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Abstract: Affiliation networks contain a set of actors and a set of events, where edges denote the affiliation
relationships between actors and events. Here, we introduce a class of affiliation network models for
modelling the degree heterogeneity, where two sets of degree parameters are used to measure the activeness
of actors and the popularity of events, respectively. We develop the moment method to infer these degree
parameters. We establish a unified theoretical framework in which the consistency and asymptotic normality
of the moment estimator hold as the numbers of actors and events both go to infinity. We apply our results
to several popular models with weighted edges, including generalized f-, Poisson and Rayleigh models.
Simulation studies and a realistic example that involves the Poisson model provide concrete evidence that
supports our theoretical findings.

Résumé: Les réseaux d’affiliation se composent d’un ensemble d’acteurs et un ensemble d’événements
reliés entre eux par des arétes. Les auteurs de cet article s’intéressent a la modélisation de I’hétérogénéité
des degrés de ce type de réseaux et proposent une classe de modeles construits a partir de deux ensembles de
parametres des degrés ayant respectivement trait a I’activité des acteurs et a la popularité des événements.
En utilisant la méthode des moments pour estimer ces parametres, ils réussissent a établir un cadre théorique
unifié dans lequel ils prouvent la convergence et la normalité asymptotiques des estimateurs obtenus par la
méthode des moments quand les nombres d’acteurs et d’événements tendent tous les deux vers ’infini. Les
résultats ainsi obtenus sont ensuite appliqués a plusieurs modeles populaires ayant des arétes pondérées, tels
que les modeles f-, Poisson et Rayleigh généralisés. Enfin, les auteurs appuient leurs résultats théoriques
au moyen d’études de simulation et un exemple réaliste basé sur le modele de Poisson.

1. INTRODUCTION

The affiliation relationships between a set of actors and a set of events can be conventionally
represented by a bipartite graph, where edges only exist between nodes of distinct parties of this
graph, i.e., actors and events. We use “actor” as a generic term that may stand for “actress,”
“author,” “member” and the like. Correspondingly, “event” could denote “movie,” “paper,”
and “club,” where edges denote a movie in which actresses appear, a paper on which authors
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collaborate and a club to which club members belong. In this article, we study weighted networks
and consider various edge-wise distributions. As increasing amounts of affiliation network data
are collected, it is important to understand the generative mechanisms of these networks and to
explore various characteristics of the network structures in a principled way. As a result, the
analysis of affiliation networks has attracted great interest in recent years; for example, see Robins
& Alexander (2004), Latapy, Magnien & Del Vecchio (2008), Snijders, Lomi & Torl6 (2013)
and Aksoy, Kolda & Pinar (2017). The latter authors propose a data generation procedure that
produces new synthetic networks that match the degree distributions and the metamorphosis coef-
ficient of the original network. Compared with the method that we describe below, their approach
is model free but focuses solely on the two mentioned structural features. Their approach and ours
involve different perspectives, and provide mutually complementary additions to the available
toolbox.

Node degrees furnish important structural information (Albert & Barabasi, 2002) and play
central roles in many network models; for example, see Newman, Strogatz & Watts (2001),
Chatterjee, Diaconis & Sly (2011) and Barvinok & Hartigan (2013). A frequently observed phe-
nomenon is that many nodes have small degrees while others have large degrees, which
corresponds to a condition known as degree heterogeneity. Random graph models have
been proposed to model the degree heterogeneity in both undirected and directed networks,
including the p;-model (Holland & Leinhardt, 1981), the f-model (Chatterjee, Diaconis &
Sly, 2011), the null model (Perry & Wolfe, 2012) and the maximum entropy models (Hillar
& Wibisono, 2013), where each node is assigned one parameter to model the tendency
of nodes to participate in network connection. Asymptotic theory for many of these mod-
els has also been derived; for example, see Chatterjee, Diaconis & Sly (2011), Hillar &
Wibisono (2013), Yan & Xu (2013), Yan, Leng & Zhu (2016), Yan, Qin & Wang (2016) and
Zhang et al. (2021).

Despite the significant advances in degree-based network models for undirected and directed
graphs, analogous results have not been established for bipartite graphs. In this article, we
introduce a class of bipartite graph models for modelling the degree heterogeneity in bipartite
graphs and study the theoretical properties of this class. Our main contributions are three-fold.
First, we formulate a general model framework for the structures of the exponential random
graph model, driven by the degree heterogeneity in bipartite graphs. Our framework significantly
extends the scope of existing works such as Yan, Leng & Zhu (2016) and Zhang et al. (2017).
Second, we develop a computationally feasible moment estimator. Conveniently, our proposed
estimator works for several popular models that are special cases of our general framework,
such as the f-model, the Poisson model and the Rayleigh model. Third, we outline a theoretical
analysis of our proposed estimator and establish its consistency and asymptotic normality
under mild conditions. Additionally, these three aspects are reinforced by simulation studies
and a realistic example that demonstrate the merits of our method on both synthetic and real
datasets.

The rest of this article is organized as follows. In Section 2, we introduce a very general
model for bipartite graphs and propose a moment equations-based estimation framework. In
Section 3, we present the key asymptotic properties of our estimator. In Section 4, we apply
our general results from Section 3 to several popular bipartite network models that cover a
wide range of settings, including continuous and discrete edge weights, and demonstrate the
effective utility of our unified results. Section 5 reports simulation studies and a realistic case
study involving the Poisson model. Section 6 contains discussion. All proofs may be found in
the accompanying Supplementary Material.
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2. BIPARTITE NETWORK MODELS AND ESTIMATION

Let G(m,n) be a bipartite graph with m actors and n events. Define [m] := {1,...,m} and

1 :={1,...,n} by the set of the actors and the set of the events, respectively. Without loss of
generality, we assume n < m hereafter in order to simplify the presentation of results and proofs.
In this article, we study weighted edges and let x; ; € A C R be the edge weight between actor i
and event j. Let X = (x; ;) be the bi-adjacency matrix of G(m, n). Define d = (d,, ... ,dm)T
and b = (b,,...,b,)" to be the degrees of actors and events, respectively, where d; = Z?:N‘i, j
and b; = Y7 x, ;.

Edge weights could take discrete or continuous values. For instance, in an athlete-event
network, we may use a binary weight to record the presence/absence of an athlete i in event j. In
a bus-station network, an edge a € N, counts the number of buses arriving at station i in a day.
In an insect—flower network, continuously weighted edges a € R* represent the frequencies of
insects choosing flowers.

We introduce a general model framework for modelling the degree heterogeneity of bipartite
graphs, which can be described as follows. Suppose that the probability density (mass) function
of the edge weight x; ; between actor i and event j has the following form:

X ;= a|ai,/3j ~ f((ai +,Bj)a), i=1,....,mj=1,..,n, D

where f(-) is a probability density or mass function, «; is the degree parameter of actor i
measuring the activity of actors and f; is the degree parameter of event j measuring the
popularity of events. We further assume all edges are independently generated. The above model
can be viewed as a generalization of a class of directed and undirected degree-based network
models (e.g., Holland & Leinhardt, 1981; Chatterjee, Diaconis & Sly, 2011; Yan, Leng &
Zhu, 2016) to bipartite graphs. For example, a logistic f(-) corresponds to the bipartite version
of the p;-model for directed graphs in Holland & Leinhardt (1981).

