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Abstract

The paper investigates academic wage formation, taking as a bench-
mark the Michigan State University. We model wage distributions us-
ing a hybrid mixture formed by a lognormal distribution for regular
wages and a Pareto distributions for higher wages, using a Bayesian
approach. With this model, we test for the presence of superstars in
the Pareto member by comparing inequality in the two members. We
found some evidence of superstars when recruiting Assistant Profes-
sors. However, a dynamic analysis reveals that they have a higher rate
of outing, and, if they stay, a lower rate of wage increase. For full
professors, we found a phenomenon of wage compression as if there
were a kind of higher bound, which is just the contrary of a superstar
phenomenon.
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1 Introduction

In most European countries, academic wages depend on a grid taking into
account seniority and grade. In the U.S., academic wages result from a nego-
tiation process between the recruiting university and the candidate. Various
factors are at work in this process of wage determination. Most of them result
from the fact that the academic market is a very particular market, produc-
ing a public good, knowledge. Stephan (1996), in her Journal of Economic
Literature survey paper, explain how the provision of this specific public good
is a very risky activity, because it has a winner-take-all structure. There is
no second for a scientific discovery, an idea developed in Frank et al. (1996).
It refers to the fact that a scientist has to arrive first in the competition with
other scientists; only the first will be rewarded, there is no place for second.
In a winner-take-all market, more and more people compete for less and less
prizes, but prizes with higher values. A mode for wage determination on the
academic market has to take into account this winner-take-all structure.

An important literature has focused on the strategic behaviour adopted
by universities and by academics. On the one hand, because of the exter-
nal competition existing between them, universities want to attract the best
academics on the market. To achieve this goal, they have to provide high
enough incentives to lead an academic to choose their university rather the
competitors. On the other hand, because of internal competition between
the insiders, we also observe strategic behaviours between insider academics
who want to reach top positions. Various theories have been developed to ex-
plain wage formation in this context, such as tournament theory for internal
promotion (Lazear and Rosen 1981) and superstar theory (Rosen 1981). The
tournament theory sees the market as a tournament where individuals are
not paid according to their marginal productivity, but to their rank in the
tournament, while the theory of superstars corresponds to an economy where
there is a concentration of very large rewards among very few superstars. We
will test these two theories in order to understand academics behaviours and
incentives provided by universities inside a risky market with internal and
external competition.

Since the landmark paper of Stephan (1996), a lot of changes have oc-
curred in the organisation and recruiting processes of American universities.
The traditional trilogy of Assistant, Associate and Full professors is no longer
the dominant rule, even if it still concerns a large part of the academic staff.
Macfarlane (2011) details the new notion of unbundling where the traditional
tasks of academics, i.e. administration, teaching and research, are split be-
tween different actors. The tenure system is in competition with fixed term
contacts, with the underlying idea that academics recruited on this new type



of contracts, with possibly higher wages, might be brighter and more pro-
ductive.

This paper has got several aims. Using the three usual categories of Assis-
tant, Associate and Full professors, we first test the tournament hypothesis
using a simple regression model to see if higher positions correspond to higher
prizes. Then, for each of the three categories separately, we adjust an hybrid
mixture in order to reflect the possible heterogeneous formation of academic
wage: a lognormal member for regular wages and a Pareto member for su-
perstar wages. We know from Lydall (1959) that superstar wages should
have a Pareto distribution. Equipped with this model and using a Bayesian
approach, we test if there is more inequality in the Pareto member than in
the lognormal member in order to check for the presence of superstars. Then,
we propose a decomposition of inequality within each member and between
the members in order to see the impact of different types of labour contracts
on the structure of wages. Finally, we consider two periods, distant of six
years for the same individuals. We compare the dynamics of each category
and the impact of labour contracts on the dynamics of wages and statuses.

To answer these questions, we had access to two data bases of the Michi-
gan State University (MSU). They provide information about the population
of academics with 11 variables at the beginning: annual wage, number of
years of experience and in the rank, title, appointment status, the depart-
ment and the college to which employees belong, all that for 2006-2007. Our
second data base is available for 2011-2012 and is essential for analysing dy-
namics. However this 2011-2012 database contains slightly less information
than the 2006-2007 database. After 2012, names are no longer provided, so
our analysis could not be extended to more recent periods.

The paper is organised as follows. Section 2 reviews the modern theories
of wage formation, the tournament theory of Lazear and Rosen (1981) and
the superstar theory of Rosen (1981). Section 3 presents the MSU databases
and focuses on the different profiles of our population through the various
status and types of contracts existing. Section 4 focuses on the generative
processes which are behind the lognormal and the Pareto processes, the need
to use a mixture to model the distribution of academics wages and the use
of inequality indices to test the heterogeneity in our population. We also
develop in this section the Bayesian framework on which our paper is based.
Bayesian inference for lognormal and Pareto processes is provided as well
as inference for our hybrid mixture model. In this part we also explain the
choice of our prior information and of a test of goodness of fit. Section 6
presents our main results: We first test the classical theory through the use
of a Mincer equation, then we test the tournament theory among professors
(assistant, associate, full and endowed), we then focus on each academic
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status and test the superstar theory for some specifics subgroups. Finally we
analyse the dynamic of promotion (or no change, or exit), depending on the
nature of the wage (Pareto or lognormal). The last section concludes.

2 Academic Wages Formation

Wage determination theories highlight the path through which wages are
determined: Why a particular worker in a specific situation and with partic-
ular characteristics earns a certain salary? According to the old neoclassical
theory, workers are paid at their marginal productivity. Also, his or her
human capital is one of the characteristic that determines his or her wage.
But new theories of wage formation were recently developed, especially to
explain high wages. Here, we focus our attention on the academic market
which is, as explained in the introduction, a very different market as the
production associated to academic work is quite difficult to define and to
measure precisely. To understand how academic wages are determined, we
will first recall classical theories of wage determination and their adaptation
to the academic market. In a second step, we introduce modern theories of
wage formation and their possible application to the academic market.

2.1 Classical framework in a specific market

When it comes to wage formation, the usual highlighted processes are first
the neoclassical theory where workers are paid their marginal productivity
and second the human capital approach which links the life-cycle of earnings
to the accumulation of human capital over time (Mincer 1958, Becker 1964).
It explains how individuals invest in themselves before entering the labour
market to increase their skills, their productivity and thus the expected wage,
because the larger the stock of human capital, the larger the earnings per
unit of time an individual could get on the market.

A first attempt to test for the human capital approach is the well-known
Mincer equation as reviewed for instance in Lemieux (2006). This model
explains the logarithm of income y as a function of years of schooling S and
years of experience E:

lOg(y) = log(yo) + TS + ,81E + ,82E2.

The constant term yo represents the level of income of an individual without
experience and education. Return to education is measured with r. This
equation is based on a human capital investment model and provides a par-
simonious specification that fits the data rather well in many contexts.



However the production of knowledge and its reward system is more com-
plex than what the human capital model assumes. Throughout the literature
authors agree on the specific aspect of the academic market. Since the 80s,
an important concern was to found ways to measure academics productivity.
As underlined in Hamermesh et al. (1982), the academic market concerns
individuals that are located far from each other, but who participate to-
gether in the production of knowledge. In this context, they explain that
a pertinent measure of productivity should take into account the influence
of a researcher on his colleagues. In order to measure this influence, they
introduced a new variable: the number of references made to an academic’s
publications, namely citations, and found a positive impact of this variable
on wages. Previously, Katz (1973), Hansen et al. (1978) validated the human
capital approach and found a positive impact on wages of the measures of
productivity they proposed. More precisely, they found a positive impact of
experience on wages (with however diminishing marginal returns), and of the
quality of the academic degree (related to the ranking of the university where
graduated). They completed their model by a measure of productivity, con-
sidered here as the number of supervised dissertations, the number of books,
articles and excellent articles published y the author. They find a positive
impact of these variables on wage determination. They also observed differ-
ences according to the gender (women are less paid) and to the department
(humanities professors are significantly less paid than those in other depart-
ments). If citations have direct and positive impact on wages, they also
influence wages through an indirect channel, as they increase the probability
for an academic to get promoted (Diamond 1984, Tuckman 1976). These
traditional theories of academic wage formation are coherent with the mul-
tiplicity of academic activities pointed out by Stephan (1996): a risky part
with research and a more traditional part with teaching and administrative
services. However, the recent appearance of para-academics as underlined
in Macfarlane (2011) leads to a splitting of the tasks that academics are in
charge of, and thus should influence the wage determination process, which
forces us to focus more deeply and with a larger view on the mechanisms at
work.

