with corrected student credit. 7 We also drop

4 students who took courses that counted towards a couple of their degrees. We lose students with

unknown GPA in the first period. Finally, we restrict the sample to regular (non-visiting) students,

who have got clearly identified first and second study periods, such as modules or terms 8. The sample

size reduces to 4,241 students (or 71.4%).

To check if the sampled data are representative of the university Masters students population, we

compare sample and population means of student characteristics. The results are shown in Table 1.

The sample is a bit unbalanced compared to the population: it contains more than expected inter-

national, graduated and non-dropout students, and slightly more females. 9 However it mimics the

population in the shares of European students and students studying in state accredited programs. We

conclude that in order for our further calculations to be predictive at the university level, we’ll need to

apply weighting. However, if we take into account the fact that we include in the sample only students

with non-empty records on GPA in the first study period, we see that our sample contains a higher

fraction of ”regular” students, that don’t change their participation decision before the end of the first

study period. Although there can still be a possibility of self-selection and grading effect there (e.g.

a student who had just enrolled in the program, dropped out because he got frightened by grading on

his course work or midterm exams), we expect this effect to be minor and complementary to the main

story. 10

Table 1: Comparison of sample and population student characteristics

3.4 Investigation of empirical patterns

To assess the causal impact of grading on student effort, we would ideally run a field or lab experiment

with randomly assigned grades. Controlling for student ability and background characteristics, we

would then be able to compare outcomes of students under various types of grading treatment in order
7Their student credit was corrected in order to adjust to departmental policy. E.g., if a student took a 5 credit course

while according to his degree regulations only 4 credits could count towards his degree, then his credit was changed to 4.
8For some modular programs, students had one or a few pass/fail modules before they got a module with graded courses;

for them, we use the first graded module as the first period, and the second graded module as the second period in our
analysis.

9Besides graduated and dropout students there are students still enrolled in the programs, students on leave, etc.
10We can also check balance by start years, departments, dormitory status (for the last four years), and age at the beginning

of the start year (we have self-reported birth dates, but not the start dates of different programs).
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to find the optimal one.

As it is ethically challenging to conduct this kind of experiments in the field (though we can refer

to a relatively old field experiment involving misinforming swimmers on their performance (Seligman

et al., 1990)), and as we also know of no data where university grades would be randomly assigned or

shifted, for now we attempt to address the causal question using regression analysis of observational

data.

In the anonymous university data set, we look for ways to control for actual learning outcomes so

that we could compare groups of students with similar academic achievement but (slightly) different

initial grades. For dependent variables, we can use GPA of remaining courses, though it’s not a robust

measure of student performance (one single fail can depress it significantly without a possibility of

recovery), or a grade point median, or a share of ”good grades” in the student’s records (by ”good

grades” we mean As only, or As and A-’s, or As, A-’s and B+, etc.). To measure short-term effects,

we start with the analysis of shares of good grades (among all grades, including non-degree courses)

in the second period as the outcome variables. 11 12 To measure longer-term effects of initial (period

1) grading practices, we use further academic outcomes, such as graduation dummy, dropout dummy,

further grades, and thesis grade.

In order to find a source of exogenous variation in GPA, we exploit three routes:

1. comparing adjacent GPA values, holding the main GPA value fixed (e.g., conditional on the fact

that GPA is approximately 3.53, we investigate if there is an advantage of having a GPA of 3.54

over 3.53);

2. determining the effect of having a slightly higher or lower GPA, holding GPA rounded to one

(instead of two) digit fixed;

3. comparing students with favorably vs. unfavorably rounded GPAs.

Consider the first route. As we believe there is no difference whether your GPA is 2.91 or 2.92, we

group adjacent GPAs in pairs and assign them common pair numbers. In particular, GPAs of 0.01 and

0.02 are assigned into pair 1, 0.03 and 0.04 into pair 2, ..., 3.99 and 4.00 into pair 200. Thus, we have

200 pairs of possible GPA values (we don’t consider students with GPA=0 here). Within each pair,

there are the higher and the lower GPA values. The question is, holding the pair number fixed (e.g.,

holding pair number equal 199, we get GPAs 3.97 and 3.98), is there any effect of having the GPA

0.01 higher (i.e., having 3.98 compared to 3.97)?

