arXiv:2403.13725v1 [econ.EM] 20 Mar 2024

Robust Inference in Locally Misspecified Bipartite Networks*
Luis E. Candelariaf Yichong Zhang?

March 2024

Abstract

This paper introduces a methodology to conduct robust inference in bipartite networks un-
der local misspecification. We focus on a class of dyadic network models with misspecified
conditional moment restrictions. The framework of misspecification is local, as the effect of mis-
specification varies with the sample size. We utilize this local asymptotic approach to construct
a robust estimator that is minimax optimal for the mean square error within a neighborhood
of misspecification. Additionally, we introduce bias-aware confidence intervals that account for
the effect of the local misspecification. These confidence intervals have the correct asymptotic
coverage for the true parameter of interest under sparse network asymptotics. Monte Carlo
experiments demonstrate that the robust estimator performs well in finite samples and sparse
networks. As an empirical illustration, we study the formation of a scientific collaboration

network among economists.
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1 Introduction

Bipartite networks are embedded in a wide range of economic interactions that entail bilateral
relations, for example, those between exporters and importers, buyers and sellers, and scientists
and research teams. Dyadic regression with two-sided heterogeneity represents a leading approach
for analyzing bipartite networks as it can adequately account for dyad dependence and link sparsity
(Graham)2020)). While under correct model specification, it yields valid econometric inference for a
structural parameter of interest, its performance under local misspecification has not been explored.
To the best of our knowledge, this is the first paper to study the effects of local misspecification on

a dyadic regression model for bipartite networks.

In this paper, we develop a methodology to conduct robust inference in bipartite networks under
local misspecification. We focus on a class of dyadic models characterized by conditional moment
restrictions when model misspecification prevents these restrictions from holding exactly. Some
situations in dyadic network models that lead to the failure of these moment restrictions include
incorrect specification of parametric assumptions, ignoring preferences for latent homophily, and
excluding network externalities. Our framework is one of local misspecification, as the magnitude
of misspecification vanishes as the sample size grows. This modelling approach is intended as
an asymptotic device, which is particularly useful to provide a tractable approximation for the
effect of the model misspecification. Moreover, it enables us to perform inference on the structural

parameter of interest rather than on a pseudo-true parameter.

We propose a robust estimator that accounts for the local misspecification on the conditional
moment restrictions. To construct this estimator, we consider a sieve approximation to form un-
conditional moment restrictions that grow in number with the sample size. The robust estimator
is then computed as a one-step refinement, which improves on an initial estimator that ignores the
model misspecification by incorporating an adjustment term that minimizes the sensitivity of the
inferential procedure to local deviations in the unconditional moment restrictions. In particular,
this adjustment term is chosen optimally to minimize the worst-case mean squared error (MSE).
As a consequence, the robust estimator is minimax optimal in the sense that given the worst-case
bias in a neighbourhood prespecified by the researcher, the robust estimator attains the minimum

MSE within a class of regular estimators (Newey|1990).

The resulting confidence intervals are ‘honest’, as they are widened to account for the worst-
case bias within a neighborhood of misspecification (Donoho|1994; |Armstrong and Kolesar 2021}
Bonhomme and Weidner|2022)). This construction ensures that the bias-aware confidence intervals
contain the structural parameter of interest under both correct specification and local misspecifica-
tion with a prespecified coverage probability. The neighborhood of misspecification is determined
ex-ante by the researcher but can be adjusted to conduct sensitivity analysis on the structural

parameter of interest (Conley, Hansen, and Rossi2012)). Additionally, we show that in our setting,



the misspecification neighborhood takes on a simple form, which enables us to obtain a closed-form
expression for the adjustment term. In Section [2) we describe in detail the construction of the

robust estimator and bias-aware confidence intervals.

To illustrate the performance of our methodology in an empirical application, we study the
formation of a scientific collaboration network among economists. While collaboration among sci-

entists is pivotal for research productivity and innovation, the factors that determine the creation of

these connections have remained underexplored (Goyal, Van Der Leij, and Moraga-Gonzalez| 2006}
|Anderson and Richards-Shubik [2022; Hsieh, Konig, Liu, and Zimmermann|2022). In addition, the

existing approaches used to analyze these collaborations rely on strong parametric assumptions

or limit the degree of unobserved heterogeneity, making them susceptible to model misspecifica-
tion. To address this gap, we implement our robust methodology to study the factors driving the
formation of scientific collaborations among economists. The web of collaborations is described
as a bipartite network connecting scientists and research projects, and it is constructed using the
universe of published papers in the top American economic journals of general interest during the
period of 2000 to 2006. We describe in detail the dataset and network construction in Section [6]

As parameters of interest, we focus on those capturing assortative matching between scientists
and the attributes of a research project. Additionally, we estimate global features of the network,
such as the average out-degree. Our analysis documents that homophily in the research field of
expertise is a strong predictor for link formation. Moreover, highly productive scientists are, on
average, more likely to collaborate on higher-impact projects, measured by aggregate citations. The
results also show that, during the sample period, female authors are more likely to sort in teams
with a higher share of female authors. Finally, the evidence shows that our methodology leads to

a reduction on the MSEs as predicted by out theoretical results.

Our paper is related to the literature on robust statistics (Huber|[1964; Huber and Ronchetti|
2009; Rieder|1994)), sensitivity analysis (Leamer| 1985; Imbens|[2003; Chen, Tamer, and Torgovitsky|
2011; Nevo and Rosen| [2012; Masten and Poirier| 2020, 2021)), and local misspecification
[1985]; [Conley et al.|[2012} Kitamura, Otsu, and Evdokimov|[2013}; |[Bugni, Canay, and Guggenberger]|
[2012; [Andrews, Gentzkow, and Shapiro/[2017, 2020} [Bugni and Ural[2019; [Armstrong and Kolesar|
[2021; Bonhomme and Weidner|[2022; [Armstrong, Weidner, and Zeleneev|[2022} [Armstrong, Kline,|
land Sun| 2023; |Christensen and Connault| 2023). The most closely related papers to ours are
those by |Andrews et al| (2017); Armstrong and Kolesar| (2021)); Bonhomme and Weidner| (2022])

and |Christensen and Connault| (2023), who rely on local misspecification to conduct sensitivity

analysis. In contrast to these papers, this work focuses on a class of models characterized by
conditional moment restrictions, which is not nested within their settings. Moreover, the object
of study is entirely different as we analyze dyadic models for bipartite networks. On a technical

side, bipartite network exhibit patterns of dyadic dependence that preclude us from using efficiency

results invoked by the previous papers (cf. [Kitamura et al.|2013; Bonhomme and Weidner|[2022).




The paper also contributes to the literature on dyadic regression (Graham|2017;Jochmans|2018}
Tabord-Meehan!|2019; [Davezies, D’Haultfoeuille, and Guyonvarch|[2021; Menzel|[2021} |(Graham, Niu,
and Powell 2021, |2019; (Graham!|2022)). The closest paper to ours is the one by (Graham (2022]). In
this paper, the author derives the asymptotic properties of a logistic regression under sparse network
asymptotics and shows that under global misspecification, the pseudo-true parameter minimizes a
Kullback—Leibler Information Criterion. In contrast, we construct a one-step robust estimator for
a dyadic regression under local misspecification. Our methodology differs substantially as we make
use of local approximations to conduct inference on the true structural parameter rather than on
a pseudo-true parameter. Notably, our estimator provides robust inference in dyadic models with
degree heterogeneity, even in the presence of network externalities (cf. [Pelican and Graham| 2020,
and see de Paulal (2020)) for a survey on network models). On a technical note, our paper relies
on the Yurinskii-type coupling under dyadic data with an increasing dimension of sieve bases. Our
paper complements the kernel-based nonparametric estimation methods considered by |Graham
et al. (2021} [2019).

The rest of the paper is organized as follows. In Section [2, we introduce the class of dyadic
regressions with local misspecification. We also show how to construct the robust estimator and the
bias-aware confidence intervals. In Section[3] we prove that the bias-aware confidence intervals have
the correct asymptotic size control. In Section[d] we show that the robust estimator is minimax-MSE
optimal. Section [f] provides Monte Carlo experiments. Section [f] presents an empirical application.

Additional results and proofs are collected in the appendices.

Notation. Throughout the paper, we use || |2, || ||op, || - ||F to denote the £2-norm of a vector,
the operator norm of a matrix, and the Frobenius norm of a matrix, respectively. For an positive
integer N, we denote [N] as 1,---, N.

2 Model

We consider a bipartite network of scientific collaborations with N scientists and M projects.
For any i € [N], let X; and A; denote vectors of scientist i-specific observed and unobserved
attributes. Similarly, for any j € [M], let W; and B; denote vectors of project j-specific observed
and unobserved attributes. For any pair i € [N] and j € [M], U;; denotes a scientist-project-specific
unobserved attribute. The total sample size is denoted by n = N + M.

For any finite n, the bipartite network [Yj;] i€[N]je[M] is determined according to the X-W-

exchangeable graphon

}/i]' :hn (/Uij’Xi’ijAiaBjanj)a (21)



where hy, is a measurable function that maps (v;;, X3, Wj, A;, Bj, U;j) — {0,1}, and v;; represents an
iid. latent mixing factor that is unidentified, as discussed in |Graham| (2022). In our framework, v;;
represents a misspecification component that will affect the conditional probability of establishing
a collaboration link as specified by . The graphon in is used as a nonparametric data
generating process for the bipartite network of scientific collaborations with N scientists and M

projects. Intuitively, (2.1]) states that Y;; = 1 if scientist ¢ collaborates in project j, and 0 otherwise.

We assume that the conditional probability of establishing a collaboration link is given by
PV = 1] X;,W;] = / A (a0 + 2580+ n7%0) 7 (0)dv, (2.2)

where A(u) = exp(u)/(1+exp(u)) is the standard logistic CDF, Z;; = 2(X;, W;) € R is a vector-
valued distance of the observed attributes X; and W;, and v;; is a random variable with PDF given
by m;;(+). The distribution m;;(-) can depend on (X;, W;), it integrates to one [ m;;(v)dv =1, and it
has mean equal to [ vm;j(v)dv = 7;;. Note that 7;; is a function of (X;, W), and thus, it is indexed
by (i, ).

The coefficient «g , depends on the sample size n to accommodate for sparse network asymp-
totics. As in Graham| (2022)), we set o, = log(ag/n), which jointly with the specification of the
conditional distribution in and Assumption (1| below, ensure that in the limit the network is
sparse. Consequently, the average in-degree and out-degree of this network will be bounded. That
is, for any ¢ € [N] and j € [M], let p, = E[Y;;] denote the marginal probability of forming a link,

then lim,, oo Mp, = A\§ < 0o and limy, oo Np, = )\10) < 0.

The linear index Zi—]r- Bo in (2.2)) captures the contribution that sharing similar observed attributes
has on a scientist ¢’s decision to collaborate in the project j. In other words, this component rep-
resents an assortative matching mechanism for the formation of a scientific collaboration network.

Consequently, the coefficient 5y is interpreted as a homophily parameter.

Finally, notice that the latent component v;; affects the probability of establishing scientific

1/2y, represents a source of misspecification. The

collaboration. In this setting, the component n™
misspecification design is local as it is indexed by n and vanishes away as the sample size increases
at a y/n-rate. In Section |3 we show that at this rate, the local misspecification induces a bias term
into the asymptotic distribution of interest. Moreover, the effect of misspecification is determined

by the first moment of the distribution m;;(-) of the latent factor v;;.

Remark 1 (Conditional probability). Alternatively, we also consider the equivalent specification

for the true conditional probability
P [Y;j =1 ’ Xi, Wj] =A <C¥07n + Z;;ﬁ(] + n_1/2?7¢j> s (2.3)

where A(-) and Z;j € R% are as defined above. The factor n;; = n(X;,Z;) is a scalar random



variable. In fact, (2.2) and (2.3)) lead to the same local misspecification in our setting because in

both cases, we have
VAPV = 1| Xi Wy] = A (a0 + Z];60)) = mij + 0p(1):

Therefore, all results in this paper hold without any change if the local misspecification is formulated

as (@3).

We now provide four empirical illustrations that can be analyzed using the local misspecification

framework characterized by (2.1)) and ([2.2)).

Example 1 (Latent homophily). Suppose the bipartite network [Yij]ie[N] je[M] is generated accord-
mg to
Yij=1 [Ol(),n + ZJBO + Tlil/Qvij +U;; 20 (2.4)

where v;; = P(v;,v5), vi,v;, € R are unobserved fized effects that are potentially correlated with
X and Wy, and (-,-) is a known function. Common choices of 1(-,-) include (i) nonparametric
homophily, (v, vj) = — |lvi — vj||y, and (i) interactive fized effects, (v, vj) = v v;. Note that if
Uij has a Logistic CDF, then the conditional probability of establishing a link is equal to . In
this setting, the local misspecification in is induced by the presence of latent homophily v;;.

Example 2 (Semiparametric distribution). Consider the graphon [Yj] (N],je[Mm] S generated ac-

ic
cording to , where U;j is an i.i.d. random term with Logistic CDF and v;j is a latent mizing
component with unknown distribution m;;(-) that has mean n;;, which can depend on (X;, W;). In
this case, n~1/ QUZ-]-—i-Uij represents a composite error term with an unknown distribution that renders
the estimation of (o, Bo) nonparametric. In this setting, the presence of local misspecification is

due to specifying incorrectly the distribution of U;;.

Example 3 (Functional form misspecification). Suppose the graphon [Yj] (v s generated

i€[N],je
according to

Yij = 1[Uy < f(Xi, Wj)]

where Usj is an i.i.d. random variable with Logistic CDF and f(-,-) is an unknown measurable
function of (X;, W;). Assuming that U;; has a Logistic distribution is without loss of generality
if we allow the functional form of f(-,-) to be flexible. The latent component v;; in can be
interpreted as a local specification error from specifying a linear index model. That is, f(X;, W;) =

oo n + Zi;ﬂo + n*1/2vij, where the distribution of vi; given by m;; depends on (X;, Wj).

Example 4 (Network externalities). Suppose that the graphon [Yj;] M s an equilibrium

i€[N]j€l
outcome from a strategic network formation model with incomplete information as in|Leung (2015])
or |Ridder and Sheng (2020). Under Assumption |1, and regularity conditions in |Leung (2015),

there exists a symmetric Bayesian Nash equilibrium (BNE) under which edges form independently



conditionally on the observed attributes Xn and Wiy, and the conditional linking probabilities are
X-W- exchangeable. In particular, the symmetric BNE yields the following network formation
equation

Vij =1 |aon + Z5 B0 + v (B[ | Xn, Wi, 7)) > Uy

where Eij = Eij (Yo, Xn, W), Yo = [Yijlieinyjepy Av = (X1, Xn), Wy = (Wi, -+, W),
and 7° denotes the equilibrium belief profile. Here, &;; represents an endogenous network statistic
such as (i) in-degree of project j, %Zk# Yy (it) out-degree of scientist i, ﬁzk# Yii; or (iii)
average transitivity, ﬁ Zk# Zl# Yyj Y. In this setting, by assuming vy, scales with n~12 (i.e.,
Y = n"Y25), the misspecification component vij = YE [&j | XN, W, 7¥], and we assume it has a

conditional density m;;(-) given (X;, W;). Then, we have

=E [A(aom + Z;Jrﬂo + n_1/2vij) | Xi, W;

= /A(ao,n + ZZ-—;BO + n_l/%)mj(v)dv,
which is just .
As parameter of interest, we focus on the scalar ¥ ,, that is defined as
Vo, = IE/’yn (Dij,n_l/%, 907n> mij(v)dv, (2.5)

where 7, is a known measurable function that maps (Dij, n=1/2y, 00,77,) — R, with D;; = (XZ-T, VV]-T)—r

and 6, = (o n,Bo). Notice that the misspecification term n~1/2

v can affect Uy, directly, and
thus, ¥y ,, is allowed to be misspecified itself (cf. |Armstrong and Kolesar|2021)). Next, we provide

some examples of the parameter of interest as described by ([2.5)).

Example 5 (Individual Parameters). If the research interest is to make inference on the homophily
(k)

0.n: Where
b

parameters [y or the intercept ag p, the parameter of interest can be defined as Vo, = 0
0(()]2 denotes the kth element in 0, € RE=TL.

Example 6 (Network Statistics). The parameter of interest Wo, can be defined to capture global

features of the network, such as the average in-degree of the network. In this case,
Vo = NE/ [A (ao,n + Z;ﬂo + nil/%)} mij(v)dv,

which represents the average number of scientists that participate in a randomly selected project.

Similarly, the parameter of interest could be the average out-degree of the network, i.e,

Vo, = ME/ [A (ao,n + Zz-;ﬁo + n71/2v)} mij(v)dv,



which captures the average number of projects in which a randomly selected scientist participates.

Example 7 (Average Effects). The parameter of interest W, could capture the average marginal

effect. For example, if Zi(jl) is assumed to be continuous, then Wo , can be defined as

9 T —1/2
\IIO,n = TLE/ m/\ (OZO,n + Zl-jﬁo +n / U) mj(v)dv.

]
Alternatively, if the object of interest is to do inference on an average partial effect, then ¥, can

be defined as

— 9 T —-1/2
\:[10777/ =nE %A (060771 + Z@]/BO +n ’U)

i (v)dv.
B=Po

2.1 Minimum-MSE Estimator

The robust estimator \il(/%) of Uy ,, is defined as the following one-step regular estimator

1 N M n N M )
H(5) = 5y D 2 (Do) 57 | 757 3230~ A s | (26

=1 j=1

where R;; = (1, Z;J—-)—r S §Rdz+1, éinitial is a /n-consistent initial estimator of 0, i.e., éinitial —bop =
Op(nfl/ 3, H;; is a kp-dimensional vector of sieve basis functions of X; and Wj, and & is a k-
dimensional estimator of the parameter . The dimension k,, can be either fixed or increasing with
n, given that its growth rate satisfies Assumption {4] below. We note that restricting H;; to be a
function of (X;, W;) only is necessary because we focus on the conditional (and locally misspecified)

momentEl

E(Y;; — A(RL) | X, ;) = 0. 2.7

The robust estimator ‘il(f%) is composed of two components. The first term in the right-hand side
of (2.6) represents a plug-in estimator of Wy ,, which ignores the effect of the local misspecification.
The plug-in estimator is evaluated at the initial estimator éinitial. As initial estimator, we consider

the logistic maximum likelihood estimator (MLE), i.e

Oinitial = (Gin, Bn) = arg max L,(0), (2.8)

"Moreover, it follows from the random sampling of nodes in Assumption [1| that the conditional moment satisfies
E(Y:; — A(RL0) | Xn,War) = E(Yi; — A(R];0) | Xi, W;). Hence, it is sufficient to define H;; as a function of (X;, Wj).



where

N M
1
Ln(6) =N Z Zﬂij(g)a 0i5(0) = Yi; R0 — log(1 + exp(R}}0)).
i=1 j=1

Notice that under local misspecification, the asymptotic distribution of the plug-in estimator will
be centered at Ev, (Dj;,0,6p,) rather than at ¥g, as it assumes away the presence of the local

misspecification.

The second component in corresponds to a one-step adjustment that accounts for the
asymptotic bias generated by the local misspecification. The term in brackets is the sample analogue
of the unconditional moments E [(Yij —A (R;;H)) Hl-j}, which are scaled by n to account for
sparse network asymptotics (cf. |Graham/[2022). Notice that the following unconditional moment

restrictions will fail to hold exactly

E [(Y] —A (RL@)) H]} —0, (2.9)

due to the effect of the local misspecification in the conditional probability given by . The vector
K is an estimate of x, which captures the response of the estimator \il(/%) to the misspecification
of the k, x 1 moment conditions in (2.9)). Thus, following Andrews et al.| (2020); Armstrong and
Kolesar| (2021); Bonhomme and Weidner| (2022), we refer to x as a sensitivity parameter. Below,

we discuss how to optimally select £ to minimize the worst-mean squared error (MSE).

In contrast to the existing literature on sensitivity analysis that relies on maximum likelihood
methods or method of moments, the dimension of the sensitivity parameter x grows with the
dimension of the sieve space. This is an implication that the underlying moment restrictions in
are constructed based on the locally misspecified conditional moments in . The growing

sieve space will determine the limiting distribution of the one-step robust estimator.

Next, we describe the limiting distribution of the robust estimator, which will be central to
performing robust inference on ¥y ,. Following Andrews et al. (2017); |Armstrong and Kolesar
(2021)); Bonhomme and Weidner| (2022), we focus on a class of regular estimators. As in Newey

(1990), a necessary and sufficient condition for the one-step robust estimator to be regular is
Gor =T, (2.10)

where I' = T'(0) with I'(t) being defined as sup;epr(o) [|[0:Evn(Dij, 0,00, +t) — T'(t)]l2 — 0 and
Gy = Eqyg exp(ZZ-—]r. ﬁo)Hin;;. Under this requirement and provided that & is a consistent estimator
of k, i.e., ||i—k||2 = op(1) and the initial estimator is y/n-consistent, i.e., émitial—eo,n = Op(nfl/Q),

we have the next strong approximation of the distribution of the robust estimator \i!(/%) which does



not depend on the asymptotic distribution of the initial estimator:

V(U (&) — W) — wa(k) = op(1), (2.11)

where

wn(n) g N (E [nij(HTOéo exp(Z;]—ﬂo)Hij — Av,ij>:| , 27 + 22277& + KZTZHK)> , (212)

Ayij = Ovyn(Dij,v,000)|v=0 and (Xg, ¥ g, %) are three submatrices of a (k, + 1) x (k, + 1)

covariance matrix
B XH XHpy
Yn = T .
ZH,W E’Y

The covariance matrix 3, is defined and characterized in Section Here, wy (k) is referred to
as the strong approximation of \/n(¥(%) — Wp,) rather than the limit under weak convergence
because the dimensions of k, ¥y, ¥, and thus themselves, implicitly depend on the sample size

n.

The strong approximation result in and provides two main insights. First, the
one-step robust estimator \if(/%) is asymptotically biased. This asymptotic bias is multifaceted: the
term —IE [1;; A, ;;] reflects the bias induced by the plug-in estimator in which is the result of
having a limiting distribution centered around E~,, (D;j, 0, 8, ) rather than at ¢ ,. While the term
E [mj/-iTozo exp(Zi—Jr- BO)HZ-]-] stems from the adjustment term in and represents the asymptotic
bias due to using e(RiTJ-G) as the identification condition in as opposed to P[Y;; = 1| X;, Wj].
Second, the strong approximation result underscores that the local misspecification does not have
a higher-order effect, as its complete impact concentrates on the asymptotic bias. In other words,

the asymptotic variance does not depend on the local misspecification parameter 7;;.

Importantly, notice that the direction of the asymptotic bias is determined by 7;;, which corre-
sponds to the mean of the latent distribution. Because this direction is unidentified, it renders the
asymptotic distribution in not immediately useful to conduct inference on ¥ ,. Neverthe-
less, the magnitude of the asymptotic bias can be bounded if an upper bound on E(nfj) is imposed.

Let @2 denote this upper bound, which is specified by the researcher. It follows then that
E [nij(HTao exp(ZJﬁo)Hij — Av,ij) S E(E(KTCMO eXp(Ziy,Bo)Hij — Av,ij>2)1/2~

We can use this inequality to define the worst-case bias within the neighborhood of misspecification

characterized by E(nfj) <72 as

B(k) = & (E(x " agexp(Z;;80) Hij — Ayi)H)Y?

