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Abstract When doing causal inference on networks, there is interference among
the units. In a social network setting, such interference among individuals is known
as peer-influence. Estimating the causal effect of peer-influence under the presence
of homophily presents various challenges. In this paper, we present results quantify-
ing the error incurred from ignoring homophily when estimating peer-influence on
networks. We then present randomized treatment strategies on networks which can
help disentangle homophily from the estimation of peer-influence.

1 Introduction

When doing causal inference there is often interference among the units of interest.
Interference is when the response to treatment of a unit is affected by the treatments
assigned to its neighbors. In a social network setting, where a unit corresponds to an
individual and an individual’s neighborhood corresponds to their peers, such inter-
ference among individuals is known as peer-influence. With the increased usage of
social media and availability of network data, understanding the casual effects of
peer-influence has garnered much interest. The research area yields a wide range
of applications. For example, in advertising Bakshy [5] examined the impact of
friends’ product affiliation on advertisements via randomized experiments on Face-
book users; Aral [3] used randomized experiments on Facebook to examine how
firms can design social media marketing campaigns to create peer-influence. In pol-
itics, Bond [6] assessed voting behavior results from randomized experiments on
Facebook (where political mobilization messages were delivered to Facebook users
via a randomized control trial during the 2010 US congressional elections) to find
that effect of peer-influence on voting turnout was greater than the effect of the direct
messages themselves.
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There is recent work on methodology for estimation of causal peer-influence
effects (e.g., Toulis and Kao [10], Athey et al. [4]). However, identifying and estimat-
ing peer-influence under the presence of homophily have long remained a challenging
problem [2, 8, 9]. This is the problem of identifying to what extent the response of
an individual is attributable to the treatments given to its neighbors (peer-influence)
or attributable to a latent, intrinsic similarity between peers (homophily). This paper
makes several contributions toward tackling this problem. In particular, we: (i) Intro-
duce a framework for modeling peer-influence and homophily; (ii) under different
models of peer-influence and homophily, quantify the error incurred from ignoring
homophily in the estimation of the peer-influence effect; (iii) under a stochastic block
model framework for the network, devise randomized treatment strategies which can
help disentangle latent homophily from the estimation of peer-influence. Our ran-
domized treatment strategies can also be applied in a more general setting, for general
inference of network features in the presence of latent homophily.

2 Peer-Influence Under Homophily: Results and Inference
Strategies

2.1 A General Framework for Modeling Peer-Influence
and Homophily

Peer-influence is used to denote when the response of one individual is affected by the
treatments assigned to its neighbors (e.g., friends in a social network). For individual
i, this can be represented by peer((Z;) cn;), where (Z;) en; are the treatments
assigned to the neighbors of i and peer(-) is a function taking values in the space of

responses.
Homophily represents the latent, intrinsic similarity between close individuals in a
network. For j =1, ..., N,let X ; be independent and identically distributed random

variables corresponding to the latent variable associated with individual j in the
network. Then, for individual i, homophily can be represented by hom((X ;) jens),
where (X ;) ecn; are the latent variables in the neighborhood of i and hom(:) is a
function taking values in the space of responses.

We now introduce the general framework used in our analysis of peer-influence
and homophily. Suppose we are interested in the responses of N units in a network.
This is represented by the random variables Y; fori = 1, ..., n. The response Y; of
the ith unit depends on its treatment, peer-influence, and latent homophily. Our full
model is given by:

Yi(Zi =0,(Zj)jen;> (Xj)jen;) = a+ Bopeer((Z;) jen:) + hohom((X ;) jen;) + € (0, 012/)1
(D
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Yi(Zi =1, (Z))jen;, Xj)jen:) =T+ Yi(Zi =0,(Z})jen:, (Xj)jen;)
+ Bipeer((Z;) jen;) + hihom((X ;) jen;) (2)

€ (0, 012,) fori = 1,..., N are the noise terms in the network, indepedent and identi-
cally distributed according to an unknown distribution with zero mean and variance
012,. (o, B1 are the unknown peer-influence parameters, and /¢, h; are the unknown
homophily parameters. Latent effects due to homophily in the model are represented
by indepedent and identically distributed random variables (X;)_, with mean 1 and
variance 0%. Z are the assigned treatments.

Under different models of the peer-influence peer(-) and homophily hom(-), we
will focus on estimating peer-influence and homophily parameters (3, and A, respec-
tively, assuming the variances are known. Note that our analysis here is focussed on
inference concerning the untreated individuals (1 above), but all the methodology
can be easily applied to the treated individuals in the network (2 above). In our
analysis, we consider the significance of the following factors in the inference of
peer-influence under the presence of homophily, their consequences for the design
of experiments:

1. Modeling of peer-influence: as a binary (peer((Z;) jen;) = IZKM z,>0) or alin-
ear (peer((Z;) jen;) = ZjEM Z;) effect.

2. Modeling of homophily: as an unnormalized (hom((X;)jen;) =D JeN: X))
or normalized (hom((X ;) jen;) = Z_,’ N Xj/ |A;]) latent factor. Unnormalized
homophily corresponds to when dense regions of the network have a stronger
homophily effect compared to more sparse regions. Normalized homophily cor-
responds to when the homophily effect is not affected by the density of different
regions in the network.

3. Choice of peer-influence estimate: as a difference of means estimate (for binary
peer-influence) or as the average of stratified estimates (for linear peer-influence).