2.2 The unbundling

The traditional functions of academics are teaching, research and adminis-
trative services. This is a worldwide recognised definition. However, Mac-
farlane (2011) points out that under diverse forces such as massification of
higher education, development and use of new technologies for teaching, a
new culture of management due to international competition, these three



complementary roles have a tendency to unbundle. It means that specialised
roles and functions associated to new types of positions are appearing in uni-
versities: specialists, instructors, teaching assistants and research assistants.
A modern and successful institution of higher education has to provide well
integrated support services to students, such as placement officers, librarians,
computer scientists. These new functions require specialised positions. If the
traditional trilogy of Assistant, Associate and Full professors still constitutes
the majority of the academic staff, we see on one side of the wage distri-
bution, the development of temporary teaching assistants with no research
assignment and a low pay while on the other side of wages distribution, ap-
pears a whole class of specialised managers with much higher wages. And
inside the academic staff, new entrants are proposed fixed term contracts
with higher wages than those proposed in the tenure track system. We shall
find this dichotomy in the Michigan data base.

2.3 Tournament theory

With a different point of view from the classical theory, the tournament
theory, developed in Lazear and Rosen (1981), sees the labour market as a
contest. Individuals are not paid according to their marginal productivity,
but according to their rank in the tournament. The remuneration is de-
termined for each worker relatively to his/her position compared to other
workers. This theory assumes a competition between workers to attain the
top positions and might lead to an over-reward at the highest ranks in order
to provide adequate incentives over workers’ lifetime. That would motivate
them to reach the top positions in order to win the prize. An important point
induced by this theory is that as one moves up in the hierarchical ladder, the
prize increases in a non-proportional way: the wage gap is higher and higher
as one climbs in the ladder in order to produce more and more incentives.
We test that point for Assistant, Associate and Full professors.

Sabatier (2012) has studied the promotion mechanism in the case of
France. She describes the competition between associate professors (maitre
de conférence) who want to become full professors. One of the goal of pro-
motions is to provide incentives to workers. Ex-ante, promotion can be a
goal for workers and thus an incentive for a better productivity. Ex-post,
one can think that promotions have a disincentive aspect and lead to a de-
crease of efforts. Actually, she found that promotions have no disincentive
effect on the promoted, but the fact of not being promoted leads to a decline
in productivity, due to discouragement. Wage determination can depen-
dent upon incentives mechanisms and strategic behaviours of academics who
want to reach the top positions. Because of the tournament structure of the



academic market and the risky nature of science, academics who have a rea-
sonably good understanding on how the scientific labour market functions
adapt their behaviour in consequence.

2.4 Superstar theory and high wages

Beside the internal competition between academics for promotion, universi-
ties compete in order to attract the best academics from outside. In this
competition, the proposed remuneration has to be an incentive, while trying
also to keep the best academics that are already inside as there is a risk for
universities to see their best talented academics leaving for a more attractive
competitor. This mechanism might lead to an economy of superstars. The
superstar theory belongs to modern theories of wage formation and focuses
especially on workers at the top positions and with very high wages. First de-
veloped in Rosen (1981), superstars are defined as “a small number of people
that earn enormous amounts of money and dominate the activity in which
they engage”. Why do a small number of workers dominates and thus earn
more money than others? The answer given by Rosen is talent. He explains
that the output is concentrated on the very few who are the most talented.
He gives the example of textbooks in economics: the supply in the market
is huge, but only a few of these books are best-sellers. Focusing on the aca-
demic market, he explains that this proportion corresponds to the relatively
small part of researchers who publishes the majority of papers and who ex-
periences the highest number of citations. Nevertheless, if the market wage
distribution is skewed in favour of the most talented workers, the increase
of wages according to talent is far from proportional as small differences in
talent might imply high differences in remuneration at top positions. The
reason is that “lesser talent is a poor substitute for greater talent”. However
in Adler (1985) this difference in salary can also occur between people with
the same talent. Another wage determinant, also developed in Rosen (1981)
and after in Gabaix and Landier (2008), is that the size of a market has a con-
nection with the amount of the reward. The paper of Gabaix and Landier
belongs to the theory of superstars as it focuses on the increase of CEQO’s
pay (Chief Executive Officers) between 1980 and 2003 which were multiplied
by six. It also focuses on one of the main important characteristics of the
economics of superstars developed by Rosen, which is the fact that the differ-
ence between CEQ’s pay is high while it is clearly not the case between their
talents. Their conclusions are that CEQO’s pay depends on the size of the
firm, that the marginal impact of talent increases with the size of the firm.
An analogy to the academic market could be made to understand why some
professors with the same experience and the same number of years in their



grade are not paid the same wage. We shall see below how this phenomenon
of superstar can or cannot characterise the academic market.

3 The Michigan State University Databases

In the US, public universities have a legal obligation to publish the wages
of their members. The Michigan State University (MSU), which is one the
biggest public university in the US (50 000 students), provides a series of par-
ticularly interesting wage data bases, for different years. We have chosen to
analyse the file provided for the academic year 2006-2007." It contains 6 055
observations, concerning 4 649 different faculty and academic staff members,
documenting 11 variables including wages, but also the type of associated
contract, the years of experience, years in rank, the name of the individuals,
their department and faculty and their title.? Thus, this university not only
complies to its legal obligation, but also provides information on a number
of key concepts in wage theory. It is thus an ideal tool for studying academic
wage formation and for testing some of the stereotypes that European aca-
demics might have on US academic salaries. This data base does not contain
all the members of the University as for instance cooks, accountants, social
workers are excluded, which means all those who are not directly connected
to either an academic work or an executive position. A quite similar file,
but slightly less detailed, is available for the academic year 2011-2012. This
file is very useful to analyse the dynamic of wages, as we can merge these
two files into a panel data set.®> The formed panel covers a gap of six years,
which is the period after which an assistant professor should get the tenure.
Concerning the availability of these data, we must note that less and less
information is available for the more recent years. For instance, names were
excluded after 2015, which precludes the building of a panel for the more
recent years.

'The file we use is available at https://archive.org/details/MsuFacultySalaryList2008-
2009.

2The difference between 6 055 and 4 649 is due to the fact that the same individual
can occupy a position in two different departments.

3We found this second file starting at http://libguides.lib.msu.edu/facultysalaries and
then using the link
http://dev.opb.msu.edu/budget/documents/2011-12Faculty AcademicStaffSalaryList.pdf.
However, this link seems to be no longer active.



3.1 Academics and their labour contracts

The Michigan State University could propose in 2006 six types of contracts for
faculty and academic staff members. There are the well-known Tenured fac-
ulty (T), and the Tenure System (TS) for those not yet tenured. Apart from
this traditional system, there is also the Fized term appointment (N) that
concerns a great number of assistant professors, some associate professors
and even some professors and endowed chairs. The other types of contract,
the Continuing employment (C) and Continuing employment system (CE),
seem to concern mainly the administrative staff. A marginal system (con-
cerning only 98 persons out of 6 055) is specially designed for the executive
management (EM). It covers a wide range of categories from the Assistant
to the President herself.

Table 1 regroups 3 012 professors, representing 50% of our sample. We
shall concentrate our attention on this sub-sample. The tenure track system
represents 84% of the academics. Fixed term contracts concern mainly as-
sistant professors, but are also used sometimes for higher positions. It is of
a particular interest to measure the influence of this type of contract on the
level of wages inside a category and on wage dynamics.

Table 1: Various forms of academic contracts in 2006

Title C CE EM N TS T Mean Gini C.V. Years
Salary in rank

306 529 1 70.554 0.144 0.285 3.37
8 24 691 87.528 0.143 0.278 7.30
84 0 1110 115.253 0.134 0.250 12.68
8 0 164 164.440 0.105 0.193 13.21
483 553 1966 98 283 0.198 0.362 8.69

Assistant Prof. 0
Associate Prof. 0
Full Professor 1
Endowed Chair 0
Total 1

—o o O =
0| = O = O

3.2 The unbundling at work

The unbundling is clearly at work for MSU in 2006-2007 and it concerns both
sides of the wage distribution.

For the lower side, the 3 012 professors are confronted to 1 093 instructors,
external educators, lecturers, specialists, to which we must add 707 visitors
and research associates. The wage range of these teaching assistants is lower
than that of assistant professors. Specialists and external educators can have
an important mean years in rank. Clearly the presence of those auxiliary
academics, who have only one of the three tasks traditionally attributed to
academics, might have an influence on wage formation. Visitors are mainly
research associates and assistant professors. Their mean wage is much lower
than that of the insiders.



