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ABSTRACT
The Academic and Labor Market Returns of
University Professors *
This paper estimates the impact of college teaching on students’ academic achievement and
labor market outcomes using administrative data from Bocconi University (Italy) matched with
Italian tax records. The estimation exploits the random allocation of students to teachers in a
fixed sequence of compulsory courses. We find that good teaching matters more for the labor
market than for academic performance. Moreover, the professors who are best at improving
the academic achievement of their best students are also the ones who boost their earnings
the most. On the contrary, for low ability students the academic and labor market returns of
teachers are largely uncorrelated. We also find that professors who are good at teaching high
ability students are often not the best teachers for the least able ones. These findings can be
rationalized in a model where teaching is a multi-dimensional activity with each dimension
having differential returns on the students’ academic outcomes and labor market success.
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Introduction

Improving the quantity or the quality of the inputs in the education production function, such as
teachers, peers or class size, may have very different effects on the academic and labor market
performances of the students. The skills required to do well in school are not necessarily
those that are also the most valued by employers and the ability to negotiate a good salary and
working conditions is not necessarily reflected in school grades. Additionally, labor market
success and school performance are realized at different times and many intervening factors
may play an important role. For example, students who do poorly in school may catch up later
by exerting more effort to learn on the job or by receiving more inputs from other sources, such
as parents.
Despite these considerations, the studies that estimate the returns of inputs in the education
production function almost invariably consider academic achievement as an outcome measure.
Obviously, linking school and labor market data is the main impediment to extending the analysis to labor market outcomes and, to our knowledge, only a small set of very recent papers
have been able to overcome this problem (Raj Chetty, John N. Friedman, Nathaniel Hilger,
Emmanuel Saez, Diane Whitmore Schanzenbach & Danny Yagan 2011, Raj Chetty, John N.
Friedman & Jonah E. Rockoff 2011, Giacomo De Giorgi, Michele Pellizzari & William G.
Woolston 2012, Christian Dustmann, Patrick A. Puhani & Uta Schnberg 2012).
In this paper we estimate and compare measures of the academic and labor market returns
of university professors using administrative data from Bocconi University, which allow following students throughout their academic careers and into the labor market. We construct
such measures by comparing the future performance, either in subsequent coursework or in the
labor market, of students who are randomly allocated to different teachers in their compulsory
courses. For this exercise we use administrative data containing detailed records for one cohort
of students at Bocconi University (Italy) - the 1998/1999 freshmen - who were required to take
a fixed sequence of compulsory courses and who where randomly allocated to a set of teachers
for each of such courses. The data are exceptionally rich in terms of observable characteristics
of both the students, the professors and the classes. For example, we have a very good measure
of ex-ante ability for all the students in our data, namely their scores in an attitudinal test that
they take as part of their admission process. Hence, we can purge our measures of teacher’s
quality from most potential confounding factors and we can also document how they vary with
the observables of both the students and the professors.
We find that good teaching matters more in the labor market than for academic performance.
Moreover, by splitting the sample of students by levels of ability we can estimate the impact of
teachers on the performance of their best and worse students separately. We find that for highability students the academic and labor market returns of professors are positively correlated.
In other words, the professors who are best at improving their students’ grades at university are
also the ones who boost their earnings the most. For low-ability students we find the opposite,
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namely that the academic and labor market returns of teachers are largely uncorrelated. We
also find that professors who are good at teaching high-ability students are often not the best
teachers for the least able students.
These results are consistent with the view that teaching is a multidimensional activity involving multiple tasks each having different returns in the academia and in the labor market.
The empirical evidence produced in this paper is informative about the degree of complementarity between teachers’ competence (or effort) in each task and the ability of the students. In
particular, our findings suggest that the returns to student’s ability are larger in the labor market
than in the academia, perhaps because school grades can only capture a sub-set of the students’
competencies. Moreover, the complementarity of student’s and teacher’s abilities appear to be
stronger in the earnings process than in the process generating school grades.
Our focus on higher education is only one of the factors differentiating our work from
the paper by Chetty, Friedman & Rockoff (2011), which is probably the closest to ours in
the literature. Due to the non-random allocation of teachers to pupils in their setting (3rd-8th
graders in the US), Chetty, Friedman & Rockoff (2011) cannot separately estimate the effect
of teachers on school and labor market performance. They can only estimate the former and
they then compute the effect of being assigned to a good teacher, defined as someone who
improves school performance, on a variety of long-term outcomes, including employment and
earnings. By exploiting the specificities of the process of class formation at Bocconi University,
where students are randomly allocated to instructors for each compulsory subject, we are able
to produce separate estimates of the academic and labor market effects of teachers. We can
then look at the joint distribution of those estimates, something that has never been done before
in the literature. On the other hand, contrary to Chetty, Friedman & Rockoff (2011), we cannot
look at long-term labor market performance, since we only observe taxable income at one point
in time, for most students around one to two years after graduation.
Our work is also closely linked to Scott E. Carrell & James E. West (2010), with whom we
share the focus on higher education and the methodology to compute measures of teacher effectiveness based on future students’ outcomes. Their analysis, however, is limited to academic
outcomes, whereas we extend it to earnings.
Both we and Carrell & West (2010) depart from the most popular approach to measure
teacher quality, the value added model (VA), which rests on the comparison of students’ performance in standardized tests between two (or more) grades (Eric Hanushek 1971, Jonah E.
Rockoff 2004, Steven G. Rivkin, Eric A. Hanushek & John F. Kain 2005, Thomas J. Kane &
Douglas O. Staiger 2008, Daniel Aaronson, Lisa Barrow & William Sander 2007). The VA
model is commonly used in the context of primary and secondary education but it cannot be
easily extended to college education, where there is no obvious definition of a grade and where
not all courses can be unambiguously associated to a subject sequence. Nevertheless, the large
increase in college enrollment experienced in almost all countries around the world in the past
decades (OECD 2008) calls for analyses focusing specifically on higher education, as in this
3

paper.
The need to develop better measures of the performance of university professors is further
emphasized by a series of studies that cast serious doubts about the validity of student-reported
evaluations, which are currently used in most universities around the world (William E. Becker
& Michael Watts 1999, Byron W. Brown & Daniel H. Saks 1987). For example, in a previous
paper using the same data (Michela Braga, Marco Paccagnella & Michele Pellizzari 2011) we
show that the teachers whose students perform better in subsequent coursework often receive
worst evaluations, a finding that is confirmed in Carrell & West (2010).
Measuring teacher quality in any school level is both extremely important and extremely
difficult. On the one hand, there is now ample evidence that teachers matter substantially in
determining students’ performance (Rivkin, Hanushek & Kain 2005, Carrell & West 2010)
while at the same time the most common observable teachers’ characteristics, such as their
qualifications or experience, appear to be only mildly correlated with students’ scores (Alan B.
Krueger 1999, Rivkin, Hanushek & Kain 2005, Eric A. Hanushek & Steven G. Rivkin 2006).
Hence, it is difficult to identify good teachers ex-ante and contingent contract based on ex-post
outcomes would be the most obvious alternative to address the agency problem in this setting
but implementing them requires measures of performance.
It is for this reason that value-added indicators of teacher quality have become popular in
many countries and especially in the United States, where several studies advocated their use
in the hiring and promotion decisions of teachers (Chetty, Friedman & Rockoff 2011, Eric A.
Hanushek 2009, Robert Gordon, Thomas J. Kane & Douglas O. Staiger 2006) and a few school
districts recently adopted such a practice.
Despite their popularity, the validity of the VA approach has been questioned on various
grounds, especially when students and teachers are not randomly assigned to one another
(Chetty, Friedman & Rockoff 2011, Jesse Rothstein 2010, Kane & Staiger 2008). This paper
importantly contributes to this debate by showing that the academic and labor market returns
of good teaching may not be perfectly aligned.
For the policy viewpoint, our results suggest that performance measurement is crucially
linked to the definition of the objective function of the education institution. Some schools or
universities may see themselves as elite institutions and consequently aim at recruiting the very
best students and the teachers who are best at maximizing the performance of such students.
Also, some institutions may be more academic oriented and aim at transmitting the body of
knowledge of one or several disciplines, regardless of the market value of such knowledge,
whereas others may take a more pragmatic approach and decide to provide their students with
the competencies with the highest market returns at a specific point in time and space. The
differences between community colleges and universities in the US or the dual systems of
academic and vocational education that are common in countries like Germany and Switzerland
are very good examples of teaching institutions with different objective functions, which should
coherently adapt their recruitment, evaluation and incentive policies.
4

The paper is organized as follows. Section 2 describes our data and the institutional details
of Bocconi University. Section 3 discusses our strategy to estimate the academic and the labor
market returns of professors. In Section 4 we present the main empirical results and we compare
estimates produced using different outcomes (grades and earnings). Robustness checks are
discussed in Section 4.1. In Section 5 we discuss the interpretation of our findings in the
framework of a very simple theory. Section 6 concludes.

