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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.



Chap 5 (Peer Instituions): 3/12; Overall: 9/43

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.



Chap 5 (Peer Instituions): 4/12; Overall: 10/43
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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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Institutions name higher prestige institutions as their peers

①
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③
Hypothesized strata 🤔

more desirable 
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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)



Chap 5 (Peer Instituions): 6/12; Overall: 12/43

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)
use when #features / #samples ~ 1



Chap 5 (Peer Instituions): 6/12; Overall: 12/43

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
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Difference
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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)

xj - xi

∅ ✓ ✓ ✓
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Method (clustering via the bipartite stochastic block model)

Lin et al., SIAM Conference on Data Mining (2010)

Conventional.

Nonnegative matrix factorization. Clustering 
who attend what conference.

Bipartite network. of conferences and authors.

Problems. How many groups to choose? Sometimes just 
outputs 1 group (e.g., scarce data) 😭
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Method (clustering via the bipartite stochastic block model)

Lin et al., SIAM Conference on Data Mining (2010)

Conventional.

Nonnegative matrix factorization. Clustering 
who attend what conference.

Bipartite network. of conferences and authors.

Problems. How many groups to choose? Sometimes just 
outputs 1 group (e.g., scarce data) 😭

Novel.

Nonparametric Bayesian modeling. Probabilistic 
generative model that detects communities. 😎



Chap 2 (Bipartite SBM): 2/7; Overall: 17/43

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

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

<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
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Image credit: Aaron Clauset

SBMs formalize the concept of “large-scale structure” 
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Bipartite stochastic block model

Enhanced model sensitivity: More detailed prior (e.g., we know a priori 
that the network is bipartite) gives more sensitive model to detect structure.

Likelihood
Prior

= P(A, {bi})

Optimized with Markov chain Monte Carlo 
(Metropolis-Hastings)

New algorithm comes with the new prior: Prior may introduce new 
variables, hence a new algorithm is needed.
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easy test hard test
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amount of noise mixed into the test amount of noise mixed into the test

effect of bipartite priorsvs effect of our search algorithmvs

Testing performance: bipartite priors & search matter

Yen & Larremore, Phys. Rev. E 102, 032309 (2020)
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Comparison with hierarchical SBM

For smaller networks, 

bipartite SBM is better.

For larger+sparser networks, 

bipartite SBM is better.

See Peixoto, Phys. Rev. X, 4, 011047 (2014) for the hierarchical SBM.

Avg. description length, 

the lower the better



Chap 2 (Bipartite SBM): 7/7; Overall: 22/43

Implications

Always choose a simpler model. If not possible to attain (e.g., no good definition of 
“simple-ness”), choose a more flexible one.

Bayesian framework. data becomes a part of the model, algorithm becomes data-
dependent, i.e., some data may be harder to fit (opportunities for improvement).
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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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Implications

All institutions. Name higher prestige institutions as their peers.

Elite institutions. Particularly aspire prestige.

Others. Explainable by a handful of feature groups.
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Chap 3 (Regularized SpringRank): 1/10; Overall: 27/43

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*
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When the input data is erroneous, time-varying, or with node attributes
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Motivation

Math PhD Exchange Dataset: Proxy for university  hiring a graduate from university  at 
a time near . We view this as an endorsement by  that graduates of  are of high quality.
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w > 1

Tzu-Chi, Maya, & Michael graduate (🤞 )
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Idea: Optimization with Sparsity-Inducing Penalties

Sparsity through the ℓ1 norm: a number of coefficients of , depending on 
the strength of the regularization, will be exactly equal to zero. 


w*

For details, see Bach et al., “Optimization with Sparsity-Inducing Penalties ” (2011).
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Idea: Optimization with Sparsity-Inducing Penalties

Sparsity through the ℓ1 norm: a number of coefficients of , depending on 
the strength of the regularization, will be exactly equal to zero. 


w*

Sparsity through the ℓ1/ℓq norm (group norm): sometimes coefficients of  
are naturally partitioned in subsets, or groups, of variables. Through 
regularization, some groups of coefficients will be exactly equal to zero.


w*

Examples. Regression, graphical modeling, de-noising, dictionary learning, etc.

(common theme: convex optimization!)


example group setup

Sparsity through overlapping groups: groups can even overlap, resulting in 
more exotic structures to be selected.


example coefficients selected

For details, see Bach et al., “Optimization with Sparsity-Inducing Penalties ” (2011).
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Specific regularizations (1/3)

Regularize time dependency: apply ℓ1 or ℓ2 norm to the rank gradient in adjacent time window
<latexit sha1_base64="QSumPfOwdSviBMREUTsTkyuAiDk="></latexit>
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ℓ2 encourages 

ℓ1 encourages                   (sparsity in ranking difference)  
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Result (1/3): Ranking over time <latexit sha1_base64="et1EfM9taoi+r7DhFoWlUDhKDAc="></latexit>
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s
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Benefits. Reduce the S/N-ratio to reveal the 
trends (through ℓ2), and possibly also reveal 
“specific events” (through ℓ1).