10



1/2
= {52 [KJTBH/{ - 2BI—;A/I{ + ny] } ,
where

By = 2R eXp(QZ;; Bo)Hi; H,:

i Boy =k exp(ZJﬁO)HijAv7ij’ and B, = EA2

RN

The optimal choice of the sensitivity parameter x is set to minimize the worst-case MSE defined

as
MSEy(K) = B(K)* + (5y + 25,k + £ Spk) (2.13)

subject to the regularity condition (2.10f). It follows from the method of Lagrange multipliers that

the optimal x, denoted by k*, is defined as the solution to this convex optimization
* : T T
K* = arg min {MSE(E) + A (Gyk— F)} ,
K

where A denotes the Lagrange multiplier associated to regularity condition (2.10). Moreover, x*

can be characterized in closed-form, which is given by
-1
K= ;! {q>2 ~ Gy [GJ@;lao} [G()Tq»l—lq»g + r} } : (2.14)
where

®1 =%y +35°By and Py =Xy, — 5 By,.

In Section we provide consistent estimators G, f‘, B H, B Hoys by H, )y Hpy f]7 for their popu-

lation counterparts. Then, the optimal sensitivity parameter x* is estimated by
A o AT AT a % et S PN o A
R {sz ~G [G%;la} [G%;l% + r] } ,
where
(i>1 = XAJH —|—523H and (i)z = XA:HW _E2BH,W-
The approach of selecting £* to minimize the worst-case MSE is similar in spirit to that in
Bonhomme and Weidner| (2022)) and has a number of antecedents in robust statistics (Huber and
Ronchetti 2009; Rieder|1994). It is important to emphasize that a unique feature of our setting

is that the dimension k* is determined by the sieve basis and can increase with the sample size.

Consequently, our methodology to select and consistently estimate x* complements the existing

11



approaches in the literature.

2.2 Robust Confidence Interval

The bias-aware confidence interval for W, is designed to account for the effect of the local mis-
specification. This is obtained by enlarging the 1 — o quantile value by the worst-case bias in the
strong approximation of v/n(¥ (k) — Wo,,) (cf. Armstrong and Kolesar 2021). In particular, we

define the feasible optimal bias-aware confidence interval for ¥ ,, as
R* I%*,TEH,%*)I/Q
Vi |
(2.15)

_ . 3( 7 ST
Cli_o(#*) = U(R*) £ CV, <(A B(~) ) Ey bl

where feasible worst-case bias B(£*) is defined as
. T - L1y 1/2
B(#*) = {52 [Ii Bui* — 2Bl "+ By]}
and CV,(t) denotes the 1 — « quantile of Z where Z ~ N (¢,1).

Remark 2 (Neighborhood of misspecification). The choice of G2 cannot be determined in a data-
driven way. However, this upper bound can be varied to conduct sensitivity analysis on the mag-
nitude of the local misspecification (cf. |Conley et al||2012). The values of G* should reflect the
potential forms of misspecification that are admissible in a given application and thus should be es-
tablished on an application-specific basis by the researcher. In likelihood-based models, |Bonhomme
and Weidner (2022) offer an interpretation of > as a lower bound on the local power of a likeli-
hood ratio specification test. In a setting of overidentified unconditional moments, |Armstrong and
Kolesdn||2021] suggest using a J-test of overidentifying restrictions to obtain a lower bound on &>.
For additional discussions on the interpretation of the neighborhood of misspecification, we refer

the reader to|Andrews et al. (2017); Noack and Rothe (2019); |Armstrong et al. (2022).

Remark 3 (Other performance criteria). The researcher might be interested in a robust estimate
for Wy, that minimizes the length of the bias-aware Cls as in |Armstrong and Kolesar (2021).
The optimal sensitivity parameter K* can be set to minimize the asymptotic variance in the strong
approrimation subject to an upper bound on the worst-case bias and condition . In
extended simulation experiments, we verify that the resulting bias-aware Cls also have the correct

asymptotic coverage.
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2.3 Variance and Bias Components

In this section, we propose consistent estimators for G, I', By, By, X, YH~, and X,. Recall
that the initial estimator fi,itia = (G, 3n) is defined in (2.8)). Then, we define the estimators

N G A
G = Ni Z Z eXp 1n1tial)Hin;’;a
. 1 ]; ]\;
I'= W £ Z_; 0Yn DU,O elnltlal)
A 1 N M 2 T
WZZH eXp 2R glmtlal) Z]‘H_]
. 1 g s _ Ly
By, = WZZ”QQXP (2R 0mitial) HijAvij, and B, = WZZ viig

=1 j=1

where

Awij - avan(Dija v, éinitial)’vzo-

To estimate the components of the covariance matrix in (2.12)), recall that

YH  XHy
En = T Y
EH,'y Z’Y

where Y, is the covariance matrix of the joint scores

( n(Yij—fA RE00, + 1 20)mij (v )dv) ) .
Sij = = (8vij
(

.
ij > 57.5)
n(Dij, 0,00n) — Evn(Dij, 0, 60.)

Let 5;; = E(sy|Xi, A, Wj, By), 5%, = E(545| Xy, Ai), 57; = EGy|Wj, By), = = Es4,(5%)
EE@(EZ)T, and Yo, = n"E(s;; — 35ij)(sij — 5i5) |- Because Dy; = (X', W]-T), we have
S,ij = Bl5y,0[Xis Ais Wy, Bj) = 845

Then, the covariance matrix ¥, is given by

Y

XH EH,'y . EZ Eﬁ Yion,
She o Dy

16" % To1-9)
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where ¢, = M/n — ¢ € (0,1),

2 =FE

n

[E(sy,i; Hij| Xi, A)|[E(sy,ij Hij| X, A)] T E(sy,iHij| Xs, Ai)E(s4,55] X, As)
E(sy,ijH;j | Xi, Ai)E(s4,ij1 Xi, Ai) [E(s,i|1Xi, Ai)]? ’

s _ g ([BlsvisHig Wy, B)[E(svii Hig W, By)] T Esyi; Hig|Wj, By)E(sy.5[W;, Bj)
" E(sy,ijH;; [Wj, Bi)E(s+.i5|W;, Bj) [E (5,35 1W5, By)I*
and

n_lvaT(SY,ij’XiaAiaWJ"BJ')HUH;; 0

Let 8y, = n(}/ij_exp(R;‘géinitial)) and 4,j = Y (Dij, 0, Oinitial) — w7 Dorey Z‘}]‘\il Y (Dij, 0, Oinitial ) -
Following |Graham (2022), we define

& _ Sy Zpay) 28 +zp Son
" ZA:L’,Y 27 1- ¢n ¢n ¢n(1 - ¢n)’
where
N
go- Ly ( 5 0 TGt o) i 205" Dl (s mHm)
n 9y
N i1 M 1 Z Zk J+1(3Yw3wkHz‘j) Z Zk—g+1 8,15 8v,ik

M
1 Z( (N= 1 Z Zk z+1(8Y1J8YlkHlJH ) N 1 Z Zk z-i,-l(syljs’y’ka’Lj))

=1 Z Zk —ir1(8v,ij 8y, zkHz‘j) Z Zk i+1 57,1 Sv,ik

1 N - S
Son = 1 (NM Yoiey Ygn S Hig HY, — Sy — 30y 0>
n — bl
n 0 0

and 2%/” and EI{,Y’” are the upper-left k,, x k,, submatrices of 2?1 and iﬁ, respectively. In Lemma
of the Appendix, we show that the estimators G, I', By, By, ¥, X #,, and ¥, are consistent.

3 Asymptotic Size Control

In this section, we show the bias-aware CI proposed in ([2.15]) has the correct asymptotic size control,

which relies on the following assumptions.
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Assumption 1. 1. The graphon {Yj;}ic[ny je(m 8 generated according to (2.1) with { X, Ai}f\il,
{W;, Bj}j]vil, {Uij}z'e[N] e[y {Uij}ie[N] je[n be sequences of i.i.d. random variables that are
independent, M/n — ¢ € (0,1) and n =M + N.

2. The conditional distribution P(Y;; = 1|W;, X;) is as defined in (2.2) with n;; = [ vmi;(v)dv. In
addition, suppose EU% < &2 for some known upper bound 3> and maX;e|N],je[M] [ o] exp(v)m;jdv <

C' for some constant C' € (0,00).
3. Let 6y = (ay, BOT)T € A x B = 0O, the parameter spaces A and B are compact.

4. Suppose that Z;; is bounded, and

< [2.%]

for some constants 0 < ¢1 < ¢p < 00, where R;; = (1, Z;)T.
5. There exist constants 0 < A1 < Ao < 00 such that, with probability approaching one,
| MM | NoM
T T
>\1 < /\min W ZZRz‘jRij < >\max W ZZRz‘jRij < )\27
i=1 j=1 i=1 j=1
where for a symmetric matriz A, Amin(A) and Amax(A) denote the minimum and maximum
singular values of A, respectively.
6. Let G(a, B) = Ea eXp(Z;J—ﬂ)HZ-jRZ—-; and Go = G(ao, fo). Then,

sup )‘max(G(avﬁ) - GO) <cC
(a,8T)Teo o —aol + {8 = Boll2

for a positive constant C' < oo.

Condition 1 of Assumption [1| describes the graph formation and ensures that {Y;}icn jem]
is X-W exchangeable. Condition 2 restricts the conditional probability to satisfy . Condition
3 is a regularity condition on the parameter space ©. Condition 4 bounds the largest magnitude
of the covariates and the rate at which the probability of forming a link decays. This condition,
jointly with 3, controls the rate of sparsity in the network. The boundedness of Z;; is for theoretical
simplicity and can be relaxed a sub-exponential tail of Z;;, which is necessary for G in Condition
6 to be well-defined. Condition 5 is an identification condition for 6y ,. Finally, Condition 6 is
a continuity condition of G(a, 3) at (ag, o), which bounds the maximum eigenvalue difference.
Conditions 1-5 of Assumption 1| has been used in |Graham, (2022). Condition 6 is specific to our

setting.

The next assumption provides the smoothness conditions required for the asymptotic expan-

sions.
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Assumption 2. 1. Recall 6y, = (o,n, Bo). Suppose v, (Dij,0, 600 n+1) is twice-differentiable in

t,
E ||897n(Dija 0, 00%)”5 = 0(1)7
sup HatE’yn(Dzj, 0, 00771 + t) — F(t)HQ — 0,
teN(0)
and
1 N M
s |5 D20 e n(Dis, 0,60 +1)| = Op (1),
EN(0) =1 j=1

op
where N'(0) € R+ is an arbitrary neighborhood of 0. Also, let T'(0) be denoted as T.

2. Let Ay ij = OpYn(Dij,v,00n)|v=0. Then, we have

\/ﬁE (/ ”)’n(Dij, n_l/QU, Go,n)mj(v)dv — ’Yn(Dij7 0, 90771)) = Enz’jAv,ij =+ 0(1), (3.1)

N M
1
sup [~ D Y Dusn(Di, 0,00, +1)|| = Op(1
teNI()O) N 22 ,t7( J 0, ) p(1)
=1 j=1 9

2 _
and EA; - = O(1).

Condition 1 of Assumption 2] states that, in the absence of local misspecification, the parameter
of interest is twice differentiable at 6 ,, with bounded derivatives. Meanwhile, Condition 2 requires
the parameter of interest to be Gateaux differentiable in the local misspecification component. This
condition ensures that the bias in the parameter of interest induced by the local misspecification

is non-vanishing at a rate y/n. All the parameters in Examples satisfy this assumption.

Assumption 3. 1. Let pi; = E(Y;;|Xi, Ai, W;, Bj). Then, we assume np;; and v,(D;j,0,6001)

have bounded support.

2. Suppose ||Gollop = O(1), [|Bryll2 = O), [[Xmy

‘2 = O(l),

)\1 S )\min (EH) S )\max (EH) S A27 Amam (BH) S )\27
AL < Amin(Gg Go) < Amax(Gg Go) < Aa,

N
1
Amax (N > [E(sy,i Hij| X, Ai)] [E(sy.i; His| X, Ai)]T> = Op(1),

=1
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and
Sy + 285" + K0TSR > A

for some constants 0 < A1 < Aoy < 00.

Assumption [3| contains the regularity conditions that ensure k* = O(1).

Assumption 4. Suppose H;j € R*", max;e(n],je[m] || Hijlloo < Cny and

1 N M
g 2o D 1 Higl B = Op(ha),

i=1 j=1

such that k, = o(n'/%) and k3¢2log?(n) = o(n).

Assumption [4] controls the complexity of the sieve basis by imposing a rate condition on the
dimension and strength of H;;. Specifically, we require k,, = o(nl/ %) to ensure the Yurinskii’s
coupling of the score with an increasing dimensionﬂ This rate is typically assumed in the literature.
See, for example, the discussion after |Li and Liao (2020, Theorem 1). The second rate requirement
is weaker than the first if ¢, = o(k,), which is the case if the support of X; and W} are bounded
and splines are used to construct the sieve basis. We also note that Assumption [4] allows for &, to
be fixed. Then, Condition 2 in Assumption [3| requires k, > d, + 1.

Assumption 5. The initial estimator satisfies Oinitial — O = Op(n=1/?).

The logistic MLE satisfies this requirement; see Graham| (2022). The next theorem shows that

our bias-aware CI has the correct asymptotic size control under sparse network asymptotics.

Theorem 1. Suppose Assumptions @ hold and the bias-aware CI, i.e., C/'\I(/%*), s constructed as
(2.15)). Then, for the significance level o € (0,1), we have

lim inf P(Wo,, € Cli_o(R*) >1—q.
4 Asymptotic Optimality

In this section, we show that robust one-step estimator \if(/%*) is minimax MSE-optimal compared

to any other regular estimator that is asymptotically linear.

2See, for example, [Pollard| (2002, Theorem 10) for the statement of the Yurinskii’s coupling.
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We consider an arbitrary estimator é, which has the following linear expansion:

M

n3/2 -
(Yij — AM(R;;00.0)) Fij | +op(1),
1

N
NM;

\/ﬁ(é — bon) = “;—

J

where Fj; € R4 is dp dimensional vector of transformations of (X, W;), kp € RIFXAR and dp is

fixed. We further assume the estimator 6 is regular.

Assumption 6. Suppose G;K,g = Iy, with Gr = Eay exp(Zgﬁg)FiniTj. Further assume

R

A < Anin(GEGFE) < Amax(GEGE) < Ao

for some constants 0 < A1 < Ay < 00.

The estimator § can be viewed as a GMM estimator based on the following set of unconditional

moments:
2 [(s -4 (30)) 5] -0

A leading example of 0 is our initial estimator éinitial, which satisfies the above moment condition
with Ej = Rzg

Consider the plug-in estimator U of Uy, defined as

y 1 LM N
i=1 j=1

Following the arguments that lead to , we can show that
V(U —Ug,) — wry = op(1)
and
WEn 4N (Emj(/@;ao exp(ZJ;BO)Fij —DNyij), 2y + 22;7/@? + H;ZFHF) ,
where X and X, are similarly defined as ¥y and Xy, with H;; replaced by Fj;, and
kp = kol (4.1)

Specifically, we have

EF EF,'Y _ E%,n +E%,n+ Z2,F,n
$h, 0%, ) 1-6 ' o el-9)
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with

@ _p [E(sy,i Fig| X, AN E sy, Fij| Xi, AT E(syiij Fij| Xi, Ai)E (45| X, As)
" E(sy.ij Fij | Xi, Ai)E(s+,i5| Xi, As) [E(5+,451 X3, Ai)]?

P _E ([E(smFijWj,Bj)][IE(sKinij,Bj)]T E(SY,z‘jEleVjvBJ)E(SWJ‘|WJ"BJ'))
" E(sy,i; F;j |Wj, Bj)E(s+,:|Wj, Bj) [E(s+,i5|Wj, Bj)?

and

n_1Var(SyZ~j\X¢,Ai,WjaBj)Fz‘jFiT 0
Sy rn = E , . J o

Then, the worst-case mean squared error for the plug-in estimator U is
MSErp(kr) = & [R;BFHF - QBPTWRF + B, | + (X, + QEE’WEF + kS pRR), (4.2)
where
Br = ajEexp(2Z;;50)Fy;F;;  and  Bps = aoE exp(Z;80) FijAv,ij.

Assumption 7. Suppose there exists a matriz Iy € R >*kn qnd dij = 0(X,, Wj) € R for some

dp-dimensional function & such that
Fij = UpHij + 045,
ITTp]lop = O(1), and E[|d;5][3 = o(1).

Assumption 7| implies each element of Fj; can be well approximated by the sieve bases H;;.

This condition holds given that Fj; is a sufficiently smooth function of (X;, W;).

Theorem 2. Suppose Assumptions[I}{7 holds. Then, we have
MSEH(H*) < MSEF(K)F) + 0(1),

where MSEy(-), k*, kp, and MSER(-) are defined in (2.13), (2.14), (4.1), and (4.2), respectively.

Theorem shows that the one-step robust estimator \if(/%*) attains the smallest worst-case MSE
relative to any arbitrary plug-in estimator U that estimates regularly the parameter 6 based on
unconditional moments that are constructed using a general set of covariates Fj;. That is, the
one-step robust estimator \i'(/%*) is minimax-MSE optimal within a clas of regular estimators. This

result holds even when the dimension k,, of H;; is fixed, as long as Assumption m is valid. To
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guarantee Assumption |Z| in the fixed dimension case, we can construct H;; by stacking Fj; with
other functions of (Xj;, W;). Theoretically, the benefit of allowing for a diverging number of H;;
is that it expands the range of Fj; that can be approximated by linear functions of H;;, thereby
broadening the set of estimators to which our one-step estimator is superior. In practice, we do
not suggest using a very large k, when n is moderate because it may (i) violate Assumption 4| and

(ii) cause numerical instability.

5 Monte Carlo Simulations

This section presents simulation evidence for the finite sample performance of the one-step robust
estimator introduced in Section We consider a wide array of Monte Carlo designs that are
meant to capture differences in the specification of the local misspecification, sample size and

sparsity of the network.

The bipartite network is modelled according to the following data-generating process. For any
i € [N] and j € [M], the observed attributes X; and W; are drawn from independent and identically
distributed log-normal distributions with mean —1/4 and variance 1/2. The dyad-specific attributes
are computed to account for assortative matching. In particular, we define Z;; = log (X; - Wj),
which will be distributed normally with mean equal to —1/2 and variance 1. The sieve basis is
computed using a Hermite polynomial approximation of Z;; of order k,,. As an alternative sieve
basis, we consider the tensor product of polynomial expansions on X; and W}, which yields similar

qualitative results.

The unobserved heterogeneity A; and B; are drawn from independent and identically distributed
log-normal distributions with mean —1/12 and standard deviation given by 1/v/6. Finally, U;; is
distributed as a standard exponential distribution. The bipartite graphon is simulated according

to the equation
Yij =1 |ag —log(n) + Z;jPo + log(A;) + log(B;) + nil/Qvij +Ui; > O] , (5.1)

where the term log(n) will ensure that the average degree of this network is bounded. In particular,

under the current setting, the probability of establishing a link decreases at a rate 1/n.

The distribution of the misspecification component v;; is simulated to capture three different
designs: (i) latent homophily, (ii) functional form misspecification, and (iii) semiparametric distri-
bution. In the first design, the misspecification component is modelled as v;j = 1[0 > 0] (1 + o) *
Zy* (vi-vj) where v; = 3/4 log(X;)+1/4N(1,0) and vj; = 3/4 log(W;)+1/4N(1, o) represent fixed
effects, and Z,, = (NM)~* >_i; Zij- Here, N(1, o) stands for a normal random variable with mean 1
and standard deviation o. In the second design, we simulate v;; = 1[0 > 0] (1+0)*Z,, (Zf] + ij)
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This design captures the misspecification that stems from truncating the higher-order effects of the
observed attributes. Finally, for the last design, the misspecification component is modelled as

vi; = 1[0 > 0] (1 + o) * N (Z;;,0), which represents an heterogeneous latent mixing component in

(i

Notice that for all designs, the conditional density of v;; given by m;; depends on (X;, W;). More-
over, the magnitude of misspecification is determined by o2 with o2 € {0,1,2,3,4}. A 02 = 0 repre-
sents the absence of local misspecification. Across each of the designs, the upper bound on the mag-
nitude of local misspecification Engj is fixed as o2 = max,2<4 Enfj with Evﬁj = var(E(v;;| X5, Wj)).
That is, it corresponds to the largest value of Engj that is attained when the simulation design sets
02 = 4. The true DGP design is completed by setting g = log(2.56), By = log(4), and network
size equal to n = N + M with N, M = 100, 200, 300, 400.

The one-step robust estimator is computed using the definition in . As an initial estimator
éinitial, we consider a logistic maximum likelihood estimator. We compare the performance of
the robust methodology with that of a plug-in estimator with two different initial Oinitial: (i) a
logistic regression and (ii) a Poisson regression. Given the exponential distribution of U;;, the
logistic estimator 6,, will present a bias of order o(n=2), as discussed in [Graham| (2022). This
bias is negligible concerning the effect generated by the local misspecification, which induces a

~1/2_ On the contrary, the initial Poisson

nonvanishing bias in the asymptotic distribution of order n
regressor represents the Composite Maximum Likelihood Estimator when the distribution of the
error term is known. We report bias-aware confidence intervals for all the estimators, that is the

one-step robust estimator and both plug-in estimatorsﬁ

As parameter of interest Wy ,,, we consider: (i) the homophily parameter Sy, and (ii) the average
out-degree of the network ME [ exp(RiTj@om +n"1/20)m;:dv. Notice that in case (i), the parameter
of interest is not affected directly by the local misspecification; while in (ii), the functional form of
Uy, is also misspecified. Importantly, in both cases, the local misspecification plays a central role
due to its effect on the conditional probability .

5.1 Homophily parameters

Table [I|summarizes results from computing the one-step robust estimator across 2,000 Monte Carlo
replications when the parameter of interest is W, = o, v;; accounts for latent homophily, and the
sieves dimension is set to k, = 2E| The table includes the true value of 8y, along with the mean

coefficient estimates (coeff.), \/n-bias, standard error (s.e.), standard error-to-standard deviation

3We also study the performance of the robust methodology when the Poisson regression is set as the initial estimator
éinitial. The results are close to being numerically equal to the baseline setting with the logistic estimator as éinitial.
This is a consequence of the fact that ‘i/(f%) is a regular estimator, which ensures that its strong approximation does
not depend on the asymptotic distribution of the initial estimator. We report these results in Appendix @

4In Appendix we report the results using larger dimensions for the sieves approximation.
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ratio (s.e./sd), root-mean-squared error (rMSE), 95% confidence interval (conf. int.), confidence
interval length (length), and 95% coverage probabilities (95% CP). The final column shows the

average degree of the network. These values were calculated over all simulations.

The top panel in Table[I]shows the results of computing the robust estimator in a network of size
n = 200 and across misspecification designs o2 € {0,1,2,3,4}. The mean estimate and /n-Bias
show that the robust estimator approximates well the true DGP value. Moreover, the standard
error-to-standard deviation ratio (s.e./sd) indicates that the estimator’s sampling variability is well
approximated. Finally, the bias-aware confidence intervals have the correct asymptotic size control
under sparse asymptotic designs as indicated by Theorem |1} Notice that the coverage probabilities

are greater than 95%, which is expected as the bias-aware confidence intervals are conservative.

The bottom panels of Table [I|report the results of the robust estimator in larger networks with
sizes equal to n = 400, 600, and 800. As the sample size grows, the point estimates approximate
more precisely the true parameter value. Note that the y/n-Bias does not vanish completely. This is
expected as the average bias is scaled up by a factor of \/n, and thus, it reflects the first-order effect
that the local misspecification has on the limiting distribution of the robust estimator. Notice also
that the length of the bias-aware confidence intervals decreases uniformly as n grows throughout

all the misspecification designs and even when the average network degree is as low as 0.3%.

Tables [2| and [3] report the results of the plug-in estimators with an initial logistic and Poisson
regression, respectively. Table [ reports the ratios of the plug-in estimators relative to the robust
estimator to facilitate the analysis. Relative to the plug-in estimator with an initial logistic estima-
tor, it is clear that the robust estimator exhibits smaller rMSEs. In fact, the rMSE obtained under
the logistic estimator is, on average, 1.089 times larger than that of the robust methodology when
the network size is n = 200. Even as both estimators become more precise in larger networks, the
logistic estimator attains larger rMSE relative to the robust estimator as supported by Theorem
They are, on average, 1.054 times larger when n = 400, 1.036 times larger when n = 600, and
1.029 times larger when n = 800. Notice that the robust estimator also presents smaller standard

errors, significantly less \/n-Bias, and tighter confidence intervals.

