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Abstract

I look for divisions to clusters among academic departments in three
disciplines: economics, mathematics, and comparative literature. | define
clusters as subsets of departments with unexpectedly little hiring across the
cluster lines. The division within economics is by far the strongest, is con-
sistent with anecdotal evidence about "Freshwater" and "Saltwater" schools
of thought, and has been stable over time. There is also a significant division
within comparative literature, but the hiring patterns between top mathemat-

ics departments are consistent with random matching. (A14,B29,121,J44)
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to a randomly selected current faculty member. The “winner” of the draw then
sends theag to his doctoral Alma mater, where another raffle takes place, and so
on. Under repeated play, the probability that the tag is held by a current faculty

member of departmentapproachesg;.

Robustness The influence measure in Table 3 is based on nearly complete
data on faculty at PhD-granting institutions in the US. | interpret the actual place-
ments as realizations of random draws from underlying transition probabilities.
As influence is very unevenly divided, one or two placements in a top program can
increase the ranking of an otherwise weak department quite'& Bhe median
and the confidence intervals for the rank by influence show the degree to which
the rankings are dependent on individual (sometimes lucky) placements. These
were obtained by bootstrap, where each professor was treated as an observation,
i.e., a combination of an alma mater and a current employer. The bootstrap used
10000 resamplings, where each resampling was a set of 3174 professors drawn
with replacement from the actual population of 3174. The lower bounds indicates
how many departments are outranked in a pairwise sense in at least 95% of re-
samplings (similarly 5% for the upper bound). For example, MIT ranked above
Harvard in 54.9% of resamplings, while both ranked above all other departments
over 99% of the time. Hence MIT and Harvard form a robust top 2 but their rel-
ative rank is not robust. In general, the rankings are much less robust for lower
ranked departments, as well as for a few departments whose influence is largely
based on a small number of top placements. (The lower bound is left empty for

departments that didn’t outrank anyone in at least 95% of the resamplings.) The

18For example, the most valuable placement in economics is to MIT, where it conveys

17.120/37 ~ 0.46 percentage points of influence weight to the alma mater.
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ranking by influence is better described as a pyramid than a pecking order.

B. Multidimensional scaling (MDS)

Then x n matrix of normalized interactions is defined by typical elem&pt=
(M;; + Mj;) />, My,. The rows of X represent observations (i.e., academic
departments) im-dimensional space. The dissimilarity between departments

andj is defined as the absolute value distance
Dij = |Xin — Xjnl . 2
h

Define the matrixA with typical elementd;; = — (1/2) D}, the centering matrix

H =1 — (1/n)ee’, wheree is the all-ones vector, and the contrast mafix=
HAH. Find the two largest eigenvalues Bf \; > )., and the corresponding
eigenvectorsy,, normalized so that, z, = A\, (k = 1,2). Finally, the two-
dimensional coordinates for the observations (depicted in Figure 1) are obtained
as the rows ofz; z;)’. Note that only the relative locations are determined—the
maps are indeterminate with respect to rotation, reflection, and translation. For
more information, see Chapter 14 in Mardia, Kent, and Bibby (1979), and Stata

documentation for commandsdsandmdsmat.

C. Agglomerative hierarchical clustering

Hierarchical cluster analysis is based on repeated application of the average link-

age recurrence formula

Dyij) = Dy + / 'ij, (3)

n,-—i—nj ni—l—nj
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wheren; is the number of observations in grouand Dy;; is the dissimilarity
between clustet and the new cluster formed by joining clustéend;. Initially

each observation is defined as a cluster, with pairwise dissimilafitiedefined

by (2). Then the two most similar clusters are merged and defined as a new cluster,
and the distances between the new cluster and the other clusters are defined by (3)
and depicted as the height of the joining branch in the dendrogram; this step is
repeated until there is only one cluster left. For more information, see Chapter 9
in Timm (2002), and Stata documentation for commacidster averagelinkage

andcluster dendrogram.
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Figure 1. Hiring/placement patterns between top 20 departments, as illustrated by
Multidimensional Scaling (MDS). Top right panel shows the analysis repeated for

economics after removing the outliers (UK-based departments). Nearby data points
indicate departments with similar hiring and placement patterns. See Appendix for

details.