For smaller schools (lacking data), we can 
assign non-zero ranks. 
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Specific regularizations (2/3)

Robust to outliers: substitute the quadratic loss with the Huber loss

<latexit sha1_base64="FsOihsFWTztv4T7sWkp5OCi6ipc="></latexit>

huber(s) =

(
(1/2)s2 |s|  1

|s|� (1/2) |s| > 1 .

Regularize time dependency: apply ℓ1 or ℓ2 norm to the rank gradient in adjacent time window
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Result (2/3): Robust ranking <latexit sha1_base64="et1EfM9taoi+r7DhFoWlUDhKDAc="></latexit>

minimize
s

L(s) + ↵ksk22 + �⌦(Ls)

Error bar averages over 100 random nodes.
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Benefits: Huber loss is less sensitive to outliers in the data.

100 101 102 103 104

Number of additional edges

0.7

0.8

0.9

1.0

Sp
ea

rm
an

 c
or

re
la

tio
n

100 101 102 103 104

Number of additional edges

0.2

0.4

0.6

0.8

Le
ve

ns
ht

ei
n 

di
st

an
ce

101 102 103 104 105

Number of additional edges

0.2

0.4

0.6

0.8

1.0

101 102 103 104 105

Number of additional edges

0.80

0.85

0.90

0.95

Parakeet (G1)

Parakeet (G1) PhD Exchange

PhD Exchange

vanilla
huber

(a) (b)

(d)(c)

smaller network larger network Higher correlation implies 
ranking information is retained

Error bar averages over 100 random nodes.



Chap 3 (Regularized SpringRank): 5/10; Overall: 34/43

Solution method
Generic form: two regularization functions, one makes the objective 
strongly convex (easier to solve), the other encourages certain structure. 
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Solvable by existing tools. e.g., CVXPY, which uses generic solvers.
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Solution method
Generic form: two regularization functions, one makes the objective 
strongly convex (easier to solve), the other encourages certain structure. 

Issue. Graph is sparse. Need to exploit sparsity to avoid memory and 
computational issues for large problems.
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Krylov methods. if we can cast the objective into a 
sum-of-squares form, we can use a sparse iterative 
solver (e.g., bi-conjugate gradient stabilized method*)

* The original SpringRank paper uses this!

Solvable by existing tools. e.g., CVXPY, which uses generic solvers.
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Solution method
Generic form: two regularization functions, one makes the objective 
strongly convex (easier to solve), the other encourages certain structure. 

Issue. Graph is sparse. Need to exploit sparsity to avoid memory and 
computational issues for large problems.

First-order methods. we may turn to generalizations 
of gradient decent 
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Dual-based proximal gradient methods <latexit sha1_base64="et1EfM9taoi+r7DhFoWlUDhKDAc="></latexit>
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For details, see Beck, “First-Order Methods in Optimization” (2017), or Parikh and Boyd, “Proximal Algorithms” (2014)
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For details, see Beck, “First-Order Methods in Optimization” (2017), or Parikh and Boyd, “Proximal Algorithms” (2014)

Composite model: requires that  has a nice gradient and  has a 
easy-to-compute proximal operator

f g
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Specific regularizations

Robust to outliers: substitute the quadratic loss with the Huber loss
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(
(1/2)s2 |s|  1

|s|� (1/2) |s| > 1 .

Regularize time dependency: apply ℓ1 or ℓ2 norm to the rank gradient in adjacent time window

Same node category, same mean ranking: encourage “no bias across categories” unless necessary
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Implications

Mix-and-match losses with regularizations allow new 
modeling capabilities.
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modal) ranking distributions. Other fancier choice 
models do the same (e.g., contextual repeated selection model), 
but not conventional ones (e.g., Bradley-Terry-Luce model & 
vanilla SpringRank).

Limitations. No natural way to apply to numeric groups 
(think: how does admission rate relate to the hierarchy?); Cross-
validating >2 hyperparameters is slow.

Mix-and-match losses with regularizations allow new 
modeling capabilities.
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Structure is mundane, psychology is alive.  
- Directed edge. Action verbs. 

- Metadata. Show intent.

Mix-and-match. Network science + □□□□□□.


Reproducible results. Statistically grounded 
methodologies.

Exploiting sparsity. Combinatorial problems 
often admits a natural (convex) relaxation.



Thanks!


