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Abstract

Abstract
Essays on the Economics of Education
by
Valentina Amanda Paredes Haz
Doctor of Philosophy in Economics
University of California, Berkeley
Professor David Card, Chair

An important question that many educators face is how to motivate students
to study. Many programs in the US and other countries give cash or award
incentives to encourage students to exert more effort. In the following three
essays, | explore different alternatives to raise student effort, which in turn
should raise student achievement, measured in grades and standardized test
scores.

In my first essay, I propose that the grading system affects the incentives to
exert effort among students. For this purpose, I build a model where students
maximize their utility by choosing effort. I investigate how student effort
changes when there is a change in the grading system from absolute grading to
relative grading. I use data from college students in Chile who faced a change
in the grading system to test the implications of my model. My model predicts
that, for low levels of uncertainty: (i) total effort is higher with absolute
grading; (ii) low ability students exert less effort with absolute grading, and,;
(iii) high ability students exert more effort with absolute grading. The data
confirms that there is a change in the distribution of effort, although I don’t
find a change in the total level of effort.

One results from the model discussed in the first essay is that high ability
students exert higher effort under higher standards, but a high standard might
have a negative impact on low ability students, who could give up and hence
exert zero effort. So in my second essay, I explore whether higher grading
standards have an effect on student achievement measured by standardized
tests. Grading standards are measured as the school intercept in a regression
of standardized test scores on grades. Using data from 8th graders in Chile,
I find that higher standards have a positive average effect on standardized
test scores. This effect is positive for the percentiles 25, 50 and 75 of the
achievement distribution and is larger for the 25th percentile.

In my third essay, I explore whether the gender of the teacher has an impact on
student achievement and if this impact is different for boys and girls. Again,
I use data from 8th graders in Chile. Within-student comparisons based on
these data indicate that assignment to a same-gender teacher significantly im-
proves the achievement of girls but doesn’t improve the achievement of boys.
I find that the effect is larger for subjects that are traditionally considered
male dominated, and for girls whose mothers have low levels of education,
which is consistent with a role model hypothesis.



1. Grading System and Student Effort

1.1. Introduction

There is interest in scientific and public debates about ways to induce more effort from
students. Large amounts of money are being spent to give incentives to students, espe-
cially students from minority groups, to exert more effort. In a recent survey of reward
programs, Raymond (2008) finds that different districts, including Baltimore, Maryland,
Fulton County, Georgia and New York City, have programs for K-12 public school stu-
dents that range from giving cash or MP3 players to students, to rewards such as social
events or concerts.

In this debate, little attention is devoted to the possible influence of the type of grading
system on student effort. This essay studies how students respond to grading incentives.
In particular, I want to answer two questions: 1) How is total effort affected by the
grading system? and, 2) How is the distribution of effort affected by the grading system?
Compared to reward programs, changing the grading system is both cheaper and less
controversial.

I study and compare two grading systems widely used in schools and universities:
relative grading and absolute grading. 1 classify a grading system as absolute when
students pass the class if they meet a fixed standard that is given ex ante. On the other
hand, I classify a system as relative when the standard depends on the performance of
the students in the class. Grading on a curve is then considered relative grading.

The first part of the essay models the student decision on how much effort to devote
to learning. I model student effort under the two grading systems and compare the
total expected effort and the distribution of effort. The model helps to understand how
students’ incentives to exert effort change under the two grading regimes.

The second part tests the implications of the theoretical model using data of students’
grades from a university in Chile where the grading system changed from absolute to
relative. In my data set I don’t observe effort directly, but I can observe it indirectly
through grades. I thus use the grade distribution before and after the change in the
grading system to identify the causal impact of the new grading system.

My model predicts that, for low levels of uncertainty: (i) total effort is higher with
absolute grading; (ii) low ability students exert less effort with absolute grading, and;
(iii) high ability students exert more effort with absolute grading. The data confirms
that there is a change in the distribution of effort, although I don’t find a change in the
total level of effort.

This study contributes to the literature in two ways. First, it studies the distributional
effects of a change from an absolute standard to a relative standard. This is relevant in
the context of grading, but is also relevant in personnel economics. Second, my study
provides empirical evidence to the predictions of the theoretical model. 1 believe this is
the first study that uses a change in the grading regime to test the consequences of the
grading regime on students’ effort and empirically compares these two grading systems.

The remainder of this discussion is structured as follows. Section 1.2 discusses the
relevant literature. Section 1.3 develops the model. Section 1.4 describes the empirical
strategy. Section 1.5 describes the data. Section 1.6 presents the results and Section 1.7
concludes.
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1.2. Related Literature

There has been some research on how student effort responds to cash incentives. Angrist
and Lavy (2009) study how cash incentives increase the Bagrut certification rates among
low achieving students, using experimental data. The experiment uses a school-based
randomization design offering rewards to all students in treated schools who passed their
exams. They found an increase in certification rates for girls on the order of 0.10 but
they found no significant effect for boys.

Angrist, Lang and Oreopoulos (2009) report on a randomized field experiment involving
two strategies designed to improve achievement among first year undergraduates at a
large Canadian University. One treatment group was offered peer advising and organized
study group services. Another treatment group was offered substantial merit-scholarships
equivalent to a full year’s tuition. A third group was offered both interventions. They
found that no program had an effect on grades for males; however, first-term grades were
significantly higher for females in the two scholarship treatment groups.

Kremer, Miguel and Thornton (2009) examine the impact of a merit program for adoles-
cent girls introduced in rural Kenya primary schools. Girls who scored well on academic
exams received a cash grant and had school fees paid. Girls eligible for scholarships
showed significant gains in academic exam scores, with an average gain of 0.15 standard
deviations. They also found evidence of positive externalities on learning: boys, who
were ineligible for the awards, also showed sizeable average test gains, as did girls with
low pretest scores. Both teacher and student school attendance increased in the program
schools.

There are a few papers which study the effect of grading in student effort. Kang (1985)
compares a pass-fail reward system with a fixed standard and rewards for improvements
in performance. He shows that, when a pass-fail system is used, raising the passing stan-
dard increases effort up to a point. Beyond this point, however, students start giving
up because the effort required to pass the class is more costly than the expected reward.
Costrell (1994) studies the determination of standards for educational credentials, such
as high school diplomas. His model has three features: (a) the standard is defined as
the required level of proficiency for a binary credential; (b) the standard is set by pol-
icymakers who maximize their conception of social welfare, and; (c) utility-maximizing
students choose whether to meet the standard. He shows that more egalitarian policy-
makers set lower standards, that the median voter would prefer higher standards, and
that decentralization lowers standards.

Betts (1998) also models the determination of standards. The main difference between
his paper and Costrell’s is that students differ in ability. He finds that an egalitarian
policymaker might prefer higher standards than would a policymaker whose goal was
to maximize the sum of earnings. The result is based on the fact that an increase in
educational standards increases earnings of both the most able and the least able workers.

Betts and Grogger (2003) study the distributional effects of increasing grading stan-
dards. They find that high standards increase the test scores for all students but that
the increase is greatest for the top of the test distribution. They also find no effect on
educational attainment and a negative effect on high school graduation for blacks and
Hispanics.

Figlio and Lucas (2004) study the effects of teacher-level grading standards on student
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achievement. They also find that the students who benefit most from higher standards are
the initially high achieving students. In addition, they find that low achieving students
benefit more from high standards when their classmates are high achieving and that high
achieving students benefit more from higher standards when their classmates are low
achieving.

Babcock (2009) uses course evaluations from UC San Diego to see how average study
time is affected by grading standards. He finds that average study time would be about
50% lower in a class in which the average expected grade was an A versus a class in which
the average expected grade was a C.

Using the tournament model developed by Lazear and Rosen (1981), Becker and Rosen
(1992) compare relative to absolute grading. They assume that students are risk neutral
and that they can get a reward of W if they pass the class and a reward of W, if they fail
the class. Scores are produced by effort and by a random component that can be divided
into a common shock and an idiosyncratic shock. They argue that competition between
students does stimulate academic effort, provided students are appropriately rewarded
for achieving. They also argue that stratifying students into groups in which each has a
chance for success may be preferred to the setting of a single national standard.

Another paper that compares relative and absolute grading is Dubey and Geanakoplos
(2010). They show that absolute grading is always better than grading on a curve. The
main difference between their model and mine is that, in their model, students care only
about their relative ranking, while, in my model, students only care about passing or
failing the class.

My study is also related to the contest literature, in particular to the early litera-
ture that compares tournaments to individual contracts such as piece-rates and absolute
standards. An early paper that compares a fixed standard against a relative standard
is Lazear and Rosen (1981). Their paper models promotions as a relative game, where
relative performance is a way of generating incentives. Lazear and Rosen compare three
compensation schemes: a linear piece rate, a fixed standard, and a tournament. In the
first, each agent’s compensation is a linear function of his output; in the second, each
agent receives one of two fixed payments, depending on whether his output is above or
below a specified standard; and in the third, the agents compete against each other for
two fixed prizes, allocated on the basis of the rank order of their output levels. They
find that, if workers are risk neutral, all schemes are optimum labor contracts. However,
when risk aversion is introduced, the prize salary scheme no longer duplicates the alloca-
tion of resources induced by the optimal piece rate. The intuition is that a tournament
is a nonlinear transformation of output to wages, so the expected income and variance
differ in the two schemes. Lazear and Rosen are not able to completely characterize the
conditions under which piece rates dominate rank-order tournaments. Green and Stokey
(1983) show that, when agents are risk averse and the principal is risk neutral, and in the
absence of a common shock, using optimal independent contracts dominates using the
optimal tournament. Conversely, if the distribution of the common shock is sufficiently
diffuse, using the optimal tournament dominates using optimal independent contracts.
Green and Stokey assume ex ante identical agents, so they don’t have to consider the
distribution of effort.

Compared to personnel economics, where there is a principal who wants to maximize
the expected output minus payment, the context of education differs because it is not
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clear what the objective function of the teacher should be. This is why, aside from
focusing on total effort, I also focus on the distribution of effort.

My model also differs from this previous literature because I assume that the teacher
is not able to affect the student’s valuation of passing the class, while in the case of
promotion studied by Lazear and Rosen (1981), the principal can affect the valuation of
the agent getting a promotion by changing the wage structure.

1.3. Model

A teacher wants to induce N students to exert effort through the allocation of grades.
The allocation depends on a score S;, which is an average of J partial scores, S;;i, where i
denotes the student, j denotes the test and k denotes the teacher. Each partial score is a

function of effort and a shock, S;;; = €i+€ijk1, such that S; = ei+@. Student i gets
utility U;(Success) if he passes the class and U;(Fail) if he doesn’t. Notice that students
in this model don’t care about grades per se, but they care about passing the class?. The
utility of student i of passing the class by exerting effort e; is u} = U;(Success) — c;e;.
Utility is normalized such that U;(Fail) = 0. Students can exert effort e; € [0, €], where
€ is such that U;(Success) — ¢;e < 0. This assumption means that is never optimal for
the student to devote all his available time to studying.

Because behavior is invariant to affine transformations, I rewrite the utility function as
u; = Z— = v; — €;, Where v; = M In what follows, I will refer to v; as ability and
will interpret a higher v; as higher ablhty because the cost of exerting effort is lower.

I assume that U;(Success) = U(Success) so students differ only in their cost of effort
c. Let ¢ <cg <3 <...<cny SOV >Uy > ... > UN.

I will use the following assumption

Zg 1523k _) Qk

Assumption 1.1
This assumption can be interpreted as there being a large number of tests and ¢, =
nij + Ok, where the first term is i.i.d and so the law of large numbers applies, but the
second term, which can be interpreted as a teacher or classroom level shock, remains.
Therefore, from now on, I will use the following production function S; = e; + 6,
Let 0, ~ G, where G is a symmetric, twice differentiable cumulative distribution func-
tion with E[0] = 0, Var(d) = o3, and pdf g.

1.3.1. Absolute Grading

In the case of absolute grades, students pass the class if S; > S* and fail otherwise, i.e.
students pass the class if their score is above a certain threshold, where S* is exogenously

1To make the analysis simple, I assume that students cannot change their effort for different tests.

2 Another interpretation is that students do care about grades, but the discontinuity in utility from
passing versus failing is sufficiently large that we can simplify the model by saying that students only
care about passing.
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given. Students solve the following optimization problem:

max v Pr(S; > S*) —¢; s.t. S;i=e;+6
-
= max viG(e ) — e
€; 09
The FOC is
e
= v—g(eZ )—1 = 0 and e >0, or
(oF] (ox’]
—
v—g( )—1 < 0 and e =0
(oF] o]
and the SOC
g (G
O'gg oL

so e is a local maximum if and only if SOC < 0. Suppose there is an interior solution
to the maximization problem. Then

e, = S*—l—agg_l(@)

)

Let e(v) denote the effort function. Then

(1)

g9
0 otherwise.

* o 3f s ) 9 S (=51
e(v;) :{ S* + opx; if v;G(x;) — S* — ogr; > v;G(Z);

where z;(09) = g7 (%)

Let K be the expected number of students who pass the class. If the teacher wants
only K students to pass the class, she must set the threshold S* such that the marginal
student (student K) is indifferent between actively participating and exerting no effort.

In other words, she must set S* such that

—9*
09

)

It is useful to see what happens to effort when there is no common shock, i.e. gy = 0.

