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What kind of hierarchy can we infer from a directed network? 
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Peer institutions (dataset to study the psychology behind structure)

R1: Is there aspirational behavior in the U.S. academic system, and 
how does it relate to institutional prestige?

R2: How does the endorsement pattern vary across different schools?
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Method (data collection)

Aspiration: Peer institutions survey (IPEDS, 2020–21). Of the 1179 institutions 
and 18817 nominations collected, we matched the names with the faculty 
hiring dataset & restricted to Ph.D.-granting ones, resulting in 298 institutions. 

Institutional prestige: Faculty hiring dataset (existing, 2011–12). Each 
institution is annotated by a data-driven estimate of its “prestige” within the 
faculty hiring system. Proxy for an institution’s ability to place its graduates as 
faculty at other institutions.
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Method (quantifying prestige/desirability via SpringRank)

Computer science faculty hiring network; http://tuvalu.santafe.edu/
~aaronc/facultyhiring/. See also: Sci. Adv. 1(1), e1400005, 2015. 

Each directed edge  implies 
PhD from  becomes faculty at 

u → v
u v
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Method (quantifying prestige/desirability via SpringRank)

Computer science faculty hiring network; http://tuvalu.santafe.edu/
~aaronc/facultyhiring/. See also: Sci. Adv. 1(1), e1400005, 2015. 

Each directed edge  implies 
PhD from  becomes faculty at 

u → v
u v

Each directed edge  implies 
institution  selects institution 

u → v
u v

SpringRank: Let  be the adjacency matrix of a directed multigraph. 
The SpringRank Model finds the ranking  of the nodes by solving:

A = {Aij}
s*

<latexit sha1_base64="8VRWLi+issQprlXeyffRY4DGEFM="></latexit>

minimize
s2RN

1

2

X

ij

Aij(si � sj � 1)2 .
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Method (logistic regression with LASSO and Laplacian regularization*)

*Solution method: alternating direction method of multipliers (ADMM), see Tuck, Barrett, Boyd in J. Machine Learning Research 22, 1-37 (2021). 

<latexit sha1_base64="Ovg0nP831K5NSGX8vzhL0cSVpgw="></latexit>

minimize
�2Rp

`(y ,�|x ) + �k�k1

(logistic) loss
actual data

predicted data

LASSO (ℓ1 regularization)
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Method (logistic regression with LASSO and Laplacian regularization*)

<latexit sha1_base64="EKJsHwXOocuVza+ixmI9pGqLpK8="></latexit>

minimize
�high,�low2Rp

`(yhigh,�
|
highx ) + �k�highk1

+ `(y low,�
|
lowx ) + �k�lowk1

+ �Lk�high � �lowk22
Idea: Parameters in adjacent strata should be similar. 
Plus, parameters are encouraged to be zero (not used).

*Solution method: alternating direction method of multipliers (ADMM), see Tuck, Barrett, Boyd in J. Machine Learning Research 22, 1-37 (2021). 
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Rich peer decision patterns (categorical features)

*Model validated via the average negative log likelihood (ANLL): stratified model (0.863); separate model (0.864); common model (0.912) 

HBCU tends (slightly) to choose other HBCUs.

Private schools don’t choose public schools (vv).

R1 chooses other R1, but not R2. 

R2 chooses other R2, but also chooses R1.
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Prestige determines peer decision (numeric features)

*Model validated via the average negative log likelihood (ANLL): stratified model (0.863); separate model (0.864); common model (0.912) 

i → j Adm Size Grad Prestige

Similarity

(unsigned)


(xj - xi)2
∅ ∅ ∅ ∅

Difference

(signed)


xj - xi

∅ ✓ ✓ ✓
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Prestige determines peer decision (numeric features)

*Model validated via the average negative log likelihood (ANLL): stratified model (0.863); separate model (0.864); common model (0.912) 

Outcome: Aspiration for a higher prestige rank is a 
significant predictive variable (for the elite institutions)

i → j Adm Size Grad Prestige

Similarity

(unsigned)


(xj - xi)2
∅ ∅ ∅ ∅

Difference

(signed)
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Wait… What about other schools?

MIT CU
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Nomination network
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Communities with statistical validation (e.g., description length, posterior likelihood)

Known: The bipartite structure, i.e., which node is of which 
type. Edges are given (measurement is perfect).

Unknown: Of which group should a node be assigned to.

Ka = 20
Kb = 14

na = 297
nb = 806
⟨k⟩ = 5.6

*è�Û�è¼�ĆÇËā�Ć�ÛØ㜶

TCY & DBL, in preparation (2019)3/21
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<latexit sha1_base64="NmLY16+2eGBuujECzFGIY1j3tJg="></latexit>

BI = 10
<latexit sha1_base64="RgsZLZ7IwqI1VsFSP1o4SpE6UzQ="></latexit>

BII = 7

<latexit sha1_base64="qXZROzMw3DHSyKZaiBgLpe1LcUY="></latexit>

NII = 806

<latexit sha1_base64="ibRjRpeeriksYaa967DNOOrhfMU="></latexit>

NI = 297

<latexit sha1_base64="trdamG8+K1WTSsBoogQw/VwKz3A="></latexit>

hki = 5.6

colors = different groups

Tool: Bipartite SBM: 1/2

Yen & Larremore, Phys. Rev. E 102, 032309 (2020)



Image credit: Aaron Clauset

Stochastic block models formalize the concept of “large-scale structure” 
Tool: Bipartite SBM: 1/2



A handful of groups explain most nomination behaviors

Type-I nodes: feature pair tags, to cluster as BI groups

Type-II nodes: nominations, to cluster as BII groups

Bipartite expanded 

feature network
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Size Diff: Large+
MIT→CU

Peer Institutions: 10/12



A handful of groups explain most nomination behaviors

Type-I nodes: feature pair tags, to cluster as BI groups

Type-II nodes: nominations, to cluster as BII groups

Bipartite expanded 

feature network

feature pair tags nominations

MA→CO

Size Diff: Large+
MIT→CU

Peer Institutions: 10/12



A handful of groups explain most nomination behaviors

Type-I nodes: feature pair tags, to cluster as BI groups

Type-II nodes: nominations, to cluster as BII groups

Bipartite expanded 

feature network

feature pair tags nominations

MA→CO

Size Diff: Large+
MIT→CU

Peer Institutions: 10/12



A handful of groups explain most nomination behaviors

Type-I nodes: feature pair tags, to cluster as BI groups

Type-II nodes: nominations, to cluster as BII groups

Bipartite expanded 

feature network

feature pair tags nominations

MA→CO

Size Diff: Large+
MIT→CU

Peer Institutions: 10/12



A handful of groups explain most nomination behaviors (cont.)

Group 1 Group 2

*See dissertation for clustering of other Carnegie classifications 
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A handful of groups explain most nomination behaviors (cont.)

Group 1 Group 2

*See dissertation for clustering of other Carnegie classifications 

Homophily. In R1 (47.2%) and R2 schools (24.4%), but R2 shows 
more aspiration to R1 (41.1%).

Public schools. Tend to endorse others with a higher admission rate 
(R1: 13.2%; R2: 9.6%). 

Niche effect. R1 wants to increase grad rate than other intrastate 
R1s; R2 aspires the same, but be fitter (lower enrollment size). 
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Thanks!