Mathematics

Economics

supdoysuyor

slapueg

ElquIinios
Aapag-on
[[E1V e kg]

LIW
pJeney
Y1an
gEeA
NAN
PIOJUELS
uojaoulld

A— yoal|en
uosipeNAN
ueByoip
oBealy)
1

4oaL[eD

UOSIPEN-AAN
Ejosauulpy
elueAjfsULS d

UISiSaMULON

19)5920y

¥10N

oBeayD

uojEoLLd
—————— A
—— Aepweg-on
L piguess
pIerIEH
eIqWNeo
uebIyIIN
LIW

™
o
-
o

Comparative Literature

Figure 2. Dendrograms of the hiring data.

Results from hierarchical cluster analysis of the

hiring/placement patterns for top 16 US departments.

See Appendix for details.
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Figure 3. Influence and division within economics. Horizontal axis represents the proportion of US Top 16 placements and

hires to/from Saltwater cluster, see Table 2. Vertical axis represents influence in the hiring network, in the sense of Pinski

and Narin (1976). The connected dots show the results when self-hires are not excluded from the data.



Table 1. Testing for a partition of Top 16 US PhD-granting departments into two clusters

D

o2 x S« o L 2 ©

= E D s o o v o N o o N

S & 22 B2 3R 3% 3% 3%

° 9o T > 3 > SL =S4 S8 =S

o o Z o n o #+ O #O O # O
Economics (2004) 0,339  1,570E-08 < 0,0001 219 104 48 78
Economics (1987) 0,375  2,865E-06 < 0,0001 178 115 27 59
Mathematics 0,418 0,068 0,278 169 106 53 52
Comparative Literature 0,387 0,002 0,062 64 46 24 47

C1: Columbia, Harvard, Michigan, MIT, Princeton, Stanford, UC-Berkeley, Yale

Economics** . . . .
C2: Caltech, Chicago, Minnesota, Northwestern, Pennsylvania, Rochester, UCLA, UW-Madison

C1: Harvard, Michigan, MIT, NYU, Princeton, UC-Berkeley, UCLA, Yale

Mathematics
C2: Brandeis, Caltech, Chicago, Columbia, Cornell, JohnsHopkins, Stanford, UW-Madison

Comparative C1: Chicago, Columbia, Duke, Harvard, NYU, Stanford, UC-Irvine, Yale
Literature C2: Cornell, Indiana, lowa, Michigan, Princeton, UC-Berkeley, UT-Austin, UW-Madison

* y2-test (df=1) against the null of random matching across clusters. Bootstrap with 10,000 rematchings.
** Top 16 departments based on the influence ranking in 2004. The strongest partition is exactly the same in 1987 and 2004.
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Table 2. Close-up on the clusters in Economics in 2004.
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# D
Cluster 1 ("Saltwater ™)
Columbia 38
UC-Berkeley 69
Harvard 103
Princeton 74
Michigan 46
MIT 118
Yale 66
Stanford 76
Cluster 1 590
Cluster 2 ("Freshwater ")
Chicago 68
Northwestern 56
UW-Madison 29
UCLA 37
Pennsylvania 38
Caltech 14
Minnesota 40
Rochester 26
Cluster 2 308
US Top 16 898

Proportion with
Saltwater cluster
("Salt content™)

0,895
0,855
0,786
0,743
0,739
0,729
0,636
0,618
0,742

0,603
0,554
0,517
0,514
0,447
0,429
0,350
0,346

0,494

0,657

2
3
s 3
88
45
* 2
*kk 4
29
74
38
6
94
35
43
323
37
24
6
- 5
*% 14
5
23
*kk 12
126
449

Proportion to
Saltwater cluster

0,459
0,417
0,333
0,400
0,571
0,200
0,174
0,333
0,381

0,595
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* D
34
40
el 29
36
40
** 24
31
33
e 267
* 31
* 32
23
32
24
* 9
el 17
* 14
e 182
449

Proportion from
Saltwater cluster

0,774
0,656
0,565
0,531
0,375
0,556
0,588
0,357

0,571

0,719

Fkk

Fokk

Fokk

Fokk

Hk

Fokk

wwk [ [% indicates 1%/5%/10% statistical significance of x*-test against the null of random matching with rest of US Top 16.