Table 2 presents the results. The GPA pair #, determining the magnitude of the student’s GPA,

has a strong predictive power on the student’s period 2 outcomes. As the pair # = 50*GPA, a 1 point

higher period 1 GPA corresponds to 50 points higher pair #, and thus to a meaningful 0.78 points

higher GPA2, as well as 38 percentage points (p.p. hereafter) higher share of As, 56 p.p. higher share
11A natural extension of this analysis will be to use shares of good grades for degree courses only.
12Other outcome variables that can serve as dependent ones are the number of courses taken in period 2, and the probabil-

ity that the student’s highest (or lowest) grade in period 2 is an A (A or A-, etc.), again separately for degree and non-degree
courses or together.
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of A and A-’s, 46 p.p. higher share of B+ and better, 29 p.p. higher share of B and better, 19 p.p. higher

share of B- and better, and 8 p.p. higher share of C+ and better. Having controlled for the magnitude

of student achievement, we can attribute small (0.01 points) differences in GPA to random factors.

These differences, however small, produce positive grading effects in period 2, although somewhat

different for men and women (to avoid the Simpson’s paradox we analyze the genders separately): as

a result of having a 0.01 points higher GPA, men tend to substitute 2 p.p. of the share of their Bs with

B+’s, and women increase their share of A- by 3 p.p., and decrease the shares of B+ by 1 p.p. and B

by 2 p.p. 13 There is no significant effect, though, on the second period GPA. 14

Table 2: OLS estimation results of average grading effect on the quality of second period learning.
Regressors: Dependent variables: GPA and shares of good grades in period 2
period 1 variables GPA share 4.00 share 3.67+ share 3.33+ share 3.00+ share 2.67+ share 2.33+
GPA pair # 0.0156 ∗∗∗∗ 0.0075 ∗∗∗∗ 0.0111 ∗∗∗∗ 0.0092 ∗∗∗∗ 0.0058 ∗∗∗∗ 0.0038 ∗∗∗∗ 0.0016 ∗∗∗∗

GPA 0.01 higher (dummy) 0.0110 -0.0025 0.0196 ∗∗ 0.0200 ∗∗∗ 0.0064 0.0017 -0.0009
Gender differences Both Both M: 0.0087 M: 0.0220 ∗∗ Both Both Both
in coefficient on dummy insignif. insignif. F: 0.0276 ∗∗ F: 0.0170 ∗∗ insignif. insignif. insignif.
R2 0.4638 0.2728 0.4185 0.4200 0.3356 0.2489 0.1096

Notes: GPA pair # is assigned in the following way: GPAs of 0.01 and 0.02 receive a pair # of 1,
GPAs 0.03 and 0.04—pair # 2,..., GPAs 3.99 and 4.00—pair # 200 (GPA of 0.00 is excluded from the
sample); GPA in period 2 is GPA of second period degree courses rounded to two digits; shares of
good grades are calculated as fractions of the number of student’s graded courses (both degree and
non-degree) that were graded with good grades; students with reported period 1 GPA equal to 4.00,
3.67, 3.33, 3.00, 2.67, 2.33, 2.00, 1.67, 1.33, 1.00 or 0.00 are excluded from the sample to avoid
mechanical effects and make observations comparable; N =3,429 for the GPA regression and 3,434
for the regressions with shares; standard errors clustered by academic program; * 10% significant, **
5% significant, *** 1% significant, **** 0.1% significant.

Table 3 presents grading effects on further learning outcomes. Though there is still no effect

on GPA of the remaining degree courses and on student’s decisions to graduate on time, there is a

statistically significant 0.02 decrease in the probability of dropping out, both for men and women.

Further, as a result of having a 0.01 points higher period 1 GPA, men tend to have a redistribution of

0.05 in probablity from B- on their thesis to B, and a redistribution of 0.03 in probability from failing

to submit or defend a thesis to scoring a C+ on it (though both effects are only 10% significant).

