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[1] these awesome cartoons copyright Jorge Cham, via PhDComics.com

faculty

http://PhDComics.com


• faculty research agendas shape what discoveries are made

• faculty train students and postdocs

• faculty have long careers

• faculty are numerous

faculty play a special role in the scientific workforce

[1] these awesome cartoons copyright Jorge Cham, via PhDComics.com

http://PhDComics.com


but: 

•who hires whose graduates as faculty? 

•what does the "system" of faculty production look like?

•what predicts faculty placement?

•where are there inequalities in this system?

•what are their consequences? what drives them?

[1] these awesome cartoons copyright Jorge Cham, via PhDComics.com

http://PhDComics.com


  

who hires whose graduates as faculty? 





collect all the data 

complete, hand-curated data for 

19,000 tenure-track faculty   

across 461 departments in

•Computer Science (205 depts)

•Business (112)

•History (144)

roughly 4000 hours of manual data 
collection

[1] CS data from 2011, Business schools from 2012, History from 2013
[2] all data from public sources, mainly faculty CVs and homepages
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X
= 18, 924

collect all the data

Computer Science Business History
institutions 205 112 144

tenure-track faculty 5032 9336 4556
mean size 25 83 32

Full Professors 2400 (48%) 4294 (46%) 2097 (46%)
Associate Prof. 1772 (35%) 2521 (27%) 1611 (35%)
Assistant Prof. 860 (17%) 2521 (27%) 848 (19%)

female 15% 22% 36%
PhDs in-sample 87% 84% 89%
collection period 5/11 – 3/12 3/12 – 12/12 1/13 – 8/13
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nearly closed hiring systems



faculty market is a network 

• vertices are PhD-granting universities

• consumers        producers 

•    hires from    , add an edge

$
u ! vuv



MIT

Stanford

UC Berkeley

Carnegie Mellon

Cornell

Washington

Caltech

Harvard

Yale
Princeton

faculty market is a network 

• vertices are PhD-granting universities

• consumers        producers 

•    hires from    , add an edge

$
u ! vuv

[1] actual exchanges of 267 faculty among 10 elite CS departments, from our 2011 data, without self-hires



explore the data yourself:
http://danlarremore.com/faculty/

http://danlarremore.com/faculty/


huge inequalities in faculty production
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•0.69, 0.62, 0.72

50% of faculty from 

•18, 16, 8 universities

net producers  

•24%, 36%, 18%

1-10 producers vs. 

•11-20  :  1.6,  2.1,  3.0x more
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[1] order: CS, Business, History
[2] U.S. Income Gini coefficient = 0.45

huge inequalities in faculty production



a prestige hierarchy 

•difficult to talk about inequalities in academia 
without talking about rankings

• let’s extract a data-driven ranking from the network



a prestige hierarchy
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a prestige hierarchy

MITStanford

UC Berke
ley

Carnegie Mellon

Cornell
Washington

Caltech
Harva

rd
YalePrinceton

• select permutation (a ranking)     that minimizes the number of     
"rank violations"  :  edges            where

•higher-ranked nodes have greater "placement power"

•equivalent to minimum feedback arc set problem (NP-hard)

⇡

[1] these "MVR"s have a deep history in social theory for extracting dominance or prestige hierarchies from data, especially in animal behavior
[2] MFAS: find the set of arcs of minimum cardinality whose removal converts a directed graph G into a directed acyclic graph
[3] there are many equivalent MVRs for our network. we sample these using a zero-temp MCMC, and average across them to obtain

(u, v) ⇡v < ⇡u

h⇡i



•given an ordering     with               rank violations on network

• repeat ad infinitum: choose a pair          , swap their ranks                 to 
obtain     , compute               , accept change if  

• for instance:
MIT

Stanford

UC Berkeley

Carnegie Mellon
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Washington

Caltech

Harvard

Yale
Princeton

⇡

(u, v)

 (⇡, A) A
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⇡u $ ⇡v
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•given an ordering     with               rank violations on network
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•given an ordering     with               rank violations on network

• repeat ad infinitum: choose a pair          , swap their ranks                 to 
obtain     , compute               , accept change if  

• for instance:

⇡

(u, v)

 (⇡, A) A

⇡0  (⇡0, A)  (⇡0, A) �  (⇡, A)
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a prestige hierarchy 

•what do these prestige hierarchies look like?