2

Data and institutional details

The empirical analysis in this paper is based on data for one enrollment cohort of undergraduate
students at Bocconi University, an Italian private institution of tertiary education offering degree
programs in economics, management, public policy and law.1 We select the cohort of students
who enrolled as freshmen in the 1998/1999 academic year, as this is the only cohort in our
data whose students were randomly allocated to teaching classes for each of their compulsory
courses.2 In later cohorts, the random allocation was repeated at the beginning of each academic
year, so that students would take all the compulsory courses of each academic year with the
same group of classmates, which only permits to identify the joint effectiveness of the entire
set of teachers in each academic year.3 For earlier cohorts the class identifiers, which are a
crucial piece of information for our study, were not recorded in the university archives.
The students entering Bocconi in the 1998/1999 academic year were offered seven different degree programs, although only three of them attracted a sufficient number of students
to require the splitting of lectures into more than one class: Management, Economics and
Law&Management.4 Students in these programs were required to take a fixed sequence of
compulsory courses that span the entire duration of their first two years, a good part of their
third year and, in a few cases, also their last year. Table 1 lists the exact sequence for each of
the three programs that we consider, breaking down courses by the term (or semester) in which
they were taught and by subject areas (classified with different colors: red for management,
black for economics, green for quantitative subjects, blue for law).56
1

This section borrows heavily from Braga, Paccagnella & Pellizzari (2011)
The terms class and lecture often have different meanings in different countries and sometimes also in different schools within the same country. In most British universities, for example, lecture indicates a teaching
session where an instructor - typically a full faculty member - presents the main material of the course; classes are
instead practical sessions where a teacher assistant solves problem sets and applied exercises with the students.
At Bocconi there was no such distinction, meaning that the same randomly allocated groups were kept for both
regular lectures and applied classes. Hence, in the remainder of the paper we use the two terms interchangeably.
3
De Giorgi, Pellizzari & Woolston (2012) use data for these later cohorts for a study of class size.
4
The other degree programs were Economics and Social Disciplines, Economics and Finance, Economics and
Public Administration.
5
Subject areas are defined according to the department that was responsible for organizing and teaching the
course.
6
Notice that Economics and Management share exactly the same sequence of compulsory courses in the first
three terms. Indeed, students in these two programs did attend these courses together and made a final decision
about their major at the end of the third term. Giacomo De Giorgi, Michele Pellizzari & Silvia Redaelli (2010)
2
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[INSERT TABLE 1 ABOUT HERE]
Most but not all of the courses listed in Table 1 were taught in multiple classes. The number of such classes varied across both degree programs and specific courses. For example,
Management was the program that attracted the most students (over 70% in our cohort), who
were normally divided into 8 to 10 classes. Economics and Law&Management students were
much fewer and were rarely allocated to more than just two classes, sometimes to a single one.
The number of classes also varied within degree program depending on the number of available teachers for each subject. For instance, back in 1998/1999 Bocconi did not have a law
department and all law professors were contracted from nearby universities. Hence, the number of classes in law courses were normally fewer than in other subjects. Similarly, since the
management department was (and still is) much larger than the economics or the mathematics
departments, courses in the management areas were normally split in more classes than courses
in other subjects.
In Section 3 we construct measures of teacher effectiveness for the professors of the compulsory courses listed in Table 1 that were taught in multiple classes (see Section 3 for details).
We do not consider elective subjects, as the endogenous self-selection of students would complicate the analysis.
Regardless of the specific class to which students were allocated, they were all taught the
same material. In other words, all professors of the same course were required to follow exactly
the same syllabus, although some variations across degree programs were allowed (i.e. mathematics was taught slightly more formally to students in Economics than in Law&Management).
Additionally, the exam questions were also the same for all students (within degree program), regardless of their classes. Specifically, one of the teachers in each course (normally a
senior person) acted as a coordinator, making sure that all classes progressed similarly during
the term, deciding changes in the syllabus and addressing specific problems that might arose.
The coordinator also prepared the exam paper, which was administered to all classes. Grading
was usually delegated to the individual teachers, each of them marking the papers of the students in his/her own class, typically with the help of one or more teaching assistants. Before
communicating the marks to the students, the coordinator would check that there were no large
discrepancies in the distributions across teachers. Other than this check, the grades were not
curved, neither across nor within classes.
[INSERT TABLE 2 ABOUT HERE]
Table 2 reports some descriptive statistics that summarize the distributions of (compulsory)
courses and their classes across terms and degree programs. For example, in the first term
Management students took 3 courses, divided into a total of 24 different classes: management
study precisely this choice. In the rest of the paper we abstract from this issue and we treat the two degree programs
as entirely separate but our results are robust to this assumption.
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I, which was split into 10 classes; private law, 6 classes; mathematics, 8 classes. The table also
reports basic statistics (means and standard deviations) for the size of these classes.
Our data cover in details the entire academic histories of the students in these programs,
including their basic demographics (gender, place of residence and place of birth), high school
leaving grades as well as the type of high school (academic or technical/vocational), the grades
in each single exam they sat at Bocconi together with the date when the exams were sat. Graduation marks are observed for all non-dropout students.7 Additionally, all students took a cognitive admission test as part of their application to the university and the test scores are available
in our data for all the students. Moreover, since tuition fees varied with family income, this
variable is also recorded in our dataset. Importantly, we also have access to the random class
identifiers that allow us to know in which class each students attended each of their courses.
[INSERT TABLE 3 ABOUT HERE]
Table 3 reports some descriptive statistics for the students in our data by degree program.
A large majority of them were enrolled in the Management program (74%), while Economics
and Law&Management attracted 11% and 14%, respectively. Female students were generally
slightly under-represented in the student body (43% overall), apart from the degree program
in Law&Management. About two thirds of the students came from outside the province of
Milan, which is where Bocconi is located, and such a share increased to 75% in the Economics
program. Family income was recorded in brackets and one quarter of the students were in the
top bracket, whose lower threshold was in the order of approximately 110,000 Euros (gross)
at current prices. Students from such a wealthy background were under-represented in the
Economics program and over-represented in Law&Management. High school grades and entry
test scores (both normalized on the scale 0-100) provide a measure of ability and suggest that
Economics attracted the best students, a finding that is also confirmed by university grades.
Data on earnings are obtained from tax records. We were able to merge the Bocconi data
with the universe of all tax declarations submitted in Italy in 2005 (incomes earned in 2004).
Over 85% of the students in our sample graduate before May 2004, so this can be considered
as a measure of initial earnings.8 Unfortunately, only the 2004 tax declarations are currently
available for research purposes and, thanks to a special agreement with Bocconi university,
we have been able to merge them to the administrative records of the students. Of the 1,206
students in our sample 1,074 submitted a tax declaration in Italy in 2005, corresponding to
approximately 90%. The others are likely to be either still looking for a job, or working abroad,
7

The dropout rate, defined as the number of students who, according to our data, do not appear to have completed their programs at Bocconi over the total size of the entering cohort, is around 4%. Notice that some of these
students might have transferred to another university or still be working towards the completion of their program,
whose formal duration was 4 years. In Section 4.1 we perform robustness checks showing that excluding the
dropouts from our calculations is irrelevant for our results.
8
Taxable income includes all earnings from employment, be it dependent or self-employment, as well as other
incomes from properties (rents). Capital incomes are taxed separately and do not count towards personal taxable
income.
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or being out of the labor force (possibly enrolled in some post-graduate programme).9 In our
main analysis we will maintain the assumption that the students that are observed in the tax files
are a random sub-group of the entire cohort and in Section 4.1 we present a series of robustness
checks to support such an assumption.

2.1

The random allocation

In this section we present evidence that the random allocation of students into classes was
successful, namely that the observables of students and teachers are balanced. De Giorgi,
Pellizzari & Redaelli (2010) use data for the same cohort (although for a smaller set of courses
and programs) and provide similar evidence.
The randomization was (and still is) performed via a simple random algorithm that assigned
a class identifier to all the students, who were then instructed to attend the lectures for the
specific course in the class labeled with the same identifier.10 The university administration
adopted the policy of repeating the randomization for each course with the explicit purpose of
encouraging wide interactions among the students.
[INSERT TABLE 4 ABOUT HERE]
Table 4 presents evidence that the students’ observable characteristics are balanced across
classes. More specifically, it reports test statistics derived from probit (columns 1,2,5,6,7) or
OLS (columns 3 and 4) regressions of the observable students’ characteristics (by column)
on class dummies for each course in each degree program that we consider, Hence, for each
characteristic there are 20 such tests for the degree program in Management, corresponding to
the 20 compulsory courses that were taught in multiple classes, 11 tests for Economics and 7
tests for Law&Management. The null hypothesis under consideration is that the coefficients
on the class dummies in each model are jointly equal to zero, which amounts to testing for
the equality of the means of the observable variables across classes within courses and degree
programs. The table shows descriptive statistics of the distribution of p-values for such tests.
The mean and median p-values are in all cases far from the conventional thresholds for
rejection. Furthermore, the table also reports the number of tests that reject the null at the 1%
and 5% levels, showing that this happens only in a very limited number of cases. The most
9