For women, there is also a positive effect on thesis grade distribution: decreases of 0.03 and 0.02 in

probabilities of scoring a B- and B respectively, and a 1% significant increase of 0.05 in the probability

of scoring a B+.

The second option exploits the fact that the reported GPA is rounded to two digits. We use GPA

rounded to 1 digit to control for the student ”real” achievement, and estimate the effect of the grad-

ing bonus (or loss) that the student receives because of having a GPA rounded to two digits. The

assumption here is that the academic differences between the students with GPAs within 0.1 points

reach are due to randomness and are thus negligible (cf. first route with a much weaker assumption of
13To be completely sure that these results are not driven by some composition effects or omitted variables biases, we need

to carefully compare students with dummy=1 and 0.
14We need to consider shares of good grades in degree courses to see why GPA remains unaffected.
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Table 3: OLS estimation results of average grading effect on further learning outcomes.
Regressors: Dependent variables: further academic outcomes
period 1 GPA of graduation dropout thesis grade dummies
variables the rest dummy dummy 4.00+ 3.67+ 3.33+ 3.00+ 2.67+ 2.33+
GPA pair # 0.0146 ∗∗∗∗ 0.0042 ∗∗∗∗ -0.0039 ∗∗∗∗ 0.0065 ∗∗∗∗ 0.0093 ∗∗∗∗ 0.0083 ∗∗∗∗ 0.0069 ∗∗∗∗ 0.0056 ∗∗∗∗ 0.0046 ∗∗∗∗

GPA 0.01 higher 0.0160 0.0137 -0.0231 ∗∗∗ 0.0070 0.0159 0.0337 ∗∗ 0.0391 ∗∗∗ 0.0216 ∗∗ 0.0204 ∗

(dummy)
Gender differences Both Both M: -0.0238 ∗∗ Both Both M: 0.0069 M: 0.0458 ∗ Both M: 0.0313 ∗

in coef. on dummy insignif. insignif. F: -0.0218 ∗∗ insignif. insignif. F: 0.0506 ∗∗∗ F: 0.0327 ∗ insignif. F: 0.0108
N 3436 3479 3479 2952 2952 2952 2952 2952 2952
R2 0.4449 0.0970 0.1491 0.1046 0.1554 0.1574 0.1521 0.1274 0.1101

Notes: GPA pair # is assigned in the following way: GPAs of 0.01 and 0.02 receive a pair # of 1,
GPAs 0.03 and 0.04—pair # 2,..., GPAs 3.99 and 4.00—pair # 200 (GPA of 0.00 is excluded from the
sample); GPA of the rest is unrounded GPA of all degree courses taken after period 1; graduation
dummy equals one if the student graduated on time, and zero otherwise; dropout dummy equals one
if the student’s enrollment was terminated; students who have to submit a thesis as part of their
degree requirement can either submit it and receive a grade of 4.33, 4.00, 3.67, 3.33, 3.00, 2.67, 2.33
or 0, or can postpone submission; students with reported period 1 GPA equal to 4.00, 3.67, 3.33,
3.00, 2.67, 2.33, 2.00, 1.67, 1.33, 1.00 or 0.00 are excluded from the sample to avoid mechanical
effects and make observations comparable; standard errors clustered by academic program; * 10%
significant, ** 5% significant, *** 1% significant, **** 0.1% significant.

randomness of 0.01 distances).

Table 4 gives the results. Note the striking similarity of R2 in Tables 2 and 4, that differ by

no more than 0.0007. The coefficients on the control variables (GPA pair # and GPA rounded to 1

digit) also perfectly correspond to each other. The coefficient on the grading bonus however tells a

somewhat different story. First of all, we have to note that this grading bonus can already be big

enough to contain some non-random signal about the student ”quality”: those with a GPA of 3.34

can already do on average better than those with a GPA of 3.25 (though their GPA rounded to 1 digit

is the same: 3.3). Thus we can expect to find some small positive effect of grading bonus anyway,

through the ability omitted variable bias; and the coefficients in pulled regressions, being all positive

and 1 to 10% significant, meet our expectations. However, there are huge differences in genders:

the grading bonus, carrying both the grading and the small ability effects, has an insignificant impact

on women’s second period GPA, though for men it’s value (1.35) is 0.1% significant, and even 73%

higher than the coefficient on GPA rounded to 1 digit (0.78). Grading bonus has much more influence

than the rounded GPA on the shares of men’s good grades as well, meaning that even if there is an

ability component in it, a positive grading effect is also there; for each 0.01 points increase in period