The robust estimator also outperforms the plug-in estimator with an initial Poisson regression
in Table 8] When comparing the two, the robust estimator exhibits smaller RMSEs. Albeit, the
margins are smaller as the plug-in estimator coincides with the composite MLE. We observe that
the Poisson regression has rMSEs that are, on average, 1.019 times larger when n = 200, 1.014
times larger when n = 400, 1.010 times larger when n = 600, and 1.008 times larger when n = 800.
Notably, both estimators are comparable in terms of standard errors, \/n-Bias, confidence interval’s
length, and coverage probabilities. This evidence suggests that under model misspecification, the

one-step robust estimator attains shorter rMSEs relative to the composite MLE.

Appendix Tables and [20123| report the simulation results of estimating Sy for the designs
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of functional form misspecification and semiparametric distribution. Qualitatively, we observe
similar patterns; that is, the robust one-step estimator dominates the plug-in logistic and Poisson
estimators in terms of the rMSE. Moreover, it has comparable performance in terms of \/n-Bias

and coverage probabilities.

5.2 Average out-degree

Table [5| summarizes results from computing the one-step robust estimator across 2,000 Monte
Carlo replications when the parameter of interest is the average out-degree of the network, ¥q, =
ME fexp {R;;Hom + n_l/Qv] 7i;(v)dv, vij accounts for latent homophily, and k, = 3 Notice that,
in this case, the local misspecification directly affects the parameter of interest, and thus, the true

value of Uy ,, varies across different specifications of 02 ¢€{0,1,2,3,4}.

The results in Table |5| suggest that the robust estimator yields reliable inference for the pa-
rameter of interest, and its performance improves in larger networks, notwithstanding the large
degree of sparsity. The /n-Bias is relatively small and shows a decaying pattern as n grows. The
bias-aware confidence intervals have the correct asymptotic coverage, and their length decreases

uniformly as n grows and throughout all the misspecification designs.

Tables [6] and [7] report the results of the plug-in estimators with an initial logistic and Poisson
regression, respectively. Table [8| reports the ratios of the plug-in estimators relative to the robust
estimator to facilitate the analysis. When comparing the plug-in estimator with an initial logistic
regression and the robust estimator, it is clear that the robust estimator improves significantly on
the plug-in estimator by attaining smaller rMSEs. In particular, the Logistic plug-in estimator has
rMSE that are, on average, 1.084 times larger when n = 200, 1.035 times when n = 400, 1.023 times
larger when n = 600, and 1.016 times larger when n = 800. The same pattern is observed when
comparing the robust estimator with the plug-in estimator with an initial Poisson regression in
Table[7l Although this second plug-in estimator provides better asymptotic guarantees, the results
show that using the Poisson estimator yields similar rMSE when n = 200, 1.003 times larger rMSE
when n = 400, 1.002 times larger for n = 600, and 1.001 times larger when n = 800.

Appendix Tables 2427 and 81| report the simulation results of estimating W, for the designs
of functional form misspecification and semiparametric distribution. Qualitatively, we observe
similar patterns. This evidence suggests that computing the optimal confidence intervals of the
robust estimator might lead to a significant improvement when the parameter of interest is affected

directly by the local misspecification.

5In Appendix we report the results using larger dimensions in the sieves approximation.
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6 Empirical Application

In this section, we implement the methodology developed in Section [3|to study a network of scientific
collaborations among economists. We utilize articles published in leading American journals of
general interest to construct a bipartite network connecting authors and articles. The goal is to
estimate the factors influencing an author’s decision to participate in a paper, thereby establishing

a scientific collaboration with other authors who are also involved in that project.

This study contributes to the growing literature on scientific collaborations in economics. Most
of the existing literature has focused on describing stylized features of this network (Newman/[2001}
Goyal et al.|2006 and |Boschini and Sjogren|2007) or measuring the effect that these collaborations
have on research productivity (Ductor, Fafchamps, Goyal, and Van der Leij [2014; Ductor| 2015
and Colussi 2018). Fewer studies have analyzed the mechanisms that drive the formation of these
scientific collaborations (Fafchamps, Van der Leij, and Goyal/2010; [Anderson and Richards-Shubik
2022 and [Hsieh et al. 2022)@ We extend these studies by considering a larger number of factors
that can influence an author’s decision to collaborate on a project while using a computationally
tractable method that accounts for two-sided heterogeneity. More importantly, this is the first paper
to study the effects that local misspecification has on a bipartite network of scientific collaboration

and conduct robust inference on the parameters of interest.

The data include all papers published in top American economic journals from 2000 to 2006: the
American Economic Review, Econometrica, Journal of Political Economy, and Quarterly Journal
of Economics. It contains author’s information, such as gender, university granting PhD degree,
graduation year, research fields, institution of employment and position. For articles, the dataset
includes citation count since the year of publication, authors’ names, publication issue, number of
pages, references, three-digit JEL code, and keywords[] We used this data to define a single, static
bipartite network of collaborations that includes a total of 1776 authors and 1600 articles ]

We examine the formation probability of a collaboration link using and compare the one-
step robust estimator’s performance with plug-in estimators based on initial logistic and Poisson
regressions. The parameters of interest include assortative matching parameters and the network’s
average out-degree. We control for author- and project-specific characteristics, along with author-
project pair-specific observed attributes. In terms of individual author’s attributes, we include
binary variables for the categories of female gender and junior economist position and control

for the average number of citations received by the authorﬂm As project-specific attributes, we

SRelatively, the literature on the economics of innovation aims to identify individual contributions in teams
production (see e.g. [Bonhomme||2021])

"We thank Tommaso Colussi for sharing this data with us.

8Qur final sample includes only unique observations of matched authors and articles.

9The category of junior economists includes assistant professors and economists in government or research insti-
tutions.

10The average citation count serves as a proxy measure for the author’s productivity.
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include the number of authors in the project, indices for the share of female and senior authors
in the project, and binary variables indicating whether some authors share the same institution
or obtained their PhD from the same university[['[2] Table [9] provides summary statistics on the

network and author-specific and project-specific observed attributes.

As main mechanisms for assortative matching, we consider: (i) similarity between author ¢’
research fields and project j’s classification topic (jelcode), (ii) sorting of more productive authors
into projects with higher impact (citations), (iii) gender sorting across collaborations (gender),
and (iv) collaboration between junior and senior scientists ( junior,senior)H Table (10| collects
the estimation results using the robust methodology with an initial logistic estimator and sieves
dimension k, = 3. It reports the coefficient estimates, standard errors, theoretical worst-case
rMSEs, confidence intervals, confidence intervals’ length and the adjustment term of the one-step
robust estimator. The results computed impose an upper bound on &> = 4. In Appendix Tables
and we report the results for the robust estimator where the upper bound &2 is specified
equal to 1, 2, and 3, respectively. Figures depict the bias-aware confidence intervals for the

parameters of interest across different levels 2.

The results in Table [I0] indicate that similarity in the research field of expertise is a strong
and positive factor influencing the decision to collaborate on a research project. This result aligns
with the findings in [Ductor][2015 and [Hsieh et al.|[2022l Additionally, highly productive authors
tend to participate in projects with higher impact with a positive probability. This outcome is
consistent with the role of “star” economists discussed in |Goyal et al. (2006). The evidence also
suggests that, during the sample period, sorting of female authors is a strong positive predictor
for the establishment of a collaboration network. This pattern is also observed by |Boschini and
Sjogren| (2007) during the 1991-2002 time period. On the contrary, this analysis suggests that
junior scientists are less likely to participate in a project with a large share of senior authors. One
likely explanation is that successful collaborations tend to perdure, and it is costly to establish new
connections (cf. |Hsieh et al.[2022)). Notice that the estimates predict a negative constant coefficient,
which is expected from a sparse bipartite network. The analysis indicates that the average number

of authors per project is 1.74.

When comparing these results to those of the plug-in estimator based on initial logistic and
Poisson regressions in Tables and we observe that the plug-in estimators fail to capture
the effects predicted on citations. Moreover, the one-step robust estimator provides substantial
improvements in predicting the homophily coefficients and the average out-degree statistics. In

particular, the robust estimator attains smaller theoretical rMSEs for almost all the estimates

1YWe use information on the authors collaborating in a given project to construct these project-specific controls.

12The category of senior economists includes associate and full professors and senior economists in government or
research institutions.

131deally, the author’s productivity should be measured using the citations count prior to year 2000. However, this
is not possible because of data limitations. Alternatively, a different measure of productivity could be considered,
such as the average number of citations received by the institution granting the PhD to the author.
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except for the gender attribute. Notice that the estimates associated with gender present the
largest theoretical rMSEs across all the methodologies. This might be related to the fact that the
shares of female authors observed in the sample and in a given project are small. The methodologies

are comparable in terms of standard errors and confidence intervals’ length.

7 Conclusion

We study the effects of local misspecification on a bipartite network. We focus on a class of dyadic
network models characterized by conditional moment restrictions that are locally misspecified. The
magnitude of misspecification is indexed by the sample size and vanishes at a rate n=1/2. We utilize
this local asymptotic approach to construct a robust estimator that is MSE-minimax optimal within
a prespecified neighborhood of misspecification. Additionally, we introduce bias-aware confidence
intervals that account for the effect of the local misspecification. These confidence intervals are
asymptotically valid for the structural parameters of interest under sparse network asymptotics,
both in the correctly-specified and locally-misspecified case. In an empirical application, we study
the formation of a scientific collaboration network among economists. Our analysis documents
that homophily in the research field of expertise, sorting of highly productive scientists into higher-
impact projects, and participation of female authors in teams with a higher share of female authors

are all strong statistical factors that explain the formation of a collaboration network.
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Table 1: Bn Robust Estimator

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.386 1.385  —0.064 0.147 0.885 2.165 0.651, 2.112 1.461 1.000 0.010

1.0 1.386 1.383  —0.075 0.146 0.885 2.166 0.651, 2.111 1.460 1.000 0.010

2.0 1.386 1.382 —0.074 0.147 0.884 2.167

]
]
0.651, 2.111] 1461  1.000  0.010
]
]

3.0 1.386 1.381 —0.071 0.147 0.884 2.163 0.651, 2.111 1.460 1.000 0.010
4.0 1.386 1.381  —0.066 0.146 0.882 2.155 0.653, 2.111 1.458 1.000 0.010
n = 400
0.0 1.386 1.388 0.049 0.108 0.935 2.228 0.859, 1.919 1.060 1.000 0.005
1.0 1.386 1.389 0.054 0.108 0.933 2.227 0.859, 1.919 1.060 1.000 0.005

2.0 1.386 1.390 0.051 0.108 0.932 2.227

]
]
0.859, 1.919]  1.059  1.000  0.005
]
]

3.0 1.386 1.389 0.054 0.108 0.932 2.225 0.859, 1.919 1.059 1.000 0.005
4.0 1.386 1.391 0.053 0.108 0.927 2.224 0.860, 1.918 1.059 1.000 0.005
n = 600
0.0 1.386 1.385 0.022 0.090 0.914 2.254 0.952, 1.822 0.870 1.000 0.003
1.0 1.386 1.385 0.018 0.090 0.917 2.254 0.952, 1.822 0.870 1.000 0.003

2.0 1.386 1.387 0.019 0.090 0.916 2.255

]
]
0952, 1.822]  0.870  1.000  0.003
]
]

3.0 1.386 1.386 0.024 0.090 0.915 2.255 0.952, 1.822 0.870 1.000 0.003
4.0 1.386 1.387 0.015 0.090 0.916 2.255 0.952, 1.822 0.870 1.000 0.003
n = 800
0.0 1.386 1.382 —0.035 0.079 0.930 2.288 1.005, 1.765 0.760 1.000 0.003
1.0 1.386 1.383  —0.037 0.079 0.931 2.288 1.005, 1.765 0.760 1.000 0.003

3.0 1.386 1.383  —0.040 0.079 0.931 2.287 1.005, 1.765 0.760 1.000 0.003

[ ]
[ ]
2.0 1.386 1.383  —0.036 0.079 0.933 2.288 [ 1.005, 1.765] 0.760 1.000 0.003
[ ]
4.0 1.386 1.382  —0.047 0.079 0.934 2.286 [ 1.005, 1.764] 0.759 1.000 0.003

! Number of Monte Carlo simulations is 2,000. 2 DGP Local misspecification: Latent Homophily. ® Sieves
dimension k, = 2.
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Table 2: S, Logistic Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.418 0.439 0.160 0.899 2.358 [ 0.661, 2.174] 1.513 1.000 0.010
1.0 1.386 1.417 0.428 0.159 0.896 2.359 [ 0.660, 2.173] 1.512 1.000 0.010
2.0 1.386 1.418 0.429 0.159 0.892 2.359 [ 0.660, 2.173] 1.513 1.000 0.010
3.0 1.386 1.417 0.433 0.159 0.895 2.356 [ 0.661, 2.173] 1.512 1.000 0.010
4.0 1.386 1.415 0.440 0.158 0.891 2.349 [ 0.662, 2.173] 1.510 1.000 0.010
n = 400
0.0 1.386 1.407 0.418 0.114 0.946 2.348 [ 0.866, 1.948] 1.082 1.000 0.005
1.0 1.386 1.408 0.423 0.114 0.944 2.348 [ 0.866, 1.949] 1.083 1.000 0.005
2.0 1.386 1.409 0.420 0.114 0.942 2.347 [ 0.866, 1.948] 1.082 1.000 0.005
3.0 1.386 1.407 0.423 0.114 0.941 2.345 [ 0.866, 1.948] 1.082 1.000 0.005
4.0 1.386 1.408 0.422 0.114 0.938 2.344 [ 0.867, 1.948] 1.082 1.000 0.005
n = 600
0.0 1.386 1.397 0.322 0.093 0.921 2.336 [ 0.958, 1.841] 0.883 1.000 0.003
1.0 1.386 1.397 0.319 0.093 0.923 2.336 [ 0.958, 1.841] 0.883 1.000 0.003
2.0 1.386 1.398 0.320 0.093 0.921 2.337 [ 0.958, 1.841] 0.883 1.000 0.003
3.0 1.386 1.398 0.325 0.093 0.922 2.336 [ 0.958, 1.841] 0.883 1.000 0.003
4.0 1.386 1.398 0.316 0.093 0.922 2.337 [ 0.958, 1.841] 0.883 1.000 0.003
n = 800
0.0 1.386 1.391 0.225 0.081 0.936 2.354 [ 1.010, 1.779] 0.769 1.000 0.003
1.0 1.386 1.392 0.224 0.081 0.935 2.354 [ 1.010, 1.779] 0.769 1.000 0.003
2.0 1.386 1.392 0.224 0.081 0.937 2.354 [ 1.010, 1.779] 0.769 1.000 0.003
3.0 1.386 1.392 0.221 0.081 0.938 2.353 [ 1.010, 1.778] 0.769 1.000 0.003
4.0 1.386 1.391 0.214 0.081 0.938 2.352 [ 1.010, 1.778] 0.768 1.000 0.003

! Number of Monte Carlo simulations is 2,000. > DGP Local misspecification: Latent Homophily.
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Table 3: Bn Poisson Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.386 1.384  —0.082 0.149 0.905 2.206 0.660, 2.101 1.440 1.000 0.010

1.0 1.386 1.381 —0.092 0.149 0.907 2.207 0.660, 2.100 1.440 1.000 0.010

2.0 1.386 1.380 —0.091 0.150 0.905 2.207

]
]
0.660, 2.100]  1.440  1.000  0.010
]
]

3.0 1.386 1.380  —0.089 0.150 0.907 2.204 0.660, 2.100 1.439 1.000 0.010
4.0 1.386 1.380 —0.084 0.148 0.900 2.196 0.662, 2.099 1.437 1.000 0.010
n = 400
0.0 1.386 1.388 0.044 0.109 0.948 2.260 0.862, 1.915 1.054 1.000 0.005
1.0 1.386 1.389 0.049 0.109 0.946 2.259 0.862, 1.916 1.054 1.000 0.005

2.0 1.386 1.390 0.046 0.110 0.945 2.258

]
]
0.862, 1.915]  1.053  1.000  0.005
]
]

3.0 1.386 1.389 0.048 0.110 0.946 2.257 0.862, 1.915 1.053 1.000 0.005
4.0 1.386 1.391 0.047 0.109 0.941 2.255 0.862, 1.915 1.053 1.000 0.005
n = 600
0.0 1.386 1.385 0.019 0.091 0.923 2.276 0.954, 1.821 0.867 1.000 0.003
1.0 1.386 1.385 0.015 0.091 0.925 2.276 0.953, 1.820 0.867 1.000 0.003

2.0 1.386 1.386 0.016 0.091 0.924 2.277

]
]
0.953, 1.820]  0.867  1.000  0.003
]
]

3.0 1.386 1.386 0.021 0.091 0.924 2.277 0.954, 1.821 0.867 1.000 0.003
4.0 1.386 1.387 0.012 0.091 0.924 2.277 0.953, 1.820 0.867 1.000 0.003
n = 800
0.0 1.386 1.382 —0.037 0.080 0.938 2.306 1.006, 1.764 0.758 1.000 0.003
1.0 1.386 1.383  —0.039 0.080 0.937 2.306 1.006, 1.764 0.758 1.000 0.003

3.0 1.386 1.383  —0.042 0.080 0.939 2.305 1.006, 1.764 0.758 1.000 0.003

[ ]
[ ]
20 138  1.383 —0.038 0080  0.939 2306 [ 1.006, 1.764]  0.758  1.000  0.003
[ ]
40 138  1.382  —0.049 0080 0941 2304 [ 1.006, 1.763]  0.758  1.000  0.003

! Number of Monte Carlo simulations is 2,000. > DGP Local misspecification: Latent Homophily.
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Table 4: Bn Ratios

Logit/Robust Poisson/Robust
o s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.090 6.859 1.089 1.036 1.018 1.275 1.019 0.986
1.0 1.087 5.712 1.089 1.036 1.020 1.235 1.019 0.986
2.0 1.083 5.834 1.089 1.036 1.018 1.240 1.019 0.986
3.0 1.086 6.103 1.089 1.036 1.021 1.250 1.019 0.986
4.0 1.084 6.642 1.090 1.036 1.015 1.269 1.019 0.986
n = 400
0.0 1.052 8.472 1.054 1.022 1.013 0.883 1.014 0.994
1.0 1.051 7.784 1.054 1.022 1.012 0.893 1.014 0.994
2.0 1.050 8.173 1.054 1.022 1.013 0.888 1.014 0.994
3.0 1.050 7.886 1.054 1.022 1.014 0.892 1.014 0.994
4.0 1.052 7.999 1.054 1.022 1.014 0.890 1.014 0.994
n = 600
0.0 1.035  14.924 1.036 1.015 1.009 0.863 1.010 0.997
1.0 1.032  17.598 1.036 1.015 1.008 0.837 1.010 0.997
2.0 1.032  16.727 1.036 1.015 1.008 0.845 1.010 0.997
3.0 1.034  13.386 1.036 1.015 1.009 0.878 1.010 0.997
4.0 1.033  20.570 1.036 1.015 1.008 0.807 1.010 0.997
n = 800
0.0 1.027 6.402 1.029 1.012 1.008 1.054 1.008 0.998
1.0 1.025 6.104 1.029 1.012 1.006 1.051 1.008 0.998
2.0 1.025 6.240 1.029 1.012 1.007 1.052 1.008 0.998
3.0 1.028 5.517 1.029 1.012 1.009 1.047 1.008 0.998
4.0 1.024 4.526 1.029 1.012 1.006 1.040 1.008 0.998

T
Number of Monte Carlo simulations is 2, 000.

* DGP Local misspecification: Latent Homophily.

3 . . .
Sieves dimension k, = 2.
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Table 5: \ifn Robust Estimator

o’ True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.041 1.021  —0.118 0.162 0.950 2.406 0.697, 1.368 0.672 0.931 0.010

1.0 1.041 1.021  —-0.134 0.162 0.950 2.405 0.696, 1.368 0.672 0.930 0.010

2.0 1.041 1.020 —0.126 0.162 0.950 2.407

]
]
0.696, 1.368]  0.672 0928  0.010
]
]

3.0 1.043 1.020 —-0.135 0.162 0.955 2.409 0.697, 1.370 0.672 0.927 0.010
4.0 1.048 1.026  —0.163 0.163 0.957 2.414 0.700, 1.374 0.674 0.926 0.010
n = 400
0.0 1.029 1.029 0.129 0.117 0.955 2.417 0.796, 1.276 0.479 0.945 0.005
1.0 1.030 1.029 0.118 0.118 0.957 2.416 0.796, 1.275 0.479 0.945 0.005

2.0 1.030 1.029 0.114 0.118 0.956 2.416

]
]
0.796, 1.275] 0479  0.942  0.005
]
]

3.0 1.031 1.029 0.110 0.118 0.955 2.418 0.796, 1.276 0.480 0.942 0.005
4.0 1.033 1.032 0.112 0.118 0.953 2.422 0.798, 1.279 0.480 0.944 0.005
n = 600
0.0 1.040 1.029 —0.189 0.097 0.984 2.417 0.837, 1.229 0.392 0.942 0.003
1.0 1.040 1.028 —0.194 0.097 0.986 2.416 0.836, 1.228 0.392 0.942 0.003

2.0 1.040 1.030 —0.194 0.097 0.987 2.417

]
]
0.836, 1.228]  0.392  0.942  0.003
]
]

3.0 1.040 1.030 —0.184 0.097 0.989 2.418 0.837, 1.229 0.392 0.943 0.003
4.0 1.042 1.030 —0.186 0.097 0.987 2.421 0.838, 1.231 0.393 0.943 0.003
n = 800
0.0 1.033 1.030 —0.013 0.084 0.965 2.427 0.862, 1.203 0.340 0.946 0.003
1.0 1.033 1.030 0.003 0.084 0.965 2.426 0.862, 1.203 0.340 0.947 0.003

3.0 1.033 1.030 0.011 0.084 0.963 2.427 0.863, 1.203 0.340 0.947 0.003

[ ]
[ ]
2.0 1.032 1.030 0.005 0.084 0.964 2.426 [ 0.862, 1.203] 0.340 0.946 0.003
[ ]
4.0 1.034 1.032 0.008 0.084 0.964 2.429 [ 0.864, 1.205] 0.341 0.947 0.003

! Number of Monte Carlo simulations is 2,000. 2 DGP Local misspecification: Latent Homophily.  Sieves
dimension k, = 3.
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Table 6: ¥, Logistic Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.041 1.053 0.359 0.172 0.936 2.606 [ 0.715, 1.417] 0.701 0.938 0.010
1.0 1.041 1.052 0.343 0.172 0.936 2.605 [ 0.715, 1.416] 0.701 0.936 0.010
2.0 1.041 1.053 0.350 0.172 0.937 2.606 [ 0.715, 1.417] 0.701 0.935 0.010
3.0 1.043 1.053 0.343 0.172 0.940 2.610 [ 0.716, 1.418] 0.702 0.939 0.010
4.0 1.048 1.057 0.317 0.173 0.943 2.615 [ 0.719, 1.423] 0.704 0.936 0.010
n = 400
0.0 1.029 1.046 0.452 0.121 0.952 2.502 [ 0.810, 1.294] 0.485 0.945 0.005
1.0 1.030 1.045 0.441 0.121 0.953 2.501 [ 0.809, 1.294] 0.485 0.947 0.005
2.0 1.030 1.046 0.437 0.121 0.953 2.502 [ 0.809, 1.294] 0.485 0.945 0.005
3.0 1.031 1.045 0.433 0.121 0.951 2.503 [ 0.810, 1.295] 0.485 0.949 0.005
4.0 1.033 1.047 0.437 0.121 0.950 2.507 [ 0.812, 1.297] 0.486 0.946 0.005
n = 600
0.0 1.040 1.039 0.072 0.099 0.985 2473 [ 0.847, 1.240] 0.393 0.946 0.003
1.0 1.040 1.038 0.068 0.099 0.987 2472 [ 0.847, 1.239] 0.393 0.945 0.003
2.0 1.040 1.039 0.068 0.099 0.988 2472 [ 0.847, 1.240] 0.393 0.943 0.003
3.0 1.040 1.039 0.078 0.099 0.989 2473 [ 0.847, 1.240] 0.393 0.946 0.003
4.0 1.042 1.040 0.077 0.099 0.986 2476 [ 0.849, 1.242] 0.393 0.946 0.003
n = 800
0.0 1.033 1.038 0.212 0.086 0.963 2.465 [ 0.871, 1.210] 0.340 0.944 0.003
1.0 1.033 1.038 0.227 0.086 0.964 2.465 [ 0.871, 1.210] 0.340 0.942 0.003
2.0 1.032 1.037 0.229 0.086 0.962 2465 [ 0.871, 1.210] 0.340 0.942 0.003
3.0 1.033 1.037 0.236 0.086 0.964 2.465 [ 0.871, 1.211] 0.340 0.945 0.003
4.0 1.034 1.039 0.233 0.086 0.964 2468 [ 0.872, 1.212] 0.340 0.945 0.003