Table 2: The unbundling at work

Title C CE EM N T Mean Gini Years

Salary in rank
Instructor 0 0 0 372 0 38.098 0.177 2.03
Educator 103 54 0 68 0 45.000 0.149 9.07
Lecturer 0 0 0 13 0 43.711 0.268 3.15
Specialist 118 41 1 322 1 58.866 0.182 7.18
Visiting 0 0 0 643 0 44.856 0.182 1.76
Research associate 0 0 0 64 0 50.130 0.154 2.75
Total 221 95 1 1482 1 47.748 0.201 4.25

At the other side of the wage distribution, we find managerial positions.
Our sample includes 766 managerial position ranging from advisor to direc-
tors, deans and staff members of the presidency. Their wage range is greater
than that of the regular academic staff. Hamermesh et al. (1982) underline
the importance of administrative positions to explain academic wage forma-
tion. They see it as an indirect measure of productivity as “it enhances the
teaching and research productivity of other faculty”. They explain that a
university has to reward these tasks in order to create incentives for profes-
sors to engage in non-scholarly pursuits. Table 3 reveals that similarly to

Table 3: Managerial Positions in 2007

Title C CE TS N T EM Mean  Gini Years

Salary in rank
Advisors 59 17 1 80 30 11 76.063 0.236 8.40
Directors 53 13 4 124 118 1 105.059 0.222 8.88
Chair 0 0 1 13 110 0 138.747 0.182 10.77
Dean 3 0 2 20 64 2 156.631 0.183 10.47
Provost 0 0 0 2 3 9 169.974 0.161 16.00
Presidency 0 0 0 1 1 24  197.870 0.146 12.85
Total 115 30 8 240 326 47 113.481 0.261 9.52

the traditional academics, wage dispersion decreases with mean wage. These
positions have an interest in understanding the wage formation for professors
at the top positions, for instance director and chair positions are clearly op-
portunities for wage promotion for some academics. We analyse that point
when studying dynamics.
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3.3 The 2011-2012 data base and wage dynamics

The 2011-2012 data base is useful to draw two types of dynamic indicators.*
For those who were present in 2006-2007 and still at Michigan in 2011-2012,
we can define a Markov wage transition matrix in order to measure internal
wage mobility. We have defined six wage quantiles intervals, with more
precisions at both ends.

Table 4: Transition matrix for wage quantiles

0-10 10-30 30-50 50-70 70-90 90-100

0-10 0.77 0.18 0.05 0.00 0.00 0.00
10-30  0.10 0.69 0.18 0.03 0.01 0.00
30-50 0.01 0.21 0.57 0.17 0.04 0.00
50-70 0.00 0.00 0.22 0.60 0.17 0.01
70-90 0.00 0.01 0.01 021 0.67 0.11
90-100 0.01  0.00 0.00 0.01 0.23 0.76

Rows sums to one. Largest probabilities are in bold.

Table 4 displays what is wage mobility over six years. The diagonal
elements represents the probability of staying in the same wage interval after
6 years. The probability of staying is always greater than 57%. The greatest
immobility is at both extremes, for very low wages, below $36 592 in 2006
and for very high wages, above $141 365 in 2006. The greatest mobility is for
wages around the median (between $55 441 and $98 000) which correspond
to Assistant and Associate professors. This picture concerns only individuals
that where there in year 2006-2007 and stayed in Michigan State University
six years after (balanced panel). Tt thus reveal a low wage mobility for those
academics. However when considering an unbalanced panel by introducing
the new comers, we do observe on average a larger increase in wages. In
Table 5, we have computed the same wage quantiles for each year separately.

4For analysing dynamics, we created a panel by merging our two data bases. This panel
was only used for the dynamic analysis and might create more duplicates with respect to
year 2007. Duplicates that can not be taken off without losing information. In fact some
academics may appear several times if they are engaged in different tasks or have several
college affiliations.
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Table 5: Class boundaries

Quantiles 0% 10% 30% 50% 70% 90% 100%
2006 21 967 45372 65000 83273 105736 150 866 425 000
2012 25593 56 480 81068 103 030 130339 181 689 600 000
Diff. (value) 3626 11108 16 068 19 757 24603 30 823 175000
Diff. (%) 16.5% 17.1% 24.72% 23.7% 23.3% 20.4% 41.2%

We notice an increasing wage gap (in value) as we move up in the wage
ladder, for a given year. This gives us descriptive evidences of a tournament
structure that we will empirically validated later. However, for dynamics, the
picture is different. For the lowest categories, which mainly correspond to
what we described as the unbundling, the wage progression is weak. There is
a jump as soon as we enter the quantile corresponding to assistant professors.
If we exclude the maximum, there is then a compression for wage increases.

Let us now consider mobility between statuses. Starting from those who
were present in 2006-2007, we can define for each category the probability
of outing (to leave MSU), the probability to keep the same status, the prob-
ability to change of status. The latter represents mainly a promotion, for
instance receiving the tenure for an assistant professor, or taking a manage-
rial position. Other corresponds in general to a diminishing activity such as
Emeritus. We report those probabilities in Table 6.

Table 6: Mobility of academics between 2006 and 2012

Title Assist Asso  Prof Endowed Quit Executive Other

Assistant Prof. 0.244 0.349 0.010 0.000 0.366  0.022 0.009
Associate Prof. 0.004 0.474 0.254  0.006  0.197 0.065 0.001
Professor 0.000 0.000 0.583 0.042  0.259 0.091 0.026
Endowed Chair 0.000 0.000 0.028 0.607 0.242 0.084 0.039

Rows sum to one. Largest probabilities are in bold. The column FEzecutive corre-
sponds to Advisors, Chair, Dean, Director, Presidence and Provost. The column
Other corresponds to Emeritus, Research Associate and Specialist. Not all categories
are represented in each row.

The probability to stay in the same position increases along the hierarchi-
cal ladder, while the probability for an individual to move downward is nearly
zero for all categories, which is a normal result (we can even suppose that
most of the very small probabilities of going down are due to data errors). An
Assistant professor is slightly more likely to leave than being promoted with
a probability of exit equal to 0.366. This might be due to the fact that they
are more often hired under a fixed term contract than the other positions, a
feature that we examine in detail below.
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4 The Mincer Approach to Academic Wage For-
mation

We examine here inference results using the traditional Mincer equation
which measures the impact of experience, also taking also into account var-
ious characteristics such as the type of contract (tenure system or not) and
the type of discipline. As explained in section 2, this model gives a very short
explanation for academic wage formation and fails to explain the whole wage
distribution as we show using an unconditional quantile regression. Clearly,
there are other mechanisms at work.

4.1 A first linear regression

We consider the population of assistant, associate, full and endowed profes-
sors with a total of 3 012 individuals for the academic year 2006-2007.> We
have the years of experience and the number of years in the grade. We choose
to use only the years in rank and not the years of experience. These two vari-
ables are highly correlated and we suspect that the University managed to
report data of a better quality for years in rank (which it directly observes)
than for years of experience. The number of years of education is not impor-
tant as all academics are supposed to have a PhD degree. This first equation
allows us to detect the individuals who are away from the usual seniority
explanation. So, in this equation we include control variables for the differ-
ent departments: Medicine, Agriculture, Economics, Science, Education and
Others. Humanities is used as the reference department. We also add the
title for professors: Endowed, Full, Associate. Assistant is here treated as the
reference category. The fact of having a tenure or being in the tenure system
(TS) is introduced while other types of contracts is the reference. Finally
we added a variable that qualify the length of the contract over the year: a
first contract is appointment for the Academic Year (9-months), while the
alternative corresponds to an annual basis (12-month). The annual basis is
taken as reference.

SEmeritus were discarded because they are not part of the wage competition.

13



Table 7: A Mincer regression for log academic wages

Explanatory Variables Coefficients (Standard Errors)

Intercept 10.94%%* (0.02)
Associate 0.18%** (0.01)
Professor 0.44%%* (0.01)
Endowed 0.81%** (0.02)
Experience/10 0.05%** (0.01)
Experience? /100 -0.01%** (0.00)
Tenure System 0.15%** (0.01)
Month Basis -0. 17 (0.01)
Medicine 0.29%** (0.02)
Economics 0.21%** (0.02)
Sciences 0.19%%* (0.02)
Others 0.14%%% (0.02)
Agriculture 0.13%** (0.02)
Education 0.127%%* (0.02)
Adj. R? 0.605

Nbr. Observations 3012

Standard errors in parentheses, *** ** * denotes statistical significance
at the 1%, 5%, 10% level.

Inference results as reported in Table 7 seem to be very nice. All variables
are significant at the 1% level and provide an explanation for 60% of the vari-
ance of log salaries. Wages increase with seniority, but start to decrease after
26 years of seniority, which confirms the mean assumption of a Mincer equa-
tion. This is the life cycle profile. These results are in accordance with what
we could have expected from the human capital theory. However experience
explains only a small part of the wage formation, which depends more on
other criteria such as the department, the title, the fact of having or not the
tenure. With Humanities as the reference department, being in another de-
partment has a positive and significant influence on the wage. These results
are similar to what we observe in the literature and American reports, as
Humanities is usually the department with lowest salaries while the depart-
ments of Science, Economics and Medicine ensure the highest salaries. The
fact of having the tenure or being on the tenure system also has a positive
impact on wages.

Associate professors are estimated to earn 20 % more than assistant pro-
fessors while full professors are estimated to earn 55% more than assistant
professors and endowed professors are estimated to earn 123% more than as-
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sistant professors.® There is thus an increasing value for a promotion, which
is a confirmation of a tournament process. We obtain the same type of result
as in Coupé et al. (2003) who considered all American universities, but only
Economic departments.