1 GPA (within a range of 0.01-0.10 points) a male’s period 2 GPA is expected to increase by 0.013

points, and his pull of period 2 degree and non-degree grades is also expected to experience positive

redistribution: shares of higher grades go up—As by 0.5 p.p., A-’s by 0.3 p.p.—and shares of lower

grades go down—B+’s, Bs, C+’s, and Fs by 0.2 p.p. each, and B-’s by 0.1 p.p.

The results for females are much less pronounced. First of all, there is an insignificant grading

effect on period 2 GPA, which can mean that either the ability effect is offset by a negative grading

effect, or both the ability effect and the grading effect are small and insignificant, or the ability effect

is absent altogether, and there is an insignificant positive grading effect. The regressions on grade
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shares refute the idea of a negative grading effect. There is a 0.4 p.p. transfer from the share of B+ to

the share of A-, per each 0.01 point increase in period 1 GPA (within a range of 0.01-0.10 points).

The magnitude of results reported in Tables 2 and 4 is not directly comparable. We cannot straigh-

forwardly multiply the effect from the 0.01 ”dose” by 10 to obtain the effect from the 0.10 ”dose”.

Grading effects seem to be non-linear, though consistently positive.

Table 4: OLS estimation results of average grading effect on the quality of second period learning.
Regressors: Dependent variables: GPA and shares of good grades in period 2
period 1 variables GPA share 4.00 share 3.67+ share 3.33+ share 3.00+ share 2.67+ share 2.33+
GPA rounded to 1 digit 0.7810 ∗∗∗∗ 0.3756 ∗∗∗∗ 0.5564 ∗∗∗∗ 0.4600 ∗∗∗∗ 0.2901 ∗∗∗∗ 0.1876 ∗∗∗∗ 0.0783 ∗∗∗∗

Grading bonus 0.7604 ∗∗∗ 0.3270 ∗∗ 0.5541 ∗∗∗ 0.3867 ∗∗ 0.2443 ∗ 0.1559 ∗∗ 0.1360 ∗∗

Gender differences M: 1.3482 ∗∗∗∗ M: 0.5156 ∗∗ M: 0.7904 ∗∗ M: 0.6272 ∗∗∗ M: 0.4309 ∗∗∗ M: 0.3582 ∗∗∗ M: 0.2068 ∗∗∗

in coefficient on F: 0.3055 F: 0.1661 F: 0.3725 ∗ F: 0.2076 F: 0.1020 F: 0.0021 F: 0.0867
grading bonus
R2 0.4638 0.2727 0.4180 0.4193 0.3356 0.2489 0.1098

Notes: Grading bonus equals GPA reported (i.e. rounded to 2 digits) minus GPA rounded to 1 digit;
GPA in period 2 is GPA of second period degree courses rounded to two digits; shares of good grades
are calculated as fractions of the number of student’s graded courses (both degree and non-degree)
that were graded with good grades; students with reported period 1 GPA equal to 4.00, 3.67, 3.33,
3.00, 2.67, 2.33, 2.00, 1.67, 1.33, 1.00 or 0.00 are excluded from the sample to avoid mechanical
effects and make observations comparable; N =3,429 for the GPA regression and 3,434 for the
regressions with shares; standard errors clustered by academic program; * 10% significant, ** 5%
significant, *** 1% significant, **** 0.1% significant.

Table 5 presents grading effects on further learning outcomes. Paradoxically, there is no significant

further effect separately for men and women except for a very strong GPA effect for men resembling

the grading effect on GPA of period 2 degree courses.