Then o i S
e(vi) = { 0 otherwise. (2)

vgG(rg) — S — opri = v G(

and total expected effort is given by
W = E[#Passes|S* (3)

Because the teacher wants only K students to pass the class, she sets S* = vy, and total
expected effort can be rewritten as

WA = K'UK (4)
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When there is imperfect information, the teacher should set S* = foﬁ vgdFk(vk). Total
expected effort is then

WA=K /O ' v dFr (Vi) (5)

The following three results establish what happens to the threshold and effort as the
variance of the common shock, gy, goes up.

Result 1.2 If the variance of the common shock increases, then the standard needs to
decrease such that K prizes are given in expectation.

Proof See the Appendix
Result 1.3 The effort of the marginal student is decreasing on the variance of the shock.
Proof See the Appendix

Result 1.4 When v; — vi is large enough, the effort of student i can be increasing on
the variance of the shock.

Proof See the Appendix

When the number of students in a class, N, increases, but the teacher wants to leave
K constant, total expected effort increases. The intuition for this is as follows: when N
increases, there are more students of high ability, so the standard must increase to keep
K constant. Then, the K students who pass the class are also exerting more effort.

Increasing the number of students in a class also has an effect on the distribution of
effort. Because the standard has to increase to leave K constant, high ability students
exert more effort. However, there will be some students who were exerting a positive
amount of effort before, but, with the increase in S*, now exert no effort.

When the teacher wants to increase K, keeping the number of students in the class
constant, total expected effort may increase or decrease. To increase K, the teacher must
lower the standard. Then, there are more students exerting a positive amount of effort,
but they are exerting less effort than before.

Because the increase in K causes a decrease in .S*, high ability students exert less effort.
However, there will be some students who were exerting zero effort before and now exert
a positive amount of effort.

1.3.2. Relative Grading

When grades are relative, instead of fixing the threshold S*, the teacher fixes the number
of students who pass the class. I use the following notation: N is the total number of
students and K is the total number of passes. Relative grading can be modeled as an
all pay auction of K homogenous goods®. Notice that the common shock doesn’t affect
students’ behavior because only rank matters and the shock is rank preserving. In other
words, relative grading provides an insurance against the common shock, 6.

3The teacher is auctioning several prizes to the students, where the prize is to pass the class. The
students compete for the prizes by producing a score through effort. It is all-pay because, once effort
is exerted, the student cannot recover his cost of investing in effort, even if he fails the class
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Suppose there are N students, with valuations v; > vy > ... > vy. At the time
of exerting effort, each student knows N, K, and vy, vs,...,vy (valuations are common
knowledge).

It can be shown that there is no equilibrium in pure strategies in this game?. Let H;(e)
represent the cumulative density function of student i’s equilibrium mixed strategy, with
support [0}, v¥]. The unique equilibrium in mixed strategies is described in Clark and Riis
(1998). In this equilibrium, the K+1 students with highest valuation participate actively.
Students 1 to K exert a strictly positive amount of effort while student K+1 randomizes
between zero and a positive amount of effort>. The remaining students exert zero effort
with probability of one. The expected utility of student i is v; — vgyq if v; > vk and
zero otherwise. The expected amount of effort is the following

Eled] = { 0 i v; < vien (6)

P, — (v; —vgq1) if vy > vk

where P; is the probability that student i passes the class, conditional on his level of effort
and the level of effort of the other N-1 students in a Nash equilibrium.

Notice that Ele;] = v — (1 — Py)v; < vgyq < vy for v; > vg g

Total expected effort is given by

Wt = ZE[@] = Z[Pﬂ% — (Vi — v 41)] (7)

Common knowledge of valuations may seem an unrealistic assumption. I therefore
relax this assumption by assuming that valuations are private information and that the
distribution of valuations is common knowledge.

Let v; ~;q F'(v) with support on the interval [0, 9]. At the time of exerting effort, each
student knows N, K, v; and F'(v). The expected payoff of student i is

E[Ul] = ]Dﬂ)i — €;

where P; equals the probability that student i passes the class, which equals the proba-
bility that 5; is one of the highest K scores.
The amount of effort student i exerts is such that the following first order condition

4The formal proof is given in Clark and Riis (1998) pp 286-88. The intuition is the following. Suppose
there is a Nash equilibrium in pure strategies. Because there is perfect information, all students
know with certainty whether they are going to pass the class. Hence, students who know they are
not going to pass should exert zero effort. Because N-K students are exerting zero effort, the K
remaining students should exert e* = ¢ with ¢ > 0 small. As a result, it is not optimal for the non
active students to exert zero effort, because they can outbid the active students and get a positive
utility.

°The K+1 students with highest valuations exert e; from probability distribution functions H;(e) over
[0}, v y1], with common upper support v¥ = v% = vg 1, and lower support given by

l_
v; =

{ 0 ifi=K+1
[1 - Hj:l (%)]UK-‘,-l ifi=1,2,..., K
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holds:
8€i 861-

Athey (2004) proves the existence of pure strategy Nash equilibria in this setting.
She first defines the single crossing condition which requires that, for every player i,
when each of player i’s opponents uses a nondecreasing pure strategy, player i’s expected
payoffs satisfy Milgrom and Shannon’s (1994) single crossing property. She shows that
the single crossing condition implies existence of a pure strategy Nash equilibrium and
then she characterizes the single crossing condition based on properties of the primitives.
She shows that, in the all pay auction with independent private values and (weakly) risk
averse bidders, a pure strategy Nash equilibrium exists in nondecreasing strategies.

Barut el al (2002) show that the conditions of the Revenue Equivalence Theorem are
satisfied in this setting. Therefore, using the Revenue Equivalence Theorem, the equilib-
rium expected level of effort under relative grading is

wh = K/ Vg 11dFg 41 (VK1) (8)
0

For example, when abilities are uniformly distributed, the equilibrium expected level
of effort is the following®

R_ (N — K)K (9)
N +1

As with relative grading, an increase in N keeping K constant has a positive effect
in total effort, while an increase in K leaving N constant has an ambiguous effect. By
increasing N, there are more high ability students, so vk, is larger. By increasing K,
vi+1 decreases and K increases, so by looking at equation (8) we can see that the effect
is ambiguous.

An increase in N decreases the probability of passing the class, so high ability students
need to exert more effort, but there are also some students who give up and exert less
effort. On the other hand, an increase in K increases the probability of passing the class,
so high ability students need to exert less effort, but the increase in K also encourages
some middle ability students to exert more effort.

w

1.3.3. Comparing the Two Regimes

I can now compare total effort and the distribution of effort under both grading schemes.
This comparison is made for the case where the expected number of students who pass the
class under relative grading is equal to the number of students who pass the class under
absolute grading. Although with absolute grading the teacher doesn’t know exactly ex
ante the exact amount of students who will pass the class, I am assuming that she knows
the distribution of abilities in the class, so she can set the threshold S* to control how
many students in expectation will pass the class. As argued in Dubey and Geanakoplos
(2005), “By virtue of repeated meetings of the class, or similar classes held over many
years, it is not unreasonable to suppose that this distribution can be fairly well estimated

5When F is the uniform distribution with support [0,1], viy1 ~ Beta(N —K, K+1), s0 E[vg 1] = J}’V:_If
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by the professor and students alike”.

Result 1.5 Suppose the teacher wants E[#prizes] = K. When the production function
1s S; = e;, the expected total level of effort under absolute grades is higher than the
expected total level of effort under the relative grades.

Proof See the Appendix. |

Result 1.6 Suppose the teacher wants E[#prizes|] = K and the production function is
S; = e; + 0. There is a range of values of oy for which W4 > W This range depends

onN Vg — VK+1-
Proof Follows from Result 1.5, Result 1.3 and Result 1.4. |

Result 1.7 Suppose the teacher wants E|#prizes| = K and the production function is
S; = e;. For students with v; < S*, the level of effort is (weakly) lower when grades are
absolute. The opposite is true for students with v; > S*.

Proof See the Appendix. |

Result 1.8 Suppose the teacher wants E[#prizes|] = K and the production function is
S; = e; + 0. For students with v; < S*, the level of effort is (weakly) lower with absolute
grading. For students with v; > S*, there is a range of values of oy for which the level of
effort is higher with absolute grading. In particular, if WA > WZE, then v; > S* for high
ability students (sufficient condition).

Proof Same as proof of Result 1.7 |}

To illustrate the previous results, I consider the optimal effort as a function of student
type for the case of no uncertainty and 30 students, where 20 students pass the class.
Effort is illustrated in Figure 1. The solid line, which represents effort under relative
grades, is higher for the lower ability students compared to the dashed line, which is
effort under absolute grades. The opposite is true for the high ability students. The
crossing point corresponds to Kth valuation. Figure 2 graphs total effort as a function
of K under both regimes, for § ~ N(0,02). The total level of effort under the relative
standard is a function of gy, as shown in the graph. The total level of effort under the
absolute standard is equal to vx when oy = 0, and for this particular combination of
parameters, is decreasing in oy. Total effort is equal under both regimes for oy = 0.103.

Results 1.5 and 1.7 compare relative and absolute grading under the same number of
prizes, i.e, same K. This is a limitation because the optimal number of prizes could differ
for the different schemes. Result 1.9 compares both regimes for their optimal K.

Result 1.9 Let S; = e; and let K* maximize total effort under a relative grading system,
1.€.
K € argmaxgWFE

Then there exists a S* such that WA(S*) > WE(K*).

Proof Follows directly from Result 1.5. |
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Figure 2: Effort as a Function of Uncertainty
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SDofthe common shock (o)

Result 1.9 implies that the teacher can always induce higher total effort with the absolute
standard than when using a relative standard.
The previous results are for a finite N, which I will assume in this paper. If N tends to

infinity, the differences between the two grading systems tend to disappear when there is
no uncertainty, as shown in Result 1.10.

Result 1.10 When S; = e; and N — oo, the effort distribution is the same under the
two systems.

Proof When N — oo, student’s i problem can be written as follows

max v; Pr(e; > §,) —e;
e

where &, is the population quantile function of e;. The expected amount of effort is
the following

0 — 0 if v < fp
L gp if V; Z ép
Then S* = ¢, and the result follows.

(10)
|

Result 1.11 When S; = e¢; + 0 and N — oo, total expected effort is larger under the
relative standard. All types of students exert lower effort under the absolute standard.

Proof When the standard is relative, the problem the student faces is
I’IlaXUiPT(Si > S(K+1)) — € Sz =e; +¢&;

where S(g41) is the K+1 order statistic of 51,59, 53,...., Sy. With N sufficiently large,
there is no strategic component in these games: student i knows he has no effect on S(x41).
Because there is no strategic component, ey, es, €3, ...., ey are independent. Moreover, if we
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consider a symmetric equilibrium, ey, es, €3, ...., ey are i.i.d. Therefore, using asymptotic
theory of sample percentiles for the i.i.d. case, we know that as N — oo, Var(Six41)) —
0. Then students i’s problem can be written as follows

max v; Pr(e; > §,) —e;
€

where ¢, is the population quantile function of e;.

Because the relative standard provides insurance against the common shock, there is
more variance when the standard is absolute. In that case, the teacher needs to lower
S* so that the same expected amount of students will win under both regimes. Because
S* < &y, high ability students exert less effort. This, plus the fact that low ability students
exert zero effort under absolute standards, proves the result. |

1.4. Empirical Strategy

My model shows that the grading system could influence both the total amount of effort in
a class and the level of individual effort throughout the ability distribution, but the effort
gains of moving from an absolute to a relative system cannot be uniquely signed. Which
system leads to greater effort globally or on a different point of the ability distribution
remains thus an empirical question.

Addressing this question in a causal way requires exploiting an experimental or quasi
experimental design where one could observe both types of grading. The University of
Chile provides a promising quasi experimental case. During the first semester in the
Faculty of Business and Economics of the University of Chile, students have to take one
course in Algebra and one course in Calculus. Before 1998, the grades in these classes were
absolute grades. Beginning in 1998, the grading policy changed to relative grading and,
in 2003, it changed back to absolute grading. One could thus use the grade distribution
before and after 1998-2002 to identify the causal impact of relative grading, provided that
there are no cohort effects. If this assumption holds, then cohorts in the period 1990-1997
are a good control group for cohorts in the 1998-2002 period.

Following the model, the score of student i is a function of effort and a shock,

S; = ei(rel, N, K, ability) + 6
where

- 0 if grades are absolute
e BT grades are relative

The average score in a section, S, is a function of average effort, €, which according to
the model is a function of the grading system, N, K, the distribution of ability and the
variance of the shock.

S = é&(rel, N, K, F(ability), op)

The model has the following predictions for the individual scores:

1) 595 >0
ability
2) For small values of oy, gg’l < 0 for high ability students and g iil > 0 for low ability

students.
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) aL < 0 for high ability students and ——2%—— > 0 for low ability
pe'rgentggepass Opercentagepass
students

The model also gives predictions for the average score in a section:

4) 887*2 < 0 for oy sufficiently low.