! Number of Monte Carlo simulations is 2,000. 2 DGP Local misspecification: Latent Homophily.
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Table 7: \i/n Poisson Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.041 1.020  —0.085 0.163 0.960 2.406 [ 0.708, 1.362] 0.654 0.926 0.010
1.0 1.041 1.020  —0.100 0.163 0.961 2.406 [ 0.707, 1.361] 0.654 0.924 0.010
2.0 1.041 1.020  —0.092 0.163 0.960 2,406 [ 0.707, 1.362] 0.654 0.921 0.010
3.0 1.043 1.020 —0.101 0.163 0.964 2.408 [ 0.708, 1.363] 0.655 0.924 0.010
4.0 1.048 1.030 —0.129 0.164 0.964 2414 [ 0.711, 1.368] 0.657 0.922 0.010
n = 400
0.0 1.029 1.030 0.158 0.118 0.960 2424 [ 0.802, 1.272] 0.470 0.944 0.005
1.0 1.030 1.030 0.147 0.118 0.961 2423 [ 0.802, 1.272] 0.470 0.944 0.005
2.0 1.030 1.030 0.143 0.118 0.962 2.423 [ 0.802, 1.272] 0.470 0.940 0.005
3.0 1.031 1.030 0.139 0.118 0.961 2425 [ 0.802, 1.273] 0.470 0.940 0.005
4.0 1.033 1.035 0.141 0.118 0.958 2.428 [ 0.804, 1.275] 0.471 0.942 0.005
n = 600
0.0 1.040 1.030  —-0.163 0.097 0.991 2.423 [ 0.841, 1.226] 0.385 0.941 0.003
1.0 1.040 1.030  —-0.167 0.097 0.992 2422 [ 0.841, 1.226] 0.385 0.940 0.003
2.0 1.040 1.030  —0.167 0.098 0.993 2.423 [ 0.841, 1.226] 0.385 0.940 0.003
3.0 1.040 1.030  —0.157 0.098 0.994 2424 [ 0.841, 1.227] 0.385 0.941 0.003
4.0 1.042 1.030 —0.159 0.097 0.991 2.427 [ 0.843, 1.229] 0.386 0.942 0.003
n = 800
0.0 1.033 1.030 0.009 0.084 0.967 2.429 [ 0.866, 1.201] 0.335 0.944 0.003
1.0 1.033 1.030 0.025 0.085 0.970 2.428 [ 0.866, 1.201] 0.335 0.943 0.003
2.0 1.032 1.030 0.027 0.085 0.968 2.428 [ 0.866, 1.201] 0.335 0.944 0.003
3.0 1.033 1.030 0.033 0.085 0.969 2429 [ 0.866, 1.201] 0.335 0.945 0.003
4.0 1.034 1.033 0.030 0.085 0.969 2431 [ 0.867, 1.203] 0.335 0.944 0.003

! Number of Monte Carlo simulations is 2,000. 2 DGP Local misspecification: Latent Homophily.
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Table 8: \i/n Ratios

Logit/Robust Poisson/Robust
&2 s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.062 3.031 1.083 1.044 1.008 0.715 1.000 0.974
1.0 1.062 2.559 1.083 1.044 1.010 0.745 1.000 0.974
2.0 1.063 2.771 1.083 1.044 1.008 0.731 1.000 0.974
3.0 1.062 2.550 1.084 1.044 1.007 0.750 1.000 0.974
4.0 1.063 1.948 1.084 1.045 1.005 0.794 1.000 0.974
n =400
0.0 1.033 3.506 1.035 1.011 1.006 1.226 1.003 0.981
1.0 1.032 3.735 1.035 1.011 1.005 1.247 1.003 0.981
2.0 1.032 3.842 1.035 1.011 1.006 1.256 1.003 0.981
3.0 1.031 3.951 1.035 1.011 1.006 1.265 1.003 0.981
4.0 1.033 3.898 1.035 1.011 1.005 1.260 1.002 0.980
n = 600
0.0 1.024 0.383 1.023 1.002 1.006 0.859 1.002 0.983
1.0 1.024 0.349 1.023 1.002 1.006 0.862 1.002 0.983
2.0 1.024 0.349 1.023 1.002 1.006 0.861 1.002 0.983
3.0 1.023 0.424 1.023 1.002 1.004 0.852 1.002 0.983
4.0 1.022 0.414 1.023 1.002 1.004 0.855 1.002 0.982
n = 800
0.0 1.016  16.855 1.016 0.998 1.002 0.739 1.001 0.983
1.0 1.017  89.595 1.016 0.998 1.005 9.672 1.001 0.983
2.0 1.017  48.532 1.016 0.998 1.004 5.640 1.001 0.983
3.0 1.019  21.420 1.016 0.998 1.006 3.003 1.001 0.984
4.0 1.019  29.352 1.016 0.998 1.005 3.778 1.001 0.984

' Number of Monte Carlo simulations is 2, 000.

> DGP Local misspecification: Latent Homophily.

3 . . .
Sieves dimension k, = 3.

34



Table 9: Descriptive Statistics

mean median std min max

network_links

gender
junior dummy
citations

share_gender
number_authors
share_seniors
same_institution
same_PhD

1.584 1.000 1.161 0.000  14.000
Author’s attributes
0.106 0.000 0.308 0.000 1.000
0.330 0.000 0.470 0.000 1.000
45.701  35.000  36.065 0.000 163.000
Project’s attributes
0.095 0.000 0.233 0.000 1.000
1.958 2.000 0.775 1.000 5.000
0.486 0.500 0.395 0.000 1.000
0.181 0.000 0.385 0.000 1.000
0.179 0.000 0.384 0.000 1.000

' Total sample includes N = 1776 authors and M = 1600 articles.
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Table 10: Results Robust Estimator

coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.633 0.045 10.244 [ 1.375, 1.891] 0.516 0.127
citations 0.391 0.015 10.253 [ 0.187, 0.596] 0.409 0.088
gender 5.938 0.180 69.120 [ 4.408, 7.467] 3.059 0.481
junior_senior —3.671 0.130 23.324 [—4.306, —3.036] 1.270  —0.623
constant —0.834 0.080 15.207 [—1.239,—0.428] 0.811 —0.069
Average out-degree
Psi 1.739 0.031 2.063 [ 1.661, 1.817] 0.156 —0.032
' Total sample includes N = 1776 authors and M = 1600 articles.
Table 11: Results Logit Estimator
coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.507 0.043 11.773 [ 1.225, 1.788] 0.563 0.000
citations 0.304 0.009 21.633 [—0.087, 0.694] 0.782 0.000
gender 5.457 0.175 71.557 [ 3.895, 7.018] 3.123 0.000
junior_senior  —3.048 0.132 28.520 [—3.780, —2.316] 1.465 0.000
constant —0.765 0.080 16.870 [—1.201, —0.329] 0.872 0.000
Average out-degree
Psi 1.771 0.036 2.111 [ 1.700, 1.842] 0.142 0.000
! Total sample includes N = 1776 authors and M = 1600 articles.
Table 12: Results Poisson Estimator
coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.499 0.042 10.271 [ 1.244, 1.754] 0.510 0.000
citations 0.287 0.009 20.408 [—0.082, 0.656] 0.739 0.000
gender 5.415 0.173 66.372 [ 3.947, 6.883] 2.936 0.000
junior_senior  —3.036 0.132 26.363  [—3.729,—2.343] 1.386 0.000
constant —0.756 0.080 15.915 [—1.175,—0.338] 0.836 0.000
Average out-degree
Psi 1.759 0.036 2.070 [ 1.689, 1.829] 0.140 0.000

' Total sample includes N = 1776 authors and M = 1600 articles.
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Local Misspecification

Local Misspecification

Figure 1: Confidence Intervals: jelcode
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Figure 2: Confidence Intervals: citations
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Local Misspecification

Local Misspecification

Figure 3: Confidence Intervals: gender
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Figure 4: Confidence Intervals: junior-senior
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Figure 5: Confidence Intervals: constant
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Figure 6: Confidence Intervals: ¥,
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Mathematical Appendix

Throughout the appendix, we define (X1, -+, Xn), (41, ,An), (Wi,--- , W), and (By,--- , By)
as Xn, An, Wi, and By, respectively.

A Proof of Theorem [1

We divide the proof into two steps. In the first step, we establish the strong approximation
VIE(RY) = W) — wa(i”) = 0p(1), (A1)
where

* d * * * *
wn(n ) =N (Em’j(/i ’TOéo eXp(Zi—;B(])Hij — Av,ij)a 27 + QEEWH + K ’TZHH ) .

In the second step, we prove the desired result. The proof relies on the following lemmas, which

are proved in Section [C]

Lemma A.1. Suppose the Assumptions in Theorem hold. Define G(6) = 7 Zf\il Zjﬂ/il nexp(Rz;G)Hin;;
so that G = G(Qmitml)- Then, we have that

~

22 o2
G(O) — Gol| =0p kaGilog™(n)

op n

sup for any constant C > 0,

0€B(0o,n,C/\/1)

. k2¢2log?(n
BH,V—BH,WHQ — 0p [ 1/ Fua ng ()}

_ 0y [ [ Fasilog"(n) ,

HBH — By
op n

N M 1

1 . 1
sup WZZ(%’Yn(Diij 9) -r =0Op <\/ﬁ> ) HBV - ByHQ =0Op <\/ﬁ> )

6€B(00,n,C//n) i=1 j=1 op

k2 . kaga
:op< C), zmrimwlzop< C),
op n 2

n
£, =2, = Op(Gun™Y?),  ||&* — K*|l2 = op(kyV/?),  and

||k*]]l2 < C < oo for some constant C > 0,

HfJH—EH

where B(0p., C/y/n) is a ball centered at 6y, with radius C/\/n.

Lemma A.2. Suppose the Assumptions in Theorem 1| hold. Then there exists a (k, + 1) x 1
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Gaussian vector g, such that g, = N(O Y,) and

= Op(\V k5 /n),

2

ﬁ sz\il Zgjvil [Yn(Dij,0,60,n) — Evn(Dij,0,00,0)]

where %, is defined in (2.16)).

A.1 Step 1: Proof of (A.1)

We have

N M
S n .
Vn(¥(R") = W ,) = ]\\[F >N (1(Dig, 0, binitiar) — Ev(Dij, 0, 00,0)) — Enig Ay i

i=1 j=1
" TL3/2 N M
Tk ! ZZ 1y 1n1tial))Hij +0(1)
i=1 j=1
N M
NG
- W . ( (Dij70 0o n) - E’}/(D”,O to n)) - EnijAv,zj
1 N M A
7M Z Z 6 Dl]’ O 9 G(Q) \/ﬁ(ginitial - 90,71)
nk, T n3/2 digel
TR Ni ( A(RweOn)) +0P(1)
i=1 j=1
N M
N
= W Z Z(’Y(Dwa 0, 00,n) - E’Y(D”, 0, 90771)) — ET]UAUJ]
i=1 j=1
AT _77,3/2 Al 1/2
TR WZZ(Y;J B /A(R HOn +n )dez'jHij
i i=1 j=1
gl —n3/2 S M -1/2, T
L 2—1 j= 1

N M
mn
= \/]\; Z Z(’Y(Digw 0,00.n) — Ev(Dij,0,000)) + Enij (" g exp(Z;80) Hij — Avij)

N ,
=1 j=1
%, T w32 L& 1/2
T | R S - [ ARG+ o0 g H |+ o0p(1), (A2)
i=1 j=1
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where the first equality is by (3.1), the second equality is by the mean-value theorem where 6 is
between éinitial and 6p,, and the facts that

T ”3/2 S Th
R* Z Z 1n1t1al Hij - A(Rije(),n))H]
=1 j=1
T _”3/2 = Th Th T\ (h
=i N > (AMRS0)(1 = ARSI Hii R | (Binitial — Oo,n)
i=1 j=1

" AL n eXP(2R; éinitial)(2 + eXP(R; éinitial))
, T G(a) o Z Z J J

NM ) HijRij/n(Ornitint — Oo.n)
=1 j—1 (1+ exp(RiTjeinitial))z ijLiij initia n

NM

and

n N oM eXP 2R elnltlal)(2+eXp(R;';éinitial))
NM i=1 j=1 + eXp(R;’géinitial))2

V1 (Oinitial — 00.n)

M
N n
< 2”“ 7T||2 WZZGXP 2R Hmltlal) ’L]R’Lj HZ\/> initial — ‘90 n)

i=1 j=1 2
op
< Op( NM ZZeXp < logn) + 27 ]Bft) Hinij = Op(n_l),
i=1 j=1 op
and the third equality is by Lemma
| MM
G 7M ZZ 9’777, YK 7
=1 j—1 op
) | MM
<|@@ —co)| 18112+ lIGollopll&* = w°llo + | 5757 220Dy 0.6) =
=1 j—1 op
k2¢2log?
=Op ngn og (n) + OP(l) _ OP(l)
n
and \/ﬁ(éinitm — 6on) = Op(1). To see the last equality of (A.2]), we note that
. 3/2 N M
=&\ Nar > ¥ / (Rijbo.n +vn™/?)dmij) Hi
=1 j=1
3 9 N M
< ||s* = &*|2 NI ZZ (Yij — /A(R;je(),n + Un*l/Q)dTFij)Hij
i=1 j=1 9

< |[[" = & l2(llgnllz + 0p(1)) = op(1),
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where the second inequality is by Lemma and the facts that ||x* — £*||2 = op(kn 1 2) as shown

in Lemma and ||gn|l2 = Op(k 1/2)

In addition, we have

o n3/2 N - .

T Z/ Rmeon +n 1/2 ) A(R;;g(],n))dﬂ'wﬂw — K ’TEOéO exp( 50) ijMij

i=1 j=1 2
< (’%*’T - “*’T)EQO exp(Z; ﬁO) ijTlij
2
+ IR NM ZZA Rwe(’" A(Rzyeo n))Hijnij — Eog exp(Z; Bo) i5Mij
=1 j=1 2
- a2 N M v

—+ ||R™ NI ;;/ (/0 A(R b +0)(1 A(R o +0))(1— 2A(R 0o.n + U))Udv) dm;j

2

where the inequality is by Taylor’s expansion with the integral remainder term and the equality is
by the fact that

</A RZJGO nt+0)(1— A(leﬁgn +2))(1— 2A(R Oom + v))vdv) dm;j

[v]
< C// exp(v)vdom;j(v)dv < C
0

by Assumption I} Combining the above two bounds, we can establish the last equality in (A.2)).

Then, by Lemma, we have

V(U(&*) = Uy ,)
= (L,5%) " gn + Enij (5™ T a0 exp(Z;80) Hij — Ao ij)
1 N M - T —1/2, V. g
L " onlY; AR 0o +n v)mii(v)dv ) H;
+umw(yﬁ<NMZTi%4§” —— i) ﬁ—%>+@m
NM Din1 Zj:l [ (Dij, 0,00,n) — Evn(Dij, 0, 600,n)]
= (1,5%) T gn + Enij (5" T a0 exp(Z5 B0) Hij — Avij) + (14 ||5*||2)Op (V ki/”) +op(1)

= (1.#%) g + Enij (5" T a0 exp(Z]; B0) Hij — Do ig) + op(1),

where the last equality holds because ||x*||2 = O(1) and &k /n = o(1).

“When k, is fixed, we interpret op (k;l/z) and Op(k'»,l/2) as op(1) and Op(1), respectively.
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In addition, we note that

[Eng; (k™ T g exp(Zy) Bo) Hij — Auij)| < (EnZ)Y2(E((k* T ag exp(Z5} Bo) Hij — Av,ij)))'?
< F(E((k* " ag exp(Z;; Bo) Hij — Avij)))/? = B(k*).

A.2 Step 2: Proof of the Desired Result.

We note that

P(¥y,, € CIi_o(i*))

P (1, 5%) T gn + Engj (5% T ag exp(Z; Bo) Hij — Ay i) + 0p(1))| <OV B(#¥)
(ZA)’Y _}_22[—5#%* _|_I%*,TZA]HI%*)1/2 = « (

|(1,6%) T gn+Enij(* T ao exp(Z,] Bo) Hij — A, ij)|
(54425} ,YH*+H*’TEHH*)1/2

B(k*) .
S CVa ((E»y-'rzZ;,,yﬁ*'f‘K/*’TzHﬁ*)l/Q) OP(l)

[(1*) T gn+En;j (k™ T ao exp(Z,; Bo) Hij—Av,ij)|
(B 428 kw5 T B gw*)1/2

B(k*)
S CVa <(27+2227W5*+H*’T2H’i*)1/2

teR

|(1,5%) Tgn+]
) — SupP ((27+2227WH*+H*’T2HV»*)1/2 < OP(l)

[(1,5*) T gn+Enij (5 T ag exp(Z,] Bo) Hij— Ao, ij)|
(E4+28]; WH*+K*’TZH:‘Q*)1/2

—P — sup P(N(0,1) + ] < op(1))

B(x) teR
S CVa <(Ew+2zgw’€*+’i*’TEH’i*)l/2>

>1—a—o(1),
where the first inequality holds because by Lemma we have |B(#*) — B(#*)| = op(1),
(S + 28 &° + &5 TS a*) Y2 — (8 + 28k + k5 TS e*) 2| = op(1),

and

oV _ _ BA(I%*) _ —ov B(H*) — OP(l).
(3 4+ 2% R* + AN TSk )12 (3y + 25 K" + i5T S w*)1/2

The last inequality follows from the fact that the univariate standard normal density is bounded
and the construction of the critical value function C'V,(-). By taking liminf,,_,,, on both sides of

the above display, we obtain the desired result.
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B Proof of Theorem [2

Because kg satisfies Assumption |§|7 we can rewrite kg as
wo = Gr(GEGF) (14, — GEE) + E,
where = is some deterministic dr x dr matrix that does not depend on n. Then, we have
Ky = [GF(G}GF)—l(IdR _GlE) + 5] r.
Further define
Fp = [HFGO(GJ I ITpGo) (I, — GITILE) + E} r

and

kg = LR

We rely the following three claims to establish the desired result: (1) ||[kp — &r|l2 = o(1), (2)
MSEp(krp) = MSEpr(Rr) + o(1), and (3) MSEp(kp) = MSEn(km) + o(1). Claims (2) and (3)
imply that

MSEF(KJF) = MSEH(HH) + 0(1)

In addition, we note that G kg = I, implying that ky satisfies (2.10). Therefore, by the definition

of k*, we have
MSEH(H;H) > MSEH(I{*),

which is the desired result.
Next, we prove the three claims.

Proof of Claim (1). We have
Gr = Eag eXp(Z;;ﬁO)(HFHij + (Sij)R;; = IIrGo + G,

where ||Gs|op = 0(1). Then, by Assumption [6] we have

|(GFGr)™ — (GImTrGy) ™!

=l
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which implies

|kr — Frlla < C HGF(G;GF)*(L,ZR — GpE) — IpGo(Gy WpllrGo) ™ (Lay, — GJHEE)]L
< C |[Gr(GFGr) ™ ~ TpGo(GI TIFTIFGo) !

e HGF(G;GF)*G; - HFGO(GJH;HFGO)*G(IHEH2 — o(1).

Proof of Claim (2). Given Claim (1), Claim (2) holds by the continuity of the quadratic
function MSEp(kr)(-).

Proof of Claim (3). We note that

|(RFBrivn)/? = (k5 Bukn) |

1/2

1/2
<C (%;E eXp(2Z;;BQ)(HFHZ‘j + (52])(HFH” + 5@])T/~{F> — (H;E eXp(2ZZ—]rBQ)(HFHUXHFHW)TK]F)

i 1/2 1/2
<C [E exp(zzgﬁo)(ﬁ;@j)ﬂ <C (IE Hémlli) =0

(1).
This implies
(k;BF;z;F - EEBHK,H‘ — o(1),
given that R;B rRr is fixed and
kyBrrr = (REBrip)Y? +0(1))2 = 0(1).
In the same manner, we can show that

B;ﬁ/%p = B;A/I{H +o(1), FpXpip=krySakg +o(1), and E;,YHF = ZEW’{H +o(1).

This concludes the proof.
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C Proof of Lemmas [A.1l and [A.2]

We use the following notation throughout this section. For a scalar function f(Uj;, V;) for dyadic data
(Ui, V;), we denote it as f;; and write Py arfij = wh7 Sy ij\il fijs Po fij = B(fi;|Us), P.j fij =
E(fi;|V;), Pfij = Efij, Pafij = & Somy fiss Pufij = 2 Zj]\il fij, and Unarfiy = Pymfij —
PnP; fij — PymPj fij + Pfi;. Based on these definitions, we have Py rs fij = PNPos fij = PuPy fij.

C.1 Proof of Lemma [A.1]

A 2
Proof of supgcp s, ,,.c/vm) }G(G) — Gy o =Op ( ’W) .
Note that
sup G(9) — G
0EB(00,n,C//1) op

< s G0 -co) +I1600m -Gl
0€B(60,1,C/v/n) P

= sup |(Pn,ar — P) exp(a + Zi—; )’UIHUR;;’UQ‘ +Op(n~1/?)
v1ERFR | v1||2=1,02€RIR | jva||2=1,(,B) EB((v0,B0),C/ /1)

< sup PN (Par — ;) exp(a + ZJﬁ)”lTHin;;W’
v1ERF J|v1||2=102ERIR ||v2]|2=1,(,8)EB((cx0,B0),C/+/n)

+ sup |(Py —P) [IP’Z exp(a + Z; )UIHMR;-;UQ} | + Op(n_l/z)
v1 ERF ||v1||2=1,02ERIR ||v2||2=1,(,8)EB((cx0,50),C/+/n)

< sup |(Par — i) exp(a + Ziyﬁ)vlTHin;;vﬂ
i=1, N1 €RFn |jv1|]2=1,v2€RIR | |v2]|]2=1,(ct,8) EB((v0,60),C/ /)

+ sup |(Py —P) [IP’Z exp(a + Z;;ﬂ)UIHZ‘jR;;UQ} | + Op(n_l/Q).

v1ERFN [ [v1|[2=1,02€RIR, [|v2|[2=1,(e,8) €B((0,60),C/v/n)

We note that exp(a + Z; )UII—Hin;;UQ is independent across j = 1,--- , M and

sup
i=1, ,N,v1 €RFn [|v1|[2=1,02€RIR [ |va|]2=1,(c,8)EB((0,50),C/ /7))

< m%exp(ao + Z35 B0 + CllZijl2/v/m) || Hijllo| | Rijl |2 < Chy/*¢n = F.

