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Lecture Content

1 The education production function.
2 The effect of class size on educational outcomes:

Experimental evidence (Krueger, 1999).
RD evidence (Angrist & Lavy, 1999).
Long-run effects of kindergarten class size (and other inputs) on
earnings (Chetty et al, 2011).

3 The effect of teacher quality on educational outcomes:

The education production function and value added models.
Assumptions of VA models (Rothstein, 2010)
Within school variation in test scores (Rivkin, Hanushek, and Kain,
2005) - student presentation
New evidence on VA models (Chetty, Friedman, and Rockoff, 2014) -
video
The effect of faculty quality on PhD student outcomes (Waldinger,
2010).
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School Quality

In the previous lectures we have seen that years of education and
earnings are correlated.

Up to now we assumed that an additional year of schooling always
has the same effect on earnings.

It is, however, widely believed that not only the quantity but also the
quality of schooling matters a lot.

Aspects of school quality that may matter are:
Class size, teacher quality, school resources, peer quality,...
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The Education Production Function

Economists use education production functions (e.g. Todd and
Wolpin, 2003) to model how different inputs (e.g. school quality)
affect outcomes (e.g. test scores).

Let’s start with a very general education production function (see
Todd and Wolpin, 2003):

Tija = Ta[Fij (a), Sij (a), µij0,εija] (1)

child i in household j at age a.

T is an outcome (often test scores).

F is a vector of family inputs up to age a.

S is a vector of school inputs up to age a.

µij0 is inherent ability (one dimensional)

ε allow for measurement error in test scores
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The Education Production Function - Inputs

Outcomes could be:
Test scores, earnings, college graduation, creativity, crime,...

Family inputs are for example:
pre-natal behaviour of parents, breast feeding, playing, talking,
reading, caring for children, helping with homework,...

School inputs are for example:
Class size, teacher quality, school resources, peer quality,...
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The Education Production Function

To ease notation we define a vector of inputs Xij (a) =
[
Fij (a)
Sij (a)

]
The regression analog of the true production function would be:

Tija = Xijaα1 + Xija−1α2 + ...+ Xij1αa + βµij0 + εija (1′)

Which assumptions are imposed if one would estimate this regression
model?

The Ta function is not age varying.

Practical problems when estimating this education production
function:

inherent ability can usually not be observed
data on inputs at all ages are usually not available
inputs are endogenous, they respond to inherent ability and past inputs
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The Education Production Function

The practical problems outlined on the last slide make a standard OLS
regression of outcomes on contemporaneous inputs very problematic:

Tija = Xijaα1 + εija

To overcome these problems, some papers have used experimental or
quasi-experimental approaches to estimate causal effects of inputs
that exogenously change at age a.

We start by looking at studies investigating the effect of class size on
test scores.
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The Effect of Class Size on Test Scores - Experimental
Evidence
Tennessee STAR Project

Krueger (1999) econometrically analyses a randomized experiment of
the effect of class size on student achievement.

The project known as Tennessee Student/Teacher Achievement Ratio
(STAR) was run in the 1980s.

Kindergarten students and their teachers were randomly assigned to
one of three groups

1 Small classes (13-17) students.
2 Regular classes (22-25) students.
3 Regular classes (22-25) students with a full time teacher’s aide.

After the assignment, the design called for students to remain in the
same class type for four years.

Randomization occurred within schools.
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The Effect of Class Size - Experimental Evidence
Problems with the Randomization

If there were no problems with randomization one could just compare
mean outcomes in treatment and control groups to get average
treatment effects.
There were, however, some problems with the experimental design (as
with many other experiments):

Students in regular classes were re-randomized in grade 1 to either stay
in a regular class or to move to a regular class with teacher’s aide.
About 10 percent of students switched between small and regular
classes between grades, primarily because of behavioural problems or
parental complaints.
Because of relocation of parents during the school year actual class
sizes varied more than intended in small classes (11-20 students) and in
regular classes (15-30).
Sample attrition (i.e. students leaving the sample). Not a problem if it
is random but here the attrition is likely to be non-random: especially
good students from large classes may have enrolled in private schools
creating a selection bias problem.
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The Effect of Class Size - Experimental Evidence
Project Design

Students in participating schools were randomized into one of 3 class
types in grade K and participated in the experiment until grade 3.