5) 25 >0

6) 2220

For the average data, the linear regression I estimate is the following:
Gradess = 0o + 01ability, + 0204pirity + O3rels + dapercentagepasss + €, (11)

where s denotes the section. Instead of the distribution of ability, I use the mean and
the standard deviation, which is a good approximation if the distribution is normal. The
model predicts 6; > 0. &4 could be either positive or negative. A positive d3 would be
evidence of a large gy, while a negative d3 would be evidence that the production function
without uncertainty is a good approximation.

Assuming K/N is constant, the linear regression for the individual data is

Grades; = ag + aqability; + asrel + agrel X ability + ¢; (12)

If 04 is small, the model predicts that a; > 0, as > 0 and a3 < 0.

If K/N is not constant between the relative grading period and the absolute grading
period, then ay and ag will capture the effect of the grading system and the effect of the
change in the percentage of students who pass the class. If the percentage of students
who pass the class is larger under relative grading, then as and a3 should be considered
upper bounds of the true effect of relative grading. If the percentage of students who
pass the class is larger under absolute grading, then a, and a3 are lower bounds.

Suppose there are two periods with absolute grading, period abs; where the percentage
of students who pass is lower that the percentage in the period with relative grading, and
period absy, where the opposite is true. Then the linear regression is the following

Grades; = (o + Srability; + Barel + Byrel X ability 4+ Biabsy + PBsabilityXabss +¢; (13)

The true effect of relative grading on the intercept is as € [B2 — B4, 52] and the true
effect of relative grading on the slope is ag € [f5 — B35, B3], where 54 and [35 are the effects
(on the intercept and slope) of changing the percentage of students who pass from the
levels in period abs; to the levels in period abss.

Both equation (12) and (13) assume that K and N are exogenously given.

Structural Estimation

For absolute grading, and a normal shock, my model predicts that student i’s grade is
given by S; = e; + 0, where

4

S; = S* +opzi + 0 if v;®(z;) — 5 — opzi > Uz‘q)(;s*);
ok otherwise.
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and z; = 21n( ;’mg)

To give more flexibility to the model, I allow the shock to be different if ¢; = 0. When
e; = 0, let the shock be 7, ~ N(0,07). Then

S — { S* 4+ ogx; + 0y if vlq)(xl) — 5% —ogx; > viCI)(;—‘j*); (14)
Mk otherwise.
where z; = 2ln( ;’;ag)
The teacher chooses the standard such that
_g*
vgP(rg) — S* — o —vg®( )=0 (15)
Ovy

For computational reasons, instead of using equation (15) to estimate the standard, I
use the following:
S* = avk (16)

Because v;, S; and S* could be measured using different scales, I will incorporate this
in the model by distinguishing between real grades and nominal grades. I will define
grades as real when they are measured using the same scale as v;. S; and S* in equations
(14) and (16) are measured in real terms. Nominal grades can be measured in any scale.
Then

Grades; = S = \S; (17)

)

I will assume that ability can be decomposed into an entry score and an error term:
v; = EntryScore; + my (18)

where [ € {1,2,3} are three different type of students, with v; ~ N(u,,02) and my ~
N (ttmy, U%,)'

The structural model is given by equations (14), (16), (17) and (18). I use GMM to
estimate oy, 0, 0y, by, Om, and i, for [ € {1,2,3}, the proportion of students of each
type, m, mo and 73, and a. I normalize pu,,, = 0, so there is a total of 12 parameters
to estimate. The moments I use are the number of students who pass, the mean and
variance of entry scores and grades, the covariance between entry scores and grades, and
percentiles 5 to 95 of the grade distribution.

1.5. Data

This study employs data from the universe of students who studied in the Faculty of
Business and Economics in the University of Chile in 20 consecutive years up to 2009.
The Faculty of Business and Economics holds two 5-year undergraduate programs, 1C
and IICG. During the first year, all students have to take Algebra and Calculus classes.
Students are assigned to sections of 50-70 students and each section is assigned to an
instructor.
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Table 1: Absolute versus Relative Grading Systems

Absolute Grading  Relative Grading

Range 1to7 1to7

Min grade 1 average between 1 and minimum grade before relativization
Max grade 7 average between 7 and maximum grade before relativization
Passing grade 4 mean before relativization minus 1/4 of the standard deviation

The entry score is given by a standardized performance test, the Academic Aptitude
Test for cohorts up to 2004, and the University Selection Test for cohorts from 2005 to
2009. These tests are college entrance examinations analogous to the SAT in the United
States. Scores on both tests fluctuate between 0 and 850 points. The average of each
test is set at 500 points and then the scores are adjusted to a normal distribution with a
standard deviation equal to 100 points.

Grades in Chile are on a scale from 1 to 7, where 1 is the minimum grade and 7 the
maximum grade. Students pass the course if their grade is greater than or equal to 4.
Under the absolute grading policy, scores and grades are equivalent. Under the relative
grading policy, scores are transformed to grades using the following rule. A grade of 4 is
assigned to the mean score minus 1/4 of the standard deviation. 1 is given to the average
between 1 and the minimum score and 7 is assigned to the average between 7 and the
maximum score. All other scores are relativized using the two lines between these three
points.

For cohorts until 1997, grades were absolute. In 1998, the grading policy changed and
classes were graded on a curve, until 2003, when they changed back to absolute grading.

The University of Chile provided data for cohorts starting in 1980 and ending in 2009.
I only use cohorts starting in 1990 because many earlier entry scores are missing. In total,
I have 8801 students. From this, I keep students who completed Calculus and Algebra
during their first year and whose grades are not missing. I also drop students who enter
the University by special admission, since they don’t have comparable entry scores. In
total, I have 6006 students and 12004 observations. 34.89% of the observations are for
the period 1990-1997, 26.72% for the period 1998-2002 and 38.39% for the last period.
The 6006 students are divided into 416 sections, 201 for Algebra and 215 for Calculus.
89 sections use relative grading, while the other 327 have an absolute grading policy.

In my data set I don’t observe effort directly, but I can observe it indirectly through
grades. I thus use the grade distribution in sections before and after 1998-2002 to identify
the causal impact of the new grading system. The assumption that cohorts before 1998
are a good control group for cohorts between 1998-2002 is a good assumption provided
that there is no difference in selection into the Business and Economics Faculty. On one
hand, the change in the grading policy is unlikely to produce a different selection, since
the change in regime was only for the math classes, which are only 4 out of nearly 50
courses. On the other hand, because we are looking at a long period of time, there could
be other factors that may produce different selection. This is a limitation of the data.
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Table 2: Grading System, Entry Score, Percentage Male and Passing Rate by Period

Period Grading  Entry Score % Male % Pass per Section
1990-1997  Absolute 688.72 0.576 0.533
(23.05) (0.494) (0.165)
4188 4188 4188
1998-2002  Relative 689.74 0.590 0.707
(18.19) (0.492) (0.075)
3208 3208 3208
2003-2009  Absolute 701.15 0.606 0.803
(24.54) (0.489) (0.128)
4523 4608 4608
Total 693.71 0.592 0.683
(23.20) (0.492) (0.176)
11919 12004 12004

Notes: Standard deviation are presented in parentheses
and number of observations in italics

1.6. Results

[ start by using aggregate data (at the section level) to estimate equation (11). Because
in practice, the percentage of students who pass the class is likely to be endogenous at the
section level, I use the percentage of students who pass the class at a year level”. Results
are presented in column (2) of Table 3. As expected, a higher entry score translates in
higher grades. The coefficient of relative grading is positive but statistically insignificant,
so there is no clear evidence that the grading system has an impact on the average level
of effort in a class. In column (3), I add controls for the percentage of male students in
the classroom, which doesn’t change the relative grading coefficient.

There is no empirical evidence that the grading system affects the average grade in a
section, but there could still be an effect in the distribution of grades. To test this, I use
individual data.

Because the percentage of students who pass differs between the three different periods,
I estimate linear equation (13). Results are presented in Column (1) of Table 4. There is
evidence that the effect of relative grading on the intercept (ay) is positive and the effect
of relative grading on the slope («a3) is negative, in that S — 84, > 0 and 3 — 5 < 0 and
the F-test indicates that both are statistically different from zero.

To control for differences in observable characteristics of students between the three
periods (percentage of male students per section and differences in the entry score), I
follow DiNardo, Fortin, and Lemieux (1996) and use propensity score reweighting. That
is, I build the counterfactual distribution of grades for periods 1998-2002 and 2003-2009
as if the percentage of males and the distribution of the entry score was the one prevailing
in period 1990-1997, and compare these counterfactual distributions to the distribution
of the grades for period 1990-1997.

The results of estimating equation (13) with DFL reweighting are shown in column (2)
of Table 4. After reweighting, the difference between the (5, and [, is positive and the
difference between (3 and (5 is negative but neither is statistically different from zero.

"This is likely to be set by the administration and not by the instructor
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Table 3: Effect of Relative Grading on Students’ Grades: Aggregate Data

(1) (2) 3) (4) (5)

VARIABLES Grade Grade Grade Algebra Calculus
Mean entry score  0.0110%**  0.00693***  0.00692***  0.00641***  0.00787***
(0.00154)  (0.00101)  (0.00105)  (0.00152)  (0.00139)
Sd entry score 0.00908** 0.00314 0.00315 0.00736* -0.000485
(0.00427)  (0.00277)  (0.00278)  (0.00435)  (0.00347)
% Male 0.00656 -0.07 0.0649
(0.143) (0.220) (0.180)
relative 0.0942 0.0644 0.0644 0.0406 0.0976*
(0.06450)  (0.04170)  (0.04170)  (0.06220)  (0.05460)
mean % pass 2.483%** 2.483%** 2.419%** 2.290%**
(0.118) (0.118) (0.170) (0.172)
Constant -3.646%** -2.469%** -2.465%** -2.030** -3.029%**
(1.052) (0.681) (0.687) (1.005) (0.906)
Observations 319 319 319 159 160
R-squared 0.187 0.663 0.663 0.665 0.642

Notes: Robust standard errors are presented in parentheses
K p < 0.01, ** p <0.05 *p<0.1

Table 4: Effect of Relative Grading on Students’ Grades: Individual Data

) @ ) @ ® ©
VARIABLES Grade Grade Algebra Algebra Calculus Calculus
DFL rw DFL rw DFL rw
Relative 5.945%** 5.281%** 5.122%%* 4.460** 6.789%** 6.121%**
(1.478) (1.454) (2.166) (2.145) (1.919) (1.869)
Entry score 0.0157*** 0.0157*** 0.0149%**  0.0149%** 0.0166*** 0.0166***
(0.00172) (0.00172) (0.00260) (0.00260) (0.00208) (0.00208)
relative*score -0.00795***%  -0.00696***  -0.00688**  -0.00589*  -0.00905***  -0.00805***
(0.00216) (0.00212) (0.00316) (0.00313) (0.00280) (0.00272)
D2003—2009 3.367** 3.537%* 2.122 2474 4.683*** 4.621%**
(1.310) (1.406) (1.932) (2.054) (1.564) (1.701)
(D2003—2009) * score  -0.00397** -0.00421** -0.00208 -0.00258  -0.00596***  -0.00587**
(0.00190) (0.00204) (0.00281) (0.00299) (0.00227) (0.00247)
Constant -7.159%** -7.159%** -6.488***  _6.488*** -7.850%** -7.850%**
(1.179) (1.179) (1.779) (1.779) (1.427) (1.427)
Observations 11,598 11,598 5,833 5,833 5,765 5,765
R-squared 0.155 0.132 0.173 0.142 0.144 0.13

Notes: Standard errors, clustered at the section level, are presented in parentheses
*¥** p < 0.01, ¥* p<0.05 *p<0.1
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Figure 3: Effect of Relative Grading
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From the point estimates, the lower and upper bound for the effects on the intercept are
1.704 and 5.281 respectively, and the lower and upper bound for the effects on the slope
are -0.0027 and -0.00696.

The results of column (2) in Table 4 are graphically presented in Figure 3. The X-
axis represents the prediction of the grade given the student’s entry score under absolute
grading and the percentage of students who passed during the period 1990-1997. The
two other lines represent the upper and lower bound of changing the grading system
from absolute grading to relative grading. The lower bound shows that all students with
entry scores below 634 exert more effort after the change, while students with entry
score above 634 exert less effort with relative grading. The upper bound shows that all
students with entry scores below 759 exert more effort after the change. Thus, taking
the two sets of results together, students with entry score under 634 are getting higher
grades with relative grading and students with entry score above 759 are getting lower
grades under relative grading. This corresponds to the 1st and 99th percentile of the
ability distribution. For the remaining students, we need a precise estimate of the effect
of relative grading to asses whether they are better or worst off after the change.

To get a more precise estimate, I use the following assumption:

Assumption 1.12 The effect of changing the percentage of students who pass by 1 per-
centage point is constant.

Assumption 1.12 means that the effect on grades of increasing the percentage of stu-
dents who pass the class by 1 percentage point is the same no matter the initial number
of students who pass the class. This assumption seems unrealistic for very low and high
initial levels, but is reasonable for an intermediate range of initial levels.

Since the difference in the percentage of students who pass the class between the first
and second period is 64% of the difference between the first and third period, then the
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Table 5: Effect of Relative Grading on Students’ Grades: Upper and Lower Bounds

Coef. Std. Err.