1€

exp(a + Zi—]r» )UIHZ‘J'R;;UQ‘

Then, the class of functions

F=ULF

Fi = {exp(a + 2 B)ol HyjRlvs : 01 € RE™, [[vn][o = 1,02 € RI%, [[ug]]s = 1, (a, B) € B((ao,ﬁo),(}'/\/ﬁ)}
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is of the VC type in the sense that

N
a\ ckn a\ c(knViogn)
sup N(F |- loa: el Flloz) < Y osup N(F |- loas el Flloz) < ¥ (7)™ < ()

3 €
=1

, 0 <Ve<1,

where supg means the supremum over all finitely discrete distributions. Therefore, by |Cher-
nozhukov, Chetverikov, and Kato| (2014, Corollary 5.1) we have

E sup ‘(PM — Pz‘,-) exp(a + Z;jr )UIHin;';Uﬂ
izlv"‘7N7U16§Rkn7HU1"2:177)26%11127|‘UQ||2:1=(a76)€B((O‘0760)70/\/ﬁ)
3/2
_of [BGlgm) | mPGloe’n) ) _ (K log’(n)
n n n
which implies
sup (Pyr —Pi,.) exp(a + Z;;B)U]—Hinz‘TjW
i=1, N1 €RFn,|Jv1||2=1,02€RIR | [v2||2=1,(a,8) EB((x0,50),C/ /)
_op [/ Fasilog"(n)
n

Similarly, we can show that

sup

(PN - P) [PZ',. exp(a + Zi—; )’UIHUR;S’UQ} ‘
v1ERFR ||v1]]2=102€RIR ||v2||2=1,(,8)EB((c0,80),C/+/7)

_op [/ FaCRlog"(n) |

n

which implies the desired result.

‘We can establish HBH — By

- 0 (V) 1, - ], = 0 (/550
op

in the same manner.

Proof of supges(s, . c/vi) | whir it Xyl 007 (Dig,0,6) = || = Op(n~1/2). We have

1 N M
W Z ZaO'Yn(Dija 0, 0) =T
i=1 j=1 9
1 N M _ 1 N M
< NM;;aa,mnwij,o,e)(e—eo,n> + W;;amnwij,o,em) -T
1= = 2 1= = 9
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N M
1 —
4*“Ei§:§: Dp.g7n(Di,0,0)|| 118 = bo,0)lly + Op(n~12),
=1 j=1

op

where 6 is between 6 and 6o, and thus belongs to B(6y , C/y/n). Then, by Assumption 2 and

taking supgepg, ,,,c//m) 00 both sides, we obtain the desired result.

GO,n:

n

Proof of HiH —Yullop =Op < k%ﬁ) and HEAIHW — EH’AYH2 =0Op < %) We note that

. . . 1 1 . .
Yg= aYY,n + 2g/Y,n R vy Z Z SYz]H HT CXL/Y,n - EZ)D/YJL
n | NM o
By Lemma we have

Sa a k?z('rzz

158y = Zhyallop = Op 122 (1)
and

p knéa

HZYYn yynllop = Op el (C.2)

Next, we focus on Z’ 1 ZJ 1 SYzJH’JH Recall sy,;; = n( — [ A( R‘jeo,n +n~1/2 )m;dv> ij
and p;; = E(Y;;| Xy, Ai, Wj, Bj), and define

Sy.ij = E(sv,ij| Xi, Ai, Wy, Bj) = n(pij — E(pij| Xi, Wy)).

Then, we have

N M
1 1 1 A )
ZZSMH Hj = ZZSMH Hj + + a7 D0 (Bvaj + svij) (Bvaj — svag) HigHj.-
1111 zljl i=1 j=1

(C.3)

For the first term on the RHS of (C.3|), we have

1 LM 1 X 9 N M
NM;Z:: 53513 HT—NMZZSYUH Hij + NMZZEY,U(SY,ij—§Y,ij)H¢jH£

=1 j=1 i=1 j=1
1 N M
+ o > > (svij — Sviy) *HigHyj
NM 4«
i=1 j=1
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N M
M Z Z 5y, Hij Hyy + 2M > nsvi(Yij — pig) HigH

i= l] 1 i=1 j=1
9 N M
eSS ] — 3 S Y, g
i=1 j=1 i=1 j=1
T
Zzn pzy — Pij Hinij
=1 j=1
=1+2[1+11I-2IV +V. (C.4)

For term [ in the RHS of (C.4]), we have
<2 _ .2 2
Sy, = 1" (pij — E(pi| Xi, Wy))* < C,

for some constant C' < oo, and thus,

N M
H]lgp < ZZ = Op(1). (C.5)
=1 j=1

op
For term I in the RHS of (C.4), we have

E (I17]3 | v, Ax, War, B

2
N M
1 _
= Z EN | vaz Z Z nSy,i;(Yij — pij)HijeHijo | | Xn, AN, War, Bur
(00)E o) X [k pa
L N )
= Z NZN2 Z ZE { (n5y,i;(Yij — pij)HijeHijo]” | Xn, An, Wi, BM}
(00)E o) X[k pa
k2C
<o p _ n
Ol = 0 (52,

which implies

ki
1oy < [HI[p = Op el (C.6)

In the same manner, we can show that

|ntrrr], = op ( ’“%C%) (1)

n

50



and

k202
11V, = Or (x/f;ﬂ . ()

Last, for term V' in the RHS of (C.4]), by Hoeffding decomposition, we have

n~ vV —E (npij( — pij)Hij HT)
=Py m —P) <npz-]( — pij) HijH, )
=Py —-P) [Pi, (npij(l —pij)Hinijﬂ + Py —P) {P,j (”pij(l —pij)Hinz'y)}

+UN,M (npij( sz)H H ) (C,Q)

‘We have

H(PN—P) []P’,-, (npij( i) Hiy B, )}

op

< H(]P’N - P) [Pi, (np,-j(l — pij) Hi HT)] H < k%(g)

n

and

[ e e——y) )

< |[®ar =By [Py (mpis (0 = i) 15 ) || = <W> '

To analyze the last term in the RHS of (C.9)), we note that

E HUN,M (npij(l —pij)Hini—]r') Hi
= Z E [Un,ar (npij (1 — pij)HiMHiM’)]Q
(0,0 Elkn] X [kn)]

C
(NM)?

<

N M
o CK2(2
E E E E (npij (1 — pij) HijoHij )" < N}l\f,
(0,01 Elkn] X [kn] i=1 j=1

which implies

HUN,M (npij(l - Pij)Hin¢§>
op

< o (ot -m )], - 00 (2

n
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Therefore, following (C.9)), we have

H?’L_lv —E (npij(l — p”)HZJHZ—;)

=0Op < WL) . (C.10)
op n

Combining (C.4), (C.5), (C.6), (C.7), (C.§), and (C.10), we have

nNM Z Z sv.ijHijHij — E (npij(l - pz’j)HinJ)

=1 j=1 op
1 Al 2 T -1 T kaga
= NM Z Z SY,z'jHinij —nE [VCLT(SY’U | XZ', Ai, Wj, BJ)H”H,L]] = OP I
" i=1 j=1 o» n
(C.11)
For the second term on the RHS of (C.3), we have
| NoM
NI Z Z (8v.ij + sv.i) (3vj — sv,ij) HijHyj
=1 j=1 op
5y N M
<\~ > Yy exp(REO)|RijllaHig H | |Ginitial — o.nll2
i=1 j=1 op
| NoM
< |l 3var 2o 2o Yt | < Op(n™'?)
i=1 j=1 op
1 o T —1/2
<\~ar DD n(Yij = pij) + npyg) HigH || x Op(n™"7?)
i=1 j=1 op
i N M
< |Op FiGa ) | L ) HiH; x Op(n'/?) = Op(n'/?). (C.12)
- n NM & I
L o op.

where 6 = (an, Bn) is between Oiyitial and 0 so that logn + a, = Op(1), Bn = Op(1), and
nexp(R};0) < exp(|logn + n| + | Zij||2/8|2) < exp(|logn + dn| + C||Bnl[2),
and the last inequality is due to (C.7)). Further note that

=O0p(1)

Hi?/Y,n < HE()I/Y,nHOp + Hil}l/Y,n - 2?/Y,n
op op

and, similarly, HiI;/Yv” - Op(1).
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Combining (C.3)), (C.11)), (C.12)), and above fact, we obtain the desired result that

— Sy — Sy, | —n'E [VC”“(SY,U | Xi, Ai, W, Bj)HiniT]

op
22
n

A 202\ .
We can show HZH’V . ZH,WH =0Op ( k’;f”) in the same manner.
2

Proof of |2, — .| = Op((,n~/?). We note that

oy o
_ Yn , Ym

= C.13
=TT g (C.13)

where E,%n and 5, , are the bottom-right elements of 2% and 3P, respectively. Specifically, we
have

1N 9 M-1 M
S = N 2 E D) 2 2 i
i=1 j=1 k=j+1
and

M
’Wn: ZN _1 Z Z S'“]‘SW’“‘:

j=1 i=1 k=1+1

Then, similar to the argument in the proof of Lemma (with the dimension k, = 1), we can
show that

_op<\/§> and ||, — 2 _0p<\/§>,

a
HE’Y% —Zhn

Yvm
where

E?y'y n — E[E(S%ij‘Xiﬂ AZ)]Q and E?;’y n — E[E(S’Y,U

ij Bj )]2
This is the desired result.

Proof of ||i* — k*||2 = 0p(k:7;1/2). Based on the previous results, we have

— @

§62‘

. k2(2 log?
. HEH Csll = op [ FuSalos(m)
op

)
n

op

op
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k2G2 log(n)

@2 3|, <7 |Buy — Bus |, + By - s, = 0
H2 2|, SO ||PHy H,72+ Hpy Hall, P n

_op [/ Fasilog"(n)
op n

o

and || —T||2 = Op(n~/?). By Assumption 2, we have
C > Amax(P1) = Ain(P1) > ¢ and  C > Amax(GJ @7 Go) > Ain (G 7 'Go) > ¢

for some constants (C,c) such that co > C > ¢ > 0. In addition, we have ||Goll,, = O(1),
[|@2]]2 = O(1), and [[T[[2 = O(1).

Now we are ready to bound ||#* — k*||2. Note that

157 = &2

_ H@l—l {@ —aferara] ! [aTerie, 1] } o {@2 —ao[cierial]  [eor e+ 1] }

2
~ ~ ~ AT A~ ~1—1 A— . ~ -1
< ch;lch - q>;1q>2H2 + H@;le GTOTIG] GTaTIB, - a7'Go [GieTGo| Gl or e

2
n Hcﬁllé GTarie] P - arico[eroricn) T

2
=T+ IT+III. (C.14)

For term I on the RHS of (C.14)), we have

|51, —oiten ], < 67 (@, 0], 4]

(@7! — o710

k2(2log?(n)
n

< ||®7t

B2 = 2o+ |7 - 02| yeul, = 0
op 2 op

For term 11 on the RHS of (C.14), we have

~ AT At~ ~1-1 . “ -1
H@;la GTeTIG] GTaTe, — a7y [GrerGo|  Gier' e

2

< [[é6 - 016y aTrie] - [aTorcn] Il

(L ToleIelt et

ol

op

—1
+ H(I)llGo [GJ@;@O} Gl o7!

82 2o
op 2
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k3G log?(n)

n
Similarly, we have ||III||2 = Op (\/ W), which implies
A k22 log?(n _
17 — &2 = Op Cng() = op(k

where the last equality holds by Assumption [4

Proof of ||x*|]2 = O(1). Note that

|5*[l2 = H@ll {<I>2 — Gy [GochflGo] o [GJ@;%Q n F} }

2

< || @7 s, + H@;lGo [chbl—lc;o}_l Gy 7' @y

2

+ Hq>;100 [GJ@;%}O]_IF

2

_ 2
<[, Ially + |21 72| 1l + 57, [Goll,

= 0(1).

This concludes the proof.

C.2 Proof of Lemma [A.2]

Recall

6 — ( n (Y;] — fA(RZ—EHD,n + n_l/QU)ﬂ'ij (v)dv) H,Lj)
ij =
Yn(Dij, 0, 00,n) — Evn(Dij, 0, 60.)

1/2)

(svij

)

chl—lGO}_

5i; = E(si|Xi, Ai, Wy, By), 3% = E(545|X;, Ai), 37, = E(55|W;, By), S

EE’fj(E’l’j)T, and Yo, = E(sij — 5ij)(sij — 5ij) "

Following |Graham (2022), we have

\/ﬁ

N

-
Hz‘ja Sy,ij

DY

)

)T

Eslz(

=1 ]:

M

1

31]

[IT°[l

op

Z)T ZP _

Slj)



where

1€[N]
n
Uan= > 375
je[M]
N M
N
U3,n = W Z Z(SU 52])7
=1 j=1
N M
Jn _
U4,n = W ;;(Sl] 514 8117])

Let F, be the sigma field generated by {Xi, A;}ic;n) and {Wj, Bj}jcin- Then, we note that
(Ui, Usp) belong to F,, and conditionally on F;,, Uz, = (U?i’rj, 0)",

M N M
Ui = g 3030 0y~ B = 333 0= i)
i=1 j=1 =1 j=1

is a sequence of independent random variables. Therefore, by Yurinskii’s Coupling (Pollard| (2002,
Theorem 10)), there exists g3, = (gé:;,O)T such that, for g3, 4 N(0, Iy,), 93 , is independent of

Fn and for any JF,-measurable random variable T,, with T,, > 0, we have

. log(1/B n
P {105, — 0423, 12 > 3T | .} < Coby <1+ ’“,f”) ,

where C is a universal constant,

Bs, = D3k, Y3, and D, = NM g Z Z E (||sij — 55113 | Fn) -
i€[N] je[M]

1/35 1/3

Consequently, by choosing T, = D for some deterministic sequence d,, > 0 which will be

specified later, we have

Bi’) n = knén

)

and

" « log(1/(knon
{1105~ 0251k > 3DY6;5 | 72} < Cayty (14 LOEL ()

~—
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We further note that ng = Op <\/’fl>, and Qg,n and BS,n belong to F,,. In addition, let

=Op (W) by (C.10), and thus,
op

k32
* :O nosn
gz p(\/n )

where we use the fact that Amin (€23,,) > ¢ > 0 for some constant ¢ and |[g3 ,[| = Op(Vkn).

Q3 = EQ37n. Then, we have Hng — Q3’n

[

AL/2 o1/2
9 < HQS,TL - QS,n

Similarly, we can strongly approximate U;, and U, by Qi/f 91,n and Q;/f 92,n, Tespectively,

where g1, and g2, are (k,, + 1)-dimensional standard normal random variables,

More specifically, for [ = 1,2, we have

1 1 nn
P (HUl,n — 0 g , > 3011,23571) < Coknbn <1 1 [Log(1/(kndn))] ))‘) :

where
n3/2 a3 k% Tl3/2 3 k%
Dlm:w'z E (I[5%:15) = O b and D2,n:W Z E(Hslfj\b) =0 -
i€[N] JE[M]

In addition, because (X, A;)icn) and (W, Bj)jecy are independent, we have g1, L gan. Last,

because g3, is independent of F,, we have (g1,n, g2,n, 93 ,) are independent.

Next, we turn to Uy ,. We note that

NUsnll2 < VEn||Usn

’OO‘

In addition, by |Chiang, Kato, and Sasakil (2023 Corollary 3) with their k = 2, ¢ = 2, and e = {1, 1},

we have

NM
T EUs2) " < Cllon (k) VAM (Ellsy — 5 — 3,12
1/2

1/2

< C(log(kn))VNM (El[si; — 55, - 51,113)
< Clog(kn)V knVNM.
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This implies

log(n)k2
1Usalls = Op ( o)k ) .
n
Therefore, by letting §,, = (Ck,)~! for a large constant C' > 0, we have

N M ©1/2 4 16
NG 1/2 Q3,93 B log(n)k2 gn i3 13
WZZ ij — 1ngln+92n92n+ 0 =0p - L - ? kn

= Op(l).

In addition, we have

_ ol/2 1/2 0525 Q3, 0)) a4
gn = Ql,ngl,n + QQ,nQQ,TL + ’ 0 ’ ~ N 07 Ql,n + QZ,n + 0 0 - N(07 En)

This concludes the proof.

D Additional Lemmas

Lemma D.1. Suppose conditions in Theorem [1] holds. Then, we have

Sa a k?%CT%
”EYY,n - YY,n||op =0Op (\/ )
n
[k2Gh
HEYYn YYnHOP =0p ( n ) :

and

Proof. We have
‘26{/}/,71 —E {[E(SYn‘sz‘ﬂXz’, A [E(sy,i; Hj| Xi, Ay)] }‘

N
Z — 1 Z Z SYzJSsz - SYZ]Ssz)szH
i=1 j=1 k=j+1 o
1 N 9 M-1 M - -
N Z M =1) Z sy.ijsyHijHy — E {[E(SY,inz'j\Xu ADE(sy,ij Hi;| X, Az‘)]}

i=1 7=1 k=j+1 op
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+

| X M-1 M
N;M( ;k§331 8y,ij8y,ik — Sv,ijsy,ik) Hi H, )

5 M-l M | N .
M(M -1) = kzzj;rlN;{SYUSYZkHini {[E(SYz;HleuA)H (svij IXz,A)]}} )

N
% > {[E(SY,inmXia AD[E(sy; Hj | Xi, Az‘)]} - E {[E(SY,inmXia AD[E(sy; Hj | Xi, Az‘)]}

i=1
= [[lop + [ 1[op + [[T1T]]op- (D.1)
Bound for ||I||,,. We will establish that
N M-1 M
]lop < C Z =) Z HipHyj||  |0initial — Bon]l2 = Op(n~1/?). (D.2)
i=1 J=1 k=j+1 op
First, we note that
LN 5 M-1 M
1 lop = sup =Y DD Gvig — svig)dvanu HiHv
wweRhn Jlullo=llollo=1 |V I M(M 1) = &=,
LN 5 M-1 M
+ sup = > (Bvij — svig)svaru’ HyHyjv
wweRhn Jlullo=llollo=1 |V I M(M 1) = &=
o X 5 M-1 M
< N Z M(M _ 1) Z n( ik + A(R 91n1t1al)||szz||2||HZJ||2||91n1t1a1 00,n||2
i=1 J=1 k=j+1
oX 5 M-1 M A
+ty > M=) > > Vi + AR 00,0 Hikll2l Hij |2l initial — 0.0 |2
i=1 J=1 k=j+1
o X 5 M-1 M
<w > MM =) > n(Yi — pa) || Higll2l[Higl|2 x Op(n~'7?)
i=1 J=1 k=j+1
| N 5 M-1 M
+NZM(M—1) Z || Hirl2|| Hijll2 x Op(n="/2), (D.3)
i=1 =1 k=j+1

where we use the fact that np;; is bounded, max; ; nA(R 91mt1a1) Op(1), and

15v.ij — Sy,ij| = n|A(R;;éinitial) - A(R;;90,n)| < C)|binitial —

99

op



Then, we have

L 5 M-1 M 2
E|— _— Yo — )| H; H.
N;M(M_l) 2 k;m it — pir )| | Harl 21| Hig 2
1 N M-1 M 2
<E NM(M —1) Z (n(Yij — pij)|[Hijl|2] Z || Hk| |2
=1 j=1 k=j+1
1 N M-1 M 2
= E [n(Yij — pij) || Hijal 2] || Hik||2
N2M2(M 1)2 ; ; %) ] 1] k_;_l i
N M-1
T NEMA(M 12 & illz = A

This implies

N M-1 M
X ) k2<2
N > MM —1) > n(Yik — pi)|[Hikl|2| | Hijll2 = Op <\/?) '

i=1 (M —1) j=1 k=j+1

In addition, we have

1 N 9 M-1 M \/76: N M-1
n
N E m § HszH HHUH? § ”HUH? < Op(k”C")‘
i=1 J=1 k=j+1 =1 j=1

Therefore, given that Héinmal —Oonll2 = Op(n*1/2), we have ||I||op = Op (\/ kgﬁ)

Ynj, Wj, B} and make our argument

Bound for ||II||,,. We first define D; = {Yy;,---,

conditional on Xy and Ap. In this view,

M-1 M
1
> N > {SY,ijSY,z'kHz’jHJc - {[E(sy,z'jHilez’, AD[E(sv,i Hy | X, Az’)]}}

j=1 k=j+1 " i=1

1
m ' Z f(Dj7Dk)7
Jke[M],j7#k

where

{SY,iij:kHini — [E(sv,i; Hij| Xi, AZ-)][]E(SWHJ\XZ-,AZ»)]} :

MHZ

f D]7Dk

1:1
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By Hoeffding decomposition, we have

1
=3y > {®iD)

JokelM] jk
M
Z Dj, Dy,)|Dj, XN, An]
-1
1
+ MAI=1) Z {f(D;, Dx) — E[f(Dj, Dx; u)| Dy, Xn, An| — E[f(Dj, Dy u)|Dj, Xn, Anl}
JkE[M],j#k
=201, + 11, (D.4)

Bound for ||II||op. For the linear term I; on the RHS of (D.4]), we have

E [f(Dj, Di)|Dj, Xn, An|

[
S
VB

<
Il

[sy.ijHij — E(sy.iHij| Xi, Ai) E(syi; H,j|

Xi, Ai)

M=~
M-

<
Il
—
-
I
—

(sv,ij — §Y,ij)HijE(5Y,in¢;‘XiaAi)

I
- 5 3
M=iM=1
1=

NE
E

+

[Sv,ijHij — B(sy,ij Hij| Xi, Ai)] E(sy,i; Hj | X, Ay)

<
Il
-
-
I
=

EIILl—l-IIl’Q. (D5)

Conditionally on (XN,.AN,WM,BM), {(Syﬂ‘j — EY,ij)HijE(SY,ini;’XiyAz’)}ie[N],je[M] is a se-

quence of independent and mean-zero random variables. Therefore, we have

]E(HI‘ILlH%‘ | XNvAN7WM7BM)

Z ZZ” pm — Dij ngj [E(SY,inij,Z/‘XivAi)]Q

(Zﬂ)e[kn}x[kn]z 1j=1

kanC? | & kG
<l 553 S | —on (H5E),

(=1 i=1 j=1

which implies

[kaGh
HHl,lHop_OP< - )
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For 1112, we have
E (|11 2|3 | Xn, An)
1 1 Y ’
e ) ZE {N Z [Sv.ijHije — E(svijHijel Xi, Ai)] [E(SY,z‘jHij,E'\Xi,Ai)]} | XN, Ay
1

1

M N
S > ZE <N Z {BvijHije — Elsy,ijHij o Xi, A0)] [E(sy, Hijo| X, A7)] 2 | XN,AN> ,
(6,0 Elkn] X [kn] 7=1 i=1
and thus,
E ([I12][7)
1 N M ,
N IVE ZJZZZ Sv,ijHije — E(sy,ij Hijel Xi, Ai)) [E(sy.ii Hijo| Xi, Ai)] }

() ekn] X [kn] &

o (H2)
n

where use the fact that [sy,;;| < C < cc.