However for a continuous variable like the salary, the mean only provides a
small part of the information. Quantiles regressions allow a richer description
than the linear regressions since they focus on the entire distribution of the
variable of interest, the salary in our case, and not only on its mean.

4.2 The uncovering provided by a quantile regression

In order to obtain an easy interpretation of the regression coefficient, we
adopt the unconditional quantile regression of Firpo et al. (2009) (see Lu-
brano and Ndoye 2014 for Bayesian inference in this model). We report in
Table 8 inference results for the first and the last decile of our distribution
q10 and ggo and for the median g5, using the same data set as before and the
same explanatory variables.

Table 8: Unconditional quantile regressions for log academic wages

q10 (S.E) ds0 (S.E) d90 (S.E)
Intercept 10.234%*x  0.034 10.948x%xx  0.028  11.733xxx  0.045
Associate 0.296xxx  0.021 0.165%*x 0.017 0.052 0.028
Professor 0.353*xx  0.022 0.617*%xx 0.018 0.248%xx  0.029
Endowed 0.359xxx  0.035 0.767xxx  0.029 1.412%%x  (0.048
Experience/10 0.004 0.025 0.086xxx 0.020 —0.001 0.033
Experience? /100 —0.006 0.007 —0.026+xx 0.006 —0.008 0.010
Tenured System 0.243%xx  0.024 0.082xxx  0.020 0.099x*x  0.033
Monthly Basis —0.049%xx  0.019 —0.188%*x 0.016 —0.216*xx 0.026
Medicine 0.520xxx  0.031 0.265%xx  0.026 0.123%xx  0.042
Economics 0.270%xx  0.029 0.189xxx  0.024 0.180%xx  0.039
Sciences 0.436xxx  0.029 0.162xxx  0.023 0.030 0.038
Other 0.393%xx  0.040 0.093*+x 0.033 —0.014 0.054
Agriculture 0.381x*x  0.029 0.093%xx 0.024 —0.024 0.039
Education 0.346xxx  0.039 0.087xxx  0.032 0.045 0.053
Adj. R? 0.26 0.50 0.28
Nbr. Observations 3012

Standard errors in parentheses, *** *** denotes statistical significance at the 1%,
5%, 10% level.

When considering the median of the distribution, we find very similar
results as those given in Table 7 for the linear regression which explains
the mean. However, there are large differences at both ends of the wage

6These percentages are computed using the formula exp(3) — 1
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distribution where seniority no longer play any role. So the main engine
of the Mincer equation disappears. The increasing difference in wages with
respect to the status is more and more marked as we move to higher quantiles,
confirming the importance of tournaments. But the fact of being in the
Tenure System is less and less an advantage for higher quantiles. What
is important is to have a contract running over 12 months instead of 9.
Taking humanities as the reference, Medicine and Economics have still a
positive influence on wages for all quantiles. However, the influence of other
departments disappears as we climb up the wage ladder. Other factors that
department specificities are at work for high wages. There is a common story
for high wages, whatever the departments, a story that could be linked to the
superstar phenomenon. Unconditional quantile regression allowed a richer
description of the wage distribution, confirming once again that high wages
determination follows a particular scheme that can hardly be explained by
the human capital approach. However, the unconditional quantile regression
produced just a negative result, the dismissing of the human capital approach
for high wages. We need a specific model to describe the heterogeneity of
academic wage formation.

5 A Mixture Model for Explaining Academic
Wages

In the previous section, we have validated the tournament theory, but we
have shown that the human capital theory was really too short for explain-
ing academic wages. There are thus specific mechanisms at work. Inside each
of the main three categories of professors (four when adding endowed chairs),
there is a large heterogeneity in wage formation. We propose to fit a mix-
ture of two distributions for each category, a lognormal member to capture
the regular wages and a Pareto member to capture the high wages. Lydall
(1959) explains that the Pareto distribution has been successful to charac-
terise the right part of the wage distribution. The Pareto characterisation
of high salaries distribution was also developed later in Lydall (1968) where
the main purpose is to define a standard distribution that will characterise
in a general way workers’ earnings. This standard distribution turns out
to be a lognormal for the first deciles and a Pareto for the very high wages.
The superstar theory was recently proposed in Atkinson (2008, Section 9 and
Note 3, pages 93-95) for explaining the greater earning dispersion that has
occurred on the top of the earning distribution in many OECD countries. A
fall in the Pareto coefficient a would imply a distribution which favours more
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the highest paid workers of the distribution and allows for the appearing of
a few observations with very high wages. Consequently, a population that
mixes regular academics and superstars should display a wage distribution
that can be represented by a mixture of a lognormal density and a Pareto
density. However, if the Pareto distribution is necessary for representing a
superstar wage formation, it does not necessarily imply superstars. A Pareto
member can be needed only because there is an accumulation of wages just
above a certain point determined by outside competition. Do not forget that
we are in a public university and there are evidences in the literature that
their wages are significantly lower than in private universities (see e.g. AAUP
(2007)). The meaning of the Pareto is then much different if its parameter
a is very high. There are superstars only if « is low enough so as to imply
more inequality in the Pareto member than in the lognormal member. Let
us detail first the characteristics of both processes and then see how they can
be combined and compared.”

5.1 Lognormal wages

A random variable X is said to have a lognormal distribution if its logarithm
log(X) has a normal distribution. More precisely, let us consider a random
variable Y which is normally distributed with y ~ N(u, 0?) and let us con-
sider the change of variable x = expy. The Jacobian of the transformation
from y to x is equal to 1/x. Then the probability density of the random
variable X is lognormal and its expression is:

1 (logz — p)?

fx(z;p,0) = exp —

(@5, 0) = ——= 557

The cumulative distribution can be expressed as a function of the comple-
mentary error function:

P(X < ) = Fy(z: p,0) = %erfc (-“ng - “)) .

V20

The first two moments of a lognormal distribution are :

B[X] =27, Var[X] = (¢°

P 1)etot

The median is e* and the mode e#~°°. The Gini coefficient, the Lorenz curve
and the coefficient of variation are:
Giw =2+ 0(/o2[2) — 1, Le(p) = D(@(p) — o),
CVLN = exp(0'2) — 1.

"Details on these two distributions can be found in Cowell (2011).
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The lognormal distribution appears in the context of the law of propor-
tionate effects of Gibrat (1930) (see also Mitzenmacher 2004 for a survey).
This process can be used to explain regular academic wage formation inside
a given category, for instance when hiring an assistant professor. Let us
suppose that candidates have characteristics that vary over time and among
candidates according to a random variable F}. If the wage of the previously
hired candidate was X,_;, then the wage of the next hired candidate X; will
be a certain proportion (higher or lower) of the insider wage X;_; with:

Xj - Fij_l.

Taking the logs and using a recurrence, we have:

J
log X; = log X¢ + Zlog F.
k=1

Using the Central Limit Theorem, the distribution of X; for j — oo is the
lognormal distribution as the sum of independent random variables log F},
will tend to a normal distribution.

5.2 Power law and Pareto wages

A random variable X is said to have a power law distribution if
Pr[X > x| ~cx™?,

for ¢ > 0. The particularity of this model is that it has heavier tails than that
of densities belonging to the exponential family. The Pareto distribution is
a particular power law as its distribution is given by:

P(X <z)=Fx(z;a,h)=1—(x/h)" ", x>h, h>0 «o>0.
The Pareto density is obtained by differentiation:
f(@|a, h) = ah®z= @D 1(z > h),

where 1(.) is the indicator function. h is a scale parameter and « a shape
parameter. The first two moments are:

E(z) = aﬁ [h Var(e) = 1)(;(@ - 2)h2,
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and exist only for &« > 1 and a > 2 respectively. The Gini coefficient, the
Lorenz curve and the coefficient of variation are:

1 a—1

GP:ﬁa Le(p) =1—(1—-p) =,
1
CVp = ———.
P Jala —2)

which exist only for a > 0.5 for the Gini, a > 1 for the Lorenz curve and
a > 2 for the coefficient of variation.

The generative process for power law distributions has similarities with
the previous one; in fact only a small change from the lognormal generative
process produces a generative process with a power law distribution. Con-
sider a minimum wage h that is fixed by the degree of competition on the
outside academic market, in order to attract good candidates and prevent
them to go elsewhere, the university defines a minimum hiring wage h and set
classes of possible wages as h\/ where A > 1 and j corresponds to the j class.
If the probability of moving from class 7 to class j, say p;; depends only on the
distance j —¢, then the wage distribution of the successively hired academics
according to this process will have a Pareto distribution. This mechanism
leading to a Pareto distribution for incomes dates back to Champernowne
(1953). The sole difference with the lognormal process comes from the fact
that there is a minimum bound h, as underlined in Mitzenmacher (2004).