Upper Bound B2 5.280617 (1.453591)
B3 -0.00696 (0.002116)

Lower Bound B2 — Ba 1.743775 (1.145077)
B3 — Bs -0.00275 (0.001655)

Assumption 1.12 85 —0.648;4  3.017038 (1.069666)
B3 —0.6485  -0.00427 (0.00155)

Grade; = Bo + Biability; + Barel + Bsrel x ability + Baabsa + PBsability * absa + €;

effect of relative grading under Assumption 1.12 is 5, — 0.6434 and 3 — 0.6435. In that
case, all students with entry score above 707 points are exerting less effort after the
change. This corresponds to the 25th percentile of the entry score distribution. Results
for the lower and upper bound and estimates under Assumption 1.12 are presented in
Table 5 and in Figure 5.

Figure 4 shows the grade distribution for the three periods, with and without reweight-
ing. The mean grade is similar for the three periods, which is consistent with the results
in Table 3. In the 1990-1997 period, the number of students with low grades is higher
compared with the other periods, and the number of students with high grades is lower.
When I use propensity score reweighting, the difference between period 1998-2002 and
period 2003-2009 seems negligible. Because the percentage of students who pass is almost
10 percentage points higher in the 2003-2009 period than in the 1998-2002 period, these
results suggest that the effect of relative grading is as strong as the effect of increasing
the percentage of students who pass the class by 10 percentage points.

1.6.1. Structural Estimation Results

The results of the structural estimation for effort under absolute grading are shown in
Table 6. To see the fit of the model, Table 7 shows the difference between the actual
and simulated moments. The variance of grades is greater in the simulations than in
the actual data, while the opposite is true for the mean grade. The predicted grade for
percentiles 5 to 25 is lower in the model than in the actual data, but the fit is good for
percentiles 30 to 90. Overall, the model has a good fit except for the lower tail of the
grade distribution.

The model predicts that, when students know that they cannot pass the class, they
should exert no effort. However, the data shows that this doesn’t always hold, as there
are students that fail the class with very low grades. This results in a poor fit for the
lower tail of the grade distribution. To improve the fit, a dynamic model is needed, where
students can adjust their level of effort between tests. These extensions of the model are
left for future research.

1.6.2. Policy Simulations

Becker and Rosen (1992) argue that stratifying students into groups in which each has a
chance for success may be preferred to a single standard. I use my structural model to
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Figure 5: Effect of Relative Grading
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Table 6: Structural Parameters

Parameter  Standard Dev

) 0.33

a 0.83 (0.041)
) 18.20 (3.449)
an 522.39 (80.171)
o 24.44 (0.191)
e 694.24 (1.940)
Om,  84.82 (7.379)
Om,  1.34X10%°  (2.40X108)
Omg  64.49 (20.134)
fm,  -36.79 (17.523)
Wmy  222.80 (51.497)
m 0.33 (0.000)
(
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Table 7: Model Fit: Actual versus Simulated Moments

Moments Actual  Simulated Difference  Standard Dev
No of passes 5904 5912 8.00 (5.260)
Cov(Si,vi) 9.73 9.82 0.09 (0.458)
Var(vi) 605.39  605.57 0.19 (0.717)
Var(Si) 1.34 2.48 1.14 (0.313)
Mean(vi) 695.12  694.61 -0.51 (1.935)
Mean(Si) 4.09 3.69 -0.40 (0.148)
p05 1.9 1.00 -0.90 (0.000)
pl0 2.4 1.00 -1.40 (0.000)
pl5 2.8 1.00 -1.80 (0.010)
p20 3.2 1.32 -1.88 (0.180)
p25 3.5 2.47 -1.03 (0.203)
p30 3.7 3.53 -0.17 (0.251)
p35 4.0 4.08 0.08 (0.099)
p40 4.0 4.16 0.16 (0.099)
p45 4.1 4.20 0.10 (0.101)
p50 4.2 4.25 0.05 (0.103)
p55 4.3 4.29 -0.01 (0.107)
p60 4.4 4.34 -0.06 (0.115)
p65 4.5 4.79 0.29 (0.268)
p70 4.7 4.90 0.20 (0.307)
p75 4.8 4.94 0.14 (0.319)
p80 5.0 4.98 -0.02 (0.328)
p85 5.2 5.02 -0.18 (0.336)
p90 5.5 5.06 -0.44 (0.344)
p95 5.9 5.12 -0.78 (0.357)

explore the effects of tracking on student effort.

Specifically, I use the results from the structural estimation to study what would have
happened to grades in Algebra in year 2009 if students had been tracked. In this year,
there were only eight sections. Table 8 shows the mean entry score, percentage of males
and percentage of students who pass by section. There are no significant differences in
the mean entry score between sections, which is consistent with no tracking.

If students were assigned to sections based on their ability, the model predicts that
effort would increase. The problem is that ability is unobserved. In the structural model,
I assumed that ability could be decomposed into the sum of an entry score and some un-
observed component. Therefore, I will study the effects of tracking by assigning students
to sections based on their entry score.

Table 9 shows descriptive statistics of the actual grade distribution and the results
from the simulations with and without tracking. The assumption is that the expected
number of students who pass by section stays the same with and without tracking. As
discussed before, the simulated mean grade is lower than the actual grade and the sim-
ulated standard deviation is higher. The model does not fit too well at the lower tail
of the grade distribution, but otherwise provides a satisfactory fit. When students are
tracked, the mean grade increases by 0.07 points, and the standard deviation decreases
by 0.17 points. Tracking also increases the simulated grade for all percentiles, except for
the median and percentile 95. Overall, the effect of tracking on grades is positive, even
if ability is unobserved.
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Table 8: Descriptive Statistics by Section: No Tracking

Section  Entry score  male pass
1 720.12 0.57 0.96
(16.88) (0.50)  (0.19)
2 712.44 0.62 0.86
(19.71) (0.49) (0.35)
3 716.76 0.71 0.83
(32.21) (0.46)  (0.38)
4 727.14 0.56 0.94
(17.49) (0.50)  (0.24)
5 726.04 0.62 0.81
(22.76) (0.50)  (0.40)
6 722.26 0.71 1.00
(26.37) (0.46)  (0.00)
7 719.55 0.57 0.89
(16.19) (0.50)  (0.31)
8 716.68 0.74 0.93
(18.16) (0.45)  (0.27)

Table 9: Effect of Tracking on Grades

Actual Simulated

Moments No tracking Tracking Difference
Mean 4.74 4.30 4.37 0.07
Std Dev 0.88 1.29 1.12 -0.17
pl 1.90 1.00 1.00 0.00
p5 3.00 1.00 1.81 0.81
pl0 4.00 1.78 2.90 1.12
p25 4.35 4.20 4.23 0.02
p50 4.80 4.78 4.38 -0.40
p75 5.20 4.98 5.05 0.07
p90 5.70 5.08 5.36 0.28
p95 6.00 6.49 5.36 -1.13
p99 6.50 6.49 6.56 0.07
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1.7. Conclusions

Both my model and the empirical evidence for the Chilean case show that the grading
system affects the decision of students about how much effort to exert. Although I didn’t
find empirical evidence that the grading system has a significant effect on the aggregate
level of effort, I showed that the distribution of effort is affected.

I find that low ability students, with ability measured as the entry score to the Univer-
sity, exert higher effort when the grading system is relative. For example, a student with
an entry score of 690 would increase his grade by 0.07 points out of 7 when the grading
system changes from absolute to relative, according to the linear estimation.

On the other hand, high ability students lower their effort when the grading system
changes from absolute to relative. For example, a student with an entry score of 720
would decrease his grade by 0.057 points out of 7 with the change in the grading system.

The welfare implications of the grading system will depend on the objective function of
the teacher. When students care only about passing the class, the teacher has to decide
whether to focus on low or high ability students. If the aim of the teacher is to provide
incentives for lower ability students to exert more effort, the relative grading system seems
to be the preferred one. If the objective of the teacher is to identify and focus her efforts
on the high ability students, then grades should be absolute.

Tracking is a promising solution to provide incentives to both groups of students, even
when true ability is unobserved and tracking is done based on a proxy for ability. In the
case of the University of Chile, this can be easily done by assigning students to different
sections based on their entry score. My simulations showed that, for year 2009, tracking
could have raised the mean grade by 0.05 standard deviations.

This paper does not evaluate other possible grading systems, so I cannot say which is
the optimal grading system. I will leave this question for future research.



25

2. Grading Standards and Student Achievement

2.1. Introduction

The recent empirical literature on teacher quality seems to agree that high quality teachers
are the most important assets of schools (Hanushek and Rivkin, 2010). However, it hasn’t
been possible to identify any measurable characteristic of teachers that is reliably related
to student outcomes. With the exception of the first years of experience, the evidence
on the effect of teacher certification, master’s degree and training is mixed, with studies
such as Harris and Sass (2006), Hanushek and Rivkin (2004, 2006), Boyd et all (2006)
and Kane, Rockoff and Staiger (2008) finding no effect.

While most studies have focused on identifying characteristics of teachers that predict
teacher quality, less attention has been given to identifying effective teacher practices.
Lavy (2011), Tyler et al. (2010) and Kane et al. (2011) are a few exceptions. Lavy (2011)
studies the effectiveness of five measures of teaching practices, where the evaluation is
done by students: instilment of knowledge and enhancing comprehension; instilment of
applicative, analytical and critical skills; instilment of the capacity for individual study;
transparency and fairness and; feedback and individual treatment of students. He finds
that the first practice has a very strong and positive effect on test scores, particularly
among girls and pupils of low socioeconomic background, while the second practice has
a very large positive payoff, especially among pupils from educated families. He finds no
effect of the third practice. Other actions that lead to achievement gains are transparency
in the evaluation of pupils, proper and timely feedback to students, and fairness. Kane
et al. (2011) studies the Cincinnati Teacher Evaluation System, which is a peer review
evaluation that focuses on four domains: planning and preparing for student learning,
creating an environment for student learning, teaching for student learning, and profes-
sionalism. They find that the teacher’s overall score is important in increasing student
achievement.

Another action that teachers undertake is grading. Teachers usually decide the grading
standards, i.e. how difficult it is to get a certain grade. A small theoretical literature
(Kang, 1985, Betts, 1995, Becker and Rosen, 1992) has focused on how educational stan-
dards have an impact on students’ incentives. Its main finding is that higher standards
may help some students while hurting others, because as standards move beyond their
reach, some students give up (Betts and Grogger, 2003). Thus, through manipulating
standards, teachers can provide incentives to some students to exert effort.

One difficulty when studying the effects of grading standards is having a good measure
of standards. Babcock (2009) measures standards at a class level as the average expected
grade. He uses course evaluations from UC San Diego to see how average study time is
affected by grading standards. He finds that average study time would be about 50%
lower in a class in which the average expected grade was an A versus a class in which the
average expected grade was a C.

Betts (1995) proposes to measure standards at a school level as the school fixed effect
in a regression of standardized test scores on GPA and school dummies. In that case,
a school with a large estimated intercept has high standards, as it assigns low letter
grades relative to the student’s standardized test. He finds that grading standards have
a positive effect on scores, and that the effect is larger for students who obtain higher
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letter grades. Betts and Grogger (2003) use a very similar definition of grading standards
and study the distributional effects of increasing grading standards. They find that high
standards increase the test scores for all students but that the increase is greatest for the
top of the test distribution. They also find no effect on educational attainment and a
negative effect on high school graduation for blacks and Hispanics.

Figlio and Lucas (2004) study the effects of teacher-level grading standards on student
achievement. They also find that the students who benefit most from higher standards are
the initially high achieving students. In addition, they find that low achieving students
benefit more from high standards when their classmates are high achieving and that high
achieving students benefit more from higher standards when their classmates are low
achieving.

The methodology proposed by Betts (1995) has three main problems. First, there is
an endogeneity problem because schools can choose standards based on their students’
performance. Second, there is a selection problem, because parents can choose schools
with certain standards based on the students’ ability. These two problems are dealt with
in Betts and Grogger (2003) by controlling for students’ past scores and the mean past
score in each class.

A third problem that hasn’t been discussed in the previous studies is the mechanical
relationship between standards and test scores: standards are constructed as the differ-
ence between mean test scores and grades. Because the student’s test score is used to
compute the mean score, there is a mechanical relation that could bias the results.

This study presents new evidence on the effect of grading standards on scores. The
study contributes to the literature in two ways. First, this study adopts an identification
strategy that exploits the fact that we observe each student three times: we observe
standardized test scores and grades for language, math and sciences. This implies that the
effects of the grading standard can be identified in models that control for the influence
of unobserved student traits, which may have biased the conventional cross-sectional
evaluations. Second, I use instrumental variables to address the mechanical relationship
between the estimated standard and test scores.

The remainder of this discussion is structured as follows. Section 2.2 discusses the
data. Section 2.3 develops the model and discusses the econometric framework. Section
2.4 presents the results and Section 2.6 concludes.

2.2. Data

To estimate the grading standards, data on standardized test scores as well as grades
are needed. The data set on standardized test scores that I use is the SIMCE. The
SIMCE test, created in 1998, is the main instrument with which to measure the quality
of education in Chile. In 1999, the test was modified and standardized in order to follow
up on school performance. The new test has an open-ended scale that measures student
abilities (cognitive skills). It uses the Item Response Theory (IRT) which is applied in
most international tests of academic achievement (such as TIMSS or PISA) and links
a student’s score to his abilities. In 1999, it was also decided that the mean for that
year would be 250, with a standard deviation of 50. The parameters of all subsequent
evaluations have been calculated based on the mean and variance of 1999.