This implies ||1]12][op = Op (w%) ||, and thus,
k2 2
[ 11]|op = Op (\/?frl) . (D.6)

Bound for ||I15||op. Next, we turn to I1>(u) in (D.4). We note that, conditionally on (Xy, Ayn),
I1, is a second-order degenerate U-statistic (based on observations (D;, Dj)) which has an increasing

dimension of k,, x k,. Let

few (D}, Dy) = Z {svijsvicHijoHik e — [E(sy,iHije| X, Ai)][E(sy,i Hijo | X, Ai)] } .
i=1
We have
1
E(|[IR|E | X AN) < 5 D . E(f2u(DyDh) | Xy, Ax)

(6,0)Elkn] x [kn] (5,k)€[M]x [M],j#k

Further note that {sy,;sy ik HijeHik e }icn) are independent conditionally on (Xn, An, War, Bar)

and

2
E [sy,ijsy,iuHijeHike | Xn, AN, War, Bu | = 0°pijpirHij o Hig
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Then, we have

fu(Dj, Dy) < 2

=1
1 & ?
2 N Z 02 pijpirHijoHik o — [E(sv,ii Hijol Xi, A)|[E(sy,ij Hijor| Xi, A7)
=1
1 & ’
<C N Z(SY,z’jSY,ik — n’pipir)HijeHine |+ CG.
=1
and thus,
E (||I12I%)
c 2
S > E (f2e(Dj, Dr))
(&) €[kn]x [kn] (4,k)E[M]x[M],j#k
C N ’
S Z Z E Z(SY,ijSY,ik — n®pipin)HijoHine | +
(0] X [kn] Gok) M X [M] 2k P

1
N

1
=~ Z EE(

N 2
1
~ Z(SY,ijSY,ik — n2piipir) HijoHike | | XN, Ay War, Bu
(0)E lon] X n] GoR)EIM] X [M], ik pa
Ck2 4
n gCn
n
C 2 Ck2¢
N2 Z Z E [(sv,ijsv.k — n°pijpic) HijeHin o] + pv
(£,0")elkn]x[kn] (4,k)€[M]x[M],j#k
n?knC2 Sz CRG
< N2 M4 Z Z ZEHij,€+ n2
(0 €[kn]x [kn] (4,k)E[M]X[M],j#k i=1
k2 2
_0 < nCn) .
n
This implies
k2¢2
HIIZ|OPSHIIQHF:OP< nC ) : (D.7)

Combining (D.7) with , we have

ki
HHHopZOP< )

n
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Bound for ||II1||,p. By a similar argument to the analysis for I, we have

[ kada
||III||Op:Op< - )
Combining (D.2)), (D.7), and (D.8), we have the desired result that

. k22
£y = Syallop = Op (\/ f) |

The other result can be established in the same manner.
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E Additional Tables

E.1 Empirical Application

Table 13: Results Robust Estimator with 2 = 1

coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.611 0.044 5.403 [ 1.443, 1.779] 0.335 0.104
citations 0.390 0.015 5.076 [ 0.275, 0.505] 0.230 0.087
gender 5.895 0.181 35.256 [ 4.961, 6.829] 1.868 0.438
junior_senior  —3.639 0.129 13.235 [—4.080, —3.197] 0.882 —0.591
constant —0.832 0.077 8.158 [—1.101, —0.563] 0.537 —0.067
Average out-degree
Psi 1.745 0.032 1.897 [ 1.675, 1.815] 0.139 —0.026
! Total sample includes N = 1776 authors and M = 1600 articles.
Table 14: Results Robust Estimator with 72 = 2
coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.644 0.047 8.016 [ 1.422, 1.867] 0.445 0.138
citations 0.401 0.014 7.406 [ 0.248, 0.554] 0.306 0.098
gender 5.969 0.178 50.036 [ 4.777, 7.161] 2.384 0.512
junior_senior —3.670 0.133 17.742 [—4.205, —3.134] 1.071  —-0.622
constant —0.847 0.087 12.232 [—1.209, —0.485] 0.724 —0.082
Average out-degree
Psi 1.758 0.031 2.004 [ 1.682, 1.833] 0.152 —0.014
' Total sample includes N = 1776 authors and M = 1600 articles.
Table 15: Results Robust Estimator with 2 = 3
coeff. s.e. max rMSE [conf. int.] length  adjm
Homophily parameters
jelcode 1.650 0.045 9.087 [ 1.412, 1.88§] 0.477 0.143
citations 0.402 0.014 8.874 [ 0.223, 0.580] 0.357 0.098
gender 5.979 0.179 60.135 [ 4.610, 7.349] 2.740 0.523
junior_senior  —3.678 0.132 20.771 [—4.268, —3.087] 1.181 —0.630
constant —0.848 0.083 13.888 [—1.235,—0.461] 0.774 —0.083
Average out-degree
Psi 1.778 0.031 2.349 [ 1.691, 1.865] 0.174 0.007

' Total sample includes N = 1776 authors and M = 1600 articles.

E.2 Additional DGPs for Local Misspecification

65



Table 16: Bn Robust Estimator

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.385  —0.025 0.146 0.878 2.146 [ 0.657, 2.112] 1.455 0.999 0.010
1.0 1.386 1.687 4.216 0.145 0.875 2.158 [ 0.811, 2.558] 1.747 1.000 0.011
2.0 1.386 1.774 5.428 0.145 0.887 2172 [ 0.842, 2.699] 1.857 1.000 0.012
3.0 1.386 1.841 6.395 0.145 0.885 2.200 [ 0.859, 2.818] 1.960 1.000 0.013
4.0 1.386 1.888 7.038 0.147 0.900 2.252 [ 0.861, 2.907] 2.045 1.000 0.014
n = 400
0.0 1.386 1.388 0.097 0.109 0.917 2.226 [ 0.862, 1.921] 1.059 1.000 0.005
1.0 1.386 1.599 4.274 0.108 0.903 2.227 [ 0.998, 2.202] 1.203 1.000 0.005
2.0 1.386 1.663 5.508 0.108 0.894 2.241 [ 1.033, 2.290] 1.257 1.000 0.006
3.0 1.386 1.724 6.667 0.108 0.880 2.261 [ 1.063, 2.376] 1.313 1.000 0.006
4.0 1.386 1.783 7.822 0.108 0.874 2.267 [ 1.092, 2.463] 1.371 0.999 0.006
n = 600
0.0 1.386 1.386  —0.001 0.090 0.928 2.246 [ 0.951, 1.821] 0.870 1.000 0.003
1.0 1.386 1.557 4.186 0.090 0.919 2.265 [ 1.073, 2.042] 0.969 1.000 0.004
2.0 1.386 1.604 5.342 0.090 0.913 2.285 [ 1.103, 2.106] 1.003 1.000 0.004
3.0 1.386 1.649 6.477 0.091 0.904 2.310 [ 1.131, 2.171] 1.040 1.000 0.004
4.0 1.386 1.698 7.652 0.092 0.896 2.339 [ 1.158, 2.239] 1.081 0.997 0.004
n = 800
0.0 1.386 1.387  —0.039 0.079 0.934 2.274 [ 1.006, 1.763] 0.757 1.000 0.003
1.0 1.386 1.534 4.113 0.079 0.918 2.297 [ 1.117, 1.947] 0.830 1.000 0.003
2.0 1.386 1.573 5.242 0.079 0.908 2.316 [ 1.144, 1.999] 0.855 1.000 0.003
3.0 1.386 1.613 6.330 0.080 0.911 2.351 [ 1.169, 2.051] 0.882 0.999 0.003
4.0 1.386 1.651 7.433 0.082 0.917 2.393 [ 1.193, 2.105] 0.912 0.999 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Functional misspecification. ® Sieves
dimension k, = 2.
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Table 17: Bn Logistic Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.419 0.475 0.159 0.894 2.343 [ 0.666, 2.174] 1.508 0.999 0.010
1.0 1.386 1.751 5.159 0.167 0.895 2.498 [ 0.833, 2.669] 1.836 1.000 0.011
2.0 1.386 1.855 6.584 0.171 0.908 2.566 [ 0.872, 2.832] 1.960 1.000 0.012
3.0 1.386 1.940 7.771 0.174 0.907 2.632 [ 0.900, 2.972] 2.072 1.000 0.013
4.0 1.386 2.000 8.619 0.177 0.905 2.703 [ 0.914, 3.077] 2.163 1.000 0.014
n = 400
0.0 1.386 1.405 0.465 0.115 0.928 2.345 [ 0.869, 1.951] 1.082 1.000 0.005
1.0 1.386 1.628 4.865 0.116 0.912 2.422 [ 1.009, 2.250] 1.240 1.000 0.005
2.0 1.386 1.695 6.200 0.118 0.904 2.481 [ 1.045, 2.348] 1.303 1.000 0.006
3.0 1.386 1.763 7.476 0.122 0.901 2.555 [ 1.075, 2.445] 1.370 1.000 0.006
4.0 1.386 1.830 8.772 0.124 0.901 2.616 [ 1.106, 2.544] 1.438 0.998 0.006
n = 600
0.0 1.386 1.398 0.301 0.093 0.934 2.330 [ 0.957, 1.840] 0.883 1.000 0.003
1.0 1.386 1.574 4.633 0.094 0.925 2.397 [ 1.081, 2.070] 0.989 1.000 0.004
2.0 1.386 1.624 5.848 0.096 0.919 2.444 [ 1.111, 2.139] 1.028 1.000 0.004
3.0 1.386 1.672 7.052 0.098 0.915 2.505 [ 1.139, 2.209] 1.070 0.998 0.004
4.0 1.386 1.724 8.310 0.100 0.911 2.578 [ 1.167, 2.284] 1.117 0.996 0.004
n = 800
0.0 1.386 1.396 0.221 0.081 0.940 2339 [ 1.011, 1.777] 0.766 1.000 0.003
1.0 1.386 1.547 4.478 0.082 0.923 2.393 [ 1.123, 1.966] 0.843 1.000 0.003
2.0 1.386 1.587 5.646 0.083 0.913 2429 [ 1.151, 2.021] 0.870 1.000 0.003
3.0 1.386 1.628 6.780 0.084 0.918 2487 [ 1.176, 2.076] 0.900 0.999 0.003
4.0 1.386 1.668 7.935 0.086 0.924 2.559 [ 1.200, 2.134] 0.934 0.998 0.003

! Number of Monte Carlo simulations is 2,000. % Local misspecification: Functional misspecification.
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Table 18: Bn Poisson Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.384  —0.041 0.149 0.898 2.191 [ 0.665, 2.102] 1.437 0.999 0.010
1.0 1.386 1.683 4.158 0.147 0.901 2.191 [ 0.844, 2.517] 1.673 1.000 0.011
2.0 1.386 1.768 5.340 0.145 0.904 2.189 [ 0.890, 2.638] 1.749 1.000 0.012
3.0 1.386 1.832 6.271 0.144 0.897 2.188 [ 0.924, 2.735] 1.811 1.000 0.013
4.0 1.386 1.875 6.873 0.142 0.895 2.202 [ 0.944, 2.800] 1.856 1.000 0.014
n = 400
0.0 1.386 1.388 0.091 0.110 0.929 2.257 [ 0.864, 1.918] 1.053 1.000 0.005
1.0 1.386 1.599 4.260 0.110 0.922 2.270 [ 1.006, 2.192] 1.186 1.000 0.005
2.0 1.386 1.663 5.488 0.110 0.916 2.294 [ 1.043, 2.278] 1.236 1.000 0.006
3.0 1.386 1.723 6.639 0.112 0.912 2326 [ 1.075, 2.361] 1.286 1.000 0.006
4.0 1.386 1.781 7.784 0.112 0.912 2.341 [ 1.108, 2.443] 1.335 0.999 0.006
n = 600
0.0 1.386 1.386  —0.004 0.091 0.936 2.269 [ 0.952, 1.820] 0.867 1.000 0.003
1.0 1.386 1.556 4.179 0.091 0.931 2.298 [ 1.076, 2.038] 0.962 1.000 0.004
2.0 1.386 1.604 5.334 0.092 0.929 2.325 [ 1.107, 2.101] 0.995 1.000 0.004
3.0 1.386 1.649 6.467 0.093 0.923 2.362 [ 1.136, 2.165] 1.030 0.999 0.004
4.0 1.386 1.697 7.638 0.095 0.923 2404 [ 1.164, 2.232] 1.068 0.997 0.004
n = 800
0.0 1.386 1.387 —0.041 0.079 0.941 2292 [ 1.007, 1.762] 0.755 1.000 0.003
1.0 1.386 1.534 4.110 0.080 0.927 2.322 [ 1.118, 1.945] 0.826 1.000 0.003
2.0 1.386 1.572 5.237 0.080 0.919 2.347 [ 1.146, 1.997] 0.850 1.000 0.003
3.0 1.386 1.612 6.325 0.082 0.925 2.380 [ 1.171, 2.048] 0.877 0.999 0.003
4.0 1.386 1.651 7.427 0.083 0.932 2.441 [ 1.196, 2.102] 0.906 0.999 0.003

! Number of Monte Carlo simulations is 2,000. % Local misspecification: Functional misspecification.
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Table 19: 3n Ratios

Logit/Robust Poisson/Robust
o s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.087  19.273 1.092 1.037 1.019 1.677 1.021 0.987
1.0 1.060 0.768 1.055 1.024 1.010 1.006 1.009 0.990
2.0 1.053 0.811 1.051 1.023 1.006 1.004 1.008 0.990
3.0 1.051 0.836 1.048 1.021 1.005 1.004 1.007 0.991
4.0 1.048 0.852 1.046 1.021 1.006 1.003 1.007 0.991
n = 400
0.0 1.051 4.803 1.054 1.022 1.012 0.941 1.014 0.995
1.0 1.034 0.816 1.034 1.015 1.007 1.002 1.007 0.995
2.0 1.029 0.853 1.032 1.014 1.004 1.002 1.006 0.995
3.0 1.028 0.872 1.030 1.013 1.005 1.002 1.006 0.995
4.0 1.030 0.885 1.029 1.013 1.005 1.001 1.005 0.995
n = 600
0.0 1.033  413.730 1.037 1.015 1.009 5.141 1.010 0.996
1.0 1.025 0.855 1.025 1.010 1.006 1.001 1.005 0.996
2.0 1.025 0.882 1.023 1.010 1.005 1.001 1.005 0.996
3.0 1.020 0.897 1.022 1.009 1.003 1.001 1.004 0.996
4.0 1.021 0.907 1.021 1.009 1.004 1.001 1.004 0.996
n = 800
0.0 1.026 5.601 1.028 1.011 1.007 1.048 1.008 0.998
1.0 1.019 0.877 1.020 1.008 1.004 1.001 1.005 0.997
2.0 1.018 0.900 1.018 1.008 1.004 1.001 1.004 0.997
3.0 1.016 0.913 1.018 1.008 1.003 1.001 1.004 0.997
4.0 1.016 0.921 1.017 1.007 1.003 1.000 1.004 0.997

T
Number of Monte Carlo simulations is 2, 000.

* DGP Local misspecification: Functional misspecification.

3 . . .
Sieves dimension k, = 2.
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Table 20: Bn Robust Estimator

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.385  —0.025 0.146 0.878 2.146 [ 0.657, 2.112] 1.455 0.999 0.010
1.0 1.386 1.529 1.990 0.146 0.881 2.141 [ 0.738, 2.316] 1.577 1.000 0.011
2.0 1.386 1.556 2.387 0.146 0.884 2.145 [ 0.752, 2.358] 1.605 1.000 0.011
3.0 1.386 1.580 2.716 0.146 0.879 2.145 [ 0.764, 2.393] 1.629 1.000 0.011
4.0 1.386 1.595 2.974 0.146 0.878 2.144 [ 0.773, 2.420] 1.647 1.000 0.011
n = 400
0.0 1.386 1.388 0.097 0.109 0.917 2.226 [ 0.862, 1.921] 1.059 1.000 0.005
1.0 1.386 1.487 2.097 0.108 0.908 2.219 [ 0.930, 2.052] 1.122 1.000 0.005
2.0 1.386 1.509 2.508 0.108 0.908 2.215 [ 0.944, 2.079] 1.135 1.000 0.005
3.0 1.386 1.523 2.832 0.108 0.906 2214 [ 0.955, 2.101] 1.146 1.000 0.005
4.0 1.386 1.538 3.103 0.108 0.906 2211 [ 0.964, 2.119] 1.155 1.000 0.005
n = 600
0.0 1.386 1.386  —0.001 0.090 0.928 2.246 [ 0.951, 1.821] 0.870 1.000 0.003
1.0 1.386 1.467 2.005 0.090 0.930 2.245 [ 1.011, 1.925] 0.914 1.000 0.004
2.0 1.386 1.485 2.434 0.090 0.925 2.246 [ 1.024, 1.947] 0.923 1.000 0.004
3.0 1.386 1.499 2.743 0.090 0.923 2.246 [ 1.033, 1.964] 0.931 1.000 0.004
4.0 1.386 1.509 3.014 0.089 0.920 2.246 [ 1.041, 1.978] 0.937 1.000 0.004
n = 800
0.0 1.386 1.387  —0.039 0.079 0.934 2.274 [ 1.006, 1.763] 0.757 1.000 0.003
1.0 1.386 1.458 1.924 0.078 0.928 2.280 [ 1.060, 1.849] 0.789 1.000 0.003
2.0 1.386 1.472 2.337 0.078 0.924 2.282 [ 1.071, 1.867] 0.796 1.000 0.003
3.0 1.386 1.483 2.659 0.078 0.924 2.283 [ 1.079, 1.881] 0.802 1.000 0.003
4.0 1.386 1.493 2.925 0.078 0.920 2.285 [ 1.086, 1.893] 0.807 1.000 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution. ® Sieves
dimension k, = 2.
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Table 21: Bn Logistic Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.419 0.475 0.159 0.894 2.343 [ 0.666, 2.174] 1.508 0.999 0.010
1.0 1.386 1.577 2.661 0.162 0.898 2.391 [ 0.752, 2.396] 1.644 1.000 0.011
2.0 1.386 1.603 3.100 0.162 0.896 2.407 [ 0.768, 2.443] 1.675 1.000 0.011
3.0 1.386 1.631 3.465 0.163 0.892 2.420 [ 0.781, 2.482] 1.701 1.000 0.011
4.0 1.386 1.648 3.754 0.163 0.886 2.426 [ 0.791, 2.512] 1.721 1.000 0.011
n = 400
0.0 1.386 1.405 0.465 0.115 0.928 2.345 [ 0.869, 1.951] 1.082 1.000 0.005
1.0 1.386 1.510 2.555 0.114 0.917 2.366 [ 0.939, 2.089] 1.150 1.000 0.005
2.0 1.386 1.531 2.988 0.115 0.918 2.368 [ 0.953, 2.118] 1.165 1.000 0.005
3.0 1.386 1.547 3.331 0.115 0.913 2372 [ 0.965, 2.141] 1.177 1.000 0.005
4.0 1.386 1.563 3.618 0.115 0.914 2.373 [ 0.974, 2.160] 1.186 1.000 0.005
n = 600
0.0 1.386 1.398 0.301 0.093 0.934 2.330 [ 0.957, 1.840] 0.883 1.000 0.003
1.0 1.386 1.482 2.367 0.093 0.937 2.346 [ 1.018, 1.948] 0.929 1.000 0.004
2.0 1.386 1.501 2.812 0.093 0.932 2.352 [ 1.031, 1.971] 0.940 1.000 0.004
3.0 1.386 1.515 3.131 0.093 0.932 2.355 [ 1.040, 1.988] 0.947 1.000 0.004
4.0 1.386 1.525 3.412 0.093 0.928 2.359 [ 1.048, 2.003] 0.954 1.000 0.004
n = 800
0.0 1.386 1.396 0.221 0.081 0.940 2339 [ 1.011, 1.777] 0.766 1.000 0.003
1.0 1.386 1.468 2.228 0.081 0.932 2.356 [ 1.065, 1.865] 0.799 1.000 0.003
2.0 1.386 1.483 2.651 0.081 0.929 2360 [ 1.077, 1.883] 0.807 1.000 0.003
3.0 1.386 1.494 2.982 0.081 0.929 2.364 [ 1.085, 1.898] 0.813 1.000 0.003
4.0 1.386 1.504 3.255 0.081 0.924 2.368 [ 1.092, 1.910] 0.818 1.000 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution.
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Table 22: Bn Poisson Estimator

7?2 True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.384  —0.041 0.149 0.898 2.191 [ 0.665, 2.102] 1.437 0.999 0.010
1.0 1.386 1.527 1.961 0.148 0.901 2.183 [ 0.755, 2.295] 1.540 1.000 0.011
2.0 1.386 1.554 2.354 0.148 0.903 2.185 [ 0.771, 2.334] 1.563 1.000 0.011
3.0 1.386 1.577 2.679 0.149 0.903 2.184 [ 0.785, 2.366] 1.581 1.000 0.011
4.0 1.386 1.592 2.934 0.148 0.898 2.181 [ 0.796, 2.391] 1.595 1.000 0.011
n = 400
0.0 1.386 1.388 0.091 0.110 0.929 2.257 [ 0.864, 1.918] 1.053 1.000 0.005
1.0 1.386 1.487 2.088 0.110 0.924 2.254 [ 0.935, 2.047] 1.112 1.000 0.005
2.0 1.386 1.508 2.498 0.110 0.925 2.251 [ 0.949, 2.073] 1.124 1.000 0.005
3.0 1.386 1.522 2.822 0.109 0.918 2.250 [ 0.960, 2.095] 1.134 1.000 0.005
4.0 1.386 1.538 3.092 0.109 0.919 2.247 [ 0.970, 2.112] 1.142 1.000 0.005
n = 600
0.0 1.386 1.386  —0.004 0.091 0.936 2.269 [ 0.952, 1.820] 0.867 1.000 0.003
1.0 1.386 1.467 2.001 0.091 0.941 2271 [ 1.014, 1.922] 0.909 1.000 0.004
2.0 1.386 1.485 2.430 0.091 0.936 2.273 [ 1.026, 1.945] 0.918 1.000 0.004
3.0 1.386 1.499 2.738 0.091 0.935 2.273 [ 1.036, 1.961] 0.925 1.000 0.004
4.0 1.386 1.509 3.008 0.090 0.931 2274 [ 1.044, 1.975] 0.931 1.000 0.004
n = 800
0.0 1.386 1.387 —0.041 0.079 0.941 2292 [ 1.007, 1.762] 0.755 1.000 0.003
1.0 1.386 1.457 1.921 0.079 0.934 2.300 [ 1.061, 1.847] 0.786 1.000 0.003
2.0 1.386 1471 2.334 0.079 0.932 2302 [ 1.072, 1.866] 0.793 1.000 0.003
3.0 1.386 1.483 2.656 0.079 0.931 2.304 [ 1.081, 1.880] 0.799 1.000 0.003
4.0 1.386 1.492 2.922 0.079 0.928 2.307 [ 1.088, 1.892] 0.804 1.000 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution.
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Table 23: 3n Ratios

Logit/Robust Poisson/Robust
o s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.087  19.273 1.092 1.037 1.019 1.677 1.021 0.987
1.0 1.110 1.337 1.117 1.042 1.016 0.985 1.020 0.976
2.0 1.111 1.298 1.123 1.043 1.014 0.986 1.019 0.973
3.0 1.116 1.276 1.128 1.044 1.019 0.986 1.018 0.971
4.0 1.115 1.262 1.132 1.045 1.014 0.987 1.017 0.969
n = 400
0.0 1.051 4.803 1.054 1.022 1.012 0.941 1.014 0.995
1.0 1.059 1.219 1.066 1.025 1.015 0.996 1.016 0.991
2.0 1.064 1.192 1.069 1.026 1.017 0.996 1.016 0.990
3.0 1.063 1.176 1.071 1.026 1.012 0.996 1.016 0.989
4.0 1.066 1.166 1.073 1.027 1.012 0.996 1.016 0.989
n = 600
0.0 1.033  413.730 1.037 1.015 1.009 5.141 1.010 0.996
1.0 1.040 1.181 1.045 1.017 1.011 0.998 1.012 0.995
2.0 1.041 1.155 1.047 1.018 1.011 0.998 1.012 0.994
3.0 1.044 1.142 1.049 1.018 1.012 0.998 1.012 0.994
4.0 1.044 1.132 1.050 1.018 1.011 0.998 1.012 0.994
n = 800
0.0 1.026 5.601 1.028 1.011 1.007 1.048 1.008 0.998
1.0 1.029 1.158 1.033 1.013 1.007 0.999 1.009 0.997
2.0 1.030 1.135 1.034 1.013 1.008 0.999 1.009 0.996
3.0 1.031 1.121 1.035 1.014 1.008 0.999 1.009 0.996
4.0 1.031 1.113 1.036 1.014 1.009 0.999 1.009 0.996

T
Number of Monte Carlo simulations is 2, 000.