Bocconi also runs regular surveys of all alumni approximately 1 to 1.5 years since graduation and these surveys include questions on entry wages. Braga, Paccagnella & Pellizzari (2011), De Giorgi, Pellizzari & Woolston
(2012) and De Giorgi, Pellizzari & Redaelli (2010) use this source to measure wages. About 60% of the students
in our cohort answer the survey, a relatively good response rate for surveys, but still substantially lower than the
matching we obtain with the tax records. In the subset of students that appear in both datasets, the two measures
are highly correlated.
10
In fact, the allocation is not exactly random as the algorithm is designed to avoid assigning too many students
to certain classes and too few to others. The probability of being allocated to a given class varies with the relative
number of students who were previously assigned to the class. However, the probability of being assigned to any
class is never zero nor one.
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notable exception is residence outside Milan, which is abnormally low in two Management
groups. Overall, Table 4 suggests that the randomization was successful.
[INSERT FIGURE 1 ABOUT HERE]
Testing the equality of means is not a sufficient test of randomization for continuous variables. Hence, in Figure 1 we compare the distributions of our measures of ability (high school
grades and entry test scores) for the entire student body and for a randomly selected class in
each program. The figure evidently shows that the distributions are extremely similar and formal Kolmogorov-Smirnov tests confirm the visual impression.
Even though students were randomly assigned to classes, one may still be concerned about
teachers being selectively allocated to classes. Although no explicit random algorithm was used
to assign professors to classes, for obvious organizational reasons that was (and still is) done
in the spring of the previous academic year, i.e. well before students were allowed to enroll, so
that even if teachers were allowed to choose their class identifiers they would have no chance
to know in advance the characteristics of the students who would be given that same identifier.
More specifically, the matching of professors to class identifiers was (and still is) highly
persistent and, if nothing special occurs, professors kept the same class identifiers of the previous academic year. It is only when some teachers needed to be replaced or the overall number
of classes changed that modifications took place. Even in these instances, though, the distribution of class identifiers across professors changed only marginally. For example if one teacher
dropped out, then a new teacher would take his/her class identifier and none of the others were
given a different one. Similarly, if the total number of classes needed to be increases, the new
classes would be added at the bottom of the list of identifiers with new teachers and no change
would affect the existing classes and professors.11
At about the same time when teachers were given class identifiers (i.e. in the spring of
the previous academic year), also classrooms and time schedules were defined. On these two
items, though, teachers did have some limited choice. Typically, the administration suggested a
time schedule and room allocation and professors could request modifications, which were accommodated only if compatible with the overall teaching schedule (e.g. a room of the required
size was available at the new requested time).
In order to avoid distortions in our estimates of teaching effectiveness due to the more or
less convenient teaching times, we collected detailed information about the exact timing of
the lectures in all the classes that we consider (see Section 3). Additionally, we also know in
which exact room each class was taught and we further condition on the characteristics of the
classrooms, namely the buildings and the floors where they were located. There is no variation
in other features of the rooms, such as the furniture (all rooms were - and still are - fitted with
exactly the same equipment: projector, computer, white-board).12
11

As far as we know, the total number of classes for a course has never been reduced.
In principle we could also condition on room fixed effects but there are several rooms in which only one class
of the courses that we consider was taught.
12
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Table 5 provides evidence of the lack of correlation between teachers’ and classes’ characteristics, namely we show the results of regressions of teachers’ observable characteristics
on classes’ observable characteristics. For this purpose, we estimate a system of 9 seemingly
unrelated simultaneous equations, where each observation is a class in a compulsory course.
The dependent variables are 9 teachers’ characteristics (age, gender, h-index, average citations
per year and 4 dummies for academic positions) and the regressors are the class characteristics listed in the rows of the table.13 The reported statistics test the null hypothesis that the
coefficients on each class characteristic are all jointly equal to zero in all the equations of the
system.14
[INSERT TABLE 5 ABOUT HERE]
Results show that only the time of the lectures is significantly correlated with the teachers’
observables at conventional statistical levels. In fact, this is one of the few elements of the
teaching planning over which teachers had some limited choice. In our empirical analysis we
do control for all the factors in Table 5, so that our measures of teaching effectiveness are
purged from the potential confounding effect of teaching times on students’ learning.

3

Estimating the academic and labor market returns of university professors

We use performance data for our students to measure the returns to university teaching and we
do so separately for academic and labor market performance.
Namely, for each of the compulsory courses listed in Table 1 we compare the future outcomes of students that attended those courses in different classes, under the assumption that
students who were taught by better professors enjoyed better outcomes later on. When computing the academic returns we consider the grades obtained by the students in all future compulsory courses in their degree programs and we look at their earnings when computing the
labor market returns to teaching.
This approach is similar to the value-added methodology that is commonly used in primary and secondary schools (Dan Goldhaber & Michael Hansen 2010, Eric A. Hanushek &
Steven G. Rivkin 2010, Hanushek & Rivkin 2006, Jesse Rothstein 2009, Rivkin, Hanushek &
Kain 2005, Eric A. Hanushek 1979, Chetty, Friedman & Rockoff 2011) but it departs from its
standard version, that uses contemporaneous outcomes and conditions on past performance,
since we use future performance to infer current teaching quality.
13

The h-index is a quality-adjusted measure of individual citations based on search results on Google Scholar.
It was proposed by J. E. Hirsch (2005) and it is defined as follows: A scientist has index h if h of his/her papers
have at least h citations each, and the other papers have no more than h citations each.
14
To construct the tests we use the small sample estimate of the variance-covariance matrix of the system.
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The use of future performance is meant to overcome potential distortions due to explicit
or implicit collusion between the teachers and their current students. In higher education,
this is a particularly serious concern given that professors are often evaluated through students’ questionnaires, which have been shown to be poorly correlated with harder measures of
teaching quality (Bruce A. Weinberg, Belton M. Fleisher & Masanori Hashimoto 2009, Carrell
& West 2010, Antony C. Krautmann & William Sander 1999). Bocconi university is not an
exception and, in a companion paper, we have shown that such a correlation is indeed negative whereas students’ evaluations of professors are positively correlated with students’ current
grades (Braga, Paccagnella & Pellizzari 2011).
Another obvious concern with the estimation of teacher quality is the non-random assignment of students to professors. For example, if the best students self-select themselves into
the classes of the best teachers, then estimates of teacher quality would be biased upward.
Rothstein (2009) shows that such a bias can be substantial even in well-specified models and
especially when selection is mostly driven by unobservables. We avoid these complications
by exploiting the random allocation of students in our cohort to different classes for each of
their compulsory courses. For this same reason, we focus exclusively on compulsory courses,
as self-selection is an obvious concern for electives. Moreover, elective courses were usually
taken by fewer students than compulsory ones and they were often taught in one single class.
We compute the returns to teaching in two steps and, for the sake of clarity, we first describe
the computation of the academic returns and, then, we discuss how this procedure is adapted to
compute the labor market returns. Our methodology is similar to the one adopted by Weinberg,
Fleisher & Hashimoto (2009); in their setting, however, students are not randomly assigned to
teachers.
In the first step, we estimate the conditional mean of the future grades of the students in
each class according to the following procedure. Consider a set of students enrolled in degree
program d and indexed by i = 1, . . . , Nd , where Nd is the total number of students in the
program. In our application there are three degree programs (d = {1, 2, 3}): Management,
Economics and Law&Management. Each student i attends a fixed sequence of compulsory
courses indexed by c = 1, . . . , Cd , where Cd is the total number of such compulsory courses in
degree program d. In each course c the student is randomly allocated to a class s = 1, . . . , Sc ,
where Sc is the total number of classes in course c. Denote by ζ ∈ Zc a generic (compulsory)
course, different from c, which student i attends in semester t ≥ tc , where tc denotes the
semester in which course c is taught. Zc is the set of compulsory courses taught in any term
t ≥ tc .
Let yidsζ be the grade obtained by student i in course ζ. To control for differences in the
distribution of grades across courses, yidsζ is standardized at the course level. Then, for each
course c in each program d we run the following regression:
yidsζ = αdcs + βXi + idsζ
11

(1)

where Xi is a vector of student characteristics including a gender dummy, the entry test score
and the high school leaving grade, a dummy for whether the student is in the top income bracket
and for whether he/she enrolled earlier than normal or resided outside the province of Milan
(which is where Bocconi is located). See Table 3 for more details about these variables. The
α’s are our parameters of interest and they measure the conditional means of the future grades
of students in class s: high values of αdcs indicate that, on average, students attending course c
in class s performed better (in subsequent courses) than students in the same degree program d
taking course c in a different class.
The random allocation procedure guarantees that the class fixed effects in equation 1 are
purely exogenous and identification is straightforward.15 The normalization of the dependent
variable (within courses) allows interpreting the class effects in terms of standard deviation
changes in the outcome.
Notice that, since in general there are several subsequent courses ζ for each course c, each
student in equation 1 is observed multiple times and the error terms idsζ are serially correlated
within i and across ζ. We address this issue by adopting a standard random effect model to
estimate all the equations 1 (we estimate one such equation for each course c). Moreover, we
further allow for cross-sectional correlation among the error terms of students in the same class
by clustering the standard errors at the class level.
More formally, we assume that the error term is composed of three additive and independent
components (all with mean equal zero):
idsζ = vi + ωs + νidsζ

(2)

where vi and ωs are, respectively, an individual and a class component, and νidsζ is a purely
random term. Operatively, we first apply the standard random effect transformation to the
original model of equation 1.16 In the absence of other sources of serial correlation (i.e if
the variance of ωs were zero), such a transformation would lead to a serially uncorrelated and
homoskedastic variance-covariance matrix of the transformed error terms, so that the standard
random effect estimator could be produced by running simple OLS on the transformed model.
In our specific case, we further cluster the transformed errors at the class level to account for
the additional serial correlation induced by the term ωs .
The second step of our approach is meant to purge the estimated α’s from the effect of
other class characteristics that might affect the performance of students in later courses but are
not necessarily attributable to teachers. By definition, the class fixed effects capture all those
15