Table 5: OLS estimation results of average grading effect on further learning outcomes.
Regressors: Dependent variables: further academic outcomes
period 1 GPA of graduation dropout thesis grade dummies
variables the rest dummy dummy 4.00+ 3.67+ 3.33+ 3.00+ 2.67+ 2.33+
GPA rounded to 1 digit 0.7289 ∗∗∗∗ 0.2097 ∗∗∗∗ -0.1946 ∗∗∗∗ 0.3254 ∗∗∗∗ 0.4637 ∗∗∗∗ 0.4161 ∗∗∗∗ 0.3456 ∗∗∗∗ 0.2785 ∗∗∗∗ 0.2313 ∗∗∗∗

Grading bonus 0.6412 ∗∗∗ 0.1727 -0.1945 0.0306 -0.0684 0.0654 0.5202 ∗∗ 0.4382 ∗ 0.2097
Gender differences in M: 1.1938 ∗∗∗ Both Both Both Both Both Both Both Both
coef. on grading bonus F: 0.2055 insignif. insignif. insignif. insignif. insignif. insignif. insignif. insignif.
N 3436 3479 3479 2952 2952 2952 2952 2952 2952
R2 0.4448 0.0967 0.1468 0.1050 0.1562 0.1568 0.1501 0.1268 0.1092

Notes: grading bonus is the difference between GPA rounded to two digits and GPA rounded to one
digit; GPA of the rest is unrounded GPA of all degree courses taken after period 1; graduation
dummy equals one if the student graduated on time, and zero otherwise; dropout dummy equals one
if the student’s enrollment was terminated; students who have to submit a thesis as part of their
degree requirement can either submit it and receive a grade of 4.33, 4.00, 3.67, 3.33, 3.00, 2.67, 2.33
or 0, or can postpone submission; students with reported period 1 GPA equal to 4.00, 3.67, 3.33,
3.00, 2.67, 2.33, 2.00, 1.67, 1.33, 1.00 or 0.00 are excluded from the sample to avoid mechanical
effects and make observations comparable; standard errors clustered by academic program; * 10%
significant, ** 5% significant, *** 1% significant, **** 0.1% significant.

The third route analyzes very small grading doses and exploits GPA rounding to two digits as an

external shock to grading. GPAs are reported in the system rounded to two decimal digits. Thus,

students either receive a grading bonus (e.g. a GPA of 3.475 is rounded to 3.48) or a grading loss (e.g.
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a GPA of 3.474 is rounded to 3.47) or are unaffected (e.g. a GPA of 3.47 is reported unchanged). We

are interested in these exogenous grading shocks in period 1, and Fig. 2 shows their distribution.
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Fig. 2. Distribution of rounding bonuses and losses in period 1.

21.3% of the students have GPAs unaffected by rounding. 44.2% receive a rounding bonus (rang-

ing from 0.0002703 to 0.005, with an average of 0.0030849), and 34.5% a loss (ranging from -0.0004

to -0.0048, with an average of -0.0027336). On average, GPA is altered by 0.0004 points upwards.

Correlation of rounding increment with other variables is negligibly small (even though sometimes

1% significant). However rounding applicability increases with the number of courses taken for grade

(see Table 6).

First, we attempt to regress second period academic outcomes on period 1 reported GPA instru-

mented either with the rounding bonus or with the rounding dummies (upwards vs. downwards round-

ing), controlling for variables that are significantly correlated with the instrument(s).

Rounding is not so random as it looks at first sight. Table 6 already shows that rounding treatments

are different for students who take different numbers of degree courses. However, rounding bonus (and

its square also) is uncorrelated with the exact value of period 1 GPA (which can be interpreted that

it is as good as randomly assigned, probably conditional on some controls). The problem, however,

is that the first stage does not exist here, as the rounding bonus, as well as favorable and unfavorable

rounding dummies, is not correlated with the reported period 1 GPA. Note that the reported period 1

GPA equals the exact value of period 1 GPA plus the rounding bonus, but this connection doesn’t show

to be statistically strong as the rounding bonus is so small. For a moment, denote exact period 1 GPA

asE, rounding bonus asR, and period 1 GPA reported to the student asG. Then we haveE+R = G,

and cov(R,G) = cov(R,E+R) = cov(R,E)+var(R) = −12.5∗10−6+7.9∗10−6 = −4.6∗10−6

, which is almost zero compared to var(G) = 0.236581.