Self-hires are excluded everywhere except in the last column.

Interactions = Hires + Placements.

Juniors = Assistant and Associate professors.

# Interactions with
US Top 16 (juniors)

1
21
36
24
16
33
21
30
198

~

27
24

12
16

11
11

115

313

Proportion with
Saltwater cluster

0,407
0,458
0,111
0,583
0,375
0,600
0,182
0,364

0,391

0,623

*%

Fkk

Fkk

Fkk

*%

# Self-hires



Table 3. Economics: Results for departments with strictly positive influence in 2004.

1987 1987
Rank University Salt  p-value Influence Md C.I. 95%  Placements Hires Self-hires Salt Influence
1 MIT 0,729 + 0,005 17,120 1 (1,2) 215 37 9 . 0,659 18,891
2 Harvard 0,786 + 0,000 14,616 2 (1,2) 214 47 16 . 0,662
3  Stanford 0,618 0,773 8,682 3 (3,6) 156 42 5 . 0,633 10,588
4 Chicago 0,603 0,991 7,085 5 (3,7) 177 53 12 . 0,449 8,163
5 Princeton 0,743 + 0,013 6,902 5 (3,7) 117 53 9 . 0,750 11,593
6 Yale 0,636 0,571 6,646 5 (37 134 45 8 . 0,774 10,799
7 UC-Berkeley 0,855 + 0,000 6,125 6 (38) 173 56 6 . 0,789 6,994
8 Oxford 0,857 + 0,017 2947 10 (7,18) 49 42 19 . 0,800
9 Northwestern 0,554 0,457 2,821 10 (8,14) 112 40 3 . 0,500 1,480
10 Pennsylvania 0,447 0,051 2,811 10 (8,17) 91 35 1 . 0,717 5,006
11 Minnesota 0,350 - 0,001 2,779 10 (8,14) 100 25 2 . 0,581 4,570
12 LSE 0,811 + 0,010 2,743 10 (8,16) 45 54 3 . 0,667
13 Cambridge 0,769 0,219 1,947 13 (9,21) 36 31 13 1,000
14 Rochester 0,346 - 0,008 1,624 14 (10,22) 58 20 1 0,345 1,969
15 UW-Madison 0,517 0,350 1,326 16 (12,22) 112 30 1 0,750 2,183
16 Michigan 0,739 0,058 1,166 17 (11,28) 70 47 1 0,759 2,479
17 UCLA 0,514 0,270 1,131 18 (11,32) 41 40 0 0,484 0,341
18 Caltech 0,429 0,184 1,012 19 (11,36) 18 14 1 0,000
19 Columbia 0,895 + 0,000 0,968 19 (14,29) 65 38 1 0,744 5,658
20 Johns Hopkins 0,611 0,939 0,808 21 (14,34) 30 17 0 0,375 1,734
21 Carnegie Mellon 0,419 - 0,014 0,690 22 (16,34) 29 56 4 0,143
22 Maryland 0,771 + 0,041 0,689 23 (14,40) 24 39 0 0,786 0,729
23 PennState 0,375 0,063 0,629 24 (13,75) 15 24 1 0,353 0,016
24 \Virginia 0,500 0,350 0,506 26 (17,41) 31 27 0 0,500 0,163
25 Brown 0,640 0,700 0,499 26 (18,39) 36 30 0 0,471 0,164
26 Duke 0,605 0,970 0,486 27 (17,41) 39 50 2 0,429 0,373
27 Purdue 0,294 - 0,009 0,475 27 (18,41) 36 22 1 0,091 0,580
28 NYU 0,605 0,970 0,455 27 (19,38) 26 41 1 0,643 0,021
29 Cornell 0,643 0,661 0,454 28 (19,37) 50 35 1 0,519 0,838
30 Boston 0,633 0,728 0,430 28 (18,49) 14 33 0 0,880 0,124
31 Toulouse 0,500 0,509 0,396 29 (20,39) 22 28 9
32 UCSD 0,933 + 0,000 0,371 30 (20,40) 35 34 0 0,833 1,783
33 UIUC 0,571 0,710 0,367 30 (19,49) 37 40 0 0,765 0,527
34 Pittsburgh 0,200 - 0,009 0,299 32 (21,52) 16 24 1 0,643 0,005
35 Indiana 0,250 - 0,013 0,196 35 (22,74) 20 21 0 0,588 0,110
36 Florida 0,769 0,219 0,186 37 (23,81) 10 18 0
37 Western Ontario 0,182 - 0,000 0,157 37 (28,55) 15 30 1 0,000
38 Pompeu Fabra 0,455 0,317 0,145 38 (28,69) 6 48 1
39 UBC 0,556 0,686 0,138 38 (28,62) 15 30 4
40 Queens 0,556 0,686 0,125 38 (31,51) 19 29 4
41 lowa 0,438 0,178 0,113 39 (33,51) 23 23 2 0,294 0,029
42  CUNY 0,600 0,977 0,085 42 (30, ) 10 62 5 0,000
43 U-Washington 0,550 0,633 0,070 44 (35,61) 29 24 1 0,643 0,084
44 BC 0,632 0,794 0,068 45 (32, ) 6 28 0 0,650 0,000
45 Michigan State 0,625 0,820 0,061 45 (36,67) 26 41 2 0,563 0,446
46 EUI 0,400 0,356 0,058 46 (34,78) 5 12 0
47 Rice 0,500 0,469 0,055 46 (36,82) 8 19 1 0,556 0,140
48 SUNY-StonyBrook 0,750 0,393 0,051 47 (36,72) 9 14 0 0,556 0,001
49 Colorado 0,300 0,051 0,049 49 (34,84) 10 30 0 0,375 0,125
50 Toronto 0,730 0,113 0,039 49 (39,68) 8 61 3
51 lowa State 0,458 0,150 0,033 51 (40,71) 18 50 4 0,545 0,256
52 Tulane 0,250 0,150 0,030 53 (38, ) 5 12 0 0,000
53 Kentucky 0,250 - 0,042 0,026 56 (39, ) 5 19 1 0,250 0,103
54 UNC 0,571 0,773 0,026 53 (41,67) 27 30 1 0,700 0,209
55 Ohio State 0,500 0,269 0,026 53 (42,69) 25 36 0 0,679 0,054
56 Louisiana State 0,667 0,820 0,025 56 (39, ) 4 14 1 0,200 0,031
57 GMU 0,375 0,063 0,019 58 (41, ) 4 29 2 0,143 0,000
58 SUNY-Albany 0,267 - 0,008 0,018 59 (41, ) 5 22 1 0,500 0,030
59 UC-Davis 0,864 + 0,012 0,018 57 (43,88) 8 28 0 0,667 0,038