Notice that in a few cases more than one teacher taught in the same class, so that our class effects capture the
overall effectiveness of teaching and cannot be always attached to a specific person.
16
The standard random effect transformation subtracts from each variable
q in the model (both the dependent
σ2

v
and each of the regressors) its within-mean scaled by the factor θ = 1 − |Zc |(σ2 +σ
2
2 , where |Zc | is the
ω
ν )+σv
cardinality of Zc . For example, the random-effects transformed dependent variable is yidsζ − θy ids , where y ids =
P|Zc |
|Zc |−1 h=1
yidhζ . Similarly for all the regressors. The estimates of σv2 and (σω2 + σν2 ) that we use for this
transformation are the usual Swamy-Arora (P. A. V. B. Swamy & S. S. Arora 1972).
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features, both observable and unobservable, that are fixed for all students in the class. These
certainly include teaching quality but also other factors that are documented to be important
ingredients of the education production function, such as class size and class composition (De
Giorgi, Pellizzari & Woolston 2012).
Assuming linearity, the estimated class effects can be written as follows:
α
bdcs = γ0 + γ1 Tdcs + γ2 Cdcs + τdcs + udcs

(3)

where τdcs is the unobservable quality of teaching and Tdcs and Cdcs are other teacher and class
characteristics, respectively. γ1 and γ2 are fixed parameters and udcs is the estimation error.
A key advantage of our data is that most of the factors that may be thought as being included
in Tdcs and Cdcs are observable. In particular, we have access to the identifiers of the teachers
in each class and we can recover a large set of variables like gender, tenure status and measures
of research output. We also know which of the several teachers in each course acted as coordinators. These are the same teacher characteristics that we used in Table 5. Additionally, based
on our academic records we can construct measures of both class size and class composition
(in terms of students’ characteristics). Hence, we can estimate τdcs as the OLS residuals of
equation 3, since the estimation error udcs has zero mean and converges in probability to zero
(given consistency of α
bdcs ). Further, in equation 3 we weight the observations by the inverse of
the standard error of the estimated α’s to take into account differences in the precision of such
estimates.
Obviously, we cannot be guaranteed to observe all the relevant variables in Tdcs and Cdcs ,
however, given the richness of our data, it should be uncontroversial that teaching quality is by
far the single most important unobservable that generates variation in the estimated residuals.17
Compared to other papers that are able to observe the same professors teaching different
cohorts of students over time (Chetty et al. 2011, Chetty, Friedman & Rockoff 2011), we cannot
estimate separately teacher and class effects. In fact, all the student cohorts following the one
that we consider in this study were randomly allocated to classes only once per academic year,
so that students would take all the compulsory courses of each academic year with the same
group of classmates. In such a setting, only the joint effect of the entire set of teachers in each
academic year can be identified.
Hence, we exploit the rich set of observables in our data to purge the estimated class effects
through our two-step procedure to obtain a statistics that can be interpreted as teaching quality
or the returns to teaching. We believe that this approach is appropriate in our context. First
of all, our data are indeed extremely rich and include information on a number of features that
17

Social interactions among the students might also be part of equation 3. However, notice that if such effects are
related to the observable characteristics of the students, then we are able to control for those (up to functional form
variations). Additionally, there might be complementarities between teacher’s ability and students’ interactions,
as good teachers are also those who stimulate fruitful collaborations among their students. This component of the
social interaction effects is certainly something that one would like to incorporate in a measure of teaching quality,
as in our analysis.
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are normally unobservable in other studies (Chetty, Friedman & Rockoff 2011, Kane & Staiger
2008, Daniel F. McCaffrey, Tim R. Sass, J. R. Lockwood & Kata Mihaly 2009). Moreover, we
consider a single institution rather than all schools in an entire region or school district as in
Chetty, Friedman & Rockoff (2011) or in Kane & Staiger (2008). As a consequence, variation
in class and student characteristics is limited and very likely to be captured by our rich set of
controls.
In fact, one may actually be worried that we purge for too many factors rather than too few,
insofar as teaching quality is itself a function of some of the teachers’ observables. For this
reason, we present results conditioning on all the available class and teachers’ characteristics
as well as conditioning only on the class characteristics.
While the OLS residuals of equation 3 are consistent estimates of the τdcs s, estimating their
variance requires taking into account the variance of the estimation error udcs . For this purpose
we follow again Weinberg, Fleisher & Hashimoto (2009), adopting a procedure that is similar
to the shrinkage models commonly used in the literature (Kane & Staiger 2008, Gordon, Kane
& Staiger 2006, Thomas J. Kane, Jonah E. Rockoff & Douglas O. Staiger 2008, Rockoff 2004)
but that is adapted to our peculiar framework where teachers are observed only once.
We randomly split in half each class in our sample and we replicate our estimation pro00
0
.
and τbdcs
cedure for each of them, so that for each class we have two estimates of τ , say τbdcs
Since the only source of estimation error in our setting is unobservable idiosyncratic variation
in student performance, the random split of the classes guarantees that the estimation errors in
0
00
τbdcs
and τbdcs
are orthogonal to each other.18 Hence, the variance of τdcs can be estimated as the
0
00
covariance between τbdcs
and τbdcs
:
0
00
Cov (b
τdcs
, τbdcs
)

−→

p

Cov (τdcs + u0dcs , τdcs + u00dcs )

=

V ar (τdcs ) + Cov (u0dcs , u00dcs )

=

V ar (τdcs )

(4)

In our calculations approximately 60% of the uncorrected variance of the teacher effects is due
to the estimation error, depending on the specification and the outcome measure (grades or
earnings).
Some of the papers in this literature also use the estimated variance to adjust the teacher
effects according to a Bayesian procedure that shrinks towards zero the least precise estimates
(Carrell & West 2010). Given that we plan to use the τbs in secondary regression analyses,
we prefer to adjust only the variance to avoid further complications in the derivation of correct
inference results for regressions where the teacher effects are used as dependent or independent
variables.
18

The existence of social interactions among the students may introduce correlation between the estimation errors across the random halves of the classes. Hence, the validity of this shrinkage procedure requires the additional
assumption that any effect of social interactions among the students is captured by either the observable students’
characteristics or the class effects.
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To estimate the labor market returns of teaching, we follow the same procedure described
above for the academic returns but we replace future exam grades with earnings as a dependent
variable in equation 1. This simplifies the estimation substantially, since there is only one
outcome per student and no need to account for serial correlation. However, we still cluster the
standard errors at the level of the class.

4

Empirical results

Overall, we are able to estimate both the academic and the labor market returns of 230 teachers. We cannot run equation 1 for courses that have no contemporaneous nor subsequent
courses.19 For such courses, the set Zc is empty. Additionally, some courses in Economics
and in Law&Management are taught in one single class.20 For such courses, the computation
of the academic returns of teaching based on future exam grades is impossible since Sc = 1.
When looking at the labor market returns we do not face the former constraint, as incomes
are always realized after the end of the courses. In fact, we can estimate wage effects for
slightly more teachers (242 in total) but, given that our main purpose is the comparison of these
with the academic returns, we prefer to focus on the subsample for which we can estimate both.
Tables 6 and 7 show the estimates of the second-step equation 3 for academic and labor
market performance, respectively. The first column in both tables reports results when only
the class characteristics Cdcs are included in the set of controls, in the second columns we only
condition on the teachers’ characteristics Tdcs and in the third columns both are included. Given
the large number of regressors, only a selected set of coefficients is presented.21
[INSERT TABLE 6 ABOUT HERE]
Consistent with the random allocation, all the students’ characteristics are insignificant in
these regressions. The same holds for the class characteristics, coherently with the procedure
of assigning teachers to classes described in Section 2.1. Overall, observable student and class
characteristics explain about 11% of the variation in the estimated αs within degree program,
term and subject cells, where subjects are defined as in Table 1.22
The only teacher’s individual characteristic that appears to be somewhat correlated with
outcomes is academic ranking (column 2 of Table 6), with assistant professors doing a bit
better than their more senior colleagues (other academic positions, such as external or non
tenured-track teachers, are the excluded group), an effect that might be associated to the type
of contracts they hold (tenure track). Interestingly, professors who are more productive in
19