•what do they tell us about the structure of faculty hiring?

•what predicts placement?
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Computer Science

prestige rankings correlate with USNews and NRC 

•here, prestige     quantifies placement power

•uncertainty increases as prestige decreases

• similar results, but different orderings for Business and History

⇡

[1] uncertainties derived from the set of MVRs



most placements are down the hierarchy
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•           = 47, 27, 42 steps 
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•CS: top 15% of 
departments produce 68% 
of their own faculty

and hire 7% from outside 
top 25% of departments

h�⇡i

[1] order: CS, Business, History



what predicts placement? 

• compare 10 single features: 

prestige
US News rank
NRC rank
out-degree
in-degree
out/in degree
eigenvector centrality
harmonic centrality
closeness centrality
random



what predicts placement? 

• prestige best single predictor in all 3 fields

•order of other features varies by field

•AUCs all below 0.67 = plenty of room for improvement
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prestige correlates with network position 

• core and periphery
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prestige correlates with network position 

• core and periphery  homeland and colonies

• prestige is influence, via doctoral placement, over research agendas, 
research communities, and departmental norms across the discipline
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inequality and prestige hierarchies 

• prestige is influence, via doctoral placement

• faculty flow out of core, into periphery ("the colonies")

• small fraction stay inside core

•only ~10% of hires flow "upstream"
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future work 

• how to measure cultural influence of core departments?

•what is different about "upstream" hires?

•what role for other inequalities  :  gender, ethnicity/race, SES, 
neighborhood effects, productivity, etc.?
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18% of bachelors degrees
20% of doctoral degrees
20% of industry positions

15% of CS faculty positions

women are dramatically under-represented in computing

[1] National Center for Education Statistics (2011 data)
[2] Reliably industry-wide estimates are hard to come by, but see http://cnet.co/1GZh268 
[3] Clauset, Arbesman, Larremore, Science Advances 1(1), e1400005 (2015)

http://nces.ed.gov/programs/digest/2013menu_tables.asp
http://cnet.co/1GZh268
http://advances.sciencemag.org/content/1/1/e1400005


what role does gender play in CS faculty hiring?



what role does gender play in CS faculty hiring?

• learn a model of CS faculty hiring for all placements 1970-2010

via logistic regression (adapted for non-independence of hires)

• consider 6 factors:

gender
postdoc training
changing in geographic region
doctoral prestige
prestige difference
scholarly productivity



• learn a model of CS faculty hiring for all placements 1970-2010

via logistic regression (adapted for non-independence of hires)

• consider 6 factors:

gender
postdoc training
changing in geographic region
doctoral prestige
prestige difference
scholarly productivity

what role does gender play in CS faculty hiring?



•publication records (titles, dates, etc.) for 95.1% of sampled faculty

•mean number of pubs prior to first faculty appointment is 11.3 
(but distribution has a heavy tail)

•and, mean varies by subfield

faculty productivity data



•use a topic model to learn subfields from all pre-hire paper titles:

• for each subfield, we tabulated a distribution over paper counts, 
weighted by each faculty’s inferred emphasis in that field

• for each faculty, we computed a   -score for their productivity 
relative to their subfield mixture

z ⇢i



fitting the model



fitting the model

•we learn weights      for our 
covariates by minimizing 
placement error (with L1 
regularization)

• add covariates one-by-one, 
in greedy fashion, with 
gender added last

~w

[1] fitting done by Nelder-Mead

err =
1

m

mX

i=1

[O(ui)�M(ui)]
2
+ �

X

k

|~wk|



fitting the model

•we learn weights      for our 
covariates by minimizing 
placement error (with L1 
regularization)

• add covariates one-by-one, 
in greedy fashion, with 
gender added last

~w

[1] fitting done by Nelder-Mead

err =
1

m

mX

i=1

[O(ui)�M(ui)]
2
+ �

X

k

|~wk|



• adding gender does not improve placement 
accuracy

• three possibilities:

1. gender is irrelevant to hiring decisions

2. we modeled gender’s effect incorrectly

3. gender’s effect is included in the other 
variables [see footnotes]

system-level results

[1] since 2002, men postdoc at equal rates to women (about 28%). prior to 2002, women postdoc’d at greater rates than men (28% vs. 16%)
[2] post-2002, women with postdocs are as productive as men without postdocs; men with postdocs are significantly more productive than women with postdocs



institutions and individuals

•use our learned model to simulate hiring patterns for each institution 
over 1970-2010

• compare actual vs. expected number of female hires

simulated 
distribution of hires

observed count 
in 2011

1000 simulated 
histories of hiring



institutions and individuals

•use our learned model to simulate hiring patterns for each institution 
over 1970-2010

• compare actual vs. expected number of female hires

• for top 50 institutions,   
an oscillation:

an interference effect? 
from non-independence 
of hiring

and, two distinct pools 
of candidates

[1] the errors our model makes are interesting, and non-uniform. for instance, men and women tend to exceed the model’s expectations at similar rates; but, for under-
performing individuals, men tend to fall short of expectations by a wider margin. furthermore, people with postdoc training tend to exceed the model’s expectations, but 
women with postdoc experience tend to exceed expectations by a wider margin than do men

} }
} }



gender parity



gender parity

•where is the CS faculty gender ratio going?

• from our 40 years of observable data, the trend is toward parity

• ratio increases by 0.43% per year

[1] 1992 was a genuine outlier, with 21 of 59 (36%) hires being women; mean of 3 years before and after were 10% and 18%
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• from our 40 years of observable data, the trend is toward parity

• ratio increases by 0.43% per year

• linear extrapolation: gender parity in new hires around 2075

can we change this?!
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gender parity

•where is the CS faculty gender ratio going?

• from our 40 years of observable data, the trend is toward parity

• ratio increases by 0.43% per year

• linear extrapolation: gender parity in new hires around 2075

can we change this?!

[1] mean gap between PhD and faculty gender ratios over 40 years is only 1%, which was large in the 70s, but is more modest in the 2000s
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the scientific workforce 

• common inequalities and hierarchical structure across disciplines

• prestige is cultural influence, via doctoral placement

• prestige predicts* placement

•dominant core-periphery structure (homeland vs. colonies)

•other fields? interdisciplinary work? upstream hires?



the scientific workforce 

• common inequalities and hierarchical structure across disciplines

• prestige is cultural influence, via doctoral placement

• prestige predicts* placement

•dominant core-periphery structure (homeland vs. colonies)

•other fields? interdisciplinary work? upstream hires?

gender’s role in faculty hiring 

• no systematic effect alone

• correlates with productivity, postdocs, geography (which are effects)

• interference effect in hiring

• "core" departments drive gender ratios everywhere

•what about other inequalities? other fields?

[1] women with a postdoc are as productive as men without a postdoc; since 2002, men/women postdoc at similar rates (28%), implying 
that most female applicants today will appear less productive than most male applicants
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NETWORK SC I ENCES

Systematic inequality and hierarchy in faculty
hiring networks
Aaron Clauset,1,2,3* Samuel Arbesman,4 Daniel B. Larremore5,6

The faculty job market plays a fundamental role in shaping research priorities, educational outcomes, and career
trajectories among scientists and institutions. However, a quantitative understanding of faculty hiring as a system is
lacking. Using a simple technique to extract the institutional prestige ranking that best explains an observed faculty
hiring network—who hires whose graduates as faculty—we present and analyze comprehensive placement data on
nearly 19,000 regular faculty in three disparate disciplines. Across disciplines, we find that faculty hiring follows a
common and steeply hierarchical structure that reflects profound social inequality. Furthermore, doctoral prestige
alone better predicts ultimate placement than a U.S. News & World Report rank, women generally place worse than
men, and increased institutional prestige leads to increased faculty production, better faculty placement, and a
more influential position within the discipline. These results advance our ability to quantify the influence of prestige
in academia and shed new light on the academic system.