We note that the value of f(-) in Equation (1) is invariant under the transforms (e, ) to
(a — ¢, p + c) for a constant ¢. For model identification, without loss of generality, we constrain
p,=0.

To estimate the model parameters, we use a moment method instead of maximum
likelihood estimation. When f(-) is an exponential family distribution, both methods are
equivalent. Let u(-) denote the expectation of f(-). By definition, we have E(x; j) = pu(a; + p j).
Equating population and sample versions of node degrees, we have the following moment
equations:

n

di= Y u(e+p). i=1...m,
k=1
Z plag+6;), j=1,..,n—1 ®)

One can easily verify that Y d; = Z;"zlbj; therefore, the number of effective moment

equations is m + n — 1 and we formulate the equations ford,, ... ,d,,, b, ..., b,_; in Equation (2)
and shall use them to estimate the m + n — 1 free model parameters We denote our moment
estimator as the solution to Equation (2) by 6 := (&1, e Oy ﬂl, ﬁ ) We could also use

the Newton—Raphson algorithm to solve for 0.
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To discuss the existence and uniqueness of 0, define

FO)=d,— Y u(a,+p), i=1...m,
Foj@ =b, = Y u(ag+p), j=1...n—1 3)

and let F(0) = (FI(O) Fine 1(9)) Generally speaking, one cannot always expect the
Jacobian matrix F’(0) to be invertible, which naturally leads to the existence and uniqueness of
é\, but fortunately, in the next section, we will show that 0 exists with probability approaching
one under mild conditions.

3. ASYMPTOTIC PROPERTIES

3.1. Notation and Preliminaries

Let R* = (0,00), Ry =[0,00), N={1,2,...}, Ny = {0,1,2,...} and ||x||, = max, ., |x;| be
the £,-norm of x = (x, ...,xn)T € R". Let Q(x, r) denote the ball {y : ||x —y|| < r}. Define

the || - ||, matrix norm for a matrix J € R™" as
IIJ lloo C
J = max J
11l = max = = max ;| y
Denote the || + ||, matrix norm by [[J [, := max, ; | j| Define the true parameter values by

0F = (af, s U Y :_1).

The asymptotic behaviours of the moment estimator crucially depend on the Jacobian
matrix of F(@). It turns out that this Jacobian is structured, and we characterize its struc-
ture by the notion of a general matrix class as follows. For Q > ¢ > 0, we say that a
(m+n—1) X (m+ n— 1)-dimensional matrix V" = (v, ;) belongs to the matrix class £, (¢, )
if the following conditions hold:

m+n—1

qg=<v;— Z ”_Q i=1,....,m,

j=m+1

Vi,j :O, l,_]= 1,...,m,i§éj,

vi; =0, i, j=m+1,..om+n—1,i#],
q<vi;=v,; 20, i=1....mj=m+1,...m+n—1,
m m
; Z Z Vi, i=m+1,... om+n—1 4)
k=1 k=1

One can easily verify the following properties of V' in L, ,(q, Q): it is symmetric, element-wise
nonnegative and diagonally dominant, and hence V' is positive semidefinite. Further, V' is strictly
positive definite, since for any (zy, ..., z,,,_;) € R™"~1 2TV z = 0 implies z = 0. Moreover,
one can verify that F'(0) € L, ,(q, Q).

. . . +n—1
For narration convenience, we also define v - YV . where

J=1j#i g
m+n—1 : : -1
i= 20" Vpyni- Generally, the inversion ¥~' does not

m+n,i — Vl m4n = Vi,i

i=1,....om+n—1,and v, ..,
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have a closed-form expression. To estimate V! for inference purposes, we devise a matrix
S = (s;;) to approximate V!, constructed as follows:

i ..
oy L Lhj=1,...,m,

i Vim+n,m+n

1

, l,....m, j=m+1,... . m+n—1,
Vm+n,m+n
s J Q)]

~

L= 1 . .
- , i=m+1,....m+n—-1,j=1,...,m,
Vimtn,m+n
S 1 .
—L 4+ , Lhj=m+1,....m+n—1,
Vi,i Vm+n,m+n

L

and 6, ; =1 if i =/ and is otherwise zero. The upper bound of the approximation error is
identified in Lemma S1.1; see the Supplementary Material.

3.2. Consistency, Uniqueness and Asymptotic Normality

Suppose for some ¢, , and Q,, ,, we have g, , < a + ﬁ;‘ <Q,,, forall i, j. We will first show
that there is a unique solution in the neighbourhood

D={0: 06, <2r}
C{0:qu,—4r<a+p <0,,+4r i€mlj€nl} (6)

of 0%, where r = ” [F UCa )] 'F (6*)” , and further show that this local solution is also the unique

global solution. Assume that u(-) is second-order differentiable and satisfies the following two
regularity conditions:

e Condition (1): When 0 < g,,,, <u < Q,, ,, there are three positive numbers b, , o, b, , | and
by n2 such that

bppo S ' @] < by 7

|/’l”(u)| S bm,n,Z’ (8)

where b, , o, b, .1 and b,, , , may depend on g, , and Q,,, ..
e Condition (2): x; ; is sub-exponential in that E [xf j] e < 4;;jpforall p > 1 for some parameter

4; ;> 0, and there exists a constant ém,n > 0 such that sup; ; 4; ; < ém,n.

We notice that the assumption specified in Equation (7) guarantees that u'(u) is always
positive (or always negative) in [g,, ,, O,, ,] and thus bounded away from zero. We will use this
fact later. A well-known corollary of Condition (2) is the sub-exponential Bernstein’s inequality
(see below). A proof can be found in Corollary 2.8.3 of Vershynin (2018).

Lemma 1. Under Condition (2), for a sufficiently large constant b, ,; > 0, there exists a
constant Cz s such that with probability at least 1 — Cs5 3(m + n)~', it holds that

m,n.,3

max{ max |d; — E(d;)|, max |b; — [E(bj)|} < bmn3<\/mlogm + \/nlogn>. 9)
i=1,....m j=1,...,n e
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Since we earlier assumed n < m, the right-hand side of Equation (9) can be replaced by
bm’n%\/ mlorb7 m with Cémvmbm’3 taking a different constant value. Now we are ready to present
our first main result.

Theorem 1. Suppose Conditions (1) and (2) hold, m/n = O(1), and

2
Mz(,( [ > (10)
b’ logm

m,n,0

bi‘n,mlbm,n,me,nﬁ n
Ll T T . (11)
b 0 logm

(i) Then with probability at least 1 — C@ b 3(m + n)~!, the moment estimator 0 exists and
is unique in the following neighbourhoyod:y Y

cp o on

0:10-0", < —=—"— 5, (12)

B> b, .5-m
m,n,1 "~ m,n,

where C is some global constant and, moreover, for this @, we also have

B> b
~ " n,17mn3 logm
166 ||oo=0( T >=o<1>. (13)

m,n,0

(ii) The unique solution 0 in the neighbourhood specified in Equation (12) is also the unique
solution in {9 Dy S o+ ﬁj <0, i€[mljE [n]}.