> DGP Local misspecification: Semiparametric distribution.

Sieves dimension k, = 2.

73



Table 24: \iln Robust Estimator

o’ True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.024 0.132 0.163 0.949 2.407 [ 0.699, 1.371] 0.672 0.942 0.010
1.0 0.977 0.978 0.105 0.149 0.937 2.162 [ 0.678, 1.290] 0.612 0.939 0.010
2.0 0.969 0.969 0.093 0.146 0.935 2.125 [ 0.674, 1.277] 0.603 0.942 0.010
3.0 0.963 0.963 0.086 0.145 0.935 2.098 [ 0.671, 1.267] 0.596 0.942 0.010
4.0 0.958 0.956 0.078 0.143 0.929 2.079 [ 0.668, 1.259] 0.591 0.942 0.010
n = 400
0.0 1.045 1.030 —0.215 0.118 0.960 2.410 [ 0.795, 1.273] 0.478 0.940 0.005
1.0 1.006 0.993 —0.191 0.109 0.947 2229 [ 0.774, 1.220] 0.446 0.939 0.005
2.0 0.999 0.986 —0.191 0.108 0.945 2.199 [ 0.770, 1.210] 0.440 0.937 0.005
3.0 0.995 0.980 —0.197 0.107 0.944 2.177 [ 0.766, 1.203] 0.436 0.936 0.005
4.0 0.990 0.978 —0.193 0.106 0.944 2.160 [ 0.764, 1.197] 0.433 0.936 0.005
n = 600
0.0 1.035 1.029  —0.059 0.097 0.972 2.423 [ 0.836, 1.229] 0.393 0.943 0.003
1.0 1.004 0.996 —0.088 0.091 0.965 2.264 [ 0.817, 1.185] 0.369 0.944 0.003
2.0 0.999 0.991 —0.087 0.090 0.963 2.237 [ 0.813, 1.177] 0.365 0.943 0.003
3.0 0.994 0.986 —0.093 0.089 0.960 2.217 [ 0.810, 1.172] 0.362 0.942 0.003
4.0 0.991 0.982  —0.096 0.089 0.958 2.201 [ 0.807, 1.167] 0.360 0.942 0.003
n = 800
0.0 1.033 1.025  —0.085 0.085 0.999 2.425 [ 0.860, 1.201] 0.341 0.954 0.003
1.0 1.006 0.997 —0.108 0.080 0.989 2.284 [ 0.842, 1.163] 0.321 0.954 0.003
2.0 1.001 0.992 —0.118 0.079 0.985 2.260 [ 0.838, 1.156] 0.318 0.955 0.002
3.0 0.998 0.988 —0.132 0.078 0.982 2.242 [ 0.835, 1.151] 0.316 0.952 0.002
4.0 0.995 0.985 —0.129 0.078 0.980 2.227 [ 0.833, 1.147] 0.314 0.952 0.002

! Number of Monte Carlo simulations is 2,000. 2 Local misspecification: Functional misspecification. * Sieves
dimension k, = 3.
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Table 25: W, Logistic Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.026 1.055 0.607 0.174 0.938 2.619 0.716, 1.421 0.705 0.947 0.010

1.0 0.977 1.004 0.486 0.159 0.952 2.330 0.694, 1.328 0.634 0.945 0.010

2.0 0.969 0.995 0.465 0.156 0.952 2.289

]
]
0.690, 1.313]  0.623 0945  0.010
]
]

3.0 0.963 0.989 0.451 0.155 0.952 2.259 0.687, 1.303 0.616 0.946 0.010
4.0 0.958 0.980 0.437 0.153 0.947 2.238 0.684, 1.294 0.610 0.949 0.010
n = 400
0.0 1.045 1.045 0.106 0.122 0.961 2.499 0.808, 1.292 0.484 0.946 0.005
1.0 1.006 1.005 0.090 0.114 0.965 2.334 0.784, 1.237 0.453 0.944 0.005

2.0 0.999 1.001 0.086 0.113 0.963 2.306

]
]
0.780, 1.228]  0.448  0.942  0.005
]
]

3.0 0.995 0.995 0.078 0.112 0.964 2.284 0.777, 1.220 0.444 0.941 0.005
4.0 0.990 0.990 0.079 0.111 0.962 2.268 0.774, 1.215 0.441 0.942 0.005
n = 600
0.0 1.035 1.039 0.203 0.099 0.971 2.475 0.847, 1.240 0.393 0.946 0.003
1.0 1.004 1.005 0.146 0.094 0.979 2.339 0.824, 1.196 0.372 0.946 0.003

2.0 0.999 1.000 0.144 0.093 0.978 2.315

]
]
0.820, 1.189] 0368  0.948  0.003
]
]

3.0 0.994 0.995 0.137 0.093 0.979 2.298 0.817, 1.183 0.366 0.949 0.003
4.0 0.991 0.992 0.133 0.092 0.978 2.284 0.815, 1.178 0.363 0.949 0.003
n = 800
0.0 1.033 1.032 0.139 0.086 0.997 2.463 0.868, 1.208 0.340 0.951 0.003
1.0 1.006 1.004 0.094 0.082 0.999 2.346 0.848, 1.171 0.324 0.951 0.003

3.0 0.998 0.995 0.069 0.081 0.997 2.310 0.841, 1.160 0.319 0.950 0.002

[ ]
[ ]
2.0 1.001 0.999 0.082 0.081 0.997 2.326 [ 0.844, 1.165] 0.321 0.951 0.002
[ ]
4.0 0.995 0.991 0.071 0.080 0.996 2.297 [ 0.839, 1.155] 0.317 0.950 0.002

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Functional misspecification.
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Table 26: \i'n Poisson Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.030 0.164 0.165 0.960 2415 [ 0.709, 1.366] 0.657 0.940 0.010
1.0 0.977 0.980 0.153 0.153 0.964 2.218 [ 0.685, 1.290] 0.606 0.940 0.010
2.0 0.969 0.970 0.146 0.150 0.961 2.187 [ 0.680, 1.278] 0.597 0.943 0.010
3.0 0.963 0.970 0.143 0.149 0.963 2.163 [ 0.677, 1.268] 0.591 0.942 0.010
4.0 0.958 0.960 0.137 0.148 0.960 2.146 [ 0.675, 1.261] 0.586 0.941 0.010
n = 400
0.0 1.045 1.030  —0.188 0.119 0.970 2421 [ 0.801, 1.271] 0.470 0.939 0.005
1.0 1.006 0.995 —0.151 0.112 0.970 2279 [ 0.777, 1.220] 0.443 0.939 0.005
2.0 0.999 0.990 —0.147 0.111 0.970 2.254 [ 0.773, 1.211] 0.438 0.938 0.005
3.0 0.995 0.985  —0.149 0.110 0.970 2.235 [ 0.770, 1.204] 0.434 0.938 0.005
4.0 0.990 0.980 —0.143 0.109 0.968 2.220 [ 0.767, 1.199] 0.432 0.939 0.005
n = 600
0.0 1.035 1.030 —0.034 0.097 0.977 2.425 [ 0.841, 1.226] 0.385 0.943 0.003
1.0 1.004 0.997  —0.054 0.093 0.982 2.302 [ 0.819, 1.185] 0.366 0.945 0.003
2.0 0.999 0.993  —0.049 0.092 0.982 2.280 [ 0.815, 1.178] 0.363 0.945 0.003
3.0 0.994 0.987  —0.053 0.091 0.982 2.264 [ 0812, 1.172] 0.360 0.945 0.003
4.0 0.991 0.983 —0.053 0.091 0.981 2.251 [ 0.810, 1.168] 0.358 0.945 0.003
n = 800
0.0 1.033 1.025 —0.063 0.085 1.001 2.427 [ 0.864, 1.198] 0.335 0.950 0.003
1.0 1.006 0.998  —0.081 0.081 1.002 2.318 [ 0.843, 1.163] 0.320 0.955 0.003
2.0 1.001 0.993  —0.088 0.080 1.000 2.299 [ 0.840, 1.157] 0.317 0.953 0.002
3.0 0.998 0.990 —0.098 0.080 0.998 2.284 [ 0.837, 1.152] 0.315 0.953 0.002
4.0 0.995 0.985  —0.092 0.079 0.999 2.272 [ 0.834, 1.148] 0.314 0.951 0.002

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Functional misspecification.
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Table 27: ¥,, Ratios

Logit/Robust Poisson/Robust
&2 s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.064 4.593 1.088 1.048 1.009 1.239 1.004 0.978
1.0 1.070 4.651 1.078 1.036 1.028 1.461 1.026 0.990
2.0 1.070 4.971 1.077 1.034 1.028 1.563 1.029 0.991
3.0 1.069 5.227 1.077 1.033 1.030 1.654 1.031 0.992
4.0 1.070 5.606 1.076 1.031 1.033 1.757 1.032 0.992
n =400
0.0 1.036 0.491 1.037 1.012 1.009 0.872 1.005 0.982
1.0 1.048 0.468 1.047 1.017 1.025 0.791 1.022 0.994
2.0 1.048 0.447 1.048 1.017 1.028 0.769 1.025 0.995
3.0 1.049 0.395 1.049 1.017 1.028 0.758 1.026 0.995
4.0 1.048 0.411 1.050 1.017 1.028 0.741 1.028 0.996
n = 600
0.0 1.023 3.412 1.022 1.001 1.005 0.564 1.001 0.982
1.0 1.034 1.659 1.033 1.009 1.018 0.614 1.017 0.993
2.0 1.034 1.665 1.035 1.010 1.020 0.570 1.019 0.995
3.0 1.038 1.467 1.037 1.010 1.023 0.566 1.021 0.995
4.0 1.039 1.380 1.038 1.010 1.025 0.551 1.023 0.996
n = 800
0.0 1.014 1.642 1.016 0.997 1.001 0.740 1.001 0.983
1.0 1.025 0.867 1.027 1.007 1.014 0.747 1.015 0.995
2.0 1.027 0.695 1.029 1.007 1.016 0.742 1.017 0.996
3.0 1.029 0.521 1.030 1.008 1.017 0.745 1.019 0.997
4.0 1.030 0.555 1.031 1.008 1.020 0.718 1.020 0.997

' Number of Monte Carlo simulations is 2, 000.

> DGP Local misspecification: Functional misspecification.

3 . . .
Sieves dimension k, = 3.
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Table 28: \iln Robust Estimator

o’ True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.024 0.132 0.163 0.949 2.407 [ 0.699, 1.371] 0.672 0.942 0.010
1.0 1.061 1.061 0.154 0.177 0.933 2.654 [ 0.704, 1.440] 0.736 0.936 0.011
2.0 1.071 1.071 0.158 0.181 0.934 2.716 [ 0.706, 1.458] 0.752 0.936 0.011
3.0 1.081 1.080 0.148 0.184 0.933 2.768 [ 0.709, 1.475] 0.766 0.935 0.011
4.0 1.089 1.090 0.170 0.188 0.935 2.813 [ 0.712, 1.489] 0.777 0.933 0.011
n = 400
0.0 1.045 1.030 —0.215 0.118 0.960 2.410 [ 0.795, 1.273] 0.478 0.940 0.005
1.0 1.070 1.0560 —0.221 0.125 0.960 2.578 [ 0.804, 1.314] 0.510 0.938 0.005
2.0 1.076 1.056 —0.214 0.127 0.959 2.622 [ 0.806, 1.325] 0.519 0.940 0.005
3.0 1.081 1.064 —0.195 0.128 0.959 2.656 [ 0.809, 1.334] 0.525 0.939 0.005
4.0 1.087 1.069  —0.202 0.130 0.961 2.684 [ 0.812, 1.342] 0.531 0.938 0.005
n = 600
0.0 1.035 1.029  —0.059 0.097 0.972 2.423 [ 0.836, 1.229] 0.393 0.943 0.003
1.0 1.055 1.047  —-0.073 0.102 0.969 2.564 [ 0.845, 1.260] 0.415 0.942 0.004
2.0 1.061 1.0563  —0.080 0.104 0.965 2.595 [ 0.848, 1.267] 0.419 0.943 0.004
3.0 1.065 1.067  —0.079 0.104 0.963 2.620 [ 0.850, 1.273] 0.423 0.943 0.004
4.0 1.069 1.061  —0.090 0.105 0.963 2.642 [ 0.852, 1.279] 0.427 0.943 0.004
n = 800
0.0 1.033 1.025  —0.085 0.085 0.999 2.425 [ 0.860, 1.201] 0.341 0.954 0.003
1.0 1.050 1.040 —0.126 0.088 1.005 2.541 [ 0.868, 1.224] 0.357 0.955 0.003
2.0 1.054 1.045 —0.124 0.089 1.003 2.569 [ 0.870, 1.230] 0.360 0.956 0.003
3.0 1.058 1.048  —0.129 0.090 1.002 2.590 [ 0.872, 1.235] 0.363 0.954 0.003
4.0 1.062 1.052  —0.149 0.091 1.005 2.609 [ 0.874, 1.239] 0.366 0.955 0.003

! Number of Monte Carlo simulations is 2,000. 2 Local misspecification: Semiparametric distribution.  Sieves
dimension k, = 3.
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Table 29: ¥, Logistic Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.026 1.055 0.607 0.174 0.938 2.619 0.716, 1.421 0.705 0.947 0.010

1.0 1.061 1.101 0.775 0.193 0.913 3.030 0.717, 1.515 0.798 0.948 0.011

2.0 1.071 1.114 0.820 0.198 0.908 3.149

]
]
0717, 1.541]  0.824  0.950  0.011
]
]

3.0 1.081 1.124 0.846 0.201 0.900 3.252 0.718, 1.564 0.845 0.949 0.011
4.0 1.089 1.133 0.900 0.206 0.901 3.348 0.720, 1.585 0.865 0.949 0.011
n = 400
0.0 1.045 1.045 0.106 0.122 0.961 2.499 0.808, 1.292 0.484 0.946 0.005
1.0 1.070 1.068 0.161 0.131 0.962 2.701 0.817, 1.339 0.522 0.948 0.005

2.0 1.076 1.075 0.185 0.133 0.960 2.753

]
]
0.820, 1.351]  0.532  0.946  0.005
]
]

3.0 1.081 1.083 0.217 0.135 0.963 2.794 0.823, 1.362 0.539 0.946 0.005
4.0 1.087 1.087 0.221 0.136 0.964 2.829 0.825, 1.371 0.546 0.945 0.005
n = 600
0.0 1.035 1.039 0.203 0.099 0.971 2.475 0.847, 1.240 0.393 0.946 0.003
1.0 1.055 1.058 0.228 0.105 0.967 2.631 0.856, 1.273 0.417 0.948 0.004

2.0 1.061 1.065 0.230 0.106 0.964 2.666

]
]
0.859, 1.281] 0423  0.947  0.004
]
]

3.0 1.065 1.069 0.238 0.107 0.961 2.695 0.861, 1.288 0.427 0.944 0.004
4.0 1.069 1.074 0.235 0.108 0.961 2.720 0.863, 1.294 0.431 0.946 0.004
n = 800
0.0 1.033 1.032 0.139 0.086 0.997 2.463 0.868, 1.208 0.340 0.951 0.003
1.0 1.050 1.048 0.126 0.090 1.006 2.588 0.876, 1.233 0.357 0.957 0.003

3.0 1.058 1.058 0.136 0.092 1.004 2.641 0.881, 1.245 0.364 0.953 0.003

[ ]
[ ]
2.0 1.054 1.053 0.135 0.091 1.005 2.618 [ 0.879, 1.239] 0.361 0.954 0.003
[ ]
4.0 1.062 1.061 0.120 0.093 1.007 2.661 [ 0.883, 1.249] 0.367 0.950 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution.
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Table 30: \i'n Poisson Estimator

lo True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.030 0.164 0.165 0.960 2415 [ 0.709, 1.366] 0.657 0.940 0.010
1.0 1.061 1.060 0.182 0.179 0.944 2.658 [ 0.714, 1.434] 0.720 0.934 0.011
2.0 1.071 1.070 0.185 0.183 0.944 2.719 [ 0.716, 1.452] 0.736 0.933 0.011
3.0 1.081 1.080 0.174 0.186 0.943 2771 [ 0.719, 1.468] 0.750 0.932 0.011
4.0 1.089 1.090 0.195 0.189 0.945 2.817 [ 0.721, 1.483] 0.762 0.931 0.011
n = 400
0.0 1.045 1.030  —0.188 0.119 0.970 2421 [ 0.801, 1.271] 0.470 0.939 0.005
1.0 1.070 1.050 —0.195 0.127 0.972 2.589 [ 0.809, 1.311] 0.502 0.935 0.005
2.0 1.076 1.060  —0.188 0.128 0.970 2.631 [ 0.812, 1.322] 0.510 0.938 0.005
3.0 1.081 1.065 —0.170 0.130 0.973 2.664 [ 0.815, 1.331] 0.516 0.935 0.005
4.0 1.087 1.070  —0.177 0.131 0.974 2.693 [ 0.817, 1.339] 0.521 0.937 0.005
n = 600
0.0 1.035 1.030 —0.034 0.097 0.977 2.425 [ 0.841, 1.226] 0.385 0.943 0.003
1.0 1.055 1.047  —0.049 0.103 0.973 2.564 [ 0.850, 1.257] 0.407 0.942 0.004
2.0 1.061 1.053  —0.057 0.104 0.969 2.594 [ 0.852, 1.264] 0.412 0.942 0.004
3.0 1.065 1.057  —0.057 0.105 0.967 2.619 [ 0.855, 1.270] 0.416 0.941 0.004
4.0 1.069 1.063 —0.067 0.106 0.966 2.641 [ 0.856, 1.276] 0.419 0.942 0.004
n = 800
0.0 1.033 1.025 —0.063 0.085 1.001 2.427 [ 0.864, 1.198] 0.335 0.950 0.003
1.0 1.050 1.040 —0.105 0.089 1.010 2.542 [ 0.871, 1.222] 0.350 0.951 0.003
2.0 1.054 1.045 —0.103 0.090 1.008 2.569 [ 0.874, 1.228] 0.354 0.949 0.003
3.0 1.058 1.050 —0.108 0.090 1.007 2.590 [ 0.876, 1.233] 0.357 0.949 0.003
4.0 1.062 1.053  —0.128 0.091 1.010 2.609 [ 0.877, 1.237] 0.360 0.952 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution.
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Table 31: ¥,, Ratios

Logit/Robust Poisson/Robust
&2 s.e bias rMSE  length s.e bias rMSE  length
n = 200
0.0 1.064 4.593 1.088 1.048 1.009 1.239 1.004 0.978
1.0 1.088 5.033 1.142 1.085 1.010 1.181 1.002 0.979
2.0 1.092 5.189 1.159 1.095 1.009 1.168 1.001 0.979
3.0 1.092 5.703 1.175 1.104 1.009 1.175 1.001 0.979
4.0 1.098 5.295 1.190 1.112 1.008 1.146 1.002 0.980
n =400
0.0 1.036 0.491 1.037 1.012 1.009 0.872 1.005 0.982
1.0 1.046 0.727 1.048 1.023 1.012 0.882 1.004 0.983
2.0 1.047 0.863 1.050 1.025 1.011 0.880 1.003 0.983
3.0 1.052 1.112 1.052 1.027 1.014 0.871 1.003 0.983
4.0 1.052 1.094 1.054 1.029 1.013 0.878 1.003 0.983
n = 600
0.0 1.023 3.412 1.022 1.001 1.005 0.564 1.001 0.982
1.0 1.027 3.131 1.026 1.006 1.005 0.674 1.000 0.982
2.0 1.028 2.879 1.027 1.008 1.004 0.709 1.000 0.982
3.0 1.029 2.994 1.028 1.009 1.004 0.711 1.000 0.982
4.0 1.029 2.621 1.029 1.010 1.003 0.746 1.000 0.982
n = 800
0.0 1.014 1.642 1.016 0.997 1.001 0.740 1.001 0.983
1.0 1.021 1.000 1.018 1.000 1.005 0.830 1.000 0.983
2.0 1.022 1.091 1.019 1.001 1.005 0.829 1.000 0.983
3.0 1.023 1.055 1.020 1.001 1.005 0.837 1.000 0.983
4.0 1.023 0.808 1.020 1.002 1.005 0.859 1.000 0.983

' Number of Monte Carlo simulations is 2, 000.

> DGP Local misspecification: Semiparametric distribution.

3 . . .
Sieves dimension k, = 3.

E.3 Additional Simulations with Initial Poisson Estimator
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Table 32: Bn Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.385  —0.064 0.147 0.885 2.165 [ 0.651, 2.112] 1.461 1.000 0.010
1.0 1.386 1.383  —0.075 0.146 0.885 2.166 [ 0.651, 2.111] 1.460 1.000 0.010
2.0 1.386 1.382 —0.074 0.147 0.884 2.167 [ 0.651, 2.111] 1.461 1.000 0.010
3.0 1.386 1.381 —0.071 0.147 0.884 2.163 [ 0.651, 2.111] 1.460 1.000 0.010
4.0 1.386 1.381  —0.066 0.146 0.882 2.155 [ 0.653, 2.111] 1.458 1.000 0.010
n = 400
0.0 1.386 1.388 0.049 0.108 0.935 2.228 [ 0.859, 1.919] 1.060 1.000 0.005
1.0 1.386 1.389 0.054 0.108 0.933 2.227 [ 0.859, 1.919] 1.060 1.000 0.005
2.0 1.386 1.390 0.051 0.108 0.932 2.227 [ 0.859, 1.919] 1.059 1.000 0.005
3.0 1.386 1.389 0.054 0.108 0.932 2.225 [ 0.859, 1.919] 1.059 1.000 0.005
4.0 1.386 1.391 0.053 0.108 0.927 2.224 [ 0.860, 1.918] 1.059 1.000 0.005
n = 600
0.0 1.386 1.385 0.022 0.090 0.914 2.254 [ 0.952, 1.822] 0.870 1.000 0.003
1.0 1.386 1.385 0.018 0.090 0.917 2.254 [ 0.952, 1.822] 0.870 1.000 0.003
2.0 1.386 1.387 0.019 0.090 0.916 2.255 [ 0.952, 1.822] 0.870 1.000 0.003
3.0 1.386 1.386 0.024 0.090 0.915 2.255 [ 0.952, 1.822] 0.870 1.000 0.003
4.0 1.386 1.387 0.015 0.090 0.916 2.255 [ 0.952, 1.822] 0.870 1.000 0.003
n = 800
0.0 1.386 1.382 —0.035 0.079 0.930 2.288 [ 1.005, 1.765] 0.760 1.000 0.003
1.0 1.386 1.383  —0.037 0.079 0.931 2.288 [ 1.005, 1.765] 0.760 1.000 0.003
2.0 1.386 1.383  —0.036 0.079 0.933 2.288 [ 1.005, 1.765] 0.760 1.000 0.003
3.0 1.386 1.383  —0.040 0.079 0.931 2.287 [ 1.005, 1.765] 0.760 1.000 0.003
4.0 1.386 1.382 —0.047 0.079 0.934 2.286 [ 1.005, 1.764] 0.759 1.000 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Latent Homophily.  Sieves dimension

kn = 2.
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Table 33: Bn Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.385  —0.025 0.146 0.878 2.146 [ 0.657, 2.112] 1.455 0.999 0.010
1.0 1.386 1.687 4.216 0.145 0.875 2.158 [ 0.811, 2.558] 1.747 1.000 0.011
2.0 1.386 1.774 5.428 0.145 0.887 2172 [ 0.842, 2.699] 1.857 1.000 0.012
3.0 1.386 1.841 6.395 0.145 0.885 2.200 [ 0.859, 2.818] 1.960 1.000 0.013
4.0 1.386 1.888 7.038 0.147 0.900 2.252 [ 0.861, 2.907] 2.045 1.000 0.014
n = 400
0.0 1.386 1.388 0.097 0.109 0.917 2.226 [ 0.862, 1.921] 1.059 1.000 0.005
1.0 1.386 1.599 4.274 0.108 0.903 2.227 [ 0.998, 2.202] 1.203 1.000 0.005
2.0 1.386 1.663 5.508 0.108 0.894 2.241 [ 1.033, 2.290] 1.257 1.000 0.006
3.0 1.386 1.724 6.667 0.108 0.880 2.261 [ 1.063, 2.376] 1.313 1.000 0.006
4.0 1.386 1.783 7.822 0.108 0.874 2.267 [ 1.092, 2.463] 1.371 0.999 0.006
n = 600
0.0 1.386 1.386  —0.001 0.090 0.928 2.246 [ 0.951, 1.821] 0.870 1.000 0.003
1.0 1.386 1.557 4.186 0.090 0.919 2.265 [ 1.073, 2.042] 0.969 1.000 0.004
2.0 1.386 1.604 5.342 0.090 0.913 2.285 [ 1.103, 2.106] 1.003 1.000 0.004
3.0 1.386 1.649 6.477 0.091 0.904 2.310 [ 1.131, 2.171] 1.040 1.000 0.004
4.0 1.386 1.698 7.652 0.092 0.896 2.339 [ 1.158, 2.239] 1.081 0.997 0.004
n = 800
0.0 1.386 1.387  —0.039 0.079 0.934 2.274 [ 1.006, 1.763] 0.757 1.000 0.003
1.0 1.386 1.534 4.113 0.079 0.918 2.297 [ 1.117, 1.947] 0.830 1.000 0.003
2.0 1.386 1.573 5.242 0.079 0.908 2.316 [ 1.144, 1.999] 0.855 1.000 0.003
3.0 1.386 1.613 6.330 0.080 0.911 2.351 [ 1.169, 2.051] 0.882 0.999 0.003
4.0 1.386 1.651 7.433 0.082 0.917 2.393 [ 1.193, 2.105] 0.912 0.999 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Functional misspecification. ® Sieves
dimension k, = 2.
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Table 34: Bn Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200