For example, Corporate Strategy for Management, Banking for Economics and Business Law for
Law&Management (see Table 1).
20
For example Econometrics for Economics students or Statistics for Law&Management (see Table 1).
21
The full results are available upon request.
22
The Partial R-squared reported at the bottom of the table refer to the R-squared of a partitioned regression
where the dummies for the degree program, the term and the subject area are partialled out.
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research do not seem to be better at teaching.23 In general, as in Hanushek & Rivkin (2006)
and Krueger (1999), the individual traits of the teachers explain only approximately 5% of the
(residual) variation in students’ achievement. Overall, the complete set of observable class and
teachers’ variables explain approximately 16% of the (residual) variation (column 3 of Table
6).
[INSERT TABLE 7 ABOUT HERE]
The results in Table 7 show that the overall explanatory power of teacher and class observable characteristics is extremely poor also when earnings are taken as the relevant outcome.
The R-squared of the richest specification (column 3 of Table 7) is around 11% and each of the
two sets of variables (class and teacher characteristics) contributes approximately half.
Our final measure of the academic returns to teaching are the residuals of the regression
of the estimated αs on all the observable variables, i.e the regression reported in columns 3
of Table 6. The labor market returns are computed analogously on the basis of the residuals
of the regression in column 3 of Table 7. In Table 8 we present descriptive statistics of such
measures and for completeness the lower panel of the table (panel B) also reports the same
results computed without conditioning on the teachers’ observable characteristics (i.e. residuals
of the regressions in columns 1 of Table 6 and Table 7).24
[INSERT TABLE 8 ABOUT HERE]
The average standard deviation of the academic returns is 0.038.25 As discussed in Section
3, this number can be readily interpreted in terms of standard deviations of the distribution of
students’ grades. In other words, assigning students to a teacher whose academic effectiveness
is one standard deviation higher than their current professor would improve grades by 3.8% of
standard deviation, corresponding to approximately 0.5% over the average.
This effect is smaller but comparable to the findings in Carrell & West (2010), who estimate
an increase in GPA of approximately 0.052 of a standard deviation for a one standard deviation
increase in teaching quality. To further put the magnitude of our estimates into perspective, it
is useful to also consider the effect of a reduction in class size, which has been estimated by
numerous papers in the literature (Joshua D. Angrist & Victor Lavy 1999, Krueger 1999, Oriana
Bandiera, Valentino Larcinese & Imran Rasul 2010) and also on the same data used for this
study (De Giorgi, Pellizzari & Woolston 2012). The estimates in most of these papers are in the
range of 0.1 to 0.15 of a standard deviation increase in achievement for a one standard deviation
reduction in class size, thus about two to three times the effect of teachers that we estimate here.
23

See Marta De Philippis (2013) for a formal evaluation of research incentives on teaching performance using
our same data.
24
Table A-1 in the Appendix shows the same descriptive statistics for the original class effects (the αs from
equation 1)
25
The standard deviation is computed on the basis of the shrinkage method described in Section 3.

16

Notice, however, that one of the obvious mechanisms through which reducing the size of the
class affects performance is the possibility for the professors to tailor their teaching styles to
their students in small classes, that is an improvement in the quality of teaching. In other words,
our estimates of teaching quality are computed holding constant the size of the class whereas
the usual class size effect allows the quality of teaching to vary.
In Table 8 we also report the standard deviations of the academic returns to teachers in the
courses with the least and the most variation. Overall, we find that in the course with the highest
variation (macroeconomics in the Economics program) the standard deviation of our measure
of academic teaching quality is 0.14 of a standard deviation in grades, approximately 3.5 times
the average. This compares to a standard deviation of essentially zero in the course with the
lowest variation (accounting in the Law&Management program).
The second column in Table 8 reports similar statistics for the labor market returns of professors, measured by the conditional average earnings of one’s randomly assigned students, as
explained in Section 3. Interestingly, the average labor market returns of professors are approximately 20% larger than their academic returns. A one standard deviation better professor leads
to an increase in earnings by almost 0.05 of a standard deviation on average. Given that wages
are much more disperse than grades, this translates in an annual increase of gross income of
958 Euros, slightly more than 5% over the average. Beside the mean effect, it is interesting
to notice that the entire distribution of the market returns is shifted to the right of that of the
academic returns.
Also the labor market returns are vastly heterogeneous across subjects, with the variation
reaching 16% of a standard deviation in earnings for mathematics in the Economics program
and being close to zero for management III in the Management program.
In the lower panel (panel B) of Table 8 we report the same descriptive statistics for our
measures of professors’ quality that do not purge the effect of the observable characteristics of
the teachers. Consistent with the finding that such characteristics bear little explanatory power
for students’ performances (see Tables 6 and 7), the results in panels A and B of Table 8 are
extremely similar.
By restricting the set of students to those of high or low ability, measured as those whose
performance in the attitudinal entry test is above or below the median, it is possible to replicate
the procedure described in Section 3 to produce indicators of the academic and labor market
returns of professors for each of such categories of students. The descriptive statistics for these
indicators are reported in Table 9 and their analysis allows understanding whether it is the best
or the worst students who benefit the most from good teachers and in what dimension.26
[INSERT TABLE 9 ABOUT HERE]
When considering academic performance the dispersion in teachers’ returns appears to be
26

Notice that the effects reported in Table 8 cannot be derived as simple averages of the effects for high- and
low-ability students in Table 9, as we also clarify in Section 5.
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rather homogeneous across student types, with an average standard deviation of about 0.06
in both cases. Larger differences emerge when teaching quality is measured with students’
earnings. In this case, the low-ability students seem to benefit from effective teaching more than
their high ability peers, the average standard deviations being 0.124 and 0.079, respectively.
One obvious question that one can ask with these data is whether the professors who are
best at improving the academic performance of their students are also the ones who boost
their earnings the most. In Table 10 we estimate the correlation between the academic and
labor market returns to teachers, conditional on degree program, term and subject area fixed
effects. In these regressions both the dependent variable and the main regressor of interest
are estimates produced in previous steps of the analysis and to take into proper account this
additional randomness, we weight each observation by the inverse of the standard error of the
estimated academic returns (which is the dependent variable) and we bootstrap the covariance
matrix.
[INSERT TABLE 10 ABOUT HERE]
Results show a strong positive correlation when the returns are computed using data on all
the students in each class, a finding that is consistent with Chetty, Friedman & Rockoff (2011).
The point estimate suggests that a 1-standard deviation improvement in the labor market returns
of the teacher are associated with approximately one fourth of standard deviation increase in the
academic returns of the same teacher. Notice, however, that earnings are much more dispersed
than grades - the coefficients of variation being 0.89 and 0.15 respectively - so that this finding
is perfectly consistent with the findings in Table 9 showing that the labor market returns are on
average larger than the academic returns of professors.
When the analysis is replicated for low- and high-ability students separately, some interesting additional results emerge. The positive association of academic and labor market returns
to teaching is confirmed for high ability students but disappears for the low ability ones, for
whom the point estimate is actually negative although statistically insignificant at conventional
levels.
[INSERT TABLE 11 ABOUT HERE]
Finally, in Table 11 we estimate the cross-correlation between the academic and labor market returns for high- and low-ability students. In other words, we ask the question whether the
professors who are the most effective for the good students are so also for the least able ones.
As for the results of Table 10, in these regressions we condition on degree program, term and
subject areas fixed effect, we weight observations by the inverse of the standard error of the
estimated dependent variable and we bootstrap the covariance matrix of the estimates.
Interestingly, we find that none of these correlations is statistically significant at conventional levels. When considering academic performance the point estimate is positive (column
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1), whereas for the labor market returns the estimated correlation is negative (still insignificant),
suggesting that good teaching can have very different meanings depending on both the type of
students and the outcomes considered.
In Section 5 we discuss in more details the interpretation of these results.

4.1

Robustness checks

In this section we provide a number of robustness checks for the main results of our analysis.
A first obvious concern is the fact that we do not observe earnings for all the students in
our sample. However, this problem is limited to approximately 10% of the observations since
we are able to match in the tax records 1,074 out of the 1,206 students in the enrollment cohort
that we consider. We have access to the entire population of students who enrolled at Bocconi
university in the academic year 1998/1999 and to the complete list of tax declarations submitted
in Italy in 2005 (on income earned in 2004), therefore our data are more akin to census data
than to representative samples.
Most Bocconi students find employment within a relatively short period of time after graduation, especially when compared with other Italian universities: of the 1,206 students that
we observe entering Bocconi in 1998/99, two thirds graduate before 2004 and 94% graduate
before 2005 (the minimum legal duration of degree programs being four years). Hence, the
few students who are not matched can only be either unemployed or enrolled in post-graduate
education or working abroad. Another possibility is total tax evasion, a phenomenon that is,
however, quite uncommon even in Italy. The vast majority of people report at least some income and tax evasion is particularly common among the self-employed, which represent less
than 3% of our sample. Dependent employees are taxed at the source directly by their employers (Carlo V Fiorio & Francesco D’Amuri 2005) therefore having very limited chances to
evade. Notice additionally that tax evasion can distort our indicators of teaching quality only
under the assumption that more or less effective teachers influence their students’ performance
as well as their propensity to evade taxes.
To show that our findings are unaffected by the imperfect matching of the university administrative records and the tax files we employ two different strategies. First, we use data from an
independent source (a survey of graduates regularly run by Bocconi University) to estimate the
conditional probability of employment 1 year after graduation. We estimate the model on 6,355
individuals interviewed from 2002 to 2006 and we use the estimated parameters to compute the
standard Heckman correction term for our sample. We then add it as an additional regressor
in the estimation of equation 1. Second, we impute missing values using the predicted mean
matching method. Such method uses linear predictions from a standard OLS model to measure
distance across selected and non-selected observations. Then, a set of nearest neighbors for
each non-selected unit is identified on the basis of such distance. Finally, imputed outcomes
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for the missing observations are randomly drawn from their neighbors.27
[INSERT FIGURE 2 ABOUT HERE]
In figure 2 we show that the labor market returns computed in either ways are extremely
similar to the ones we presented in section 4. The slope coefficients are not significantly different from one in both cases and the R-squared are always above 90%.
A second concern is the possible lack of compliance with the random assignment to classes.
There are a number of reasons why students could choose to attend lectures in a different class
from the one they were assigned to and, especially if such a choice is related to the quality of
the teachers, this could be problematic for our analysis. In principle students could request to
be assigned to a different class but such requests would be accepted only in a very limited set
of cases. For example, a student with some disability, temporary or permanent, who would find
it difficult to climb stairs could request to be assign to a class taught on the ground floor. The
desire to attend a class with one’s friend or with a different teachers were never accepted (nor
submitted, in fact). Apart from these very few cases, informal class switching is not recorded
in our data as we only observe the class identifiers formally assigned to the students by the
administration.
To address this concern we make use of a specific item in the students’ evaluation questionnaires asking about congestion in the classroom. Specifically, the question asks whether the
number of students in the classroom was detrimental to learning.28 If non-compliance with the
random allocation is orthogonal to the teachers’ characteristics, then it should have no obvious
effect on class congestion and it merely results in measurement error in the estimation of our
class effects, inflating the variance of the estimation error without affecting their interpretation.
The most worrisome type of class switching occurs when students cluster in the class of the
best or the most pleasant teachers. For example, anecdotal evidence suggests that in the most
difficult quantitative courses the students tend to bunch in the class of the professors who have
a reputation for being particularly clear in their explanations. The courses most affected by
class switching are those in which students concentrate in one or few classes, that end up being
overly congested, whereas the other classes of the course remain half empty.
Following this intuition, we compute for each course the difference in the congestion indicator between the most and the least congested class (over the standard deviation), thus identifying the courses most likely affected by class switching behavior. In table 12 we report
descriptive statistics of academic and labor market returns of professors, as in table 8, dropping
the most switched course (in panel B), the two most switched courses (in panel C) and the
five most switched courses (in panel D), showing that our main results are virtually unaffected
(panel A reports the main results of Table 8 for comparison).
27