Remark 1. The main technique that we used to establish the key results in Theorem 1 is the
analysis of an oracle Newton iteration initiated at 6, which provably converges to 0. Here
we briefly explain the roles of the assumptions in this theorem. In Condition (1), Equation
(7) ensures that the Jacobian matrix F’(0) belongs to the matrix class L, ,(by..00 Omn1)
or—F'(®)eL,, (bm,n,O’ by ) For simplicity, in this article, we only focus on the case where
u'(u) >0 and F € L. Proof for the case where u'(u) <0 and —F € L can be established
similarly. Equation (8) guarantees that the Jacobian matrix F’(0) is Lipschitz continuous, which
would be a key in bounding the errors of the Newton iterations and eventually the error in
0. Condition (2) implies Lemma 1 and some important concentration results dependent on
node degrees in our analysis; see details in Lemmas S1.4, S1.6 and S1.8 in the Supplementary
Material. The apparently mild assumptions identified in Equations (10) and (11) will be needed
in some technical proof steps. In fact, our results allow the complexity of the population model
to increase with the sample sizes m, n. In most existing models, the population distribution is
fixed, and in this case, q,, ,» O p> Binn0> bmn1> O @nd by, , 5 will all be global constants, and
our assumptions identified in Equations (10) and (11) would trivially hold.

Remark?2. 1fb,, .5 /b, .0
the solution to the moment functions specified in Equation (3) exists and is unique in Q(Q*, e).

goes to zero slowly enough, there exists a small constant € > 0 such that
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Moreover, if the initial point 0© is close enough to the true value, that is, 00 e Q6% ¢€), the
iterative sequence provably converges to 0. For more details, see conclusion (iii) of Lemma
S1.2 in the Supplementary Material. For simplicity, in this article, we only present theoretical
guarantees for the estimator obtained by the Newton iterations initiated at 8*) = 6*; the analysis
for 80 e Q(6%, ¢) is similar but requires a much more involved formulation.

Our second main result describes the asymptotic normality of 0. Tt turns out that the
asymptotic variance of 0 can be characterized by the covariance structure of observed node

degrees. Letg = (dl, veesdybyy by )T and g,,,, = b, denote the observed degree sequence.
Define U = (u; ;) = Cov {g — E(g)}. Now we assume the following mild regularity condition.

e Condition (3) For some 0 < n,, , 4 <, , 5, W€ have

Mmna < min Var(x; ;) < max Var(x, ;) < 1,,,5- (14)
n4 S ML i a : n,

We have the following relationship between 0 and g:

Lemma 2. Under Condition (3) and

6 2 1/2
bm,n,lbm,n,SbmJl,zm / logm

= o(1),
b?n,n,()n 0( )
B Mins B llys = 0(n'7%) (15)
then we have R
(6-0'), = [s*(2-E@I], + 0, (n"") (16)

where S™ is the particular approximation specified in Equation (5) to the inverse matrix of
V* = F'(6%), V* denotes the Jacobian matrix of F(0) at the true point 0* and we borrow the
0,(-) notation from probability theory.

Notice that S* in Equation (16) is a nonrandom coefficient matrix, and g — E(g)
is asymptotically normal. Now we characterize the distribution of g via its covari-
ance matrix. Under the assumption specified in Equation (14), for 1 <i#i’ <m and
m+1<j#j <m+n—-1 we have u;, = Cov( Zj, xi’j,,zj, xi,,j,) =0, and similarly
u; ;= 0, and further, u; ; = Cov/( X Xijs X Xir ) = Var(x, ;). It is easy to check the remain-
ing conditions to verify that indeed U € L, , (’1m,n,4’ ’7m,n,5)~ Define u,,, s, = Var(b,), and

_ 2 : 2 2
Z = um+n,m+n/vm+n,m+n + dlag(ul,] /V171’ cer um+n—1,m+n—1 /vm+n—1,m+n—1 )

Since d, /uy y,...,d,[/u,, and by [u,,\ 1 pi1see s Dg /Uy g mys are asymptotically independent, we
have the following characterization of the asymptotic behaviour of g:

Proposition 1. Under Condition (2), if m/n = O(1), then

(51~ E(s)) /1" = N, > o,
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where g; is the ith element of g. Also, for any fixed k > 1, as m — oo, the vector consisting of
the first k elements of S *{g - [E(g)} is asymptotically normal with mean zero and covariance
matrix given by the upper left k X k submatrix of Z.

Remark 3. When the maximum likelihood equations of f coincide with the moment equations,
as is the case in the maximum entropy models, Poisson model and f-model, then Equation (14)
implies Equation (7), and it can be shown by a first-order Taylor expansion that the Jacobian
matrix of the parameter vector and the covariance matrix of the degree sequence coin-

3
ij i.j° [Elxi,jl3 < (3Ai,j) .
For i € [m], u, 3/22 (Elx; 1P < Com™1/2q 3/2 — 0, as m - oo, where C, is some abso-

lute constant. By the Lyapunov central limit theorem (Vershynin, 2018; page 362), we get

-1/2
m+j,m+j

cide. If x;; is a sub-exponential random variable with parameter A,

that u; 1/2(d,- - [E(d,-)) —> N(0,1),m — oo. Similarly, we also obtain that for j € [n],u

(b; = E(b,)) - N(0, 1), m — oo.

With the above preparations, we are now ready to present our second main result on the
asymptotic normality of 6.

Theorem 2. Suppose Equations (8), (13)—(15) and brzn ; 1'7m,n,5/b3,, ; Orlrln/j4 = o(nl/z) hold, then
for any fixed k > 1, as m — oo, we have o o

~ d
011 _9[1:k]_’N(0’ Z[l:k,l:k])s (17

where 6[ 1:k; @nd O . are the first k elements of the corresponding vector and Z\, . .y pertains
to the upper left k X k submatrix of Z.

Remark 4. Theorem 2 implies that for any fixed k, asymptotically, the standard deviation
of @\l is Z;; = /v”, satisfying (77"1”4/mbmnl)l/2 1/2/\1,, < ("mns/"bm,,o) 12 Using
Theorem 2, we can conveniently construct approximate marginal and joint confidence intervals

for estimating 6. For example, an approximate 1—a confidence interval for 6, —6; is

5,— - :9\] + Zl—a/Z( /v +1; /’\72 )1/2, where Z,_,/, is the 1 — a/2-quantile of the standard
normal distribution, and Vii and v; ; are the moment estimates of v; ; and v; ; that are obtained by
replacing all 0, with their moment estimates. Here & and ¥ are the estimated covariance matrix
Cov {g — E(g)} and the estimated Jacobian matrix F’ (@), respectively.

4. APPLICATIONS
4.1. Generalized p-model

The f-model (Chatterjee, Diaconis & Sly 2011) is an exponential random graph model with the
degree sequence as the exclusively sufficient statistic. Here we generalize the f-model to bipartite
graphs. For simplicity, we assume that edges belong to the sample space A = {0, 1,...,g — 1},
where g > 2 is a constant. Assume the edges x; ; are independently generated with the following
probability mass function:

a(a;+p;)
P(xi,j=a)=m, (l:O,l,...,q—l.