Table 3 continued. 1987 1987
Rank University Salt Influence Md C.I.95%  Placements Hires  Self-hires Salt Influence
60 Missouri-Columbia 0,364 0,106 0,016 58 (44,83) 6 19 0 0,000
61 TexasAM 0,263 0,003 0,015 61 (44,76) 19 31 1 0,438 0,011
62 Oregon 0,500 0,609 0,014 62 (43, ) 3 18 0 0,250 0,066
63 WestVirginia 0,000 0,219 0,014 62 (44, ) 3 16 0 0,000
64 Hebrew 0,583 0,894 0,013 60 (47,76) 12 23 6 0,000
65 USC 0,550 0,633 0,012 65 (44,90) 7 35 0 0,467 0,015
66 Arizona 0,636 0,817 0,011 67 (44, ) 3 21 0 0,571 0,010
67 Claremont 0,000 0,082 0,011 63 (45, ) 4 5 0 0,571 0,000
68 SouthCarolina 1,000 0,104 0,011 63 (46, ) 1 16 0 0,750 0,000
69 Rutgers 0,350 0,021 0,009 63 (50,84) 12 30 1 0,654 0,000
70 Washington-STL 0,688 0,486 0,009 62 (52,74) 21 21 0 0,538 0,009
71 VPI 0,375 0,189 0,008 63 (51,78) 12 15 0 0,333 0,011
72 WashingtonState 0,429 0,348 0,007 65 (51, ) 4 12 0 0,500 0,137
73 UT-Austin 0,667 0,519 0,006 67 (53,85) 15 30 2 0,824 0,083
74 NC-State 0,286 0,016 0,004 71 (55, ) 9 27 1 0,357 0,008
75 UCSB 0,737 0,231 0,003 71 (59, ) 9 29 0 0,500 0,016
76  Southernlllinois 0,000 0,082 0,002 72 (59, ) 4 10 0 0,000
77 NewsSchool 1,000 0,159 0,002 73 (60,85) 8 6 0 1,000
78 Vanderbilt 0,250 0,004 0,002 72 (61,90) 8 34 2 0,375 0,174
79 SMU 0,200 0,066 0,002 74 (60, ) 4 18 0 0,000
80 UMass-Amherst 0,938 0,006 0,002 74 (60, ) 10 24 1 0,810 0,002
81 Kansas 0,200 0,009 0,002 82 (60, ) 7 19 0 0,267 0,000
82 Tennessee 0,000 0,000 0,001 74 (63, ) 3 15 0 0,500 0,000
83 FloridaState 0,333 0,178 0,001 79 (63, ) 4 32 0 0,000
84 Auburn 0,000 0,000 0,001 (64, ) 1 11 0 0,500 0,000
85 SUNY-Binghamton 0,889 0,079 0,000 81 (68, ) 4 21 0 0,867 0,007
86 Syracuse 0,684 0,465 0,000 78 (70, ) 11 30 3 0,500 0,002
87 Utah 0,700 0,528 0,000 82 (70, ) 5 20 3 0,714 0,000
88 ArizonaState 0,250 0,042 0,000 (75, ) 3 30 0 0,286 0,000
89 UC-Riverside 0,818 0,143 0,000 (76, ) 1 21 0 1,000 0,006
90 American 1,000 0,015 0,000 (75, ) 7 23 3 1,000 0,000
91 SUNY-Buffalo 0,417 0,189 0,000 85 (76, ) 6 18 1 0,000