We impute 10 values from 3 neighbors.
The questionnaires were administered in each class during one of the last lectures of the course. See Braga,
Paccagnella & Pellizzari (2011).
28
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[INSERT TABLE 12 ABOUT HERE]
Finally, we show that our results are not driven by the exclusion from the estimation sample
of students that, after enrolling in their first year in the academic year 1998/99, dropped out
before graduating. Such students total about 4% of all individuals in our enrollment cohort.
In figure 3 we compare our estimates of the academic and labor market returns with similar
estimates computed including the dropouts. The two sets of estimates are very similar, for both
academic and labor market returns and there are no major discrepancies at either ends of the
distributions. As for the results in Figure 2, the slope coefficients are indistinguishable from
one and the R-squared are always above 90%.
[INSERT FIGURE 3 ABOUT HERE]

5

Interpretation and discussion

In order to interpret the findings of Section 4 it is necessary to extend the theoretical framework
that is, implicitly or explicitly, adopted by most of the literature (Eric A. Hanushek 2011,
Florian Hoffman & Philippe Oreopoulos 2009, Rothstein 2010, Hanushek 1979, Hanushek
& Rivkin 2006), including the many studies on teachers’ value added (Chetty, Friedman &
Rockoff 2011, Rivkin, Hanushek & Kain 2005, Hanushek & Rivkin 2010). Such a standard
framework views teaching quality as a unidimensional input entering the education production
function and, while it appears to be consistent with the overall positive correlation between
the academic and the labor market returns to teaching (column 1 in Table 10), it can hardly
rationalize the results that we obtain for students of different abilities.
While we do not seek to develop a full theoretical contribution, which is beyond the scope
of this paper, in this section we simply sketch the very general intuition of a model of human
capital formation and academic and labor market performance that is helpful to interpret our
empirical findings.
Consider a setting where students accumulate human capital in school or university and human capital is a multidimensional factor composed of a vector of different skills. For simplicity,
consider only two skills, h1 and h2 . Skills are the key ingredients of the processes generating
the observed academic (g for grade) and labor market (w for wage) outcomes.29 For simplicity,
assume that only h1 affects school grades whereas earnings only depend on h2 :
g = g(h1 )

(5)

w = w(h2 )

(6)

Skills are the product of both innate ability a and the learning process. Holding constant all
other usual inputs of the education production function (class size, peers, et.), the key element
29

Chetty et al. (2011) use a similar argument to rationalize the long-term effect of class quality.
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of the learning process is the teacher’s input t, which we also assume to be multidimensional
and, consistently with prior assumptions, we characterize professors by their abilities to teach
academic (t1 ) and labor market (t2 ) specific skills:
h1 = h1 (a, t1 )

(7)

h2 = h1 (a, t2 )

(8)

Hence, the reduced form versions of equations 5 and 6 can be written as:
g = G(a, t1 )

(9)

w = W (a, t2 )

(10)

In this setting our measures of the academic and labor market returns of professors can be
interpreted as the partial derivatives of these reduced form equations with respect to t1 and t2 ,
respectively.
For simplicity we think of t1 and t2 as exogenous characteristics of the teachers but it is
relatively easy to extend this framework with an endogenous choice of effort by professors, as in
Victor Lavy (2009), Joshua D. Angrist & Jonathan Guryan (2008), Esther Duflo, Rema Hanna
& Stephen P. Ryan (2012) or David N. Figlio & Lawrence Kenny (2007). In our framework,
t1 is the teacher’s ability to teach material that is mostly relevant for academic coursework
while t2 is the ability to teach more work-related notions. Of course, these are complementary
inputs in the production of human capital but they are also characterized by differential returns
in the academia and in the labor market. For example, for an economics professor t1 would
be the ability to teach technical material, such as solving complex theoretical models, whereas
t2 would refer to developing the students’ capacity to work in groups, give presentations or
writing a computer code.
Our empirical analysis in Section 4 shows that, the labor market returns are generally larger
than the academic returns, namely Wt (a, t2 ) ≥ Gt (a, t1 ), where a is the average ability of the
students (Table 8). This is probably due to the fact that grades are only an imperfect proxy of
students’ competencies, as exams and tests can only detect a subset of them, whereas the labor
market rewards a broader set of skills.
Under the reasonable assumption of complementarity between the student’s and the professor’s abilities, both partial derivatives increase with a and the results in Table 9 suggests that
Gt (a, t1 ) increases faster than Wt (a, t2 ) leading to the finding that the labor market returns are
larger for the low ability students than for their more able peers.
Similarly, the findings in Table 10 can be rationalized under the additional assumption that
the returns to ability are higher in the labor market than in the academia, i.e Wa (a, t1 ) ≥
Ga (a, t2 ). Due to the complementarities of students’ and teachers’ abilities, good students
enjoy high academic returns from good academic teachers, i.e. teachers with high t1 . At the
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same time, thanks to their high ability such students also enjoy high labor market returns even
from teachers with relatively low t2 , leading to the positive correlation estimated in the third
column of Table 10. The opposite holds for less able students, thus rationalizing also the
findings in Table 11, as the teachers who are good for some students may not be the best for
others.

6

Conclusions and policy discussion

In this paper we estimate the effect of teaching quality separately for students’ academic and
labor market performances. Although we perform this exercise on one single institution, this
is, to the best of our knowledge, the first study ever to produce such estimates. Two features
of the empirical setting that we consider - Bocconi university in the late 1990s - are crucial for
our analysis. First of all, students are randomly allocated to teachers and the randomization
is repeated independently for each compulsory course, thus allowing us to produce measures
of teaching quality that are not distorted by issues of selection. Second, we were able to link
the academic records of the students with the complete tax files of one fiscal year (2005),
when the vast majority of our students are employed. Hence, we observe both the academic
performance and the earnings of all the students who were allocated to each professor and we
use this information to estimate the ability of the teacher to improve students academic and
labor market outcomes, separately.
Our results show that the returns to university professors are larger in the labor market than
in the academia and that the teachers who are best at enhancing the academic performance of
their students are, on average, also capable of boosting their earnings. However, when focusing
on students of different abilities we find that such a positive correlation is driven exclusively by
the effect of teachers on high ability students whereas for low ability ones the returns of professors in the academia and in the labor market are largely uncorrelated. If anything, the estimated
correlation is negative, albeit not statistically significant. Moreover, the cross-correlations between the effects of teachers on high- and low-ability students are also not significant, suggesting that teachers who are good for the best students may not be equally beneficial for the least
able.
These results can be rationalized within a model where teaching is a multidimensional activity, involving tasks having different returns in school and in the market. For example, a
math teacher could be particularly good at explaining complex notions such as integrals, limits
or derivatives and less at developing students’ problem solving skills. Despite their complementarity, a good understanding of the fundamental concepts of mathematics is probably more
important for the students’ performance in subsequent coursework than in the labor market and
the opposite for problem solving.
From the policy perspective, our results speak to the entire literature on teachers’ performance and raise a number of important questions both for measurement and for the design of
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incentive contracts. First and above all, the definition of teaching quality needs to be precisely
clarified before any measurement can be implemented. Being a good instructor may mean
very different things depending on the types of students who are taught and for some students
teachers who are particularly good at some activities may not be as good at others.
Hence, before thinking about how to measure teachers’ performance and before deciding
whether and how to use such measurements to design incentive contracts, any education institution should define its own objective function. Some schools or universities may see themselves
as elite institutions and consequently aim at recruiting the very best students and the teachers
who are best at maximizing their performance. Other schools may adopt a more egalitarian
approach and decide to improve average performance by lifting the achievement of the least
able students. Similarly, some institutions may be more academic oriented and adopt as their
main objective the teaching of one or more disciplines, regardless of the market value of such
knowledge, whereas others may take a more pragmatic approach and decide to endow their
students with the competencies that have the highest market returns. The differences between
community colleges and universities in the US or the dual systems of academic and vocational
education that are common in countries like Germany and Switzerland are very good examples
of teaching institutions with different objective functions.
Our results emphasize the importance of defining the measures of teaching performance and
the types of incentives provided to teachers according to the objective function of the education
institution.
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Figures