INTRODUCTION
Faculty hiring is a ubiquitous feature of academic disciplines, the result
of which—who hires whose graduates as faculty—shapes nearly every
aspect of academic life, including scholarly productivity, research prior-
ities, resource allocation, educational outcomes, and the career trajec-
tories of individual scholars (1–4). Despite these fundamental roles, a
clear and systematic understanding of the common patterns and effi-
ciencies of faculty hiring across disciplines is lacking.

From the institutional perspective, faculty hiring is an implicit as-
sessment: when an institution u hires as faculty the graduate of another
institution v, u makes a positive assessment of the quality of v’s teach-
ing and research programs. Similarly, when an individual accepts a job
offer from u, he or she makes a positive assessment of u’s quality. As a
collection of such pairwise assessments, a discipline’s faculty hiring
network (Fig. 1) represents a collective assessment (5) of its own
educational and research outcomes. When institutions are unequally
successful in faculty placement, achieving more placements at other
successful institutions implies a more positive collective assessment of
that institution’s outcomes.

Differential success rates in such competitions are a hallmark of so-
cial hierarchy, which may emerge from either physical dominance or
social prestige mechanisms (6). Among academic institutions, physical
dominance may be neglected, leaving social prestige, in which less
prestigious institutions seek to emulate the successful behaviors of
more prestigious institutions in an effort to bolster their own prestige
(7, 8). In this context, prestige in faculty hiring is an operational var-
iable that encompasses differences in both scholastic merit and non-
meritocratic factors such as social status or geography. If such factors
are irrelevant, then prestige is equivalent to merit. More realistically,
nonmeritocratic factors play a role, and the greater their importance,
the lesser the correlation between prestige and merit.

Objectively measuring institutional prestige is complicated by the
fact that it depends on interactions between institutions and on sub-
jective evaluations, among other factors. Classic approaches, such as the
authoritative rankings by the U.S. News & World Report and the Na-
tional Research Council (NRC) (9), quantify institutions independent-
ly, omitting the impact of interactions like joint initiatives, research
collaborations, graduate admissions, or faculty hiring. Such rankings
are also widely criticized (10, 11) for emphasizing educational inputs,
like reputation, wealth, and “selectivity,” rather than educational out-
puts. In contrast, faculty hiring networks simultaneously represent in-
teractions and expert assessments of outcomes, which enables an effective,
quantitative approach by which to characterize the impact of prestige,
identify large-scale patterns in hiring, and shed light on the relative
roles of merit and status.

Here, we investigate the structure of faculty hiring networks using
complete and hand-curated data on the placements of nearly 19,000
tenure-track or tenured faculty, among 461 North American departmental
or school-level academic units, in the disciplines of computer science,
business, and history (see Supplementary Materials and table S1). These
disciplines represent highly distinct scholastic traditions, which provide a
broad basis for characterizing general patterns in faculty placement in ac-
ademia. Institutions in our sample were selected from comprehensive
lists of Ph.D.-granting academic units within each discipline. To be present
in our data, a faculty member must have received his or her doctorate
from and held at the time of sampling a faculty position at one of the
in-sample institutions. Of the faculty sampled, 86% met these criteria,
indicating a nearly closed doctoral ecosystem among these institutions.

To these data, we apply a novel network-based technique for extract-
ing a prestige hierarchy that best explains the observed hiring decisions.
Across disciplines, we show that faculty hiring follows a common and
steeply hierarchical structure that reflects profound social inequality
among institutions. Furthermore, we show that (i) doctoral prestige alone
better predicts ultimate placement than authoritative rankings from the
U.S. News &World Report and the NRC, (ii) female graduates generally
place worse than male graduates from the same institution, and (iii) in-
creased institutional prestige leads to increased faculty production, better
faculty placement, and amore influential position within a discipline. These
results advance our ability to quantify and understand the systematic

1Department of Computer Science, University of Colorado, Boulder, CO 80309, USA.
2BioFrontiers Institute, University of Colorado, Boulder, CO 80303, USA. 3Santa Fe
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Gender, Productivity, and Prestige in Computer Science Faculty Hiring Networks