=1 k(@ +p;

k=0
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In this example, we let D be as defined in Equation (6) and set g, , = —Q,, . By definition, we
have

E )

ula+) = 3

q—1 k(a;+p; .
a=02k=0€’ (a+5))

Now we check the conditions of Theorem 1. For Condition (1), straightforward calculation

shows that
Y (k- l)Ze(k+l)(a,-+ﬂj)
0<k<I<g—1

/4,(0(,» + ﬁj) = 5
(zicdere)
This yields
;S|/4’(a,—+ﬂ-)|sq—2, and ;§|M’(a*+ﬁi“)|gq—2,
2(1 + e@mat2r) ! 2 2(1 + ¢9mn) Lo 2
% * * * 2 % 1
Thus, F'(6%) € Em,n<bm,n,o’ by ), where by i = %, by o= .

Next, Condition (2) is easy to verify since the distribution is discrete with a finite-sample
space so it is certainly sub-exponential. Thus, we choose b,, , 3 = ¢ — 1. Again, by Lemma S1.1
in the Supplementary Material, we have

r= O e3Qm,n l()ﬂ
\ / " .

If e9nn = 0 ((n/logm)'/®) and m/n = O(1), we have r — 0 as m — co. For any 6 € Q(6*,2r),
we have F'(0) € L, ,(by.n0> bn1 )» Where

(18)
On the other hand, for any i € [m], j € [n],

(1/2) E (k - 1)2(k + l - Za)e(k+l+a)(ai+ﬂj)
k#l,a

/4"(“,‘ + ﬁ,) =

1 3
( - ea(a,-+ﬂ,->>
a=0

3
Since Y, , e < (Zz;ée"(“"wf)) , we can choose b

0 ((n/ log m)l/lz),

(g—1)3. If &9mn =

mn2 —

b} b 263 /1 /1
m,n,lb;n,n, m,n, Oim=0 e6Qm,n O’g;m =0(1)’

m,n,0

where b, , | and b, , ; are given in Equation (18); hence Equation (13) is satisfied. By Theorem 1,
the uniform consistency of 0 holds as follows.
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Corollary 1. If ¢9nn =0 ((n/ log m)l/lz) ,m/n = O(l), then as m goes to infinity, with prob-

ability approaching 1, the moment estimator 0 exists and is unique in {0 : gq,,, < a; + p; <
Q,n» | € [ml, j € [n]}. Furthermore, we have

~ 1
10— 0%l = O(ewm/ﬂ) = o(1).
n

Note that the moment equations of the maximum entropy distributions are equal to the
maximum likelihood equations; then the covariance matrix of {g— [E(g)} is V=F(9) e

Lon (bm,n,O’ - ) such that

2
n mq .
— <y, < —, i=1,....m+n—-1.
2(1 + eQm,n) b 2
By the central limit theorem for the bounded case (Loeve, 1977; page 289), vi_il/ 2(d,- - E(d)))

—1/2 . . . Opn —
and vm+j,m+j(bj—[E(bj)) are asymptotically standard normal if v;; diverges. If e*mn =

1/9
) <"—>, then

(logm)1/9ml/]8

=o(1).

br6n,n,1br2n,n,3 by pam'/* logm o < e?%mam!/2log m )
9
bm,n,On

Now that all the required conditions have been checked, we apply Theorem 2 and obtain the
following result.

2L/
(log m)l/9m1/18
the vector consisting of the first k elements of 0 — 0* is asymptotically multivariate normal with
mean zero and covariance matrix given by the upper left k X k submatrix of Z.

Corollary 2. If e9mn = 0( ),m/n = O(1), then for any fixed k > 1, as m — oo,

4.2. Poisson Model
In this example, independent weighted edges take values in A =N, and each follows an
edge-specific Poisson distribution

e@ith))

a!

P(x;,; =a)= exp (=), a=0,1,2,.... (19)
Now we check the conditions of Theorem 1. For Condition (1), we have

uloy; + B;) = e%thi and W (e + B = e%ith;
In addition, for Condition (1), we have, for 8 € D,

e < |y (@, + B))| < P and  emn < i (af + )| < €Oma.

Thus F'(6) € L,,,, (b, - b% , ), where b” |

. m,n,0° “m,n,1/ .1
S1.4 in the Supplementary Material, we can set

r= O <e4Qm.n_3‘Im,n k)ﬂ) .
v n
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If e*@mn=3mn = ¢ ((n/ log m)l/z) ,m/n=0(1), then r - 0 as m goes to infinity. For any
6 € Q(6",2r), we have F'(0) € L,,,,,(b,.,0- b1 )» Where

by =€, by ,0=em™¥ and b, ,, = ePmn (20)

By Lemma S1.4 in the Supplementary Material, we can choose

4Qm,n
b s = 2eq] 222 1)
. v

where ¢ and y are absolute constants. If ¢’@ma=64mn = o ((n /logm)!/ 2),

brzn,n,l b3 /logm )
= 0 ,
b n

m,n,0
4
b n1bmn2bmns  [logm — o e7@uni—btns [log m — o),
bfn n,0 n "

where b, ,, and b, are given in Equation (20). Now Condition (1) is verified. Also,
Condition (2) is satisfied since the Poisson distribution is sub-exponential. By Theorem 1 we
have the following result.

Corollary 3. If ¢/Cmn=0tmn = ¢ ((n/ log m)1/2) ,m/n = 0(1), then as m goes to infinity, with

probability approaching one, the moment estimator 0 exists and is unique in {0 : q,,,
<a+ ﬁj <0, i €[ml,j € [n]}. Furthermore, this unique solution satisfies

A~ /1
6-6*,=0 <e4Qm,n_3qm,n M) =o(1).
n

In this example, the moment equations coincide with the maximum likelihood equations.
The covariance matrix of {g — E(g)} is V = F'(0) € L, ,(b,.0- b1 )» and the third moment
of the Poisson with parameter e%*/i is E(a};) = e tPi 4 32 th) 4 3@ith)  Recall that
0<gun <o +p; <0,,;sothen

Z;’lzl E (aij) n(eQ”’f" + 3€2Q””" + e3Qm'”) 5e4Qm,n_2qm,n
V3/2 - n3/ze3qm,n/2 - nl/2 ?

ii

and

Iy = (a?,j ) 5¢*Cmn=24mn

3/2 - nl/2
m+j,m+j

If ¢*Oma~nn = o(n'/*), the above expression goes to zero. This satisfies the condi-
tions of the Lyapunov central limit theorem (Billingsley, 1995; page 362). Therefore,

v ?(d; — E(d;)) is also asymptotically standard normal when e?@ma~4mn = o(n1/4). Similarly,

IN) 1
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V;l-ll—/jzm +;(b; —E(b;)) is also asymptotically standard normal under the same conditions. If

4Qm,n_34m,n — L
e 0 <m1/6(1ogm)1/3 , then

Be 1 bn s sbmaam'/* logm < €120n0~%4ma 12 10g m ) 0
_ —0
b ol

n
m,n,

Now we can apply Theorem 2 and obtain the following result.