Absence of the first stage doesn’t prevent us from estimating the reduced form though. As long

as conditional on non-neutral rounding, favorable and unfavorable rounding is randomly assigned, we
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Table 6: Rounding treatment in period 1 depending on the number of graded degree courses.

can estimate the impact of marginally higher or lower period 1 grades on further learning outcomes.

Controlling for the quality of period 1 learning (GPA exact) and the number of period 1 degree courses

attempted, we estimate how the distribution of period 2 grades changes depending on whether the

student got an overstated or an understated period 1 GPA. 15 Keep in mind though, that these rounding

treatments have extremely small doses, so we don’t expect to find anything significant unless grading

effect is really strong for bigger doses of treatment.

Table 7 shows the results. Comparing students with period 1 GPA rounded favorably to those with

unfavorable rounding treatment, we find very modest results: favorable rounding switches 1 p.p. of

your period 2 grades from A- to A, and this effect is completely driven by female population. Men

turn out to experience no significant rounding effect. There is no rounding effect on period 2 GPA

for both genders. Taking into account, that mean positive rounding equals 0.0031 points, and mean

negative rounding is -0.0027 points, the difference between a positively rounded GPA and a negatively

rounded GPA is 0.0058 points, and it would have been too optimistic to expect to find any effect of

such a small treatment ”dose” at all. However, comparing this result to the effect of 1.72 times bigger

treatment (0.01), we predict that a 0.01 treatment dose would deliver a 3 p.p. transfer from A- to A

for female students, which is somewhat close in its positive nature to the abovementioned effect of the

pure 0.01 treatment: transfer of 3 p.p. from B and B+ to A-.

Table 8 gives estimation results of further grading effects. The tiny rounding treatment doesn’t

produce any grading effect on female’s further outcomes. For men, there is a 10%-significant reduction

in graduation on time and a probably related to it shift in probability from getting a B on thesis to

having no thesis at all.
15Later we drop the number of period 1 degree courses as it is insignificant and doesn’t change the results.
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Table 7: OLS estimation results of rounding effects
Regressors: Dependent variables: GPA and shares of good grades in period 2
period 1 variables GPA share 4.00 share 3.67+ share 3.33+ share 3.00+ share 2.67+ share 2.33+
GPA exact 0.8012 ∗∗∗∗ 0.3771 ∗∗∗∗ 0.5566 ∗∗∗∗ 0.4649 ∗∗∗∗ 0.2968 ∗∗∗∗ 0.1992 ∗∗∗∗ 0.0838 ∗∗∗∗

Fav. round. dummy -0.0104 0.0130 ∗ -0.0059 -0.0100 -0.0057 -0.0030 -0.0007
Gender differences Both M: 0.0089 Both Both Both Both Both
in coef. on dummy insignif. F: 0.0161 ∗ insignif. insignif. insignif. insignif. insignif.
R2 0.4634 0.2700 0.4163 0.4225 0.3417 0.2645 0.1150

Notes: GPA in period 2 is GPA of second period degree courses rounded to two digits; N =3,293
for the GPA regression and 3,298 for the regressions with shares; reference group: unfavorable
rounding; standard errors clustered by academic program.
* 10% significant, ** 5% significant, *** 1% significant, **** 0.1% significant.

Table 8: OLS estimation results of average grading effect on further learning outcomes.
Regressors: Dependent variables: further academic outcomes
period 1 GPA of graduation dropout thesis grade dummies
variables the rest dummy dummy 4.00+ 3.67+ 3.33+ 3.00+ 2.67+ 2.33+
GPA exact 0.7510 ∗∗∗∗ 0.2190 ∗∗∗∗ -0.2012 ∗∗∗∗ 0.3374 ∗∗∗∗ 0.4749 ∗∗∗∗ 0.4340 ∗∗∗∗ 0.3572 ∗∗∗∗ 0.2867 ∗∗∗∗ 0.2448 ∗∗∗∗