Any student who entered a participating school in a relevant grade
was added to the experiment, and participating students who repeated
a grade, skipped a grade, or left the school exited the sample.

Because kindergarten attendance was not mandatory in Tennessee at
the time of the study, many new students entered the programme in
first grade.

Overall about 11,600 students were involved in the experiment over
all four years.
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The Effect of Class Size - Experimental Evidence
Summary Statistics - Unadjusted Data
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Students in Smaller Classes do Better on Average

Krueger pools students in the regular and regular + aide class into 1
category

The test score distribution of students in small classes is to the right
of students in regular classes.
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Regression Estimates

Krueger estimates the following econometric model:

Yics = β0 + β1SMALLcs + β2Reg/Acs + β3Xics + αs + εisc

Yics = percentile score.
SMALLcs = Indicator whether student was in small class.
Reg/Acs = Indicator whether student was in regular class with aide.
αs = School FE (Random assignment occurred within schools).

The regressions can be estimated with the student’s actual status of
being in a small or regular + aide class.

Because a small proportion of students switched class types the
regressions can also be estimated with the students initial assignment
to any of the class types. This corresponds to the reduced form as the
initial assignment can be used as an instrument for actual class type.
(These two regressions will be the same in kindergarten).
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Regression Results Kindergarten
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Regression Results 1st Grade
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Regression Results and Attrition

Students in smaller classes perform about 5-7 percentage points
higher than students in regular sized classes. This corresponds to an
effect size of about 0.2 of a standard deviation in percentile scores.

Students in regular classes with a teacher’s aide do slightly better
(but that difference is only significant in one of the four grades).

As discussed before, non-random sample attrition may affect the
results if for example parents from higher socioeconomic backgrounds
who had children in regular classes were more likely to enrol their
child in private school than parents with children in small classes.

He addresses this concern by imputing test scores (from their earlier
test scores) for all children who leave the sample.
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Regression Results Imputing Test Scores to Address
Attrition

Non-random attrition hardly biases the results.
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Potential Problems
Hawthorne or ‘John Henry’Effects

A common worry with experimental data is that individuals behave
differently because they know they are part of an experiment.

Hawthorne effects: Teachers in small classes increased their effort
because they knew they were part of an experiment.
John Henry effects: Teachers in regular classes may have tried to
overcome the students’bad luck of being assigned to regular classes by
increasing effort.

He addresses this concern by estimating the effect of class size in
regular classes only (exploiting the fact that actual class size differed
even in regular classes). Within regular classes their is no worry of
Hawthorne or John Henry effects.

Reassuringly he finds very similar results on class sizes.
⇒ Hawthorne or John Henry effects are unlikely to bias the results.
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An Application of Fuzzy RD on Class Sizes
Angrist & Lavy (1999)

Angrist and Lavy exploit an old Talmudic rule that classes should be
split if they have more than 40 students in Israel.
The rule is not followed completely strictly they therefore have a
fuzzy discontinuity design.
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Do Class Sizes Predict Academic Achievement?

Students in schools with more overall enrollment (often in bigger
cities) do better on average.

Average test scores are partly a mirror image of predicted class sizes.
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Do Class Sizes Predict Academic Achievement?

Because larger schools are often in better-off areas they control for
enrolment when they redraw the relationship between class-size and
achievement.

Now test-scores are more of a mirror image to predicted class sizes.
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Econometric Specification

They want to estimate the relationship between average achievement
and class size.

ysc = X ′s β+ αnsc + error (1)

As n (class size) may be correlated with the error term they
instrument for n with the Maimonides rule. The first stage regression
is:

nsc = X ′sπ0 + π1fsc + error2 (2)

where fsc is the function describing Maimonides rule.

Class size may be correlated with the error term because:
1 Parents from higher socioeconomic backgrounds may put their children
in schools with smaller classes.