Wl/3

4Qm,n_34m,n = —
Corollary 4. If e o(m1 To(logm)1/3

),m/n:O(l), then for any fixed k > 1, as

m — oo, the vector consisting of the first k elements of 0 — 0" is asymptotically multivariate
normal with mean zero and covariance matrix given by the upper left k X k submatrix of Z.

4.3. Rayleigh Distribution

Our third example assumes that independent edges x; ; € R* are sampled from the Rayleigh
density function

f(xi,j = a) =4 e_az/(zeaﬁﬂj) a>0.

b
ea,»+ﬂj

To verify Condition (1), notice that

Iu(ai + ﬂj) = \/ge(ai+ﬂj)/2‘
By direct calculations, for 8 € D, we have
Ml(ai + ﬁ.}) = %\/%e(ai+ﬂ/)/2s
L [z ,.—2n)2 1 [z 0, +2n/2
NN -
1 [z 4 1 - 1 |x o, 12
E\/;eq nl < |M’(a,- +ﬁj) < E\/;e n/ .

Thus F’(6%) € Em,n(b* b* ), where b* . = l\/geQm’"ﬂ,b* = l\/ge""w/z. By Lem-

m,n,0° “m,n,1 mn1 ~ 2 mn0 ~ 2

mas S1.1 and S1.6 in the Supplementary Material, we have

r= O <e%(Qm.n_qm,n)‘ / loﬂ) .
n

If e@mn~tmn = o ((n/logm)!/?), then r — 0 as m goes to infinity. For any 6 € Q(0*,2r), we
have F'(0) € L,, (b, 0+ by.n.1)> Where

L 1
by = 5\/§eQM~"/ 2 by = E@qu,n/z. )
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On the other hand, for any i € [m], j € [n],

Pula,+B) 1
I R/ L O LRV RV
W@+ h) op,0a, 4\/; o

1

Thus b, ,» = I \/geQ"w/ 2. By Lemma S1.6 in the Supplementary Material, we can choose

Qm,n
bny = 261 222 (23)
H Y

where ¢ and y are absolute constants, respectively. If e@nn=nn = o ((n/logm)'/®),

b2 b 3 [lo 3 /1o
m;; m,n, im = 0| &3 @nn—tnw % = o(1),

m,n,0
b} Bn2bins /1o /1o
m,n,1 '6"Jl, 'm,n, g m -0 e3(Qm’,,—qm’,,) ﬂ =o(1),
bmnO " n

whereb,, , ; and b, , o are givenin Equation (22). Also Condition (2) holds because the distribution
is sub-Gaussian, thus also sub-exponential. By Theorem 1, we have the following result.

Corollary 5. If e@nn=nn =0 ((n/logm)'/®) ,m/n= O(1), then as m goes to infinity, with

probability approaching 1, the moment estimator 0 exists and is unique in {0 : q,, , < a; + f; <
Qs | € [ml, j € [n]}. Furthermore, this unique solution satisfies

. I
10-6l,=0 <e§<Qm,n—qm’n>\ / —Ogm> = o(1).
n

Again, note that both d; = Y;_,a;, and b ;= D4y, ; are sums of n and m independent

random variables, respectively. It can be shown that U = Cov{g — E(®)} € L, , (.- Tmns)-

where
4—r , 4—r
e, nm,n,S = )

ePmn,

nm,n,4 =

Hence we have

ai+ﬂj 3(ai+ﬁj)
The third moment of the Rayleigh distribution with parameter e is E(a; ;) = 3\/§ ez .
Recall that 0 < g, , < af + f; < Q,,, ; it follows that

3 Z 39mn
SIE@) I oo,

3/2 = 323 mal2 T nl/2 ’
1l
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and

m 3

2inE (ai,j ) 243Cmn=mn
3/2 = nl/2
m+j,m+j

If e3Cmn=dmn = o(nl/ 4), the above expression goes to zero. This satisfies the conditions of the

Lyapunov central limit theorem (Billingsley, 1995; page 362). Therefore vl._l.1 /2 (d,- - [E(d,-)) isalso
asymptotically standard normal when e*@mn=4nr = o(n'/#). Similarly, v;,fr/jzm . j(b i —E(b))) is

1 111 Qm,n_qm,n — L
also asymptotically standard normal under the same conditions. If e =o0 < Toamomi )
then

9 =
bm,n,On

S b b, m/?logm 3@ =m) g 1/2
m,n, 1~ m,n,37 Mn, o0 e nm ogm =0(1).

Applying Theorem 2, we have the following asymptotic normality result for 0.

22/9
(log m>Om!/9
the vector consisting of the first k elements of 0-06"is asymptotically multivariate normal with
mean zero and covariance matrix given by the upper left k X k submatrix of Z.

Corollary 6. If eZmn=dmn = ¢ ( ) ,m/n = O(1), then for any fixed k > 1,as m - oo,

4.4. Maximum Entropy Distributions with Continuous Weights

We now consider maximum entropy distributions with continuous weights, that is, A = R,
where the moment equations are equal to the maximum likelihood equations. Assume that each
X; ;.1 € [m],j € [n], is a mutually independent exponential random variable with the density
function

[y =a)=(a;+p;)e™),a > 0.

We first apply Theorem 1 to obtain the existence and consistency of 0. In this case

pla; + b)) = (@ + )"

By direct calculations, for 0 € D, we have

12 —l
wia+p) = ———.
! (o; + ﬂj)z
2
1 < 1 < 1 , 1 < 1 < 1
(Qm,n + 2]")2 (ai + ﬁj)2 (qm,n - 27’)2 Q%,n (a,* + ﬂj*) qrzn,n

Thus —F'(0%) € L, ,(b%  ,.b% ), where b*  =g¢.2 b* =02 By Lemmas S1.1 and

m,n,0’ m,n,0

S1.8 in the Supplementary Material, it follows that

Q,ﬁn,, logm
=0 —\/— |-
' (qfn,n n
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If Qpn/qmn =0 ((n/ log m)l/lz), then r — 0 as m goes to infinity. For any 0 € Q(0*,2r), we
have —F'(0) € L,,,,,(b,.0 by.n1 )» Where

1 1

bm,n,l =5 0un0 = . (24)
Qi 07
On the other hand, for any i € [m], j € [n],
2 u(a, + B,
/f‘”(a; +ﬂj) _ u(a; ﬁj) _ 2 .
aﬂjao‘i (o +ﬁj)
Thus, b, ,, =2/ q,3n,n. By Lemma S1.8 in the Supplementary Material, we can choose
8
bm,n,3 = 5 (25)
Y4m.n

where y is an absolute constant. If Q,,, ,/4,,., = o0 ((n/log m)'/**),

B> b 6
man1”mn3 [logm Onn [logm
3 \V =0 <=\ —— )=o),
b n Gmn n

m,n,0

bfn,n,lbm,n,zbm,nj logm 02, [logm
5 P T e
bm,n,O Am.n

where b, , | and b, , ; are given in Equation (24). Condition (2) is checked since this distribution

is sub-exponential. By Theorem 1, the uniform consistency of 0 is as follows.