Fav. round. dummy 0.0004 -0.0160 0.0072 -0.0009 -0.0236 -0.0170 -0.0231 ∗∗ -0.0158 -0.0128
Gender differences in Both M: -0.0263 ∗ Both Both Both Both M: -0.0366 ∗ M: -0.0411 ∗∗ M: -0.0337 ∗

coef. on grading bonus insignif. F: 0.0016 insignif. insignif. insignif. insignif. F: -0.0137 F: 0.0018 F: 0.0018
N 3298 3339 3339 2854 2854 2854 2854 2854 2854
R2 0.4496 0.1018 0.1552 0.1092 0.1591 0.1665 0.1569 0.1329 0.1187

Notes: GPA of the rest is unrounded GPA of all degree courses taken after period 1; graduation
dummy equals one if the student graduated on time, and zero otherwise; dropout dummy equals one
if the student’s enrollment was terminated; students who have to submit a thesis as part of their
degree requirement can either submit it and receive a grade of 4.33, 4.00, 3.67, 3.33, 3.00, 2.67, 2.33
or 0, or can postpone submission; students with no period 1 GPA rounding are excluded from the
sample to avoid mechanical effects and make observations comparable; standard errors clustered by
academic program; * 10% significant, ** 5% significant, *** 1% significant, **** 0.1% significant.
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Overall, we found positive grading effects of small grading shocks on second period outcomes.

Even very small grading shocks suggest to have some influence on student’s further effort.
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Appendices

A.1. Non-linear versions of the behavioral economics model

A.1.1. Cobb-Douglas knowledge production function

Obviously, ability and effort are not always mutually substitutable – sometimes the student needs

to have some basic ability in order to learn something. Here we add complementarity by modeling

knowledge as a Cobb-Douglas function of ability and effort: k = a1−αeα.

Solving the student’s optimization problems similar to those in the linear case, we obtain the

following results depending on the grading style t:

• if t < 1
1+λη (”cruel grading” regime), some low-cost students and all high cost students get

discouraged in the second period and switch to lower effort:

c e∗1 < / = / > e∗2

(−∞, tαa1−α(1 + λη)) 1 = 1

(tαa1−α(1 + λη), αa1−α) 1 > a
(
tα(1+λη)

c

) 1
1−α

(αa1−α,∞) a
(
α
c

) 1
1−α > a

(
tα(1+λη)

c

) 1
1−α

• if 1
1+λη < t < 1

1+η (”strict grading” regime), the student sticks to his first period effort level:

c e∗1 < / = / > e∗2

(−∞, αa1−α) 1 = 1

(αa1−α,∞)) a
(
α
c

) 1
1−α = a

(
α
c

) 1
1−α
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• if t > 1
1+η (”generous grading” regime), high-cost students exert more effort in the second

period: some not-too-high-cost students get encouraged to switch to full effort, and even very-

high-cost students somewhat improve on their first period effort:

c e∗1 < / = / > e∗2

(−∞, αa1−α) 1 = 1

(αa1−α, tαa1−α(1 + η)) a
(
α
c

) 1
1−α < 1

(tαa1−α(1 + η),∞) a
(
α
c

) 1
1−α < a

(
tα(1+λη)

c

) 1
1−α

A.1.2. Leontief knowledge production function

Now, let’s consider ability and effort as fully complementary: only talented students can achieve high

results, and only if they apply a lot of effort. The knowledge production function becomes: k =

min{e, a}.
Again, under different grading styles t, the student chooses different effort levels:

• if t < 1
1+λη (”cruel grading” regime), some low-cost students switch to zero effort:

c e∗1 < / = / > e∗2

(−∞, 0) 1 = 1

(0, t(1 + λη)) a = a

(t(1 + λη), 1) a > 0

(1,∞) 0 = 0

• if 1
1+λη < t < 1

1+η (”strict grading” regime), the student sticks to his first period effort level:

c e∗1 < / = / > e∗2

(−∞, 0) 1 = 1

(0, 1) a = a

(1,∞) 0 = 0

• if t > 1
1+η (”generous grading” regime), some not-too-high-cost students get encouraged to

switch from zero effort to effort that matches their ability (it has no sense for them to deliver

more than that):
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c e∗1 < / = / > e∗2

(−∞, 0) 1 = 1

(0, 1) a = a

(1, t(1 + η)) 0 < a

(t(1 + η),∞) 0 = 0
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