5.3 An hybrid mixture model for academic wages

The right tail of the lognormal density behaves very differently from the
Pareto tail, just because the lognormal has got all its moments when the
Pareto might not have finite moments when « is too small. However, for
large values of o the two distributions might present quite similar tails up
to a certain point. After that point, which can be made arbitrarily large,
the Pareto will have definitively a fatter tail. Being able to compare those
tails is a matter of importance in order to be able to detect the effective
presence of superstars. In Atkinson (2008, Section 9 and Note 3, pages 93-
95), high wages are modelled using a mixture of two Pareto distributions
with respective parameters oy and as. The second member corresponds to
superstars only if ay < oy, which means also that there is more inequality in
the second member than in the first member as measured for instance by a
Gini coefficient. Here we have a lognormal distribution for most academics
and a Pareto for higher wages of possibly superstar academics. By analogy
with Atkinson (2008), we should have more inequality in the Pareto member
if the Pareto wages correspond to a superstar phenomenon and less inequality
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in the reverse case. If there is less inequality in the Pareto member, that
would mean that above a certain threshold A, there is a phenomenon of wage
compression. This means that universities are ready to pay a higher wage in
order to attract and to keep superstar academics, but up to a certain level.
Let us now examine the tools necessary to explore this assumption.

5.4 Bayesian inference

When a single density is not enough to represent correctly the distribution of
a sample, a simple explanation is that the observed sample is heterogenous
and it results from the mixing of different populations, each being repre-
sented by a particular density indexed by a given parameter. The trouble is
that we do not know first how many different sub-populations there are and
second what is their proportion. This lack of knowledge makes the problem
of inference difficult. We suppose that we have only two sub-populations,
each one being described by a density, lognormal for lower wages in unknown
proportion p and Pareto for higher wages in proportion (1 — p):

f(a) = pfalelp, o) + (1 = p) fp(la, h)

In order to be able to propose an algorithm for making inference in this
mixture, we have first to detail Bayesian inference for these two processes,
lognormal and Pareto. This is provided in Appendix A.

We have here a hybrid mixture, which is not in itself a complication. It
can even solve some label switching problems as the two members are not
exchangeable.® But the fact that there is a Pareto member can create some
specificities as the support of this density depends on parameter h. The case
of a mixture of two Pareto distributions was treated in Ndoye and Lubrano
(2014). As for all types of mixtures, it is convenient to introduce a new
random variable called Z that will be associated to each observation x; and
that will say if z; belongs to the first component of the mixture z; = 1 (the
lognormal component) or to the second component of the mixture z; = 2
(the Pareto component). Suppose that we know the n values of z. We
can compute easily the following sufficient statistics, first for the lognormal

8See e.g. Frithwirth-Schnatter (2006, pages 78-83) for details on the label switching
problem in Bayesian inference for mixtures.
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process:

m(z) = 31z = 1), (1)

z1(z) = %Zlogmi X 1(z; = 1), (2)
51(2) = nilZ(logzi () x 1z = 1), (3)

and second for the Pareto process:

na(z) = 1z =2), (4)

Ty(z) = Y loga; x Uz = 2), (5)
h(z) = min(z[z; = 2]).

Using these sufficient statistics, we can derive a posterior draw for each of
the parameter of the two members of the mixture that we can call 99) and
05(j) for the while. We can also estimate p as p = n;/n. Knowing this,
we can draw a new vector of sample allocation z with probabilities for each
observation given by:

B x fal:]09)
P x fa(@:]09) + (1= p) x fo(,]65)

We randomly allocate observation ¢ to one of the two regime according to
a binomial experience with probability Pr(z; = 1|x,09). This is true when
h is fixed and equal to the minimum of the sample. However, as soon as h
is random, it can take any value, and consequently a value greater than the
minimum of the total sample. As the support of the Pareto depends on the
value of h, this means that not all observations can be randomly allocated
to the two components (which by the way reduce greatly the possibility of
label switching). All the observations that are lower than h belong for sure
to the lognormal component, while a x; > h belongs to the lognormal with
a probability p and to the Pareto component with a probability (1 —p). A
Gibbs sampler algorithm designed to get M draws from the posterior density
is provided in appendix A.

For each draw of the Gibbs sampler, we get a vector value z which corre-
sponds to a sample separation between the lognormal and the Pareto mem-
bers. For each draw, we can then determine the status of each individual and
thus evaluate the number of each of the six different labour contracts. By av-
eraging at the end of the Gibbs sampler, we get an evaluation of the number
of each labour contract for the lognormal and for the Pareto members.

Pr(z = 1|z,09) =
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It is crucial to give a realistic prior information for A in this process. As
clearly stated in Ndoye and Lubrano (2014) (and in other papers devoted to
mixtures of Pareto densities), the presence of a Pareto component creates a
bump in the predictive density of the mixture. A plausible prior value for h
can be inferred from the shape of a non-parametric estimation of the density.
A totally unrealistic prior value for h can be eliminated by checking the fit
of the model.

For judging the fit of our mixture model, we build on the posterior predic-
tive approach of Meng (1994). We compute a discrepancy measure between
the posterior predictive sample and the observed sample as explained in Gel-
man et al. 1996. In Lubrano and Protopopescu (2004), it is proposed to use
as a measure of discrepancy the Hellinger distance between the posterior pre-
dictive density and a non-parametric estimate of the data density. In fact we
compare a non-parametric estimation of the density f(z) with our estimated
mixture model fy/(z|6) using the squared Hellinger distance:

D40 =1 [ F@)u(alt)da, 7)

If our model fits the data in a satisfactory way, the observed data and the
simulated sample should not look too different and the distance between the
two densities should be small. We use a kernel density estimation for the
non-parametric estimation of f(a:) The integral in the previous equation is
estimated through a trapezoidal rule. We compute this distance for the M
draws of 0, and we obtain M values Dy,. With these M draws we obtain
different quantities, we can compute the posterior probability that Dy <
0.10 or Dy < 0.05 and then select the model with the most satisfactory
probability.

5.5 Testing for superstars in a Bayesian framework

We can test the superstar assumption by comparing the two Gini coefficients
associated to the two members of the mixture. This is easy task in a Bayesian
framework as we have the analytical expression for the Gini in the two pro-
cesses. Let us consider posterior draws indexed by (j) for o and . We can
check for each draw if the following condition is verified:

) 1
Jo2/9) -
2*q>< ol /2) 1> o

The proportion of success is taken as an evaluation of the posterior proba-
bility of this assumption. As the Gini and the coefficient of variation have
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different properties, it might also be useful to compute the proportion of
success for:

1
a(j)(a(j) — 2) ‘

exp(c@?) —1 >

We can finally decompose total inequality in between inequality (between
the two members) and within inequality. For that we have to use a decom-
posable inequality index, such as the coefficient of variation.

5.6 Decomposing inequality

The coefficient of variation is more sensitive to the right-hand tail of a distri-
bution contrary to the Gini coefficient which focuses on changes in the centre
of a distribution. Moreover the coefficient of variation is decomposable while
there is no simple decomposition for the Gini. Here, our sub-populations
are represented by the two members of a mixture: lognormal and Pareto
members. We apply the result of Lubrano and Ndoye (2016) to our case of a
hybrid mixture. This decomposition is made easy because the coefficient of
variation is just a particular case of the generalised entropy index examined
in Lubrano and Ndoye (2016) with:

2GE(2). (8)

The general formula for the Generalised Entropy index and distribution F'

(density f) is:
GE(c) = ﬁ/ KMZCF))C—1] F(a)da. (9)

Considering k exclusive groups, this inequality index can be decomposed into:

ZplccGE (Z lcc_ ) (10)

-~ -~

WithinGE' BetweenGE

where 7; = p;u;/ 2521 pji; represents the wage share of each group, GE’
refers to the Generalised Entropy index for member j and p; corresponds
to the weight allocated to each member of the mixture. As we only have
two components, the respective weight for the lognormal and the Pareto
distributions are p and (1 — p). For the Lognormal distribution and the
Pareto distributions, we have already given the analytical expressions for the
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CV. The CV for our hybrid mixture can be expressed as:

2 2
_ -1 _
CV = E p; 1TJZCV]+§ ( g p; 17‘5—1) ) (11)
i=1

j=1

7 7

Vo Vo
Within Between

Equipped with this decomposition, we shall be able to investigate the impor-
tance of wage inequality and its location.

6 Detecting Superstar Wages among Academics

We apply our mixture model to each category of regular academics in order
to shed light on wage formation, which is certainly different for each of these
categories. We first compare inequality between the two members, using the
draws from the posterior density of the parameters. We then identify which
individuals belong to the lognormal member and which belong to the Pareto
member as a by-product of inference. Once this sample separation is made,
we look at the type of contract which is associated to each type of population.
Using the 2012 data set, we shed light on the dynamics of the individuals,
keeping the same status, being promoted or leaving MSU. For fitting our
hybrid mixture, we use prior information which is detailed and justified in
the appendix, especially for hyg.