Corollary 7. If Q,, /G, =0 ((n/logm)'/?*) m/n = O(1), then as m goes to infinity, with
probability approaching 1, the moment estimator 0 exists and is unique in {0 Yup S o+ P <
O L€M), jE [n]}. Furthermore, this unique solution satisfies

~ 0%, N
||0—9*||0°=0< : 0gm>=0(1).

5
[/ h

Again, note that both d; = Y;_,a,, and b; = 3} a, ; are sums of n and m independent
exponential random variables, respectively. Note that the moment equations of the maximum
entropy distributions are equal to the maximum likelihood equations; the covariance matrix of
{g-E@}isV=-F(®eL,, (bm’,,,o, b1 ) The third moment of the exponential random

variable with parameter 1/(a; + ;) is [E(afj) =6/(a; + ﬂj)S. Under the assumption that
0<gp, <af+p; <0, wehave

TjEla) _6X@+8)7 60./9m,
3/2 - 3/2 = nl/2 >

ii ii
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and

3/2 - 3/2 = 1/2
1% / oo 1% / oo nl/
m+j,m+j m+j,m+j

Z;;l[E(a?,j) 62?:1(“1' +ﬁj)_3 < 605, ./ G

If Qpn/Gmn = o(nl/ 6), then the above expression goes to zero. This shows that the condition

for the Lyapunov central limit theorem (Billingsley, 1995; page 362) holds. Therefore, v;il/ 2

-1/2

m+j,m+j

(b ; — Eb j)) is also asymptotically standard normal under the same conditions. If Q,, ,/q,, , =
Rl/18

o ). then

ml/36(10gm)1/18

(di — [E(dl.)) is also asymptotically standard normal if Q,, ,/4,,,, = o(n]/ 6). Similarly v

6 2 1/2
bm,n,lbm,n,3bm,ﬂ,2m / logm
9
b ol

m,n,

=o(D),

By Theorem 2, the asymptotic normality of 0 is summarized as follows.

n1/18
Corollary 8. If Q,,,/qn, = o(—m1 756 Gog w1/
00, the vector consisting of the first k elements of @ — 0" is asymptotically multivariate normal

with mean zero and covariance matrix given by the upper left k X k submatrix of Z.

),m/n = O(1), then for any fixed k > 1, as m —

5. NUMERICAL STUDIES

In this section, we report the results of numerical studies involving synthetic data generated by
the Poisson model specified in Equation (19), in order to assess the performance of our moment
estimator. This model is widely used to describe the likelihood of discrete events occurring in a
continuous manner, such as website visits, user ratings, crime and disease incident reports. We
also describe the analysis of an example from the US Law Firms and World Cities network.

5.1. Simulations
We set (xi* =m—i)L/(m-1), ﬂl.* =(m—i)L/(n—1)and p; = 0. We chose to fix the bipartite
network size at (m,n) = (100,50), (200,100) and test L on the logarithmic scale, that is,

L € {0, log(logm), logm}. We focussed on the asymptotic distributions of 2, ;= [a[ - aj -

- ~ ~ 172 ~ ~ A v s ~ ~ 1/2
(“i _aj)]/(l/vi,i+l/vj,j) and Nij = [ﬂi—ﬁj— (ﬁ,- _ﬂj)]/(l/vn+i,n+i+1/vm+j,m+j) >
where V; ; is the estimate of v;; which was obtained by replacing 67 with 6,, and then verifying

Corollary 4 empirically. We assessed the asymptotic normality of EI o ;. ; by Q-Q plot under
various L. We also evaluated the coverage probabilities and the lengths of the empirical 95%
confidence intervals. In addition, we recorded the observed frequency that the estimate does not
exist. Each simulation involved 10,000 repetitions.

We tested the bipartite network size of (m, n) = (100, 50) and (200,100), respectively, and
found the Q—-Q plots of a — oc;‘ and " — /3;‘ to be similar for each setting. Therefore, in Figure 1,
we only show the Q—Q plot of a;k - a;‘ for (m, n) = (100, 50). The horizontal and vertical axes
are the theoretical and empirical quantiles, respectively, and the red lines correspond to the
reference lines y = x. From Figure 1, we see that under all three (x;“ — aj’f configurations, the
empirical distribution shows no evidence of departure from normality when L < log(m).

Table 1 summarizes the observed results for estimating 6 — 67, including estimated coverage
probabilities, the length of the empirical 95% confidence intervals and the observed frequency
that such a confidence interval does not exist. Here, a large L regulates the confidence interval
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FiGURE 1: The Q-Q plots of 9,/*(@, — a,). Poisson model (m = 100, n = 50).

length downward, while the length decreases as the bipartite network size of (m, n) increases.
As we read from Table 1, the coverage frequencies are all close to the nominal level of
95% for all L. Furthermore, we use a Lilliefors test to verify whether our data sample is
drawn from a normally distributed population; see Table 2. When L = 0, p = 0.00 for all pairs
(i, j), thereby implying that it is unlikely that this sample came from a normal population;
when L = log(logm) and L = log m, the P-values for most pairs (i, j) are not less than 0.05,
implying that the empirical distribution may reasonably be regarded to follow the normal
distribution.

In Table 3, we report the running times of our algorithm under different configurations. Our
method scales comfortably to networks of roughly 500 senders and receivers, respectively. Using
a Newton method, the memory cost of our approach is O((m + n)?).
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TasLE 1: Estimated coverage probabilities (x100%) of 8} — 67 for a pair (i, j) as well as the length of
confidence intervals (in square brackets), and the probabilities (x100%) that the estimate does not exist (in

parentheses).

Node (i, )) L=0 L = log(log(m)) L =logm
m = 100 (1,2) 95.03 [0.40](0) 95.14 [0.12](0) 94.88 [0.01](0)
(50,51) 94.92 [0.40](0) 94.89 [0.18](0) 95.11 [0.03](0)
(99,100) 94.86 [0.40](0) 95.23 [0.26](0) 94.70 [0.08](0)
n=50 (1,2) 94.63 [0.28](0) 95.16 [0.09](0) 95.00 [0.01](0)
(25,26) 94.85 [0.28](0) 94.82 [0.13](0) 94.85 [0.02](0)
(49,50) 95.21 [0.28](0) 94.87 [0.18](0) 94.97 [0.06](0)
m =200 (1,2) 95.10 [0.28](0) 95.06 [0.08](0) 94.79 [0.00](0)
(100,101) 95.24 [0.28](0) 94.83 [0.12](0) 95.13 [0.01](0)
(199,200) 95.28 [0.28](0) 95.12 [0.18](0) 95.08 [0.05](0)
n =100 (1,2) 95.16 [0.20](0) 95.03 [0.05](0) 95.13 [0.00](0)
(50,51) 95.38 [0.20](0) 95.00 [0.08](0) 95.27 [0.01](0)
(99,100) 94.71 [0.20](0) 94.85 [0.12](0) 95.18 [0.03](0)

TasLE 2: Lilliefors test of 8] — 9;‘ for a pair (i, j): Statistic with P-value in square brackets.