Figure 1: Evidence of random allocation - Ability variables
%
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Figure 2: Robustness check for selection into employment

Figure 3: Robustness check for dropouts
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Tables
Table 1: Structure of degree programs
Term I

Term II

Term III

Term IV

Term V

Term VI

Term VII
Term VIII

MANAGEMENT
Management I
Private law
Mathematics
Microeconomics
Public law
Accounting
Management II
Macroeconomics
Statistics
Business law
Manag. of Public Administrations
Financial mathematics
Human resources management
Banking
Corporate finance
Management of industrial firms
Marketing
Management III
Economic policy
Managerial accounting
Corporate strategy

ECONOMICS
Management I
Private law
Mathematics
Microeconomics
Public law
Accounting
Management II
Macroeconomics
Statistics
Financial mathematics
Public economics
Business law
Econometrics
Economic policy

LAW&MANAG.
Management I
Mathematics
Accounting

Management II
Statistics
Accounting II
Fiscal law
Financial mathematics
Corporate finance

Banking

Business law II

The colors indicate the subject area the courses belong to: red=management, black=economics,
green=quantitative, blue=law. Only compulsory courses are displayed.
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Variable
No. Courses
No. Classes
Avg. Class size
SD Class size
No. Courses
No. Classes
Avg. Class size
SD Class size
No. Courses
No. Classes
Avg. Class size
SD Class size

Table 2: Descriptive statistics of degree programs
Term
I
II
III
IV
V
VI
Management
3
3
3
4
3
4
24
21
23
26
23
27
129.00 147.42 134.61 138.62 117.52 133.48
73.13 80.57
57.46 100.06 16.64 46.20
Economics
3
3
3
3
2
1
24
21
23
4
2
2
129.00 147.42 134.61 98.25 131.00 65.5
73.13 80.57
57.46 37.81
0
37.81
Law & Management
3
4
4
4
2
5
5
5
6
3
104.40 139.20 139.20 116.00 116.00
39.11 47.65
47.67 44.96 50.47
-

VII

VIII

1
12
75.08
11.89

-

-

-

-

1
1
174.00
0.00

Table 3: Descriptive statistics of students
Variable
Management Economics
1=female
0.408
0.427
a
1=outside Milan
0.620
0.748
b
1=top income bracket
0.239
0.153
1=academic high schoolc
0.779
0.794
d
1=late enrollee
0.014
0.015
High-school grade (0-100)
86.152
93.053
(10.905)
(8.878)
Entry test score (0-100)
60.422
63.127
(13.069)
(15.096)
University grades (0-30)
25.684
27.032
(3.382)
(2.938)
Wage (Euro)e
19,799.22
17,233.08
(19,738.6)
(19,862.42)
Number of students

901

131

a

Law &Management
Total
0.523
0.427
0.621
0.634
0.368
0.248
0.684
0.767
0.011
0.014
88.084
87.181
(10.852)
(10.904)
58.894
60.496
(12.262)
(13.224)
25.618
25.799
(3.473)
(3.379)
14,691.66
18,789.87
(15,389.92)
(19,234.08)
174

1,206

Dummy equal to one if the student’s place of residence at the time of first enrollment is outside the province of
Milan (which is where Bocconi university is located).
b
Family income is recorded in brackets and the dummy is equal to one for students who report incomes in the
top bracket, whose lower threshold is in the order of approximately 110,000 euros at current prices.
c
Dummy equal to one if the student attended a academic high school, such as a lyceum, rather than professional
or vocational schools.
d
Dummy equal to one if the student enrolled at Bocconi after age 19.
e
Gross (before tax) annual income in 2004 at current value (2012 prices). 812 observations for Management,
100 observation for Economics, 162 observations for Law&Management (1,074 observations overall).
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Table 4: Randomness checks - Students
Female

Test statistics:

[1]

Academic
High
Schoola
[2]

χ2

χ2

mean
0.489
0.482
median
0.466
0.483
P-valueb (total number of tests is 20)
<0.01
<0.05

0
1

0
0

High
Entry
School Test
Grade Score
[3]
[4]
Management

Top
Income
Bracketa
[5]

Outside
Milan

Late
Enrolleesa

[6]

[7]

F

F

χ2

χ2

χ2

0.497
0.559

0.393
0.290

0.500
0.512

0.311
0.241

0.642
0.702

0
1

1
1

0
2

3
6

0
1

F

F

χ2

χ2

χ2

0.323
0.241

0.499
0.601

0.634
0.616

0.632
0.643

0.846
0.911

2
2

0
1

0
0

0
0

0
0

Economics
Test statistics:

χ2

χ2

mean
0.376
0.662
median
0.292
0.715
b
P-value (total number of tests is 11)
<0.01
<0.05

1
1

0
0

Law & Management
Test statistics:

χ2

χ2

mean
0.321
0.507
median
0.234
0.341
P-valueb (total number of tests is 7)
<0.01
<0.05

0
2

0
0

F

F

χ2

χ2

χ2

0.636
0.730

0.570
0.631

0.545
0.586

0.566
0.533

0.948
0.948

0
0

0
0

0
0

0
0

0
0

The reported statistics are derived from probit (columns 1,2,5,6,7) or OLS (columns 3 and 4)
regressions of the observable students’ characteristics (by column) on class dummies for each
course in each degree program that we consider (Management: 20 courses, 144 classes;
Economics: 11 courses, 72 classes; Law & Management: 7 courses, 14 classes). The reported
p-values refer to tests of the null hypothesis that the coefficients on all the class dummies in each
model are all jointly equal to zero. The test statistics are either χ2 (columns 1,2,5,6,7) or F
(columns 3 and 4), with varying parameters depending on the model.
a
See notes to Table 3.
b
Number of courses for which the p-value of the test of joint significance of the class dummies is
below 0.05 or 0.01.
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Table 5: Randomness checks - Teachers

Class sizea
Attendanceb
Avg. high school grade
Avg. entry test score
Share of females
Share of students from outside Milanc
Share of top-income studentsc
Share academic high schoolc
Share late enrolleesc
Share of high abilityd
Morning lectures e
Evening lectures f
Room’s floorg
Room’s buildingh

F-test

P-value

0.94
0.95
0.73
1.37
1.05
0.25
1.31
1.35
0.82
0.69
5.24
1.97
0.45
1.39

0.491
0.484
0.678
0.197
0.398
0.987
0.228
0.206
0.597
0.716
0.000
0.039
0.998
0.188

The reported statistics are derived from a system of 9 seemingly unrelated simultaneous
equations, where each observation is a class in a compulsory course (184 observations in total).
The dependent variables are 9 teachers’ characteristics (age, gender, h-index, average citations
per year and 4 dummies for academic positions) and the regressors are the class characteristics
listed in the table. The reported statistics test the null hypothesis that the coefficients on each
class characteristic are all jointly equal to zero in all the equations of the system. The last row
tests the hypothesis that the coefficients on all regressors are all jointly zero in all equations. All
tests are distributed according to a F-distribution with (9,1467) degrees of freedom, apart from
the joint test in the last row, which has (108,1467) degrees of freedom.
a
Number or officially enrolled students.
b
Attendance is monitored by random visits of university attendants to the class.
c
See notes to Table 3.
d
Share of students in the top 25% of the entry test score distribution.
e
Share of lectures taught between 8.30 and 10.30 a.m.
f
Share of lectures taught between 4.30 and 6.30 p.m.
g
Test of the joint significance of 4 floor dummies.
h
Dummy for building A.
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Table 6: Determinants of class effects
Dependent variable = α
bs
Class sizeb

1=coordinator

[1]
-0.000
(0.000)
-0.468
(0.447)
-0.316
(0.599)
0.102
(0.102)
0.133
(0.087)
-0.024
(0.116)
0.000
(0.129)
-0.671*
(0.356)
0.148
(0.170)
0.001
(0.016)
-0.147
(0.194)
-

Male

-

Age

-

Age squared

-

H-index

-

Citations per year

-

Avg. HS grade
Avg. entry test score
Share of females
Share from outside Milan
Share of top incomeb
Share from academic HS
Share of late enrollees
Share of high abilityb
Morning lecturesb
Evening lecturesb

[2]a
-

Classroom characteristicsd
Degree program dummies
Subject area dummies
Term dummies

yes
yes
yes
yes

0.011
(0.017)
-0.003
(0.010)
-0.001
(0.002)
0.000
(0.000)
-0.002
(0.003)
-0.000
(0.000)
0.023
(0.029)
0.037
(0.027)
0.049*
(0.027)
no
yes
yes
yes

Partial R squarede
Observations

0.117
230

0.046
230

Full professorc
Associate professorc
Assistant professorc

[3]
-0.000
(0.000)
-0.432
(0.468)
-0.502
(0.615)
0.090
(0.107)
0.125
(0.088)
-0.009
(0.121)
0.014
(0.137)
-0.657*
(0.369)
0.174
(0.170)
-0.011
(0.017)
-0.026
(0.214)
0.015
(0.017)
-0.002
(0.011)
0.001
(0.002)
-0.000
(0.000)
-0.001
(0.003)
0.000
(0.000)
0.045
(0.031)
0.067**
(0.029)
0.066**
(0.028)
yes
yes
yes
yes
0.155
230