6.1 Assistant professors

When fitting our two-member mixture with Ay = 105, we get an estimated
mean wage of the lognormal member of $66 821 with a rather standard
deviation of $570. The mean wage of a recruited assistant professors goes
up to the much higher value of $125 076 with a larger standard deviation of
$5 040 for the Pareto member (roughly twice the previous figure, in fact a
posterior ratio of 1.9). The posterior proportion of high wages is 7%. There
is thus a clear will to recruit two different types of population. The fit of
the model is quite good as the posterior Hellinger distance is 0.075 (0.006).
Figure 1 represents the posterior predictive density (red line) compared to the
histogram and a non-parametric estimate of the wage density (green line).
The difference of wage inequality between the two members is not well
seen when using the Gini coefficient which is mainly representative of the
centre of a distribution. We estimated an identical Gini of 0.116 for the two
members with slightly different standard errors (0.0033 and 0.019 respec-
tively). If we turn to the coefficient of variation, which is more sensitive to
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the right tail of a distribution, we get 0.209 (0.006) for the lognormal mem-
ber and the much higher value 0.276 (0.058) for the Pareto member. The
probability for the second member to display more inequality is 0.91. We
can conclude that there is a superstar phenomenon when recruiting some
assistant professors.

Fit of mixture
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Figure 1: Posterior predictive wage density for Assistant professors

How is this type of wage formation implemented in term of labour con-
tract? Once we have inference results for the mixture, we can allocate each
individual to one of the members on the basis of the posterior expectation of
the parameters. We give our results in Table 9.
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Table 9: Contract types among recruited Assistant Professors

Contract LogNorm Pareto LogNorm Pareto

Numbers Percentage
N 273 34 0.35 0.59
TS 506 24 0.65 0.41
Total 779 58 1.00 1.00

N means fixed term contract, T means tenured, TS means
tenure system, not yet tenured.

Most of the assistant professors are hired with a lognormal wage and
among them a proportion of 65% are on a Tenured System contract. But
their mean recruiting wage is quite low ($66 821). Among the 837 recruited
Assistant professors, 58 had a much higher Pareto wage ($125 076) at the
cost of a fixed term contract for 59% of them. (The proportion of fixed term
contract is 37% for the total population of assistant professors).

Is this recruiting policy successful? Does the university manages to keep
the superstars it has recruited, mainly on fixed term contracts? We can
answer this question, using our next data set. For each individual, we have
looked at his/her status in 2011-2012. We then compute the proportion of
these individuals that have kept the same status, which means that they
are still assistant professors in the academic year 2011-2012, those who were
promoted and finally those who left MSU. We also compute a mean wage
increase over the period.

Table 10: Changes from 2006 to 2012
for Assistant Professors in 2006

Title Assist Asso  Prof Quit Executive Other Wage incr.
Ass. Ln. 0.209 0.414 0.010 0.346  0.017  0.003 1.35
Ass. Pa 0.250 0.233 0.000 0.483  0.035 0.000 1.22

Rows sum to one. The column Ezecutive corresponds to Advisors, Chair, Dean, Di-
rector, Presidence and Provost. The column Other corresponds to Emeritus, Research
Associate and Specialist. Not all categories are represented in each row. Wage cate-
gory (lognormal or Pareto) was determined by averaging inside the Gibbs sampler.

The results displayed in Table 10 show that the majority of those who
were recruited with a high Pareto wage, either were not promoted or left
MSU. When they stayed, their wage increase was moderate. However when
considering executives positions, we observe a higher percentage for Pareto
wages which is linked with one of the remarks made in Hamermesh et al.
(1982) concerning the opportunity of an executive administrative task as a
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mean to get a promotion. On the contrary, assistant professors who were
recruited with a lower lognormal wage had a much greater chance of being
promoted associate professor and even full professor and had a lower chance
of leaving MSU. We can conclude with this dynamic analysis that the new
recruiting policy which is a mix of high wages and fixed term contract was not
very successful, because recruited academics have not so nice perspectives of
promotion and prefer to leave.

6.2 Associate professors

We fit our mixture model with Ay = 130 on our sample of 801 Associate
Professors. On average 737 have a lognormal wage and 64 have a Pareto
wage. The posterior proportion of high wages is 8%. The posterior means
for wages of the two members of the mixture are respectively $82 493 ($710)
and $148 177 (34 920). The posterior ratio between the two means is 1.80,
slightly lower than what it was for assistant professors. So, there is still
a high difference between the two types of wages, but the ratio between
the two has decreased. When comparing the two distributions as displayed
in Figures 1 (assistant professors) and 2 (associate professors), there are not
many differences, the two distributions have quite similar shapes. The model
is fitting well with a posterior mean Hellinger distance of 0.082 (0.006).
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Figure 2: Posterior predictive wage density for Associate Professors

The situation of associate professors reveals to be quite different in term
of contracts as the importance of fixed termed contracts has decreased dra-
matically. Associate professors are supposed to be given the tenure (even if
this is not the case for all of them), as shown in Table 11. The proportion of

Table 11: Contract types among Associate Professors

Contracts LogNorm Pareto LogNorm Pareto

Numbers Percentage
EM 0 1 0.00 0.02
N 67 18 0.09 0.28
T 650 41 0.88 0.65
TS 21 3 0.03 0.05
Total 737 64 1.00 1.00

N means fixed term contract, T means tenured, TS means
tenure system, not yet tenured. EM means executive man-
agement.

tenured is 88% for the lognormal sample while the proportion of fixed term
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Table 12: Changes from 2006 to 2012
for Associate Professors in 2006

Title Assist  Asso  Prof Endow Quit Executive Wage incr.
Asso. Ln.  0.002 0.504 0.243 0.002 0.198 0.051 1.23
Asso. Pa 0.000 0.375 0.219 0.031 0.203 0.172 1.28

Rows sum to one. The column Ezecutive corresponds to Advisors, Chair, Dean, Director,
Presidence and Provost. The column Other corresponds to Emeritus, Research Associate
and Specialist. Not all categories are represented in each row. Wage category (lognormal or
Pareto) was determined by averaging inside the Gibbs sampler.

contract is only 9%. The situation is quite different for the Pareto sample as
only 65% have the tenure while 28% are on a fixed term contract. The sit-
uation has nevertheless changed compared to the assistant professors where
the proportion of fixed term contract was 59% for the Pareto sample.

Posterior Gini coefficients, which are respectively 0.114 (0.003) for the
lognormal member and 0.110 (0.016) for the Pareto member are still not very
useful to compare inequality (the probability that there is more inequality in
the Pareto sample is only 0.37). When we compute the posterior coefficient
of variation, we have 0.205 (0.006) for the lognormal and 0.257 (0.046) for the
Pareto, so that there is still more inequality in the Pareto member, with this
time a probability of 0.89 to find a higher inequality in the Pareto member.
Remember that this probability was 0.91 for assistant professors. So there is
still a higher inequality in the Pareto member, but this difference becomes
weaker. There could still be a phenomenon of superstars, but this fact now
becomes questionable.

The dynamics of status of associate professors is much different than that
of assistant professors. There are still differences of dynamics between the
lognormal and Pareto wages, but these are mainly in term of types of pro-
motion. The probability to become a full professor or to quit become very
similar between the two categories. However, now the lognormal population
has a much higher probability of keeping the same status of associate profes-
sor. In the Pareto sample, those who do not stay associate get an executive
position. Does this now explain the fact that the rate of wage increase for
the Pareto is now slightly higher?

6.3 Full professors

We need to go to the status of full professors in order to get a fully different
picture of wage formation. We fitted our model to our population of 1 201
full professors with hy = 160. Posterior mean wages are respectively $111 191
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($920) and $175 107 ($4 520) for the two members. The difference between
these two posterior means is still significant, but the ratio between the two
has now dropped to 1.6.

All of those who were in the tenure system have now their tenure. Roughly
5% of those who have a Pareto wage also have an executive labour contract
of the University, while those with a lognormal wage have none. The pres-
ence of these EM contract explains the difference in the proportion of tenure
between the two populations. The proportion of fixed term contracts become
negligible.

Table 13: Contract types among Full Professors

Contracts LogNorm Pareto LogNorm Pareto

Numbers Percentage
EM 2 4 0.00 0.05
N 79 6 0.07 0.08
T 1040 70 0.93 0.87
Total 1121 80 1.00 1 .00

N means fixed term contract, T means tenured, EM means
executive management.

The two Gini are 0.124 (0.003) and 0.081 (0.012). The probability to have
more inequality in the Pareto sample according to the Gini index drops to
0.0044. And now even the coefficient of variation is greater for the lognormal
with 0.225 (0.006) than for the Pareto with 0.181 (0.032). The posterior
proportion of Pareto higher wages is 7%, but they can no longer be qualified
of superstar wages as there is definitely less inequality in the Pareto tail.

The wage distribution of full professors, as displayed in Figure 3, has
now a quite different shape than that of the two lower statuses. The model
fits rather well, as the posterior Hellinger distance becomes lower with 0.065
(0.0063). We can thus conclude that at the level of full professors there is
some kind of wage compression. This category is the most represented in
the sample with 1 201 members. This wage compression can be explained
by the fact that we are in a public university. Nevertheless, the American
Association of University Professors reports that for all US Universities (thus
including private universities) all wages increased by 4.2% in nominal terms
over 2006-2007 while for the same period, they increased by only 1.7% for
full professors (AAUP 2007).