Node (i, )) L=0 L = log(log(m)) L =logm
m =100 (1,2) 0.02 [0.00] 0.01 [0.02] 0.00 [0.93]
(50,51) 0.02 [0.00] 0.01 [0.00] 0.01 [0.61]
(99,100) 0.02 [0.00] 0.01 [0.00] 0.01 [0.20]
n=>50 (1,2) 0.02 [0.00] 0.01 [0.32] 0.00 [0.92]
(25,26) 0.01 [0.00] 0.01 [0.11] 0.01 [0.14]
(49,50) 0.02 [0.00] 0.01 [0.08] 0.01 [0.66]
m =200 (1,2) 0.02 [0.00] 0.01 [0.03] 0.01 [0.01]
(100,101) 0.02 [0.00] 0.01 [0.16] 0.01 [0.65]
(199,200) 0.02 [0.00] 0.01 [0.02] 0.01 [0.26]
n =100 (1,2) 0.01 [0.00] 0.01 [0.69] 0.01 [0.40]
(49,50) 0.01 [0.00] 0.01 [0.72] 0.01 [0.51]
(99,100) 0.01 [0.00] 0.01 [0.37] 0.01 [0.80]
TaBLE 3: The running times of 0 — 0;‘ for a pair (i, j).

(m, n) (100, 50) (200,100) (400,200)

Time in seconds: mean (std.) 0.50 (0.02) 7.35 (0.06) 113.43 (0.20)
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5.2. The US Law Firms and World Cities Example

We used our method to analyze data concerning the US Law Firms and World Cities network
discussed in Beaverstock, Smith & Taylor (2000); the dataset may be found at https:/www.
Iboro.ac.uk/gawc/datasets/da5_1.html. The data concern numbers of lawyers of 100 American
law firms with foreign offices in 72 cities outside United States. We preprocessed the data by
removing isolated nodes and obtained a bipartite graph with 98 firms and 68 cities. We used the
GLM package with a Poisson link function to estimate the Poisson model parameters. Table 4
reports the estimated a; and f; values with standard errors and observed degrees; recall that we
set figg = 0. In Table 4, we observe a clear positive relationship between @ and d, and between
ﬁ and b as well. The full version of this table may be found in the Supplementary Material.
Table 5 summarizes the estimated quantiles for firm and city degrees and shows that d varies
markedly from 1 to 1802, whereas the range of b, from 1 to 761, is somewhat more confined.
This is also reflected in the spread of @;, ranging from —5.01 to 2.48, and ﬁj from —3.33 to

3.30, as is shown in Figure 2. The histograms of both @;’s and ﬁAj’s indicate that they follow

TasLE 4: US Law Firms and World Cities network dataset: The estimators of @, and ﬁj and their standard
errors (in parentheses), and selected top 10 and bottom 10 firms and cities according to the degree
sequences, respectively.

~

Firm ID Degree a City ID Degree B
45 1802 2.48 (0.02) 36 761 3.30 (0.04)
224 0.40 (0.07) 46 441 2.76 (0.05)
174 0.15 (0.08) 27 427 2.72 (0.05)
18 160 0.06 (0.08) 11 261 2.23 (0.06)
4 134 —0.12 (0.09) 68 156 1.72 (0.08)
83 98 —0.43 (0.10) 62 138 1.60 (0.09)
1 93 —0.48 (0.10) 20 134 1.57 (0.09)
3 73 —0.72 (0.12) 43 129 1.53 (0.09)
11 59 —0.94 (0.13) 55 123 1.48 (0.09)
7 58 —0.95 (0.13) 58 115 1.41 (0.09)
85 2 —4.32(0.71) 67 4 —1.95 (0.50)
87 2 —4.32(0.71) 17 3 —2.23 (0.58)
43 1 —5.01 (1.00) 45 3 —2.23 (0.58)
52 1 —5.01 (1.00) 12 2 —2.64 (0.71)
61 1 —5.01 (1.00) 44 2 —2.64 (0.71)
71 1 —5.01 (1.00) 66 2 —2.64 (0.71)
75 1 —5.01 (1.00) 21 1 —3.33 (1.00)
89 1 —5.01 (1.00) 33 1 —3.33 (1.00)
95 1 —5.01 (1.00) 51 1 —3.33 (1.00)
99 1 —5.01 (1.00) 65 1 —3.33 (1.00)
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TaBLE 5: The minimum, quartiles and maximum values of degrees from 98 firms and 68 cities.

Degree Minimum 1/4 quantile Median 3/4 quantile Maximum

d 1 4 11 33 1802
1 6 24 59 761

= min:-5.01 ] = min:-3.33
+ 1/4Q:-3.63 + 1/4Q:-1.54
mdn:-2.62 mdn:-0.16
4 3/4Q:-1.52 4 3/4Q:0.76
#* max:2.48 3% max:3.30
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FiGure 2: The histograms of &;’s and ﬁj’s for the US Law Firms and World Cities data with 98 firms and
68 cities. The histogram of the estimates of the 98 firms (left) and 68 cities (right) parameters in the US
Law Firms and World Cities data.

approximate normal distributions. We also give the Q—Q plots of both @;’s and /?j’s in Figure 3;
the horizontal and vertical axes are the theoretical and empirical quantiles, respectively, and the
red lines correspond to the reference lines y = x. From Figure 3, we see that many points lie close
to the reference lines y = x, especially in the middle, but the points in the tails are somewhat
more variable. We see that both @, and ﬁj appear to follow normal distributions.

As an application of our method, we used the estimated parameters to generate 100
bootstrapped adjacency matrices. The resulting bootstrapped adjacency matrices were then used
to build 95% bootstrap confidence intervals for the degree sequences, as reported in Table 6.
We can see that the mean degrees of 100 bootstrap degree sequences are close to the original
data concerning degrees from the observed network dataset. Moreover, these original degrees
belong to the 95% bootstrap confidence intervals. On the other hand, we also calculated the
mean skewness of 100 bootstrap degree distributions and the skewness of each bootstrap degree
distribution, respectively; see Table 7. Compared with the skewness of the original degree
distributions, the skewness values for the bootstrap degree distributions seem quite similar to
each other.

The Canadian Journal of Statistics / La revue canadienne de statistique DOI: 10.1002/cjs. 11735

BSUB017 SUOLULLIOD BARERID Bed ! dde 3 Aq pauLBA0 8.8 Sajo1Le YO 88N JO S9INI 10} A1 BUIIUO AB]IA UO (SUORIPUOD-PUE-SULBIL0D" A3 1M Afe.q] 118U |UO//SONY) SUORIPUOD pue Swd L 3L} 835 *[€202/TT/T2] uo Akeiqiauliuo Aolim ‘AiseAuN d1uysiAjod Buoy BuoH Aq Se2TT'S0/200T 0T/10p/w00 Ao M ARIq1pul|UO//SdnY WO papeojumoq ‘v ‘€202 XGP680LT



2023 ASYMPTOTIC THEORY IN BIPARTITE GRAPH MODELS 939
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FiGure 3: The Q-Q plots of &;’s and ﬁ\j’s for the US Law Firms and World Cities data with 98 firms and
68 cities. The Q—Q plots of the estimates of the 98 firms (left) and 68 cities (right) parameters in the US
Law Firms and World Cities data.