Others (in sample) 0,561 0,398 32 515 13 0,568 1,295
Others (out of sample) 173
All 0,602 100 3174 3174 202 0,608 100

Rank: ordering by Influence, as defined by Pinski and Narin (1976), but with self-hires excluded

A further 29 sample departments are unranked (have no influence) because they have no placements at any department with influence

Salt: proportion of interactions with "Saltwater" cluster out of all interactions with US top 16; see Table 2 for definitions

+/- significantly above/below sample mean, at 5% level
p-value of x2-test against the null of equality with the sample mean
Bootstrap of 10,000 resamplings from the population of actual matches (PhD-origin current-employer pairs)

Md: median rank by influence

C.l.: quantiles 0.025 and 0.975 for the rank by influence

Empty values indicate resamplings where the university ended up unranked
Placements: Number of placements in the sample department
Hires: Number of current faculty with known PhD origin. Faculty with missing PhD origin (total 35 in 2004 and 16 in 1987) are excluded from all counts
Interactions: Hires from and placements to US Top 16 departments (excluding self-hires)
Self-Hires: Number of faculty with PhD from same department
Salt (1987): not defined for departments with no interactions with either cluster

Influence (1987): not defined for departments without hiring data



Table 4. Salt Content of Research Economists at

the Federal Reserve Bank

Fed N Mean St.dev  p-value
Atlanta 25 0,512 0,162 0,026
Board of Governors 105 0,643 0,137 0,000
Boston 15 0,688 0,109 0,006
Chicago 34 0,578 0,159 0,858
Cleveland 16 0,503 0,135 0,030
Dallas 25 0,496 0,190 0,015
Kansas City 12 0,637 0,194 0,262
Minneapolis 19 0,533 0,154 0,107
New York 56 0,643 0,139 0,006
Philadelphia 14 0,539 0,175 0,181
Richmond 18 0,440 0,116 0,000
San Francisco 19 0,647 0,130 0,104
St. Louis 22 0,492 0,218 0,006
All* 380 0,587 0,166

Feds 13 0,565 0,078 <0.0001**

Mean: Average salt content of research economists by PhD origin (from Table 3).

p-value: Mann-Whitney test against the null that salt content is same

as in the rest of sample.

*Not including 46 researchers with PhD origin either unknown or from outside the

sample departments.

**Bootsrapped p-value against the null that between-Fed variation in salt content is
due to random matching: The maximum between-group st.dev. in 10,000 random

matchings was 0.0677.