Samuel F. Way,1, ⇤ Daniel B. Larremore,2, † and Aaron Clauset1, 3, 2, ‡

1Department of Computer Science, University of Colorado, Boulder CO, 80309 USA
2Santa Fe Institute, Santa Fe NM, 87501 USA
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Women are dramatically underrepresented in computer science at all levels in academia and ac-
count for just 15% of tenure-track faculty. Understanding the causes of this gender imbalance
would inform both policies intended to rectify it and employment decisions by departments and
individuals. Progress in this direction, however, is complicated by the complexity and decentralized
nature of faculty hiring and the non-independence of hires. Using comprehensive data on both
hiring outcomes and scholarly productivity for 2659 tenure-track faculty across 205 Ph.D.-granting
departments in North America, we investigate the multi-dimensional nature of gender inequality in
computer science faculty hiring through a network model of the hiring process. Overall, we find that
hiring outcomes are most directly a↵ected by (i) the relative prestige between hiring and placing
institutions and (ii) the scholarly productivity of the candidates. After including these, and other
features, the addition of gender did not significantly reduce modeling error. However, gender di↵er-
ences do exist, e.g., in scholarly productivity, postdoctoral training rates, and in career movements
up the rankings of universities, suggesting that the e↵ects of gender are indirectly incorporated
into hiring decisions through gender’s covariates. Furthermore, we find evidence that more highly
ranked departments recruit female faculty at higher than expected rates, which appears to inhibit
similar e↵orts by lower ranked departments. These findings illustrate the subtle nature of gender
inequality in faculty hiring networks and provide new insights to the underrepresentation of women
in computer science.

Keywords: network analysis, modeling, gender, social dynamics, employment networks, data science

I. INTRODUCTION

Women continue to be dramatically underrepresented
in computer science, receiving only 18% of bachelors’
degrees and 20% of doctorates in 2011,1 and are esti-
mated to hold fewer than 20% of technical positions in
the computing industry.2 Women are especially under-
represented in the professoriate, making up only 15% of
tenured or tenure-track faculty in computer science de-
partments [1]. Understanding the causes of gender im-
balance in faculty hiring would illuminate the underlying
social processes that shape academic disciplines, and fa-
cilitate e↵orts both to support equal opportunities and
to address the many non-meritocratic di↵erences in male
and female faculty experiences [2–4]. These di↵erences
include disparities in tenure rates, competency evalua-
tions, remuneration, allocation of research facilities, and
grant competitions. Rectifying these di↵erences and im-
proving the gender balance in computer science would
serve not only to advance social justice but would also
promote the sort of diversity in skills and research ap-
proaches that has been found to improve group perfor-
mance [5], particularly in innovation-focused industries
[6].
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Much of the past research on gender imbalance among
faculty has focused on the “leaky pipeline,” the name
given to the observation that women leave science, tech-
nology, engineering and mathematics (STEM) fields at
greater rates than men at every stage of an academic
career, from grade school to full professor [7]. At the
faculty hiring stage of the pipeline, several experimen-
tal studies have aimed to identify the causes of gender
imbalance [8–10]. However, these have yielded inconsis-
tent, even contradictory findings, and little past work has
focused specifically on computer science.

Essentially, faculty hiring is a community-based com-
petitive process of subjective expert evaluations un-
der conflicting and evolving preferences; that is to say,
it’s complicated. These features, along with the non-
independent nature of hiring outcomes, make it di�cult
to reliably assess the presence and source of real biases.
Here we investigate the role of gender in faculty hiring in
computer science using a novel network model of the hir-
ing process itself, across institutions and time. We then
use this model to study the hiring histories of individ-
ual institutions and the experiences of individual faculty.
We train this model using comprehensive data on the hir-
ing outcomes, scholarly productivity, and gender of 2659
tenured or tenure-track faculty across all 205 computer
science Ph.D.-granting departments in the United States
and Canada [1].

Many studies have found evidence of gender bias in
academia. For instance, male faculty in the life sci-
ences tend to train fewer female graduate students and
postdocs, relative to female representation in the pool of
trainees [11]. This tendency is more pronounced at elite
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