Referring to the observed values reported in Table 4, we make the following observations
concerning this example. First, as one naturally expects, the estimated standard errors on
high-degree nodes (also known as “hub nodes” or core nodes) are significantly smaller than
the corresponding estimated standard errors for low-degree nodes (“leaf nodes,” or peripheral
nodes), since nodes with higher popularity provide more data about their connection patterns.
Second, in light of Remark 4 in Section 3.2, we can construct a marginal approximate 95%
t-confidence interval for each @; and §; parameter, using (@, +257€.@;)). Let us inspect the
top-10 highest degree firms listed in Table 4. A large value of @; suggests that the company is
highly “internationalized.” Similarly, a large value of ﬁj suggests the city’s attraction for US law
firms. Tracing the top-ranked cities in Table 4, we find the top three to be London, Paris and
Hong Kong, all of which ranked in the top tiers of the recent GaWC Global City Index (London is
Alpha++, the other two are Alpha+). Those ranked 4—10 (Brussels, Warsaw, Tokyo, Frankfurt,
Moscow and Singapore, in order) suggest that while there is a clear positive relationship between
a city’s global centrality and its attraction for US law firms, there may be other factors that
also play a role in the choices that law firms finally make. For instance, two potentially very
relevant other factors are law systems and geographical distance. The United Kingdom, Hong
Kong and Singapore share the same law system (common law) as the United States, which
might facilitate their connection in legal practice and business. This might also partially explain
the situation of Tokyo, since the Japanese legal system is a mixture of civil and common law
systems. On the other hand, the observation that European continent cities that adopt civil laws
are significantly elevated in their ranking in Table 4 compared with their global city indices,
possibly due to their geographical and cultural closeness to the United States, compared with
some other Asian-Pacific cities with high global centrality. On the other hand, the estimated @;
values reported in the same table may serve as a useful reminder of the possible limitations of
our study. The most internationalized company (Firm 45) has almost twice as many network
connections as the total connections of the remaining top 10 law firms combined. Consequently,
this firm alone strongly influences the estimated values of the f; parameters, and one should

keep this fact in mind when interpreting the [/3\] values.
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TaBLE 6: US Law Firms and World Cities network dataset: The mean degrees of 100 bootstrap degree
sequences and their 95% bootstrap confidence intervals (i.e., CI) (in square brackets), and selected top 10
and bottom 10 firms and cities in order, respectively.

Firm ID d d 95% bootstrap CI  City ID b b 95% bootstrap CI
1 93 93.78 [76.31, 111.25] 1 40 39.05 [26.81,51.29]
2 224 22557 [194.43,256.71] 2 103 10251 [85.00, 120.02]
3 73 73.03 [57.73, 88.33] 3 84 82.57 [64.59, 100.55]
4 134 13329 [113.32, 153.26] 4 22 21.66 [13.25,30.07]
5 50 50.76 [37.71, 63.81] 5 33 33.63 [22.42, 44.84]
7 58 57.47 [42.18,72.76] 7 33 33.74 [22.93, 44.55]
8 6 5.94 [1.34, 10.54] 8 9 9.25 [3.89, 14.61]
9 29 28.4 [18.04, 38.76] 9 6 6.02 [1.77,10.27]
10 43 42.61 [28.00, 57.22] 10 261 26136 [225.65,297.07]
90 3 291 [—0.32, 6.14] 60 5 5.39 [1.11,9.67]
91 3 3.19 [—0.06, 6.44] 61 15 1471 [7.98, 21.44]
92 39 38.29 [26.41,50.17] 62 138 13825  [114.03,162.47]
93 8 8.28 [2.44, 14.12] 63 63 64.81 [49.19, 80.43]
94 9 9.08 [3.33, 14.83] 64 4 372 [0.03, 7.41]
95 1 1.1 [—1.23,3.43] 65 1 1.03 [—0.88, 2.94]
96 34 33.51 [21.40, 45.62] 66 2 2.01 [—0.80, 4.82]
97 25 25.51 [15.45,35.57] 67 4 4.13 [—0.05, 8.31]
99 1 1.08 [—0.75,2.91] 68 156 15634  [133.49,179.19]
100 11 10.99 [4.53, 17.45] 69 28 28.05 [18.78, 37.32]

TaBLE 7: The skewness of degree distributions from 98 firms and 68 cities: f¢ indicates the skewness of
original degree distributions, f¢ indicates the mean skewness of 100 bootstrap degree distributions, while

the skewness of the ith bootstrap degree distributions is denoted by E; .

Type ﬂs ﬂSm ﬁS 1 ﬁs 25 ﬂSSO ﬂS 75 ﬂSlOO
Firms 9.03 9.02 9.01 8.99 9.05 9.05 9.00
Cities 3.92 3.93 3.82 3.89 4.10 3.83 3.97
6. DISCUSSION

In this article, we proposed a general model for degree-based modelling and analysis of bipartite
graphs. Our model generalizes several popular models in the existing literature that adopt this
particular perspective for bipartite graphs. In contrast to the common likelihood-based methods,
we proposed a moment method for parameter estimation that is computationally efficient and
enjoys nice theoretical properties under mild conditions. Our proof makes original use of the
theory on Newton’s iterations in this setting.
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Our model applies to a rich family of network models, and as demonstrated in Section 4,
it provides a general framework for systematically studying the asymptotic properties of many
existing models as its special cases. The simulation studies that we conducted for the Poisson
model and the practical example that we analyzed concerning US law firms and world cities
amply demonstrated the effectiveness of our method in concrete problem settings.

There are several possible directions for future research. One of these would involve seeking
finite-sample error bound guarantees rather than asymptotic results. The analysis method is not
very challenging, but the formulation will become much more involved; therefore, we chose not
to pursue such a challenging goal in this article.

Another interesting question would be to investigate the case where m and n are at very
different scales. Very different m and n would significantly complicate the approximation to V!,
which is a key technical ingredient in our analysis, and this complication would propagate to all
consequent analyses and results. While we believe such an extension is feasible, it represents a
separate line of investigation and exceeds the scope of this article.

The asymptotic approximation and concentration results that our analysis relies on can in
fact accommodate slight dependency across network edges. In light of recent research interest
in the topic of networks with dependent edges, we are also interested in exploring the relaxation
of the independent edge assumption that is almost universally assumed in the current bipartite
graph literature.

Finally, a natural topic of inquiry concerns richer network features beyond degrees. In fact,
degrees can be viewed as a rescaled version of the simplest network moment, namely, edges in
Zhang & Xia (2022). Other motifs such as stars and cycles are also useful and very meaningful
quantities to study. However, methods and theory for degree-based exponential random graph
models are still in active development and not yet complete. In this article, our aim has been
to provide a more comprehensive understanding of relatively simple, degree-based models as
a solid step forward. Also, while including more statistics into the exponential random graph
model, one must also be very careful with model identifiability, which is generally a challenging
task for many network models.
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