Considering the 2011-2012 data set, we see in Table 14 that the wage
increase is higher for the Pareto member. However, even if there wage in-
crease is lower, lognormal professors ensure a lower rate of exit they have
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Figure 3: Posterior predictive wage density for Full Professors

27% chances of quitting MSU, while the rate of exit for Pareto wages is now
33%. Lognormal wages mainly keep the same status (61%). Pareto wages
mostly do not keep the same status (24%). They either become executive or
quit (33%). This is the most striking fact for this population. Hamermesh
et al. (1982) explains this reward as an incentive for professors to engage in
non-scholarly pursuits.

6.4 Endowed chairs

The tournament is not finished. The final prize would be to get an endowed
chair. We have two categories of Endowed Professors. There are 89 Univer-
sity Distinguished Professors and 84 professors scattered among 24 different
Endowed Chairs, presumably named after their donator. Each chair might
have its peculiarities. And as a matter of fact, our simple model does not
manage to grasp all this diversity as the posterior Hellinger distance mea-
suring model fit is now 0.169 (0.017) for our mixture model estimated with
ho = 180. Mean posterior wages are respectively $154 016 ($4 850) and
$190 047 ($5 120) while the mean posterior Pareto wage is only 1.2 times
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Table 14: Changes from 2006 to 2012 for full professors in 2006

Title Prof Endow Quit Executive Other Wage incr.
Prof. Ln. 0.607 0.034 0.271 0.070 0.019 1.10
Prof. Pa  0.238 0.048 0.333 0.333 0.048 1.22

Rows sum to one. The column Ezecutive corresponds to Advisors, Chair, Dean, Di-
rector, Presidence and Provost. The column Other corresponds to Emeritus, Research
Associate and Specialist. Not all categories are represented in each row. Wage cate-
gory (lognormal or Pareto) was determined by averaging inside the Gibbs sampler.

the mean of the lognormal wage. In the lognormal subsample, there is a
large variance, much higher than for the previous statuses. The posterior
proportion of Pareto wages is now 0.31, which is the highest of our study.
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Figure 4: Posterior predictive wage density for Endowed Chairs

Inequality within each group has decreased because the two Gini coeffi-
cients are respectively 0.117 (0.0085) and 0.069 (0.013) and the probability
that there is less inequality in the first group than in the second becomes now
negligible with 0.0064. The coefficient of variation gives the same discrepancy
with 0.211 (0.016) for the lognormal and 0.151 (0.034) for the Pareto with
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Table 16: Changes from 2006 to 2012 for Endowed Professors in 2006

Title Prof Endow Quit Executive Other Wage incr.
Endow. Ln. 0.038 0.547  0.340 0.038 0.038 1.19
Endow. Pa  0.042 0.563 0.188 0.146 0.063 1.17

Rows sum to one. The column Ezecutive corresponds to Advisors, Chair, Dean, Di-
rector, Presidence and Provost. The column Other corresponds to Emeritus, Research
Associate and Specialist. Not all categories are represented in each row. Wage cate-
gory (lognormal or Pareto) was determined by averaging inside the Gibbs sampler.

an equally low probability of having more inequality in the Pareto member.
So the Endowed Chairs are a specific category as seen on Figure 4. Wage
compression is even more severe here than in the category of full professors.

Table 15: Contract types among Endowed Chairs

Status LogNorm Pareto LogNorm Pareto

Numbers Percentage
EM 0 1 0.00 0.01
N 6 2 0.05 0.03
T 112 52 0.94 0.96
Total 119 54 1.00 1.00

N means fixed term contract, T means tenured, EM
means executive management.

Both lognormal and Pareto wages correspond to a Tenured position in
95% of the cases. The proportion of EM contract is negligible. And the
proportion of fixed term contract is the lowest of all the different statuses.
It seems that the policy of high wages with fixed term contracts comes to an
end with endowed chairs.

Is the status of Endowed Chair a terminal point in the career? A dynamic
analysis gives a mitigate answer. For both types of wages, 4% of endowed
professors have lost their privileged status and when back to the status of
simple full professor while 55% keep their status. A larger proportion of log-
normal wages quit MSU (34%) while a significant proportion of Pareto wages
have taken an executive position (15%). This choice seems to be forbidden
for lognormal wages (4%). Compared to full professors, the possibility of
taking an executive position has dropped by half for both types of wages.
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6.5 Academic wage formation: A synthesis

We regroup in Table 17 inference results for the dispersion parameters of the
lognormal and Pareto members for each status as well as the proportion p of
lognormal wages. We report also mean wages for each categories in order to
have an overview.

Table 17: Wage compression for academics

Status Lognormal Pareto P
mean o CV mean @ CcvV
Assistant 66 821  0.043 0.209 125076 4.91 0.276 0.93
Associate 82493 0.041 0.205 148 177 5.13 0.257 0.92
Full 111191 0.049 0.225 175107 6.77 0.181 0.93
Endowed 154 016 0.044 0.211 190 047 8.00 0.151 0.69

The lognormal wage corresponds clearly to the tournament theory as it
increases at a greater speed when we climb the ladder. The Pareto wage,
which should correspond to a superstar wage, still increases with the lad-
der, but at a much lower speed. The Pareto coefficient increases, which
corresponds to a decreasing Gini coefficient and a decreasing coefficient of
variation. There is thus a phenomenon of wage compression for the highest
paid professors. There is a kind of invisible limit in the top wage that can
be paid. Starting from the full professor status, most of the inequality lies in
the lognormal part of the distribution. So wage differentiation is not done in
the highest part, but in the lowest part of the distribution. This is a kind of
reverse mechanism than the superstars.

In order to analyse wage inequality, we now compute the coefficient of
variation for the whole distribution per status category and express it a sum
of within and between inequality, taking into account weights. Table 18
provides the results.

Table 18: Wage inequality decomposition
using a Coefficient of Variation

Status Total Within Between

Assistant  0.255 (0.019)  0.233 (0.016) 0.022 (0.004)
Associate 0.247 (0.017) 0.226 (0.014) 0.021 (0.004)
Full 0.232 (0.012) 0.222 (0.008) 0.010 (0.002)
Endowed 0.198 (0.005) 0.195 (0.012) 0.003 (0.002)

First of all, total inequality strongly and regularly decreases as we climb
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the ladder. This movement is mainly explained by the within inequality,
which constitutes the most important component. The between inequality
follows the same decreasing movement, but in general constitutes one tenth
or less of the within inequality. This is another clue for wage compression.

Let us now summarise the temporal evolution of statuses and wages in
Table 19.

Table 19: Status changes from 2006 to 2012

Status Same Change Exit Wage
status  status  Michigan increase
Assistant Ln  0.21 0.44 0.35 1.35
Assistant Pa  0.25 0.27 0.48 1.22
Associate Ln  0.50 0.30 0.20 1.23
Associate Pa 0.38 0.42 0.20 1.28
Prof Ln 0.61 0.12 0.27 1.10
Prof Pa 0.24 0.43 0.33 1.22
Endowed Ln  0.55 0.11 0.34 1.19
Endowed Pa  0.56 0.25 0.19 1.17

Numbers represent probabilities. Change status means most of
the time that the academic is either promoted or gets an execu-
tive position. For seniors, it can mean becoming emeritus. Wage
category (lognormal or Pareto) was determined at the mean value
of the parameters.

For all wages, we have a mean increase of 3.5% per year, which is in
accordance with the figures published by the AAUP. For assistant professors,
the lognormal wages increases much more than Pareto wages, which certainly
explains the high rate of exit of the Pareto wages for this category. Then,
there is a general wage compression as we climb the ladder. Concerning the
evolution of statuses, Pareto wages have a privileged trajectory as becoming
an executive becomes a more and more likely promotion as we climb the
ladder. It might be interpreted as being an instrument for the University to
prevent good academics from leaving MSU. This does not seem to be working
for endowed chairs.

7 Conclusion: Where are the Superstars?
We did not manage to identify a superstar phenomenon, except for some

assistant professors and marginally for some associate professors. So where
are the superstars, where should we look for them? We have ignored a
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very particular category as it does represent regular academics. However,
this category could stigmatise the superstar characteristics and it has been
done so in the press, the category of sport coaches. Sport and athletics
have a peculiar importance in American Universities. A prominent athletics
program is often the strongest marketing device that the university has. A
team being able to compete at the national level draws a lot of attention,
which brings large benefits when it comes to the point of raising outside
money, either public subsidies or private funds. Michigan State University
has an athletic team called the Spartans. It managed to be quite effective in
football, hockey and basketball as it has won a national title several times.
Those teams are led by teams of coaches. Let us materialise their mean and
maximum wages in Table 20 for 2006.