SIMCE provides census information on standardized educational performance tests,
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Table 10: Descriptive Statistics

Variable Description Obs Mean Std. Dev.  Min Max
score student’s test score in 2009 (8th grade) 350279  264.53  50.77 98.05 402.74
grade student’s GPA in 2009 (8th grade) 350279  52.88 7.88 17 70
male indicator for male student 350279  0.48 0.50 0 1
fathersch student’s father years of schooling 350279  11.56 3.73 0 20
mothersch  student’s mother years of schooling 350279  11.48 3.53 0 20
income 13 categories for student’s household income 350279  4.32 3.21 1 13
past score  student’s test score in 4th grade 350279  265.43 50.28 92.96 397.18
past mean student’s classroom mean test score in 4th grade 350279  264.67 26.35 124.21  361.74
municipal  indicator for municipal school 350279  0.39 0.49 0 1
voucher indicator for voucher school 350279  0.53 0.50 0 1
private indicator for private school 350279  0.08 0.27 0 1
math indicator for math 350279  0.34 0.47 0 1

lang indicator for language 350279  0.33 0.47 0 1
science indicator for natural sciences 350279  0.33 0.47 0 1

curr mean curriculum coverage by subject 350279  2.88 0.48 1 4

(1: not at all, 4: completely covered)

characteristics of the household and characteristics of the school and teachers. In 2005,
SIMCE evaluated 259,852 students registered in 4th grade, and 7,540 schools (MINE-
DUC 2006). This corresponds to 96% of students and 90% of schools. In 2009, SIMCE
evaluated 239,745 students registered in 8th grade, and 5,814 schools (MINEDUC 2010).
This is a coverage of 92.5% of students and 98.2% of schools. Eighth graders take four
tests: Mathematics (Math), Language and Communication (Language), Social Sciences
and Natural Sciences (Science). Fourth graders take only three tests: Mathematics, Lan-
guage and Communication and Sciences. The scores for these three tests in both years,
the socioeconomic characteristics of the students’ households, and grades in 8th grade
are available for 127,653 students.

Grades in Chile are on a scale from 1 to 7 (with one decimal point), where 1 is the
minimum grade and 7 the maximum grade. Students pass the course if their grade is
greater than or equal to 4. For purposes of this study, I will multiply grades by 10. Figure
6 shows the grade distribution for the sample used in this study.

Descriptive statistics of the variables used in this study are presented in Table 10.

2.3. Theoretical Framework

2.3.1. Effect of Grading Standards on Student Effort

Student i in school j has utility

‘/ij (eij) = U(GU) — c(eij) s.t. Gij =Tj + 61']' + 'LLZ']' (19)
Sij = )\62']‘ + vij (20)

where G;; are students’ grades, S;; is the score of a standardized test, e;; is effort, A is a
scaling parameter (5;; and G;; can be measured in different scales), U(G) and c(e) are
twice differentiable function with ¢/(e) > 0, ¢’(e) > 0 and U'(G) > 0. Let’s assume that
U(G) is S-shaped, with U”(G) < 0 for high levels of G. Let 7; be a measure of how easy
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the grading in a school is. If 7, > 7, then school 2 has lower grading standards than
school 1, in that students exerting the same level of effort get higher grades. Students
maximize their utility by choosing effort such that

U'(Gij) —d(ei) =0 and e; >0, or (21)
U//(Gij) — C”(Gz‘j) <0 and €ij = 0 (22)

To see what happens to effort when 7 increases, let’s take the case of two students, 1
and 2, with cost functions ¢;(e) = e and ca(e) = ke with £ > 1. Assume the school’s
grade inflation is initially 7. The effort chosen by students 1 and 2 is shown in Figure
7. Student 2 has a higher cost of exerting effort, and the function U(G) is the same for
both students, so e; > es.

Now assume the school increases the grading standard, so that 7/ < 7. The optimal
effort of each student is represented in Figure 8. Student 1 increases his effort, but student
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Figure 8: Effect of an Increase in Standards
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2 decreases his effort to zero, since he is better off giving up. Thus, the effect of increasing
grading standards on effort depends on the cost of exerting effort. If we interpret a low
cost of exerting effort as higher ability, then higher standards increase the level of effort
for high ability students but encourage low ability students to give up and thus decrease
their level of effort.

More formally, to see the effect of grade inflation on effort conditional on e > 0, we
can differentiate the FOC given an interior solution. Then % = % Because e is
a maximum, the denominator must be positive. The numerator can be either positive or
negative. Because U(G) is S-shaped, we know that for high initial levels of effort, we are
in the concave portion of the curve and so the effect is negative.

Notice that Cilii = Zf ‘26;’ = )\‘fl‘j". In other words, because higher standards make stu-
dents exert more effort, higher standards will also have a positive impact on standardized
test scores. To study the effect of grading standards on test scores, we solve for effort in

equation (1) and replace in equation (2):

where § = — A7 is the school standard and €; = v; — Au;.

2.3.2. Estimating the Effect

Standards can be estimated at the school level, school-subject level and teacher level.
Based on equation (23), I construct the standards at the school level (Standards) by
estimating the following equation

Sz'js = Bs + /\GPAzjs + €ijs (24)

where i indexes the student, s indexes the school, j indexes the subject, GPA;j, is the

A

student’s average grade and [, is a school fixed effect. Thus, Standard(1), = f,. If all
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schools graded in the same way, then S5 = 3. If schools have different grading standards,
then a school with higher 5 has higher grading standards. For example, if ; > (5, then
students in school 1 receive higher test scores than students in school 2 with exactly the
same GPA. Thus, school 1 is more stringent in grading students.

I use the same procedure to estimate the standard at a school subject level, Standard;

Sijs = Bjs + AGPA;js + €55 (25)

where 5 is a school subject fixed effect. Then, Standard(2);, = Bjs
To estimate the effect of grading standards on standardized tests, I use the following
specification:
Sijs = o+ yStandards + 6; + ¢ X; + VZs + 1;js (26)

where Standard, is the grading standard at a school level, ¢; is a subject fixed-effect, X;
is a vector of student characteristics, Z; is a vector of school characteristics and 7;;, is a
disturbance term.

The vector X; includes the student’s gender, the student’s 4th grade test score, parental
income, and parental education. The term Z; includes an indicator variables for urban
schools, municipal schools, voucher schools and private schools. It also includes the
average 4th grade test score for the school.

One of the concerns of estimating equation (26) is the possibility that the school’s choice
of grading standards may depend on students’ initial skill levels (Betts and Grogger,
2003). In addition, parents may choose a school with a certain level of grading standards
to maximize their child’s effort. Controlling for the student’s 4th grade test score and the
average 4th grade test score is an attempt to deal with these issues. In addition, I exploit
the fact that I observe each student three times and estimate the following equations:

Sijs = a+yStandard;s + 0; + & + vyjs (27)
Sijs = o; + ’yStandardjs + 5j + Vijs (28)

where Standard;, is the grading standard at a school-subject level, «; is an individual
fixed effect and &, is a school fixed effect.

It would also be desirable to estimate the standard at the teacher level. However, the
data set used in this study doesn’t have a teacher identifier, so we cannot tell if the same
teacher is teaching all the sections in one subject. If this were the case, then it would
be better to estimate the standard at the school-subject level. Notice that Standard;,
would correspond to the grading standard at the teacher level if there is only one class
per grade, which is the case for 64% of schools.

Finally, because of the way the variable Standard is constructed, there is a mechanical
relationship between Standard and S

Sijs = o+ V(Sijs — S\GPAUS) + (Sj + 55 + Uijs (29)

I use the past standard (in t-2) as an instrument for the standard in the current year.
The past standard is positively correlated with the standard in the current year, and is
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Table 11: Estimated Standards

Variable Obs Mean  Std. Dev.
Estimated Standards

Standard(1)  School level 350279  3.79 27.29
Standard(2)  Subject level 350279  5.90 29.75

Estimated Standards by Subject

Standard(2) Math 350279  4.22 19.01
Language 350279  -0.09 15.01
Sciences 350279  1.78 17.66

Estimated Standard by Percentile

Standard(1) 1-33% 350279  -8.52 13.58
33-66% 350279  0.56 4.61
66-100% 350279  11.75  18.52

Standard(2) 1-33% 350279  -8.66 14.39
33-66% 350279  1.42 5.08
66-100% 350279 13.15 20.91

Notes: Standard(1) refers to the grading standard measured
at the school level, while Standard(2) refers to the grading
standard measured at the school-subject level.

Table 12: Correlation of Estimated Standards

Standard(1) Standard(2)
Standard(1) 1
Standard(2) 0.9286 1

Notes: Standard(1) refers to the grading standard
measured at the school level, while Standard(2)
refers to the grading standard measured at the
school-subject level.

not mechanically related to Sj;,, since the past standard is constructed using a different
cohort.

2.4. Results
2.4.1. Estimating the Standards

My identification strategy requires sufficient variation in grading standards between
schools and between subjects in the same school. The results from the estimation of
equations (24) and (25) suggest that this is the case. The F-test for there being no
difference in grading standards between schools and between subjects is rejected at all
conventional significance levels.

Table 11 shows descriptive statistics for the estimated standards. The correlations
between the two estimated standards are presented in Table 12. The correlation is positive
and very high (more than 90%).

Table 13 shows how characteristics of the school are correlated with standards. Rural
and municipal schools grade less stringently than urban and voucher schools (0.76 and 0.90
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Table 13: Standards and School Characteristics

Standards by Type of School

Mean Differences

Urban 5.845 Urban vs Rural 20.741

Rural -14.895 (0.956)

Municipal -13.734  Mun vs Voucher -24.434

Private 44.722 (1.164)

Voucher 10.699 Priv vs Voucher 34.023
(1.002)

Notes: Standard errors in parentheses

Table 14: Estimated effects of grading standards on test scores

OLS Regressions IV Regressions

Variable (1) ) 3) ) (5) (6) (7) (8)
Standard(1) 0.709*** 0.655%**

(0.0103) (0.0190)
Standard(2) 0.618%**  0.504***  (.503*** 0.629%**  0.576%**  (.581%**

(0.0077)  (0.0081)  (0.0101) (0.0161) (0.0203) (0.0196)

Observations 350,279 350,279 350,279 350,279 350,279 350,279 350,279 350,279
R-squared 0.569 0.576 0.338 0.84 0.569 0.576 0.037 0.076
School FE yes yes
Student FE yes yes

Notes: Standard errors clustered at the school level are in parentheses. All models include subject fixed effects.
(1), (2), (5) and (6) include controls for past test score and the past mean score. (1)-(3) and (5)-(7) include
controls for mother and father’s years of schooling, household income, and an indicator for male student. (1),
(2), (5) and (7) include indicators for urban schools, private schools and municipal schools. Standard(1) refers
to grading standard measured at the school level, while Standard(2) refers to the grading standard measured at
the school-subject level.

standard deviations), while private schools have higher standards than voucher schools
(1.246 standard deviations).

2.4.2. Effect on Test Scores

Table 14 presents the main results for the effect of grading standards on test scores. All
standard errors are clustered at the school level. In columns (3) and (7), I include school
fixed effects, and in columns (4) and (8) I include student fixed effects. I use instrumental
variables for columns (5)-(8).

The results show that lower standards decrease the average test score by a statistically
significant amount. Although the coefficients are positive and statistically significant
in all specifications, we see that, when we control for school and student unobserved
characteristics, the estimated effect of grading standards on scores decreases. This may
have different explanations. On one hand, this suggests that controlling for the students’



2.4 Results 33

4th grade score and the average 4th grade score was not enough to control for selection
and reverse causation. On the other hand, because grading standards are estimated
with error, and the measurement error is amplified when incorporating fixed effects, the
decrease in the effect of grading standards could be attributed to attenuation bias.

The estimated effect using instrumental variables is lower at the school level but higher
at the school subject level, especially when I incorporate fixed effects. This is consistent
with the hypothesis that the OLS regressions suffered from attenuation bias, since the
instrument also deals with measurement error.

To see the magnitude of the estimated effects, I calculate the effect of increasing stan-
dards in one standard deviation. The effect goes from 15.0 to 19.3 points, which corre-
sponds to 0.30-0.38 standard deviations. To put this effect in perspective, the gender gap
in test scores is 0.05 standard deviations, the urban-rural gap is 0.31 standard deviations,
and the municipal versus voucher versus private school gap is 0.41 and 0.83 standard
deviations, respectively.

Following Betts and Grogger (2003), another way of interpreting the results is to com-
pare the predicted gains in students’ test scores with the average gains in students’ test
scores. In this case, there is an average loss of -0.90 points between grades 4 and 8. The
predicted effect of decreasing the grading standards by one standard deviation is more
than 10 times larger than the mean loss between grades 4 and 8. Thus, the effect is
substantial in terms of the mean difference.

A third way to interpret the results is to compare the predicted gain in students’ tests
scores with the average difference between the student’s best test score and worst test
score. The average difference is 41.58 points, so the effect of increasing grading standards
by one standard deviation corresponds to 36-46% of the average difference.