Observations are weighted by the inverse of the standard error of the estimated α’s. * p<0.1, **
p<0.05,***p<0.01
a
Weighted averages of individual characteristics if there is more than one teacher per class.
b
See notes to Table 5.
c
All variables regarding the academic position refer to the main teacher of the class. The excluded dummy is a
residual category (visiting prof., external experts, collaborators.)
d
Four floor dummies, one building dummy and a dummy for multi-classrooms classes.
e
R squared computed once program, term and subject fixed effects are partialled out.
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Table 7: Determinants of class wage effects
Dependent variable = α
bs
Class sizeb

1=coordinator

[1]
-0.000
(0.003)
0.129
(0.788)
-0.071
(1.006)
0.414**
(0.182)
-0.044
(0.149)
0.172
(0.198)
-0.029
(0.219)
0.771
(0.651)
0.297
(0.296)
0.002
(0.025)
-0.313
(0.279)
-

Male

-

Age

-

Age squared

-

H-index

-

Citations per year

-

Avg. HS grade
Avg. entry test score
Share of females
Share from outside Milan
Share of top incomeb
Share from academic HS
Share of late enrollees
Share of high abilityb
Morning lecturesb
Evening lecturesb

[2]a
-

Classroom characteristicsd
Degree program dummies
Subject area dummies
Term dummies

yes
yes
yes
yes

0.030
(0.027)
-0.022
(0.018)
0.003
(0.004)
-0.000
(0.000)
0.002
(0.005)
-0.001
(0.001)
0.006
(0.039)
0.033
(0.037)
0.032
(0.036)
no
yes
yes
yes

Partial R squarede
Observations

0.064
230

0.051
230

Full professorc
Associate professorc
Assistant professorc

[3]
-0.000
(0.000)
-0.179
(0.826)
-0.169
(1.042)
0.401**
(0.189)
-0.081
(0.150)
0.074
(0.206)
-0.013
(0.231)
0.988
(0.671)
0.342
(0.299)
-0.008
(0.028)
-0.027
(0.319)
0.029
(0.030)
-0.021
(0.019)
0.004
(0.004)
-0.000
(0.000)
0.004
(0.005)
-0.001
(0.001)
0.029
(0.047)
0.048
(0.043)
0.054
(0.042)
yes
yes
yes
yes
0.106
230

Observations are weighted by the inverse of the standard error of the estimated α’s. * p<0.1, **
p<0.05,***p<0.01
a
Weighted averages of individual characteristics if there is more than one teacher per class.
b
See notes to Table 5.
c
All variables regarding the academic position refer to the main teacher of the class. The excluded dummy is a
residual category (visiting prof., external experts, collaborators.)
d
Four floor dummies, one building dummy and a dummy for multi-classrooms classes.
e
R squared computed once program, term and subject fixed effects are partialled out.
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Table 8: Academic and labour market returns to teaching
Returns computed on:
grades
earnings
PANEL A: Controlling for class and teachers’ observables
avg. standard deviation
min. standard deviation
max. standard deviation

0.038
0.000
0.143

0.045
0.002
0.163

PANEL B: Controlling for class observables only
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

0.038
0.000
0.142

0.046
0.002
0.162

38
230

38
230

The returns to teaching are estimated by regressing the estimated
class effects (α) on observable class and teacher’s characteristics (see
Table 6 and 7). The standard deviation are computed as discussed in
Section 3.

Table 9: Academic and labour market returns to teaching by ability
grades
low-ability high-ability
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

earnings
low-ability high-ability

0.059
0.003
0.313

0.060
0.003
0.200

0.124
0.009
0.729

0.079
0.000
0.347

38
230

38
230

38
230

38
230

The returns to teaching by students’ ability are estimated as in Table 8 (Panel A) but restricting
the original sample of students to either those whose entry test scores are above the median
(high ability) or below the median (low ability).
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Table 10: Comparison of academic and labour market returns of
teachers
Dependent variable: Academic returns
Entire class Low-Ability

High-Ability

Labour market returns

0.246***
(0.053)

-0.057
(0.054)

0.189***
(0.067)

Program fixed effects
Term fixed effects
Subject fixed effects

yes
yes
yes

yes
yes
yes

yes
yes
yes

Bootstrapped standard errors in parentheses. Observations are weighted by the
inverse of the standard error of the dependent variable. * p<0.1, **
p<0.05,***p<0.01

Table 11: Cross-comparison of academic and labour
market returns to teaching by students’ ability
Dependent variable: Returns for low-ability students
grades earnings
Returns for high-ability students

Program fixed effects
Term fixed effects
Subject fixed effects

0.072
(0.126)

-0.285
(0.175)

yes
yes
yes

yes
yes
yes

Bootstrapped standard errors in parentheses. Observations are
weighted by the inverse of the standard error of the dependent
variable. * p<0.1, ** p<0.05,***p<0.01
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Table 12: Robustness check for class switching
Returns computed on:
grades
earnings
PANEL A: All courses
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

0.038
0.000
0.143

0.045
0.002
0.163

38
230

38
230

PANEL B: Excluding the most switched course
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

0.038
0.000
0.143

0.046
0.002
0.163

37
222

37
222

PANEL C: Excluding the two most switched courses
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

0.039
0.000
0.143

0.046
0.002
0.163

36
214

36
214

PANEL D: Excluding the five most switched courses
avg. standard deviation
min. standard deviation
max. standard deviation
No. of courses
No. of classes

0.041
0.000
0.143

0.048
0.002
0.139

29
170

29
170

The returns to teaching are estimated by regressing the
estimated class effects (α) on observable class and teacher’s
characteristics (see Table 6 and 7). The standard deviation are
computed as discussed in Section 3.
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Table 13: Probability of being matched in the tax records

Graduation Mark

[1]
0.461
(0.410)
0.050
(0.216)
0.047
(0.103)
0.197*
(0.108)
-0.054
(0.119)
0.106
(0.121)
-0.804*
(0.329)
-0.602***
(0.139)
0.187
(0.158)
-

Graduation year=2003

-

Graduation year=2004

-

Graduation year=2005

-

Avg. Class Effect

-

[2]
0.081
(0.122)
-0.021
(0.221)
0.023
(0.104)
0.197*
(0.108)
-0.066
(0.120)
0.081
(0.122)
-0.767**
(0.332)
-0.647***
(0.143)
0.211
(0.161)
0.011
(0.008)
-0.003
(0.220)
-0.091
(0.236)
-0.348
(0.285)
-

Avg. Class Wage Effect

-

-

Pseudo R squared
Observations

0.040
1,206

0.048
1,206

High School grade
Entry test score
Female
Outside Milan
Top income
Academic High School
Late enrollee
Economics Dummy
Law & Econ Dummy

* p<0.1, ** p<0.05,***p<0.01
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[3]
0.086
(0.122)
-0.135
(0.221)
0.024
(0.104)
0.198*
(0.109)
-0.061
(0.120)
0.086
(0.122)
-0.762**
(0.332)
-0.638***
(0.144)
0.204
(0.161)
0.010
(0.009)
-0.012
(0.222)
-0.103
(0.240)
-0.358
(0.288)
1.510
(2.111)
-0.888
(1.404)
0.049
1,206

Table 14: Probability of dropout

Avg. Exam Grade

[1]
-2.202***
(0.532)
-0.139
(0.328)
-0.223
(0.152)
-0.025
(0.144)
-0.247
(0.173)
-0.195
(0.166)
0.524
(0.374)
0.279
(0.210)
0.039
(0.206)
-

Avg. Class Effect

-

[2]
-1.234*
(0.656)
-0.035
(0.335)
-0.206
(0.153)
-0.022
(0.146)
-0.260
(0.176)
-0.158
(0.168)
0.440
(0.377)
0.312
(0.214)
0.053
(0.208)
-0.100**
(0.039)
-

Avg. Class Wage Effect

-

-

Pseudo R squared
Observations

0.067
1,255

0.083
1,255

High School grade
Entry test score
Female
Outside Milan
Top income
Academic High School
Late enrollee
Economics Dummy
Law & Econ Dummy

* p<0.1, ** p<0.05,***p<0.01
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[3]
-1.192*
(0.665)
-0.030
(0.336)
-0.202
(0.153)
-0.020
(0.146)
-0.256
(0.176)
-0.152
(0.169)
0.445
(0.378)
0.309
(0.216)
0.049
(0.208)
-0.103**
(0.040)
1.178
(3.427)
-0.764
(2.264)
0.083
1,255

Appendix
Table A-1: Academic and labour market returns of
classes
Returns computed on:
grades

earnings

avg. standard deviation

0.081

0.131

min. standard deviation

0.004

0.025

max. standard deviation

0.241

0.429

Avg. F-testa

3.564

0.885

% F-test rejecting H0 b

55.26

10.52

No. of courses

38

38

No. of classes

230

230

The class effects are estimated from equation 1. The standard
deviation are computed as discussed in Section 3.
a
The null hypothesis is that all estimated class effects are equal
to each other
b
Share of courses for which the p-value of the F-test is below
0.10
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