2 Because principals may put weaker students in smaller classes.
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Econometric Specification

Class size is a function of enrollment because of Maimonides rule. In
Israel, however, enrollment is positively correlated with test scores
because larger school are

1 in richer neighbourhoods (e.g. in cities)
2 better schools face more demand.

For the RD approach to be valid they want to control for school level
enrollment. The crucial assumption is that the effects of
socioeconomic background are a smooth function of enrollment.

In that case you can identify the effect of class size from the
discontinuities caused by Maimonides rule.

The estimated regressions are:
ysc = X ′s β+ αnsc + γes + error (1)
nsc = X ′sπ0 + π1fsc + π2es + error2 (2)

where es is enrollment in school s.
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Regression Results - OLS (4th Grade)

There is a positive OLS relationship between class size and test scores.
If you control for percentage disadvantaged and enrollment the relationship
turns slightly negative (not significant).

Waldinger () Educational Quality 24 / 56



Regression Results - IV (4th Grade)

Instrumenting for class size with the rule gives negative and significant
effects on the class size coeffi cient.
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Discussion of Findings

They find significant negative class size effects for fourth and fifth
graders.

The point estimates are very similar in the discontinuity sample (even
though standard errors are larger in those samples and results are
therefore no longer statistically significant)

For 3rd graders, however, they do not find significant effects.

They suggest that this may be because class size effects are
cumulative. (Krueger, however, does not find evidence for cumulative
effects in the STAR data). This may also be driven by testing
behaviour: tests in the year 3rd grade were very different (test scores
have a higher mean and lower variance).

The size of the effects for 4th and 5th graders is similar to the
Krueger’s 1999 results.
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Do Effects on Test Scores Translate into Long-Term
Outcomes?

Both Krueger (1999) and Angrist and Lavy (1999) show significant
and postive effects of being in a small class on test scores.

The question is whether effects on test scores translate into long-term
outcomes.

Few datasets contain information on school test scores and long-run
outcomes.
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Do Increased Kindergarten/Primary School Test Scores
Affect Long-Run Outcomes?

Chetty, Friedman, Hilger, Saez, Whitmore-Schanzenbach, and Yagan
(2011) study the long-run effects of kindergarten test scores.

They combine data from:

Project STAR
Income tax data to obtain long-run outcomes:

1 Earnings (at age 27)
2 College attendance
3 Other outcomes: marital status, retirement savings, home ownership

Their analysis is structured as follows:
1 Show the correlation of KG test scores with long-run outcomes.
2 Investigate whether random assignment to smaller classes affects
long-run outcomes.

3 Investigate whether other factors that were similarly randomly assigned
(e.g. teacher quality, peer quality) affects long-run outcomes.
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KG Test Scores and Long-Run Outcomes: Wage Earnings
Chetty et. al. (2011)
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KG Test Scores and Long-Run Outcomes: College
Chetty et. al. (2011)
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Effect of Class Size on Long-Run Outcomes

To estimate the effect of class size on long-run outcomes they
estimate an almost identical specification as in Krueger (1999):

Yicsw = β0 + β1SMALLcsw + β3Xicsw + αws + εiscw

Yicsw = outcome.
SMALLcsw = Indicator whether student was assigned to small class.
αws = School x entry-grade FE

As SMALLcsw is an indicator for whether the student was assigned to
a small class the estimates are intent-to-treat estimates.

Krueger (1999) included only school FEs but as students were also
randomized if they entered a school in grades 1-3 (not just
Kindergarten) school x entry grade FE are more appropriate.

Large classes and large classes with teacher’s aid are combined in one
category.
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Effect of Class Size on Test Scores and College Attendance
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Effect of Class Size on Earnings and a Summary Index of
Outcomes
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Empirical Literature on the Effect of Teacher Quality

Most of the literature on the effect of teacher quality on educational
outcomes has not used experimental or quasi-experimental research
designs.

Many papers in this literature have used so-called value added models
which control for past test scores.

How do value added models relate to the general education
production function outlined above?

Tija = Ta[Xij (a), µij0,εija] (1)

Where Xij (a) is a vector that includes the complete history of inputs
until age a.