The effect found in this study is larger than the one found by Betts and Grogger (2003).
They found that the effect of increasing grading standards by one standard deviation
increased test scores by less than one tenth of a standard deviation. The difference
between the results in this study and the results in Betts and Grogger (2003) could have
various explanations. One possible explanation is that they use data for 12th grade while
I use data for 8th grade. If the effect of grading standards on test scores varies by age,
then we would expect a difference in the results. To test this hypothesis, I would need to
replicate this study for high school students. This is left for future research.

Because the theory predicts that increasing grading standards may result in some
students giving up and thus reducing their levels of effort, I also present the results of
quantile regression estimates. Columns (1)-(3) of Table 15 show results for the 25th,
50th and 75th percentiles of the 8th grade score. The effect of grading standards is
positive and statistically significant for each of these percentiles. The results show that
the effect of grading standards declines as the percentile goes up, and the difference
between percentiles is statistically significant.

To estimate quantile regressions using instrumental variables, I follow the method pro-
posed by Chernozhukov and Hansen (2008). Columns (4)-(6) in Table 15 present results
for the instrumental variable quantile regressions for the 25th, 50th and 75th percentiles.
Compared with the quantile regressions, the effects are smaller for all percentiles. Also,
the difference between percentiles is statistically significant only between the 25th and
50th percentiles, but not between the 50th and 75th percentiles.

Overall, the evidence presented in Table 15 shows that the effect of grading standards is
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Table 15: Estimated effects of grading standards on test scores: QQuantile regressions

Quantile Regressions IV Quantile Regressions
Variable q25 q50 q75 q25 q50 q75

Standard(1) — 0.733%%%  (.684%%%  0.654%**  0.6TI¥F*  0.642FFF  0.641%%*
(0.0047)  (0.0049)  (0.0042)  (0.0056)  (0.0052)  (0.0056)

Observations 350,279 350,279 350,279 350,279 350,279 350,279

Notes: Standard errors are in parentheses. All models include subject fixed effects,
controls for past test score and the past mean score, controls for mother and father’s
years of schooling, household income, an indicator for male student, indicators for
urban schools, private schools and municipal schools. Standard(1) refers to grading
standard measured at the school level.

stronger for low achieving students. This result is different from what Betts and Grogger
(2003) and Figlio and Lucas (2004) found, in that both studies conclude that the effect
is greatest for the top of the test distribution. Whether this is due to differences in how
students respond to incentives in each country or differences in the grading system used
in each country is left for future work.

Although the distributional effect is different from what was found in previous studies,
this is still consistent with the theory: for an S-shaped utility function the theory predicts
a negative effect for the lower tail of the ability distribution, but conditional on the effect
being positive, the theory predicts that the effect will decline with ability.

2.5. Specification Checks
2.5.1. Differences in Curriculum Coverage

Instead of capturing difference in grading difficulty, the estimated standards may be
capturing differences in curricula. For example, if students in school 1 are learning more
advanced math than students in school 2, then, conditional on his math grade, a student in
school 1 should get a higher standardized score, which would be an alternative explanation
for my findings.

In Chile, the Ministry of Education prepares the National Minimum Curriculum (NMC).
After covering it, schools have freedom of curriculum. However, in practice the minimum
curriculum is so ambitious that very few schools are able to completely cover it. For
example, in 2009, less than 1% of schools completely covered the NMC (Table 10).

In 2009, the SIMCE teacher’s questionnaire asked teachers’ own assessment of curricu-
lum coverage by subject. Teachers were asked about 18 topics in language, 22 topics in
mathematics and 30 topics in science. Teachers responded whether they had covered the
topic completely (4), mostly covered it (3), covered something (2), or not covered it at
all (1). I use these responses to construct the mean coverage by subject.

I estimate equation (24) and equation (25), controlling for the mean curriculum cov-
erage by subject and an indicator variable for whether the NMC was completely covered
for that subject. Then I use these new estimated standards and reestimate the models
presented in Table 14. Results are presented in Table 16. The effect of grading standards
on students’ test scores is virtually unchanged after controlling for curriculum coverage.
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Table 16: Estimated effects of grading standards on test scores controlling by curriculum

OLS Regressions IV Regressions

Variable (1) 2) 3) (4) 5) (6) (1) ()
Standard(1b)  0.702%** 0.657***

(0.0102) (0.0193)
Standard(2b) 0.612***  0.500%**  0.492%** 0.627***  0.566%**  0.569%**

(0.0077)  (0.0081)  (0.0100) (0.0166)  (0.0208)  (0.0203)

Observations 350,279 350,279 350,279 350,279 345,485 345,485 345,485 345,485
R-squared 0.569 0.575 0.338 0.84 0.569 0.576 0.037 0.075
School FE yes yes
Student FE yes yes

Notes: Standard errors clustered at the school level are in parentheses. All models include subject fixed effects.
(1), (2), (5) and (6) include controls for past test score and the past mean score. (1)-(3) and (5)-(7) include
controls for mother and father’s years of schooling, household income, and an indicator for male student. (1),
(2), (5) and (7) include indicators for urban schools, private schools and municipal schools. Standard(1b) refers
to the grading standard, controlling for curriculum coverage, measured at the school level, while Standard(2b)
refers to the grading standard, controlling for curriculum coverage, measured at the school-subject level.

2.5.2. Nonlinearities in the Effect

To allow for possible nonlinearities in the effect of grading standards on students’ tests
scores, | estimate a simple variant of equations where the estimated standard is interacted
with an indicator of whether the grading standard is among the lowest third, middle third
or highest third of the estimated standard distribution.

The results presented in Table 17 show that we cannot reject that the effect of the
standard is nonlinear. The average effect is significantly higher for the 33% schools
(schools-subject) with the highest standards than it is for the 33% with the lowest stan-
dards. This is surprising as one would expect the effect to decrease as the standard
increases, because of more and more students giving up®.

2.5.3. Different Effect by Subject

Equations (27) and (28) assume that the effect of the standard on test scores is the same
for every subject. We can relax the assumption and estimate the following equations:

Sijs = a+y;Standard;s + 0; + & + vyjs (30)
Sijs = o+ %Standardjs + (Sj + Vijs (31)

The results are presented in Table 29. The effect is positive and statistically significant
for all subjects, but the F-test rejects the hypothesis that the effect is the same for all
subjects. The effect is strongest for math, then science and finally language. This is
consistent with a nonlinear effect of standards on scores, in that the mean standard is
lowest for language and highest for math.

8However, this result is still consistent with the theory because, conditional on e > 0, the sign of 3275 is
ambiguous
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Table 17: Estimated effects of grading standards on test scores: Exploring nonlinearities

OLS Regressions IV Regressions
Variable (1) (2) (3) (4) (5) (6) (7) (8)
Standard(1) Easy  0.666%** 0.567***
(0.0130) (0.0209)
Med  0.723*** 0.452%**
(0.0300) (0.0767)
Hard  0.741%** 0.690***
(0.0136) (0.0212)
Standard(2) Easy 0.542*%**  0.409*%**  0.406*** 0.491%*%*  0.406***  0.410%**
(0.0103) (0.0101) (0.0124) (0.0174) (0.0289) (0.0253)
Med 0.619***  0.501***  (0.502%** 0.573%**  Q.717%%*  (0.740%**
(0.0227) (0.0208) (0.0255) (0.0793) (0.0832) (0.0804)
Hard 0.675%**  (0.573%**  (.574%** 0.680***  0.649%**  0.656***
(0.0104) (0.0111) (0.0138) (0.0195) (0.0245) (0.0241)
Observations 350,279 350,279 350,279 350,279 350,279 350,279 350,279 350,279
R-squared 0.569 0.576 0.338 0.841 0.568 0.576 0.037 0.077
F test 9.46 46.91 69.80 44.27 40.41 93.30 68.09 79.09
School FE yes yes
Student FE yes yes

Notes: Standard errors clustered at the school level are in parentheses. All models include subject fixed effects.
(1), (2), (5) and (6) include controls for past test score and the past mean score. (1)-(3) and (5)-(7) include
controls for mother and father’s years of schooling, income, and an indicator for male student. (1), (2), (5)

and (7) include indicators for urban schools, private schools and municipal schools. Standard(1) refers to the
grading standard measured at the school level, while Standard(2) refers to the grading standard measured at the
school-subject level.

Table 18: Estimated effects of grading standards on test scores: Effect by Subject

OLS Regressions IV Regressions
Variable (1) (2) (3) (4) (5) (6)
Standard(2) Math 0.645%**  0.525%**  (.523***  (.859%**  (.568%**  (0.571***

(0.0081)  (0.0083)  (0.0103)  (0.0112)  (0.0216)  (0.0204)
Language  0.601%**  0.426%**  (0.421*%**  0.815%*%*  (.448%**  (.450%**
(0.0095)  (0.0099)  (0.0121)  (0.0141)  (0.0279)  (0.0265)
Science 0.600***  Q.477%%*  0.477*¥*¥*  (0.818%**  0.520%**  (.527***
(0.0084)  (0.0085)  (0.0104)  (0.0105)  (0.0226)  (0.0215)

Observations 350,279 350,279 350,279 350,279 350,279 350,279
R-squared 0.576 0.338 0.841 0.302 0.038 0.079
F test 36.04 130.56 92.16 89.85 159.02 178.91
School FE yes yes

Student FE yes yes

Notes: Standard errors clustered at the school level are in parentheses. All models include subject fixed effects.
(1) and (4) include controls for past test score and the past mean score. (1), (2), (4) and (5) include controls
for mother and father’s years of schooling, household income, and an indicator for male student. (1) and (4)
include indicators for urban schools, private schools and municipal schools. Standard(2) refers to the grading
standard measured at the school-subject level.
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2.6. Conclusions

This study identifies one effective teaching practice: setting high grading standards. My
results provide new evidence that grading standards do have a significant effect on aca-
demic performance. Students’ tests scores rise in schools and subjects with higher stan-
dards. Moreover, the evidence suggests that increasing grading standards has desirable
distributional consequences, because the effect is stronger for the bottom of the achieve-
ment distribution.

It is tempting to conclude from the results of this study that the policy implication is
to increase grading standards. However, we don’t know what the effects of high grading
standards would be in high school. One important college admission requirement in
Chile is high school GPA, so a teacher who uses high grading standards would lower
the probability of her students getting into college relative to a teacher with low grading
standards. A careful analysis of grading standards at the secondary level is left for future
work.
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3. Does teacher gender matter?

3.1. Introduction

Numerous studies have documented a gap in the average educational achievement be-
tween boys and girls. This gap is especially important in math and language, with boys
outperforming girls in math and girls outperforming boys in language. Table 19 presents
evidence of the gender gap in Chile, but this gap is also present in developed countries
such as the United States, Australia and England (Mead, 2006). As the table shows,
there is a gap of approximately 9 points in math and 10 points in language.

It is important to understand the factors determining this gap, as it may drive gender
differences in the labor market. For example, women in Chile tend to study fields leading
to careers in education and health, whereas men tend to study fields leading to careers
in science and math, which on average are associated with higher wages. This may have
implications for women’s returns to schooling and may relate to occupational segregation
and earnings inequality by gender (Loury, 1997). It is important to analyze the factors
that determine the gap because it is related to the economic equality for women.

One explanation that has been discussed in the literature emphasizes the gender of
language and math teachers. First, the gender of the teacher can have an effect on
students’ behavior through role model effects or through stereotype threats (Dee, 2007).
If we think of teachers as role models, and if students identify themselves more with same-
sex role models, then it is possible that performance will be enhanced when students are
assigned to a same gender teacher. The same result is also consistent with the theory of
stereotype threats, which states that, in the case of negative stereotypes against a group,
group members may internalize the stereotypes as explanations of their own behavior
(Holmlund and Sund, 2008). In both cases, it is the student who is reacting to the
gender of the teacher.

Second, the teacher gender may matter because of teachers’ behavior. For example,
teachers might have a preference towards students of their own sex, and hence female
(male) teachers will structure their classrooms in ways that enhance girls’ (boys’) learning.
If not preferences, gender stereotypes may influence teachers’ behavior. In both cases, it
is the teacher reacting to the gender of the student.

The previous literature has found mixed results for the effect of female teachers. Dee
(2007) finds that assigning an opposite gender teacher lowers student achievement. His
study focuses on differences in teacher perceptions of student behavior. Ammermuller
and Dolton (2006), using the same methodology as Dee (2007), show that in England and
the United States, students perform better when their teachers are of the same gender.

Nixon and Robinson (1999) estimate the effect of the percentage of high school female
faculty on female years of schooling, high school graduation, enrollment in college and
graduation from college. They find a positive effect of female faculty on female students,
while no effect on male students. Bettinger and Long (2005) show that the presence
of faculty members of the same gender has a positive and significant impact on course
selection and on choice of major. On the other hand, in a study of Latin America,
Ramirez and Ursini (2005) find the opposite result. Using teacher interviews and class
observations, they find that female teachers consider mathematics to be a male domain,
so the type of interaction they have with girls and boys favors the latter.
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Table 19: Gender Gap in SIMCE 2009: Scores by Subject

Boys Girls Difference

Total 256.61 25426  2.35
(52.58)  (50.02) (0.11)
455958 455315

Math 264.06  255.19  8.87
(52.15)  (51.34)  (0.22)
114088 113905

Lang 246.52  257.11  -10.59
(51.60)  (50.12)  (0.21)
113933 113715

Natural Sc ~ 261.45  256.42  5.03
(52.70)  (49.37)  (0.21)
114061 113854

Social Sc  254.39  248.34  6.05
(52.10)  (48.74)  (0.21)
113876 113841

Notes: Standard errors are presented in parentheses.
Number of observations are presented in italics.