0.0 1.386 1.385  —0.025 0.146 0.878 2.146 0.657, 2.112 1.455 0.999 0.010

1.0 1.386 1.529 1.990 0.146 0.881 2.141 0.738, 2.316 1.577 1.000 0.011

2.0 1.386 1.556 2.387 0.146 0.884 2.145

]
]
0.752, 2.358]  1.605  1.000  0.011
]
]

3.0 1.386 1.580 2.716 0.146 0.879 2.145 0.764, 2.393 1.629 1.000 0.011
4.0 1.386 1.595 2.974 0.146 0.878 2.144 0.773, 2.420 1.647 1.000 0.011
n = 400
0.0 1.386 1.388 0.097 0.109 0.917 2.226 0.862, 1.921 1.059 1.000 0.005
1.0 1.386 1.487 2.097 0.108 0.908 2.219 0.930, 2.052 1.122 1.000 0.005

2.0 1.386 1.509 2.508 0.108 0.908 2.215

]
]
0.944, 2.079] 1135  1.000  0.005
]
]

3.0 1.386 1.523 2.832 0.108 0.906 2.214 0.955, 2.101 1.146 1.000 0.005
4.0 1.386 1.538 3.103 0.108 0.906 2.211 0.964, 2.119 1.155 1.000 0.005
n = 600
0.0 1.386 1.386  —0.001 0.090 0.928 2.246 0.951, 1.821 0.870 1.000 0.003
1.0 1.386 1.467 2.005 0.090 0.930 2.245 1.011, 1.925 0.914 1.000 0.004

2.0 1.386 1.485 2.434 0.090 0.925 2.246

]
]
1.024, 1.947) 0923  1.000  0.004
]
]

3.0 1.386 1.499 2.743 0.090 0.923 2.246 1.033, 1.964 0.931 1.000 0.004
4.0 1.386 1.509 3.014 0.089 0.920 2.246 1.041, 1.978 0.937 1.000 0.004
n = 800
0.0 1.386 1.387 —0.039 0.079 0.934 2.274 1.006, 1.763 0.757 1.000 0.003
1.0 1.386 1.458 1.924 0.078 0.928 2.280 1.060, 1.849 0.789 1.000 0.003

3.0 1.386 1.483 2.659 0.078 0.924 2.283 1.079, 1.881 0.802 1.000 0.003

[ ]
[ ]
2.0 1.386 1.472 2.337 0.078 0.924 2.282 [ 1.071, 1.867] 0.796 1.000 0.003
[ ]
4.0 1.386 1.493 2.925 0.078 0.920 2.285 [ 1.086, 1.893] 0.807 1.000 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution. ® Sieves
dimension k, = 2.
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Table 35: \iln Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.041 1.021  -0.118 0.162 0.950 2.406 [ 0.697, 1.368] 0.672 0.931 0.010
1.0 1.041 1.021 —-0.134 0.162 0.950 2.405 [ 0.696, 1.368] 0.672 0.930 0.010
2.0 1.041 1.020 —-0.126 0.162 0.950 2.407 [ 0.696, 1.368] 0.672 0.928 0.010
3.0 1.043 1.020 —0.135 0.162 0.955 2.409 [ 0.697, 1.370] 0.672 0.927 0.010
4.0 1.048 1.026  —0.163 0.163 0.957 2414 [ 0.700, 1.374] 0.674 0.926 0.010
n = 400
0.0 1.029 1.029 0.129 0.117 0.955 2417 [ 0.796, 1.276] 0.479 0.945 0.005
1.0 1.030 1.029 0.118 0.118 0.957 2.416 [ 0.796, 1.275] 0.479 0.945 0.005
2.0 1.030 1.029 0.114 0.118 0.956 2.416 [ 0.796, 1.275] 0.479 0.942 0.005
3.0 1.031 1.029 0.110 0.118 0.955 2418 [ 0.796, 1.276] 0.480 0.942 0.005
4.0 1.033 1.032 0.112 0.118 0.953 2.422 [ 0.798, 1.279] 0.480 0.944 0.005
n = 600
0.0 1.040 1.029 —0.189 0.097 0.984 2.417 [ 0.837, 1.229] 0.392 0.942 0.003
1.0 1.040 1.028  —0.194 0.097 0.986 2416 [ 0.836, 1.228] 0.392 0.942 0.003
2.0 1.040 1.030  —0.194 0.097 0.987 2.417 [ 0.836, 1.228] 0.392 0.942 0.003
3.0 1.040 1.030 —0.184 0.097 0.989 2418 [ 0.837, 1.229] 0.392 0.943 0.003
4.0 1.042 1.030 —0.186 0.097 0.987 2421 [ 0.838, 1.231] 0.393 0.943 0.003
n = 800
0.0 1.033 1.030 —0.013 0.084 0.965 2.427 [ 0.862, 1.203] 0.340 0.946 0.003
1.0 1.033 1.030 0.003 0.084 0.965 2.426 [ 0.862, 1.203] 0.340 0.947 0.003
2.0 1.032 1.030 0.005 0.084 0.964 2,426 [ 0.862, 1.203] 0.340 0.946 0.003
3.0 1.033 1.030 0.011 0.084 0.963 2.427 [ 0.863, 1.203] 0.340 0.947 0.003
4.0 1.034 1.032 0.008 0.084 0.964 2429 [ 0.864, 1.205] 0.341 0.947 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Latent Homophily.  Sieves dimension

kn = 3.
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Table 36: \iln Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.024 0.132 0.163 0.949 2407 [ 0.699, 1.371] 0.672 0.942 0.010
1.0 0.977 0.978 0.105 0.149 0.937 2.162 [ 0.678, 1.290] 0.612 0.939 0.010
2.0 0.969 0.969 0.093 0.146 0.935 2,125 [ 0.674, 1.277] 0.603 0.942 0.010
3.0 0.963 0.963 0.086 0.145 0.935 2.098 [ 0.671, 1.267] 0.596 0.942 0.010
4.0 0.958 0.956 0.078 0.143 0.929 2.079 [ 0.668, 1.259] 0.591 0.942 0.010
n = 400
0.0 1.045 1.030 —0.215 0.118 0.960 2410 [ 0.795, 1.273] 0.478 0.940 0.005
1.0 1.006 0.993 —-0.191 0.109 0.947 2229 [ 0.774, 1.220] 0.446 0.939 0.005
2.0 0.999 0.986 —0.191 0.108 0.945 2.199 [ 0.770, 1.210] 0.440 0.937 0.005
3.0 0.995 0.980  —0.197 0.107 0.944 2.177 [ 0.766, 1.203] 0.436 0.936 0.005
4.0 0.990 0.978  —0.193 0.106 0.944 2.160 [ 0.764, 1.197] 0.433 0.936 0.005
n = 600
0.0 1.035 1.029  —0.059 0.097 0.972 2423 [ 0.836, 1.229] 0.393 0.943 0.003
1.0 1.004 0.996  —0.088 0.091 0.965 2.264 [ 0.817, 1.185] 0.369 0.944 0.003
2.0 0.999 0.991  —-0.087 0.090 0.963 2.237 [ 0.813, 1.177] 0.365 0.943 0.003
3.0 0.994 0.986  —0.093 0.089 0.960 2.217 [ 0.810, 1.172] 0.362 0.942 0.003
4.0 0.991 0.982  —0.096 0.089 0.958 2201 [ 0.807, 1.167] 0.360 0.942 0.003
n = 800
0.0 1.033 1.025 —0.085 0.085 0.999 2.425 [ 0.860, 1.201] 0.341 0.954 0.003
1.0 1.006 0.997  —0.108 0.080 0.989 2.284 [ 0.842, 1.163] 0.321 0.954 0.003
2.0 1.001 0.992 —0.118 0.079 0.985 2.260 [ 0.838, 1.156] 0.318 0.955 0.002
3.0 0.998 0.988  —0.132 0.078 0.982 2.242 [ 0.835, 1.151] 0.316 0.952 0.002
4.0 0.995 0.985  —0.129 0.078 0.980 2.227 [ 0.833, 1.147] 0.314 0.952 0.002

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Functional misspecification. ® Sieves
dimension k, = 3.
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Table 37: \iln Robust Estimator with éinitial Poisson

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.026 1.024 0.132 0.163 0.949 2407 [ 0.699, 1.371] 0.672 0.942 0.010
1.0 1.061 1.061 0.154 0.177 0.933 2.654 [ 0.704, 1.440] 0.736 0.936 0.011
2.0 1.071 1.071 0.158 0.181 0.934 2.716 [ 0.706, 1.458] 0.752 0.936 0.011
3.0 1.081 1.080 0.148 0.184 0.933 2.768 [ 0.709, 1.475] 0.766 0.935 0.011
4.0 1.089 1.090 0.170 0.188 0.935 2.813 [ 0.712, 1.489] 0.777 0.933 0.011
n = 400
0.0 1.045 1.030 —0.215 0.118 0.960 2410 [ 0.795, 1.273] 0.478 0.940 0.005
1.0 1.070 1.050 —0.221 0.125 0.960 2.578 [ 0.804, 1.314] 0.510 0.938 0.005
2.0 1.076 1.056 —0.214 0.127 0.959 2.622 [ 0.806, 1.325] 0.519 0.940 0.005
3.0 1.081 1.064 —0.195 0.128 0.959 2.656 [ 0.809, 1.334] 0.525 0.939 0.005
4.0 1.087 1.069  —0.202 0.130 0.961 2.684 [ 0.812, 1.342] 0.531 0.938 0.005
n = 600
0.0 1.035 1.029  —0.059 0.097 0.972 2423 [ 0.836, 1.229] 0.393 0.943 0.003
1.0 1.055 1.047  —-0.073 0.102 0.969 2.564 [ 0.845, 1.260] 0.415 0.942 0.004
2.0 1.061 1.053  —0.080 0.104 0.965 2.595 [ 0.848, 1.267] 0.419 0.943 0.004
3.0 1.065 1.057  —0.079 0.104 0.963 2.620 [ 0.850, 1.273] 0.423 0.943 0.004
4.0 1.069 1.061  —0.090 0.105 0.963 2.642 [ 0.852, 1.279] 0.427 0.943 0.004
n = 800
0.0 1.033 1.025 —0.085 0.085 0.999 2.425 [ 0.860, 1.201] 0.341 0.954 0.003
1.0 1.050 1.040 —0.126 0.088 1.005 2.541 [ 0.868, 1.224] 0.357 0.955 0.003
2.0 1.054 1.045 —0.124 0.089 1.003 2.569 [ 0.870, 1.230] 0.360 0.956 0.003
3.0 1.058 1.048 —-0.129 0.090 1.002 2.590 [ 0.872, 1.235] 0.363 0.954 0.003
4.0 1.062 1.052  —0.149 0.091 1.005 2.609 [ 0.874, 1.239] 0.366 0.955 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Semiparametric distribution. ® Sieves
dimension k, = 3.
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E.4 Additional Simulations with Larger Sieves Dimension
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Table 38: Bn Robust Estimator

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.415 0.418 0.136 0.764 1.991 [ 0.706, 2.125] 1.419 1.000 0.010
1.0 1.386 1.414 0.398 0.136 0.764 1.992 [ 0.705, 2.123] 1.418 1.000 0.010
2.0 1.386 1.415 0.406 0.137 0.761 1.993 [ 0.708, 2.122] 1.414 1.000 0.010
3.0 1.386 1.417 0.417 0.137 0.765 1.994 [ 0.712, 2.120] 1.408 0.999 0.010
4.0 1.386 1.415 0.408 0.136 0.768 1.993 [ 0.715, 2.115 1.400 1.000 0.010
n = 400
0.0 1.386 1.408 0.351 0.103 0.854 2.104 [ 0.902, 1.906] 1.003 0.999 0.005
1.0 1.386 1.408 0.355 0.103 0.854 2.104 [ 0.903, 1.905] 1.003 0.999 0.005
2.0 1.386 1.406 0.348 0.103 0.854 2.103 [ 0.903, 1.905] 1.002 0.999 0.005
3.0 1.386 1.407 0.348 0.103 0.852 2.101 [ 0.903, 1.904] 1.001 0.999 0.005
4.0 1.386 1.408 0.345 0.103 0.854 2.103 [ 0.905, 1.902] 0.997 0.999 0.005
n = 600
0.0 1.386 1.393 0.212 0.087 0.878 2.154 [ 0.986, 1.804] 0.817 1.000 0.003
1.0 1.386 1.393 0.208 0.087 0.879 2.155 [ 0.986, 1.803] 0.817 1.000 0.003
2.0 1.386 1.393 0.205 0.087 0.877 2.155 [ 0.987, 1.802] 0.816 1.000 0.003
3.0 1.386 1.392 0.208 0.087 0.877 2.155 [ 0.987, 1.802] 0.815 1.000 0.003
4.0 1.386 1.392 0.205 0.087 0.877 2.156 [ 0.988, 1.801] 0.813 1.000 0.003
n = 800
0.0 1.386 1.390 0.113 0.077 0.903 2.189 [ 1.039, 1.742] 0.702 0.999 0.003
1.0 1.386 1.389 0.108 0.077 0.902 2.189 [ 1.039, 1.741] 0.702 0.999 0.003
2.0 1.386 1.390 0.117 0.077 0.903 2,189 [ 1.039, 1.741] 0.702 0.999 0.003
3.0 1.386 1.389 0.116 0.077 0.903 2.189 [ 1.040, 1.741] 0.702 0.999 0.003
4.0 1.386 1.388 0.099 0.077 0.910 2,189 [ 1.039, 1.740] 0.701 0.999 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Latent Homophily.  Sieves dimension

kn =4.
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Table 39: Bn Robust Estimator

lo True coeff.  y/n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.386 1.441 0.810 0.128 0.672 1.894 [ 0.740, 2.147] 1.407 0.997 0.010
1.0 1.386 1.438 0.790 0.128 0.673 1.894 [ 0.739, 2.145) 1.406 0.997 0.010
2.0 1.386 1.437 0.790 0.129 0.670 1.896 [ 0.741, 2.143] 1.401 0.997 0.010
3.0 1.386 1.438 0.801 0.129 0.676 1.896 [ 0.745, 2.140] 1.395 0.997 0.010
4.0 1.386 1.438 0.788 0.128 0.678 1.894 [ 0.748, 2.136] 1.388 0.997 0.010
n = 400
0.0 1.386 1.422 0.701 0.099 0.790 2.037 [ 0.920, 1.923] 1.003 0.998 0.005
1.0 1.386 1.420 0.704 0.099 0.789 2.037 [ 0.920, 1.923] 1.003 0.998 0.005
2.0 1.386 1.420 0.697 0.099 0.788 2.037 [ 0.920, 1.922] 1.002 0.998 0.005
3.0 1.386 1.421 0.697 0.100 0.788 2.036 [ 0.921, 1.921] 1.000 0.998 0.005
4.0 1.386 1.424 0.689 0.100 0.791 2.039 [ 0.922, 1.919] 0.997 0.999 0.005
n = 600
0.0 1.386 1.403 0.456 0.085 0.824 2.108 [ 0.994, 1.815] 0.821 0.999 0.003
1.0 1.386 1.403 0.455 0.085 0.824 2.108 [ 0.995, 1.815] 0.820 0.999 0.003
2.0 1.386 1.402 0.450 0.085 0.823 2.108 [ 0.995, 1.814] 0.819 0.999 0.003
3.0 1.386 1.402 0.452 0.085 0.823 2.108 [ 0.996, 1.814] 0.818 0.999 0.003
4.0 1.386 1.402 0.450 0.085 0.822 2.108 [ 0.997, 1.813] 0.816 0.998 0.003
n = 800
0.0 1.386 1.395 0.323 0.075 0.863 2.147 [ 1.043, 1.752] 0.709 0.999 0.003
1.0 1.386 1.395 0.319 0.075 0.865 2.147 [ 1.043, 1.752] 0.709 0.999 0.003
2.0 1.386 1.395 0.328 0.075 0.865 2.147 [ 1.044, 1.752] 0.709 0.999 0.003
3.0 1.386 1.395 0.327 0.076 0.866 2.147 [ 1.044, 1.752] 0.708 0.999 0.003
4.0 1.386 1.394 0.307 0.075 0.871 2.146 [ 1.043, 1.751] 0.707 0.999 0.003

! Number of Monte Carlo simulations is 2,000. ? Local misspecification: Latent Homophily.  Sieves dimension

kn = 5.
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Table 40: \iln Robust Estimator

o’ True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.041 1.018  —0.202 0.163 0.956 2.399 [ 0.687, 1.366] 0.680 0.935 0.010
1.0 1.041 1.017  —0.220 0.162 0.952 2.398 [ 0.686, 1.365] 0.679 0.933 0.010
2.0 1.041 1.018 —-0.216 0.162 0.953 2.400 [ 0.686, 1.366] 0.680 0.928 0.010
3.0 1.043 1.015  —0.223 0.163 0.955 2.403 [ 0.687, 1.367] 0.680 0.926 0.010
4.0 1.048 1.019 —0.249 0.163 0.958 2.410 [ 0.690, 1.372] 0.682 0.924 0.010
n = 400
0.0 1.029 1.025 0.061 0.117 0.954 2.411 [ 0.791, 1.274] 0.483 0.946 0.005
1.0 1.030 1.025 0.051 0.117 0.955 2.409 [ 0.791, 1.274] 0.483 0.947 0.005
2.0 1.030 1.025 0.046 0.117 0.955 2.408 [ 0.791, 1.274] 0.483 0.944 0.005
3.0 1.031 1.025 0.038 0.117 0.954 2.410 [ 0.791, 1.274] 0.483 0.942 0.005
4.0 1.033 1.028 0.042 0.117 0.953 2.418 [ 0.793, 1.277] 0.485 0.945 0.005
n = 600
0.0 1.040 1.026  —0.223 0.097 0.984 2.412 [ 0.834, 1.228] 0.394 0.941 0.003
1.0 1.040 1.025 —0.228 0.097 0.985 2.411 [ 0.834, 1.228] 0.394 0.941 0.003
2.0 1.040 1.027  —0.229 0.097 0.987 2.411 [ 0.834, 1.228] 0.394 0.940 0.003
3.0 1.040 1.027  —0.220 0.097 0.987 2.411 [ 0.834, 1.229] 0.394 0.943 0.003
4.0 1.042 1.027  —0.220 0.097 0.987 2.416 [ 0.836, 1.231] 0.395 0.944 0.003
n = 800
0.0 1.033 1.032 0.025 0.084 0.970 2.428 [ 0.862, 1.206] 0.344 0.949 0.003
1.0 1.033 1.033 0.041 0.084 0.973 2.428 [ 0.862, 1.2006] 0.343 0.950 0.003
2.0 1.032 1.032 0.043 0.084 0.971 2.428 [ 0.862, 1.206] 0.343 0.949 0.003
3.0 1.033 1.032 0.047 0.084 0.971 2.428 [ 0.862, 1.2006] 0.344 0.949 0.003
4.0 1.034 1.034 0.043 0.084 0.971 2.430 [ 0.864, 1.207] 0.344 0.946 0.003

! Number of Monte Carlo simulations is 2,000. 2 Local misspecification: Latent Homophily.  Sieves dimension

kn =4.
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Table 41: \iln Robust Estimator

o’ True coeff.  /n-Bias s.e. s.e./sd  rMSE [conf. int.] length  95% CP  Degree
n = 200
0.0 1.041 1.017  —0.219 0.163 0.951 2.423 [ 0.679, 1.371] 0.692 0.934 0.010
1.0 1.041 1.016 —0.236 0.163 0.953 2.427 [ 0.678, 1.371] 0.693 0.927 0.010
2.0 1.041 1.015 —0.233 0.163 0.948 2.433 [ 0.678, 1.371] 0.694 0.927 0.010
3.0 1.043 1.015 —0.241 0.163 0.950 2.432 [ 0.679, 1.372] 0.693 0.925 0.010
4.0 1.048 1.019 —-0.269 0.163 0.949 2.442 [ 0.681, 1.378] 0.697 0.924 0.010
n = 400
0.0 1.029 1.024 0.042 0.117 0.952 2.436 [ 0.786, 1.277] 0.491 0.946 0.005
1.0 1.030 1.023 0.032 0.117 0.953 2.434 [ 0.786, 1.277] 0.491 0.947 0.005
2.0 1.030 1.023 0.028 0.117 0.953 2.434 [ 0.786, 1.277] 0.491 0.947 0.005
3.0 1.031 1.024 0.020 0.117 0.951 2.434 [ 0.786, 1.277] 0.491 0.943 0.005
4.0 1.033 1.026 0.023 0.117 0.948 2.436 [ 0.788, 1.280] 0.492 0.947 0.005
n = 600
0.0 1.040 1.026  —0.229 0.097 0.980 2.418 [ 0.832, 1.230] 0.398 0.945 0.003
1.0 1.040 1.025 —-0.235 0.097 0.980 2.416 [ 0.832, 1.230] 0.398 0.941 0.003
2.0 1.040 1.027  —0.236 0.097 0.983 2.417 [ 0.832, 1.230] 0.398 0.943 0.003
3.0 1.040 1.026  —0.227 0.097 0.983 2.417 [ 0.832, 1.230] 0.398 0.943 0.003
4.0 1.042 1.027  —0.227 0.097 0.985 2.420 [ 0.834, 1.232] 0.398 0.945 0.003
n = 800
0.0 1.033 1.032 0.021 0.084 0.967 2.433 [ 0.861, 1.207] 0.346 0.949 0.003
1.0 1.033 1.032 0.036 0.084 0.970 2.435 [ 0.861, 1.207] 0.346 0.950 0.003
2.0 1.032 1.032 0.038 0.084 0.968 2.436 [ 0.861, 1.207] 0.346 0.949 0.003
3.0 1.033 1.032 0.042 0.084 0.968 2.437 [ 0.861, 1.207] 0.347 0.949 0.003
4.0 1.034 1.034 0.037 0.084 0.970 2.439 [ 0.862, 1.209] 0.347 0.946 0.003

! Number of Monte Carlo simulations is 2,000. 2 Local misspecification: Latent Homophily.  Sieves dimension

kn =5.
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