The regression analog of (1) would be:

Tija = Xijaα1 + Xija−1α2 + ...+ Xij1αa + µij0 + εija (1′)
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Different VA Models in the Literature

The value added model then assumes:

Tija = Ta{Xij (a),Ta−1i [Xij (a− 1), µij0], ηija} (2)

The basic assumption of these models is that controlling for past test
scores captures the effect of all past inputs on current test scores/
Value added models treat the elements in (2) as additively separable
and estimate the following regressions:

Tija = Xijaα+ γTija−1 + ηija (2a)

Some researchers impose the assumption that γ = 1 and estimate:

Tija − Tija−1 = Xijaα+ ηija (2b)

Sometimes one also sees:

Tija − Tija−1 = Xijaα+ µi + ηija (2c)

Waldinger () Educational Quality 35 / 56



Estimating VA Models

VA models have to be interpreted with caution for two main reasons:
1 They make important assumptions about the "structural" parameters
of the education production function (Todd and Wolpin, 2003)

2 To identify causal effects of inputs additional assumptions on
exogeneity of inputs have to hold (e.g. Rothstein, 2010).
Problem 2 is the same as for the contemporaneous specification but
arguably less severe because lagged test scores will control for some of
the endogeneity.
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Estimating VA Models - Parameter Assumptions

What are the restrictions that (2a) (Tija = Xijaα+ γTija−1 + ηija)
implies for the true production function?
Consider equation (1’) and subtract γTija−1 from both sides and
collecting terms:

Tija − γTija−1 = Xijaα1 + Xija−1(α2 − γα1) + ...+ Xij1(αa − γαa−1)
+ (βa − γβa−1)µij0 + εija − γεija−1 (2′)

Under which assumptions can (2′) be reduced to (2a)?
(α2 − γα1),...,(αa − γαa−1) are all = 0
⇒ input coeffi cients must be geometrically declining with distance and
the rate of decline must be the same for all inputs
(βa − γβa−1) = 0
⇒ the impact of the ability endowment must be geometrically
declining with distance and at the same rate as the inputs.
If the measurement error in test scores is iid the estimate of γ in (2a)
would be downward biased (because the lagged score and its
measurement error must be +vely correlated and −γεija−1 enters the
error term).
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Estimating VA Models - Parameter Assumptions

What are the restrictions that (2b) (Tija − Tija−1 = Xijaα+ ηija)
implies for the true production function?

Under which assumptions can (2′) be reduced to (2a) : ?

(α2 − α1),...,(αa − αa−1) are all = 0
⇒ the effect of each input must be independent of the age at which it
is applied
(βa − βa−1) = 0
⇒ the effect of inherent ability must be the same for all ages

If the error terms are iid there would be no bias.
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Estimating VA Models - Endogeneity

While VA models address some of the endogeity of input choices
controlling for past test scores is unlikely to fully solve endeneity
problems.

Principals may assign teachers according to past test scores (e.g. if
they want to compensate for a bad teacher in year a-1 by assigning a
good teacher in year a). Students may also be reassigned to a
different class on the basis of past scores.

Rothstein (2010) highlights these problems by estimating VA-models
using school fixed effects.

Within-school VA-models would estimate causal effects of teachers if
students were quasi-randomly assigned to teachers within schools (an
assumption that is implicitely made by a lot of papers).
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Testing for Quasi-Random Assignment - Rothstein (2010)

Rothstein (2010 tests for quasi-random assignment of students to
teachers (i.e. classrooms) within schools.
The standard VA model equivalent regresses test score gains on
class-room (i.e. teacher) FE:

∆Tisgc = Sg δ+ T̃g β+ e

Where Sg are school FE and T̃g are classroom x school FE (one
school x grade FE dropped per school to avoid multicollinearity).
To test whether assignment to classes in grade g is quasi-random he
regresses previous test score gains (from g-2 to g-1) on current grade
assignment

∆Tisg−1c = Sg δ+ T̃g β+ e

If β 6= 0 the identifying assumption of the VA model is likely to be
violated.
And similarly he test VA models that control for a lagged test score as
the dependent variable.
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Data

Rothstein implements this test using administrative data from North
Carolina public schools.