Table 20: Sport coaches in 2006

Title N Mean wage Max wage Gini
Assistant to head coach 3 30 081 33 000 0.048
Associate head coach 7 41 672 53 045 0.086
Head coach 14 64 444 97 850 0.098
Assistant coach 37 78 733 206 000 0.361
Coach 5 257 217 400 000 0.211

N means fixed term contract.

This Table reveals huge differences between the average wage of an assis-
tant to head coach and the maximum wage of a coach. However, coaches
share the common characteristics of having a fixed term contract. Top
coaches, depending on their role and performance can earn a lot of money.
They are nationwide famous. For instance, Thomas Izzo is the head men’s
basketball coach and report an annual wage of $339 480 in our 2006 data
base while John Smith was the head coach for football and reports an annual
wage of $400 000. These wages are among the highest reported in our data
base, much higher than those of any professors.”

Considering coaches mobility between 2006 and 2012, we can observe with
Table 21 that their mean wage has increased between 2006 and 2012 in the
same way as for Associate Professors for those who stayed. However, the
newcomers experience a much higher mean wage. It is only a new comer
that manages to get the highest wage which is roughly twice the maximum
wage of the stayers. We observe here an external competition for coaches,
which is the very characteristics of a superstar phenomenon. Universities

9However these figures are nothing compared to the figures recently reported in the
press (Forbes, May 5, 2012) where Thomas Izzo was reported earning a total of $3.5
millions.
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Table 21: Coach wages dynamics

Group Mean SD Gini  V.C. Max Nber
2006 83070 71.08 0.392 0.849 400.00 66
2012 112 150 113.33 0.447 1.00 666.25 70

2012|2006 90 750  72.94 0.326 0.788 390.87 26
New 2012 124 800 130.68 0.480 1.035 666.25 44

The last column indicates the total number of individuals in each cate-
gory. The 2012 line is decomposed between those who stayed (2012|2006)
and those who are new comers (New 2012).

want to attract best coaches and remuneration is an incentive for coaches to
choose the MSU rather than another university. Newcomers have an income
more than 25% bigger as the one of those who stayed between 2006 and
2012. They also are more numerous. Another point that is characteristic of
a superstar pattern is the high inequality existing within this status with a
high Gini coefficient and a coefficient of variation substantially higher than
for other statuses, pointing out the high inequality at the right-hand tail
of the distribution. We get the highest Gini coefficient of any category for
new comers with 0.480. This phenomenon is amplified if we consider the
coefficient of variation.
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APPENDIX

A Bayesian Inference for the Hybrid Mixture

A.1 Bayesian inference for the lognormal process

Density and moments of the lognormal distribution were given above. The
likelihood function is conveniently written as follows in order to have a nice
combination with the prior:

L(p,0’|z) = <H (xi)*) (27m) 20, exp —2%2 > (logz; — p)?

i=1 =1

n 1
o< o7t exp—o—y Z(logmi —p)?

1
1
x o "exp—— (s> +n(u—1)?), 12
s (5l — 2)?) (12)

where ] ]

- _ , 2 _ + 202

:B—nZlogx, s _nZ(IOgIZ 7))

(2 7

are two sufficient statistics. We can neglect the Jacobian ([];_; (x;)7'), as
Bayesian inference in the log normal process proceeds in the same way as
for the usual normal process, see e.g. Lubrano and Ndoye (2016). In par-
ticular, we have natural conjugate prior densities for u and 2. We select a
conditional normal prior on p|o? and an inverted gamma2 prior on o

)

m(ulo®) = fy(plpo, 0 /no) o< o~ exp —ﬁ(ﬂ — 110)?, (13)
m(0?) = fn(0®|v, s0) ox o~ 0P eXP—%' (14)

The prior moments are easily derived from the formulae given in Appendix
A of Bauwens et al. (1999):

1 1
Balo?) = B(u) =, Var(ulo?) = -0?  Var(e) = -0 15)

o
&
(vo —2)* (v — 4)
Let us now combine the prior with the likelihood function to obtain the joint
posterior probability density function of (i, o) in such a way that we can

isolate the conditional and marginal posterior density of the parameters:

B(o?) = % Var(o?) =

(16)

1
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As we are in the natural conjugate framework, we can identify the parameters
of the product of an inverted gamma2 in o2 by a conditional normal density in
p|o?. After some algebraic manipulations, the conditional normal posterior
of the latter is:

m(ulo®,x) o< o7 exp—o— ((nopo +n)/n.)

o fu(plps, 0®/ns),

with
ne = ng +n, e = (nopto + nT) /N

Then the marginal posterior density of p is Student with

m(ulz) = filplpe e 1),

o [s4 + na(pp — )27V, (17)
where nem
_ — 2 0 _=\2
Ve = 1+, S, =50+s +n0+n(uo T)”.

The posterior density of o2 is given by:

1
7T(0’2|£B) x o (ntro+2) exp e (50 + 82+ nn(j_’bn (1o — :L’)2) ’
0

o fir(0®|ve, s1). (18)

The posterior densities of p and o2 belong to well known families. Their
moments are obtained analytically and no numerical integration is necessary.

A.2 Bayesian inference for the Pareto process

Density and moments of the Pareto distribution were given above. The
two sufficient statistics are min(z) and »_ log(z;/h). Bayesian inference, as
provided by Arnold (2008) requires a Gibbs sampler. As a matter of fact, the
Pareto process does not belong to the exponential family, but conditionally
on h or conditionally on «, it does. So it is possible to find natural conjugate
priors for a and h, provided we write the likelihood function in the following
form:

L(z;a,h) = a™exp {—(a +1) Z log(z;) + anlog(h)} 1(xay > h).

Following Arnold and Press (1983), we propose to use an independent prior
p(a, h) = p(a)p(h). When h is known, log(x/h) is distributed according to
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an exponential distribution, so that the natural conjugate prior for « is the
Gamma density with vy degrees of freedom and as scale parameter ay:

p(alvg, ap) o< a®texp(—aag), E(a) = vy/ag, Var(a) = vy/ad.
The conditional posterior of o given h is:
palh, ) o< a0 exp —a(z log(x;) + ap — nlog(h)).
This is a Gamma density G(a, V) with:
Vi =1p+Mn oz*:ozo—ierog(xi/h).

When « is known, the conjugate prior for h is a Power function with shape
parameter 7y and scale parameter hg:

p(hlvo, ko) = 7o hg R L(h < hy).

The conditional posterior of h given « is obtained by neglecting all the ele-
ments which are independent of A in the product of the likelihood function
times the prior:

(|2, @) oc 22T (2, < 23)1(h < ho).
We identify a Power function density PF (4, h,) with parameters:
Y« = Yo + na h, = max(min(z;), ho).

We note that the support of the conditional posterior density h, depends on
the minimum value of the sample and on the value of hg. Collecting these
results, inference on a and h is conducted using a Gibbs sampler as we do
not know the expression of the joint posterior density of a and h.

A.3 A Gibbs sampler

The implementation of the inference procedure for the mixture is provided
by the following Gibbs sampler algorithm:

e Choose prior values for the lognormal (g, no) (normal) , (so, ) (in-
verted gamma2)

e Choose prior values for the Pareto (g, 79) (gamma) , (7o, Zmo) (power
function)
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Choose prior values for the Dirichlet (n1g, ngg)

Initialise the prior probability Pr(z; = 1)

e Draw z = 1(U < Pr(z; = 1)) where U is a uniform of dimension n

e Estimate p as ny/(ny + ng)
e Initialise: @ = ag, h = hg
e Start the Gibbs loop

— Compute the sufficient statistics for the first lognormal member
and the second Pareto member

— Combine the sufficient statistics with the prior parameters
— Draw p as a Beta random variable

— Draw o2 from an IG2

— Draw p|o? from a normal

— Draw alh from a gamma

— Draw h|a from a power function

— Store the draws
e Ends the Gibbs loop

e Compute summary statistics

A.4 Prior information

We have tried to use an identical prior information for the different mixture
members, except of course for h. For the prior of the lognormal member, we
have chosen for u

1
my = — Zlog(x), ng =1,

and for o2
Sp — 05, vy = 5.

The prior information on g is sample based (which is often the case for
mixtures), but its prior standard deviation can be made large with the prior
on o2

For the prior on p, we choose 5 and 1 as the degrees of freedom of the
Beta prior, which means a prior expectation of 0.83. The prior on A is a
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power function. hy was specific to each category and was determined by the
shape of a non-parametric estimate of the wage density. The value chosen
for hy corresponded to the location of a bump in the graph, bump where a
Pareto member could start. The other parameter of the power function was
set equal to 1. For the gamma prior on «, the Pareto coefficient, we chose

Oé(]:l, 1/0:4

which corresponds to a prior expectation of 4. To run the Gibbs sampler,
we discarded the first 5 000 draws to warm the chain and then kept the next
5 000 draws. In order to ease the presentation of the results and the graphs,
we shall divide all the annual wages by 1 000, which means that the unit will
be in thousands of dollars.
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