In this essay I investigate the effect of the teacher gender on the educational achieve-
ment of boys and girls. For this purpose, I measure the educational performance as
the result of a set of standardized tests called SIMCE. The SIMCE consists of four tests:
Language and Communication (Lang), Mathematical Education (Math), Study and Com-
prehension of Nature (Natural Sc) and Study and Comprehension of Society (Social Sc),
where knowledge learned recently as well as past learning is measured. 8th grade students
in Chile take this test at the end of the school year.

Sections 3.2 and 3.3 introduce the data and econometric framework used in this essay.
In Section 3.4 and 3.5 the main results are analyzed and the internal validity of the
estimate is discussed. Section 3.6 presents evidence regarding the possible mechanisms,
and Section 3.7 concludes.

3.2. Data

The data sets I use are the SIMCE 2007 and SIMCE 2009, as well as data from the Min-
istry of Education (MINEDUC). The SIMCE provides census information on standardized
educational performance tests, characteristics of the household and characteristics of the
school and teachers. In 2007, SIMCE evaluated 263,913 students registered in 8th grade,
and 5,806 schools (MINEDUC 2008). This covers 96% of students and 99% of schools.
In 2009, SIMCE evaluated 239,745 students registered in 8th grade, and 5,814 schools
(MINEDUC 2010), covering 92.5% of students and 98.2% of schools.

The SIMCE test, created in 1998, is the main instrument with which the quality of
education in Chile is measured. In 1999, the test was modified and standardized in
order to follow up on school performance. The new test has an open-ended scale that
measures student abilities (cognitive skills). It uses the Item Response Theory (IRT)
which is applied in most international tests on academic achievement (such as TIMSS or
PISA) and links students’ score to their abilities. In 1999, it was also determined that
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Table 20: Data: Sample versus Population

Population  Sample Difference

SIMCE 254.78 259.70 4.91
(50.94) (50.65)  (0.07)
1984717 675192

Math 257.49 261.92 4.43
(51.80) (51.54)  (0.14)
484119 197613

Language 252.36 257.04 4.68
(51.11) (50.67)  (0.13)
483103 2278753

Nat. Sciences 258.38 263.25 4.87
(50.35) (49.78)  (0.15)
483869 134011

Soc. Sciences  250.90 257.02 6.12
(50.07) (49.64)  (0.16)
483626 115695

Notes: Standard errors are presented in parentheses.
Number of observations are presented in italics.

the mean for that year would be 250, with a standard deviation of 50. The parameters
of all subsequent evaluations have been calculated on the basis of the mean and variance
of 1999.

Eighth graders take four tests: Mathematics, Language and Communication, Social
Sciences and Natural Sciences. The scores for these four tests and socioeconomic char-
acteristics of the students’ households are available for 255,012 students. In addition,
SIMCE has information on the teachers of these four subjects. Four complete teacher
surveys are available for 274,323 students. The teacher survey has information on teacher
background and information on the material covered in class.

I also use data from MINEDUC that has information on grades per subject for the
years 2008 and 2006. Data on grades is available for 274,686 students. For the purpose
of this study, I standardize the scores and grades by subject.

For this study, I use a sample of students with valid SIMCE scores, household charac-
teristics and past grades, and for whom the teacher survey is available. This information
is available for 221,273 students. Table 20 shows how the sample used in this study
compares to the whole population. My sample has higher SIMCE scores, which could
compromise the external validity of my results. I will return to this issue after presenting
the results.

3.3. Econometric Framework

To estimate the effect of a female teacher on students’ test scores, I start by estimating
the following equation:

Yijest = s + Y + 05 + Xijeg A+ Fljestll + Z o) + €ijest (32)

where y;;sc¢ is the standardized test score for student i in subject j, in classroom c, in
school s, at period t. « is a school fixed effect, X, is a vector of student characteristics,
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Table 21: Gender Gaps by Subject

Girls Boys

Difference

SIMCE -0.02 0.02
(Standardized)  (0.98) (1.02)
342346 332846
Math -0.10 0.11
(0.99) (1.00)
100507 97106
Language 0.11 -0.11
(0.97) (1.02)
115089 11283}
Nat. Sciences -0.08 0.08
(0.97)  (1.02)
67708 66303
Soc. Sciences -0.07 0.07
(0.97) (1.02)
59092 56603

0.04
(0.00)

0.21
(0.00)

-0.22
(0.00)

0.15
(0.01)

0.14
(0.01)

Notes: Standard errors are presented in parentheses.
Number of observations are presented in italics.
SIMCE is standardized to have a mean of 0 and

standard deviation of 1.

Table 22: Teacher Characteristics by Gender

Female Male Difference
Experience 19.8840 20.9961 -1.1120
(12.1712)  (12.5917)  (0.0330)
Certification 0.9877 0.9723 0.0155
(0.1100) (0.1643) (0.0003)
Specialization  0.6810 0.6469 0.0341
(0.4661) (0.4779) (0.0013)

Notes: Standard errors are presented in parentheses.
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including mother and father’s education and household income, Zj.4 is a vector of teacher
characteristics, including experience, certification and specialization, =, is a year fixed
effect, ¢; is a subject fixed effect and F'T}.s is a dummy variable for a female teacher.
The main problem when studying the effect of the teacher on student performance using
equation (32) is that the results may be biased by the non-random assignment of students
to teachers. For example, higher achieving students could be assigned to female teachers.
In addition, there could be gender-specific patterns in teachers’ classroom assignment.
To overcome these difficulties, Dee (2007) proposes to estimate the following equation:

Yijest = Hi + Mt + 5j + X;jcst)‘ + Fﬂcstn + Z]/'cstw + Vijest (33)

where p; is a student fixed effect. The estimation of equation (33) is possible only if we
have multiple observations per student. Dee (2007) has two observations for the same
student in different subjects, so he estimates equation (33) using first differences. In my
case, [ observe each student in four different subjects.

As Dee (2007) argues, the main threat to identification when estimating equation (33) is
that assignment to a female teacher may depend on students’ subject-specific propensity
for achievement. Also, unobserved teacher and classroom traits could be correlated with
gender.

The advantage of my data set is that I can control for subject specific propensity for
achievement using students’ previous year grades by subject. Then I can estimate the
following equation:

Yijest = Mi + Ve + 05 + ijcstA + FljesII + Z]/'cstw + Gije—15-1t—10 + Vijest (34)

where Gjjc—15-1¢—1 are the student’s grades in the previous year.
However, the estimated effect may be capturing unobserved determinants of teacher
quality and classroom traits. These concerns are discussed in Section 3.5

3.4. Results

Table 23 shows the results for the effect of being assigned to a female teacher. Columns
(1) to (3) estimate the effect using school fixed effects, while columns (4) to (6) use
individual fixed effects. All specifications control for parental income and education, and
for subject fixed effects. Models (2), (3), (5) and (6) include teacher controls, such as
experience, certification and specialization. Models (3) and (6) control for the student’s
past grades.

When controlling for school fixed effects, the effect of being assigned to a female teacher
is positive and statistically significant for both girls and boys. However, when controlling
for individual fixed effects, the effect is no longer statistically significant for boys. The
comparison between models with student fixed effects and school fixed effects suggests
that the propensity for girls to be assigned to a female teacher is unrelated to the un-
observed determinants of achievement. However, the results for boys suggest that boys
with an unobserved propensity for low achievement are less likely to be assigned to female
teachers.

The estimated effect of being assigned to a female teacher is reduced in models that
introduce teacher and past grades controls, but the reduction is small and not statistically
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Table 23: Estimated effects of female teachers on test scores

Boys

VARIABLES (1) (2) (3) (4) (5) (6)
Female teacher 0.0157***  0.0157***  0.0136** 0.00137 -0.00045 0.00118

(0.0050) (0.0051) (0.0056) (0.0059) (0.0060) (0.0064)
Past grade 0.437%** 0.266%**

(0.0026) (0.0042)
Observations 332,846 332,846 332,846 332,846 332,846 332,846
R-squared 0.309 0.309 0.469 0.761 0.761 0.780
Prob > F 0.148 0.032 0.000 0.000
Girls

1) (2) (3) (4) (5) (6)
Female teacher 0.0440***  0.0438***  0.0378%**  (0.0443***  0.0425***  (0.0395%**

(0.0050) (0.0050) (0.0061) (0.0063) (0.0063) (0.0069)
Past grade 0.438*** 0.251%%*

(0.0026) (0.0044)

Observations 342,346 342,346 342,346 342,346 342,346 342,346
R-squared 0.321 0.321 0.491 0.760 0.760 0.777
Prob > F 0.098 0.006 0.000 0.000
School Fixed Effect yes yes yes
Student Fixed Effect yes yes yes
Teacher Controls yes yes yes yes

Notes: Standard errors, clustered at the school level, are presented in parentheses. All models include
controls for parental income and schooling, and for subject and time fixed effects. Prob>F refers to an
F-test of the joint significance of the teacher controls.

significant.

3.5. Robustness Checks

As discussed in Section 3.3, the estimated effect of being assigned to a female teacher
could be capturing unobserved determinants of teacher quality and classroom traits.
Table 22 shows that male and female teachers differ in observable characteristics. Female
teachers are on average less experienced than their male counterparts, but have more
certification and specializations. These controls are jointly significant, and, if excluded,
the effect of female teachers is overestimated. It is then possible that unobserved teacher
characteristics are biasing the results in the same direction.

To control for unobserved teacher quality, I would need a panel where I could observe
the same teacher for multiple years. Unfortunately such data is not available. However,
the effect of a female teacher is positive only for girls. This suggests either that unobserved
teacher quality is not biasing the results, or, alternatively, it could be overestimating the
positive results for girls and hiding a negative effect for boys.

To explore this possibility, I estimate the following equation:

Yijest = Kj + Xz{jcst)‘ + OppGenderjcstH + Eijest (35)
where the variable OppGender is equal to 1 if the student and teacher are from the
opposite gender, and k; is a teacher fixed effect.
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Table 24: Estimated effects of female teachers on test scores: Teacher Fixed Effects

VARIABLES (1) ©)

OppGender -0.0520*%**  _0.0347***
(0.00315)  (0.00258)

Past Grade 0.481%**
(0.00223)

Observations 675,192 675,192

R-squared 0.359 0.535

Notes: Standard errors, clustered at the
school level, are presented in parentheses.
All models include controls for parental
income and schooling, and for subject fixed
effects.

Results of model (35) are presented on Table 24. The results show that a female teacher
improves the score of girls by 3.5% of a standard deviation. This is slightly lower than
the effect presented on Table 23.

The disadvantage of estimating equation (35) is that it controls for teacher unobserved
characteristics at the expense of assuming that the effect of the gender of the teacher is
symmetric: girls assigned to a female teacher have on average the same increase in test
scores as boys assigned to a male teacher. If the symmetry assumption does not hold,
the results could be biased. A data set with multiple years of observations per teacher is
needed to address these concerns.

The concern about classroom unobserved traits biasing the results is not an issue in
the models using student fixed effects, because in Chile students are assigned to the same
classroom for every subject. To test if unobserved classroom traits bias the results in
the models with school fixed effects, I reestimate the model using classroom fixed effects.
Results are presented in Table 25. Compared to the results of the estimation with school
fixed effects, the coefficients in the estimation with classroom fixed effects are lower.
This indeed suggests that female teachers are being assigned to classrooms with better
classroom traits.

Equation 33 assumed that only variables in t (with the exception of grades) have an
effect on student’s test scores. Alternative, we could allow the gender of teachers in
previous years to have an effect on test scores:

t
Yijest = Mi + e+ 05 + XijogA + Z FTjeor Il + Zith + Gije—15-10-10 + Vijest  (36)

=1

The data set I am using does not have observations on the history of teachers, but I
can construct the predicted probability of being assigned to a female teacher using the
estimated coefficients from the following equation:

Prob(FTijest = 1) = as + 6; + 1 Male; + BoGije—1s—10-1 + B3 F Tjst + €ijest (37)
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Table 25: Estimated effects of female teachers on test scores: Classroom Fixed Effects

Boys Girls

VARIABLES (1) (2) (3) (1) (2) (3)
Female teacher 0.0140***  0.0138***  0.0130** 0.0417%**  0.0411***  0.0356***

(0.00454) (0.00453) (0.00586)  (0.00482) (0.00482) (0.00657)
Past grade 0.437*** 0.440%**

(0.00273) (0.00266)

Observations 332,846 332,846 332,846 342,346 342,346 342,346
R-squared 0.363 0.363 0.510 0.374 0.374 0.530
F-test 1.536 2.235 1.401 2.506
Prob >F 0.104 0.008 0.157 0.003
Classroom Fixed Effect yes yes yes yes yes yes
Teacher Controls yes yes yes yes

Notes: Standard errors, clustered at the school level, are presented in parentheses. All models include
controls for parental income and schooling, and subject fixed effects. Prob>F refers to an F-test of the
joint significance of the teacher controls.