To implement this test one needs multiple classrooms in each grade
and suffi cient reschuffl ing of students to classrooms between grades.

Furthermore, one needs panel data with test scores from multiple
periods. He uses math and reading tests for grades 2(tested at the
beginning of grade 3),3,4, and 5.

He only considers observations where all hours of one subject in a
classroom were taught by one teacher.
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Correlations of Test Scores and Gains Across Grades
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Main Results
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Main Results

5th grade teachers (i.e. classrooms) have a significant effect on
5th-grade reading gains. This is as it should be.

5th grade teachers, however, also have a signficant effect on
4th-grade reading gains.

This is worrying. But in itself it is not yet a proof that exogeneity is
violated. For that we also need that errors e are serially correlated.
He shows that they are negatively correlated.

There is a worry that the 5th grade teachers affect 4th grade gains
because of omitted variables.
⇒ he also includes 4th grade teachers FE
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Main Results - Control for 4th Grade Class FE
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Quality of Education at Higher Education Levels

There is strong evidence that school quality matters for the outcomes
of school children.
Does quality of education also matter at higher levels of education?
I investigate whether quality of universities affects the outcomes of
PhD students.
There is a strong positive correlation between university quality and
PhD student outcomes.
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Challenges when Estimating the Effect of Faculty Quality

Estimating the causal relationship between faculty quality and PhD
student outcomes is challenging because of a number of reasons:

1 Student selection.
Better students may select into universities with a better faculty.

2 Omitted variables.
Universities with better resources may make professors more productive
and foster the career of its PhD students.

3 Measurement error.
It is very diffi cult to measure faculty quality.

I address these concerns by considering a large exogeneous shock in
faculty quality:
The dismissal of Jewish and ‘politically unreliable’scholars from Nazi
Germany.
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Historical Background

Germany was the leading country for scientific research at the
beginning of the 20th century.

Immediately after gaining power in 1933 the new Nazi government
dismissed all Jewish and ‘politically unreliable’scholars from the
German universities.
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Dismissed Professors Across German Universities
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Dismissed Professors Across German Universities II
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Effect of Dismissals on Department Size
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Effect of Dismissals on Faculty Quality

with above avg.
dismissals

no dismissals

0
1

2
3

4
A

vg
. c

it.
 w

ei
gh

te
d 

P
ub

lic
at

io
ns

 o
f P

ro
fe

ss
or

s

1929 1931 1933 1935 1937
Year

Avg. Department Quality

Waldinger () Educational Quality 52 / 56



What is the Effect of the Fall in Faculty Quality on PhD
Student Outcomes?
Reduced Form
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Use Dismissal as IV

OLS model to the effect of university quality on PhD student
outcomes:
Outcomeidt = β1 + β2(Avg. Faculty Quality)dt−1

+ β3(Student/Faculty Ratio)dt−1
+ β4Femaleidt + β5Foreignidt + β6 CohortFEt + β7DepFEd + εidt

University quality and student/faculty ratio are endogenous → use
dismissal as IV.

2 Endogenous Variables → 2 First Stage Regressions:
1 Avg. Faculty Qualityidt = γ1
+ γ2(Dismissal induced Reduction in Faculty Quality)dt
+ γ3(Dismissal induced increase in Student/Faculty Ratio)dt
+ γ4 Femaleidt + γ5Foreignidt + γ6 CohortFEt + γ5 DepFEd + εidt

2 Student/Faculty Ratioidt = δ1
+ δ2(Dismissal induced Reduction in Faculty Quality)dt
+ δ3(Dismissal induced increase in Student/Faculty Ratio)dt
+ δ4 Femaleidt + δ5Foreignidt + δ6 CohortFEt + δ5 DepFEd + εidt
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First Stages

To test for weak instruments one cannot simply look at the first stage
F-statistics because here we have 2 endogenous regressors and 2 IVs.
→ use Cragg-Donald EV statistic here critical value is 7.03.
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OLS and IV
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