Table 26: Probability of Being Assigned to a Female Teacher

VARIABLES (1)

male -0.00512%***
(0.0008)

Past Grade 0.00041
(0.0004)

% Female 0.645%***
(0.0015)

Observations 636,731
R-squared 0.529

Notes: Standard errors in parentheses.
Model includes subject and school
fixed effects.

where %FTjy is the percentage of female teachers by subject in the school. Results are
presented in Table 26, and the estimated coefficients are used to construct F'T';jc—15-141—1 =
Prob(FT;jc—15-1t—1 = 1). Then I can estimate the following model:

Yijest = Mi+Ye 054 Xij g A+ FTjesr T+ FAchflsfltflntfl + Zioth + Gije15-11-10 + Vijest
(38)
Table 27 estimates the effect on test scores of being assigned to a female teacher,
controlling for female teachers by subject in the past period. When controlling for past
exposure, the effect of being assigned to a female teacher is reduced for girls, but the
reduction is small. Consistent with my previous results, past exposure has a positive
effect for girls and a negative effect for boys, although the effect is insignificant for both
girls and boys.
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Table 27: Estimated effects of female teachers on test scores

Boys
VARIABLES (1) (2) (3) (4) (5) (6)
Female teacher 0.0123** 0.0121** 0.0117* 0.00754 0.00615 0.00643
(0.00616) (0.00615) (0.00652) (0.00651) (0.00656) (0.00713)
Female teacher 0.0255** 0.0249** 0.0158 -0.0117 -0.0125 -0.00865
in t-1 (0.01080) (0.01080) (0.01180) (0.01390) (0.01390) (0.01420)
Past grade 0.439%*** 0.263***
(0.00277) (0.00446)
Observations 309,919 309,919 309,919 309,919 309,919 309,919
R-squared 0.313 0.314 0.474 0.775 0.775 0.792
Prob > F 0.063 0.021 0.000 0.000
Girls
VARIABLES (1) (2) (3) (4) (5) (6)
Female teacher 0.0400%**  0.0400***  0.0376***  0.0387***  0.0373***  (0.0366***
(0.00583)  (0.00585)  (0.00674)  (0.00690)  (0.00690)  (0.00758)
Female teacher 0.0202* 0.0199* 0.0031 0.0220 0.0215 0.0140
in t-1 (0.01070) (0.01070) (0.01200) (0.01640) (0.01640) (0.01730)
Past grade 0.440%** 0.249***
(0.00277) (0.00465)
Observations 320,902 320,902 320,902 320,902 320,902 320,902
R-squared 0.325 0.325 0.496 0.773 0.773 0.789
Prob > F 0.068 0.003 0.000 0.000
School Fixed Effect yes yes yes
Student Fixed Effect yes yes yes
Teacher Controls yes yes yes yes

Notes: Standard errors, clustered at the school level, are presented in parentheses. All models include
controls for parental income and schooling, and subject and time fixed effects. Prob>F refers to an
F-test of the joint significance of the teacher controls.
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Table 28: Percentage of Female Teachers by Subject

Math Lang Natural Sc Soc Sc
% female teacher  0.5853 0.8293 0.7553 0.6167
(0.0056)  (0.0039)  (0.0058) (0.0071)

Notes: Standard errors are presented in parentheses

3.6. Possible Mechanisms

As discussed in Section 3.1, the positive effect of the female teacher on girls may have
different explanations. If it is due to teachers providing role model or the theory of
stereotype threats, we would expect a larger effect for girls in subjects that are considered
male dominated: we should observe a larger effect of female teachers in math and a smaller
effect in language. Also, we would expect to see a larger effect on girls who don’t have
other strong female role models. If the positive effect of the female teacher on girls is due
to teacher behavior, rather than role modeling, then we won’t necessarily see a different
effect by subject or for girls without other strong female role models.

Equations (32) and (33) assume that the effect of being assigned to a female teacher
is the same, independent of the subject being taught. Alternatively, and consistent with
the role model hypothesis, a female teacher has a larger effect for girls in subjects that are
considered male dominated. Table 28 shows the percentage of female teachers by subject.
Although there are more female teachers in every subject, the percentage is lower in math
and higher in language. This is consistent with the belief that math is a male dominated
subject while language is a female dominated subject.

To test this hypothesis, I estimate the following equations:

Yijest = Qs + % + 05 + X g A+ Flheatlly + Zioyt) + Eijest (39)
and
Yijest = Mi + Ve + 05 + ijcstA + Fljesdl; + Zjl-cst?/i + Gije—15-1t-10 + Vijest (40)

Results are presented in Table 29. For boys, the effect of being assigned to a female
teacher is not significantly different from zero for any subject when using student fixed
effects. For girls, the effect is positive for all subjects but only statistically significant
for mathematics and social sciences. These are the subjects with a lower percentage of
female teachers as shown in Table 28. However, the F test cannot reject that there is no
difference in the effect by subject.

If the role model hypothesis is true, the effect should be greater for girls who are lacking
other positive female role models. To test this, I divide the sample by mother’s education
and create an indicator of whether the mother has less than 8 years of education (no
high school), between 8 and 12 (some high school to high school graduate), or 12 or more
years (at least some years of college or professional school). Results are presented in
Table 30. The F test rejects the hypothesis that the effect is the same for all levels of
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Table 29: Estimated effects of female teachers on test scores by subject

Boys

VARIABLES (1) (2) (3) (4) (5) (6)
Fem teacher -0.00289 -0.00301 -0.00208 -0.00843 -0.0132 -0.00953
math (0.00866) (0.00871) (0.00964) (0.01090) (0.01090) (0.01160)
Fem teacher 0.00863 0.00836 0.0106 -0.0168 -0.0193* -0.0138
language (0.01030) (0.01030) (0.01200) (0.01160) (0.01150) (0.01290)
Fem teacher 0.0261** 0.0262** 0.0183 0.0167 0.016 0.0152
natural sciences (0.01090) (0.01090) (0.01330) (0.01270) (0.01280) (0.01440)
Fem teacher 0.0450***  0.0453***  0.0386***  0.0210* 0.0234* 0.0202
social sciences (0.01040) (0.01040) (0.01200) (0.01220) (0.01230) (0.01360)
Past Grade 0.437%%* 0.266%**

(0.00264) (0.00419)
Observations 332,846 332,846 332,846 332,846 332,846 332,846
R-squared 0.309 0.309 0.469 0.761 0.761 0.78
Prob > F 0.003 0.003 0.086 0.055 0.021 0.176

Girls

VARIABLES (1) (2) (3) (4) (5) (6)
Fem teacher 0.0436***  0.0435***  0.0400***  0.0551%**  (0.0499%**  (0.0489***
math (0.00823)  (0.00826)  (0.00907)  (0.01040)  (0.01050)  (0.01080)
Fem teacher 0.0413***  0.0409***  0.0383***  (0.0223* 0.0226* 0.0217
language (0.01050) (0.01040) (0.01220) (0.01190) (0.01210) (0.01330)
Fem teacher 0.0359%**  (0.0358***  0.0137 0.0367***  0.0356*%**  0.0247*
natural sciences (0.01070) (0.01070) (0.01360) (0.01260) (0.01270) (0.01490)
Fem teacher 0.0541***  0.0542***  (0.0545%**  0.0525%**  0.0538***  (.0527***
social sciences (0.01020) (0.01020) (0.01260) (0.01190) (0.01200) (0.01330)
Past Grade 0.438%** 0.251%**

(0.00261) (0.00435)
Observations 342,346 342,346 342,346 342,346 342,346 342,346
R-squared 0.321 0.321 0.491 0.76 0.76 0.777
Prob > F 0.654 0.644 0.157 0.131 0.203 0.175
School Fixed Effect yes yes yes
Student Fixed Effect yes yes yes
Teacher Controls yes yes yes yes

Notes: Standard errors, clustered at the school level, are presented in parentheses. All models include
controls for parental income and schooling, and subject and time fixed effects. Prob>F refers to an
F-test of equal effect by subject.
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Table 30: Estimated effects of female teachers on test scores by mother’s level of schooling

Boys Girls
VARIABLES (1) (1)
Fem teacher*(low mother educ) 0.0245***  (0.0533***

(0.00866)  (0.00865)
Fem teacher*(medium mother educ)  0.00355 0.0419***
(0.00778)  (0.00799)

Fem teacher®(high mother educ) -0.0134 0.0147
(0.00959)  (0.01080)
Past Grade 0.250%**  0.237%**

(0.00398)  (0.00405)

Observations 332,846 342,346
R-squared 0.789 0.788
Prob > F 0.006 0.011
Student Fixed Effect yes yes
Teacher Controls yes yes

Notes: Standard errors, clustered at the school level, are presented
in parentheses. Model include controls for subject fixed effects.
Prob >F refers to an F-test of equal effect by mother education

mother’s education. Students whose mother has lower levels of education benefit more
from having a female teacher than students whose mother has a high level of education.
This holds for boys and girls, although the effect is always greater for girls than for boys.

3.7. Conclusions

In this essay, data from the Chilean SIMCE test has been used to empirically estimate a
reduced form equation, shedding some light on one of the components of the gender gap
for school students. The results show that there is an effect of the gender of the teacher
on the scores of female students. Having a female math teacher increases the average
scores of female students in the SIMCE test by approximately 0.04 standard deviations,
which is almost one fourth of the gender gap in math and language. However, there is
no evidence of an effect of teacher gender on boys’ scores.

My results differ from those previously found by Dee (2007) because I do not find an
effect for male students. They also differ from the results for Mexico found by Ramirez
and Ursini (2005). My results are closer to those of Nixon and Robinson (1999), who find
that a higher proportion of female faculty has a positive effect on females attending high
schools, while there is no effect on male students.

The evidence is consistent with the role model hypothesis, as the effect is only significant
for subjects with lower proportions of female teachers, and only for students whose mother
has low levels of education.

Table 20 shows that the sample used in this study has students with lower SIMCE
scores than the whole population. Because parental education is a predictor of SIMCE
scores, the results for the sample should be lower than the corresponding results for the
whole population.
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A. Appendix: Proofs of Results

Proof of Result 1.2
Define f as f = vgG(vg) — S* — oprx — v G(=2)
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Because we know that the teacher wants to set S* such that f(S*) =0
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I need to show that the denominator is positive, so the whole expression is negative.
This is equivalent to showing that S* > opxk:
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To show that S* > gpxk, I first take derivatives of f with respect to S*

of —S5* v
—1 —_—
85* +g( (oy] >09

=0

Thus, f is increasing in S* for S* < gyzk. Finally, I need to show that the S* such that
f=01is S* > gpxk. Since f is decreasing in S* for S* > oyxk, I only need to show that
flopzk) >0 and f(0) >0

f(Ogl'K) = ’UKG(LL'K) — 09K — O K — ’UKG(—QZ’K) = Q[UKG(.IK) — 09.’13[(] — VUK

f(O) = UKG($K) — Ol K — Oﬂ?K — ’UKG(O) = UKG(.CL'K) — Ol K — UK/Q = f(O'gl‘K)/Q

Because f is decreasing in S* for S* > oyx i and increasing in S* for S* € [0, opx k],
S* = ogxk is a global maximum. If an interior solution exists, then f(opzx) > 0 and

hence f(0) > 0. |

Proof of Result 1.3
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Because the denominator is positive, the expression is negative. |



55

Proof of Result 1.4
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When v; — vk is large enough, then the first term is positive and larger than the second
term. |

Proof of Result 1.5
I need to show that W4 > WP for both the perfect and imperfect information case.
For the perfect information case, I first need to show that the probability that student
K+1 passes the class conditional on his level of effort and the level of effort of the other
N-1 students in a Nash equilibrium is the following

Pri1=K — ZP

Let ¢g; be the probability that student i looses, given that all students choose e; > vl
where v! is the lower support of student s equilibrium mixed strategy. Then student

i’s probability of passing the class when K passes are given is P, = 1 — ¢* ™. Also,
q; = (1 - (ﬁ . Qz 1)}(.;.2 i Then
Pgy = 1—qih
1
— 1 . 1 K41 K+1
l-a — K ]K+2—(K+1)

= 1-[(1=¢f") =1 =g ™)+ 1 —gg™) — (K -1)]
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I can use the above in the definition of W%:
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When there is imperfect information, the ex ante total level of effort is W4 = K foﬁ vgdFg (vk),
which is higher than the ex ante total level of effort with relative standard, W =

K foﬂ UK+1dFK+1(UK+1)- [

Proof of Result 1.7 With perfect information, students with high ability exert effort
Ele;] < vkxi1 < v; under the relative standard, which is lower than the amount of effort
under the absolute standard, e(v;) = S* = vk. Students with low ability exert zero effort
under both schemes, with the exception of the student with ability vk, who exerts zero
effort when the standard is absolute but exerts effort Ele;] = Pgi1vky1 with the relative

standard?®.

Under imperfect information, nondecreasing strategies imply that all students exert
effort greater than or equal to zero under the relative standard. For students with v; < 5%,
their effort level is thus (weakly) lower when the standard is absolute. This and Result
1.7 prove that the opposite is true for students with v; > S*. |

9Tt can be shown that Px 1 > 0. Suppose not. Then the K students with highest v; will pass the class
with probability 1, so they will exert € > 0 effort, with ¢ arbitrary low. In that case, it is not optimal
for students with lower v; to exert zero effort.