4. Allocation of treatments: fixed optimal treatment allocation or randomized treat-
ment.

In this short paper, we only discuss results and strategies for the case of binary peer-
influence under unnormalized homophily. Discussion of the other cases is included
in the appendix.

Binary peer-influence effect with unnormalized homophily. Consider the binary
peer-influence model with unnormalized homophily. For the untreated individuals,
we have

Yi(Zi =0,(Zp)jens) = a+ Poly,  z=0+ho ) X, +€(0,07) ()
JeN;

where €;(0, o3) are independent and identically distributed with zero mean and o3
variance.
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Consider estimating the peer-influence parameter 3, using a difference in means
estimator. Partition the set of untreated individuals into sets Méo) ={i:Z =
0, jen. Zj = 0} (the set of untreated individuals with no treated neighbors) and
Mél) ={i:Z; =0, ZjeM Z; > 0} (the set of untreated individuals with at least
one treated neighbors). Then, the difference in means estimator for 3y is given by:

Bo = avg Y; — avg ¥ (4)

iemV ieM)

Under the negligence of latent homophily in the model, this difference of means
estimator for peer-influence would appear unbiased. However, the presence of latent
homophily actually interferes and introduces bias to the estimation of peer-influence,
as highlighted in Theorem 1 below.

Theorem 1 Consider the difference in means estimator ﬂAo for binary peer-influence
effect Bo. Under the presence of unnormalized homophily in our model (3), the mean
squared error of By (conditional on the treatment Z) is:

2
El(Go — f0)*|1Z] = <ho(avg IN;| — avg |N,-|>>

ieMV ieM

#1303 (avg NN+ ave WNAGI= 2 ag NN )

i,jeM i,jeM" ieM?, jem"

g )
oyl — + —+
M) 1MV
(5)

We can interpret (5) to understand the optimal treatment allocation with respect
to minimizing the bias and variance. For binary peer-influence effect with unnormal-
ized homophily, the bias of ﬁo is minimized through an assignment of treatments Z
which manages to balance the average homophily effect (corresponding to average
vertex degrees) between individuals in Mél) and M((]O) . Under such balanced treatment
assignment, unbiasedness is achieved when

avg [Nj| = avg [Nj| = avg [N,

ieM iem{V ieMum"

where M(()O) U M(gl) is the set of all (untreated) individuals. For binary peer-influence

effect with unnormalized homophily, the variance of Bo is minimized through treat-
ments Z which:
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Fig. 1 Optimal treatment allocation

1. Ensure |M(§1)| = |M(§O)|, such that there is balance between the number of indi-
viduals which are affected and not affected by peer-influence (in set Mél) and
Méo), respectively).

2. Ensure that the individuals in Mo(l) are mixed with individuals in M(go) as well
as possible. In particular, this corresponds to choosing Z such that elements
in Méo) have minimal shared neighborhoods between themselves (minimiz-
ing avg |N; NNj|), elements in Mél) have minimal shared neighborhoods

i,jeM

between ihemselves (minimizing avg |N; NNj|), and shared neighborhoods

i,jeM"

between elements of Méo) and Mél) are maximal, respectively (maximizing

avg  |N; NN;|). This is illustrated through Fig. 1.

ieM,jemy’

Having developed conceptual insights into what treatment assignments are opti-
mal for inferring peer-influence in the presence of homophily, we can further extend
our analysis to consider the cases of randomized treatment. In particular, by con-
sidering randomized treatment under a stochastic block model framework (e.g., see
Holland [7], Airoldi [1]), we can take advantage of symmetries and exchangeabil-
ity to gain insight into the optimal design of randomized experiments under such
framework. This is explored in Sect. 2.2 where randomized treatment designs which
disentangle homophily from the estimation of peer-influence are considered.
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2.2 Disentangling Homophily from Estimation of
Peer-Influence: Randomized Treatment Strategies

‘We now propose a general strategy for reducing bias in the inference of binary peer-
influence under the presence of homophily. It is applicable to weighted, directed
graphs which are clustered. Furthermore, our strategy does not assume any model
for homophily hom(-), which can remain unknown.

Suppose we have a graph G of N vertices which is clustered into r clusters.
Assume that given clustering of the graph captures the covariates of the individuals
in the network, such that individuals with same or similar covariates are members
of the same cluster. Under such a clustering, we fit a corresponding stochastic block
model onto the network of N individuals in r communities. Note that by fitting such
a stochastic block model, we are implicitly assuming that individuals in the same
cluster are exchangeable (hence the need to have a good cluster for this assumption to
be justified). Denote the communities of the fitted stochastic block model by the sets
By, ..., B,, which are of respective sizes Ay, ..., A, (where Ay +--- 4+ A, = N).
Let P be the r x r adjacency probability matrix between the r communities. Values
Ay, ..., A, directly are obtained from the cluster sizes, and the entries of the matrix
P can be estimated using MLESs (e.g., in the unweighted graph case, we can choose
[P]; j = Dumberof ed‘g:; E\OT clusteri0J ) 'Within each community By, different individuals
are affected by different levels of peer-influence. For example, in the binary peer-
influence case, untreated individuals are either in set Méo) (no treated neighbors—not

affected by peer-influence) or in set Mél) (at least one treated neighbors—affected
by peer-influence); in the linear peer-influence case, untreated individuals in Mék)
are affected by the k-levels of peer-influence.

When estimating peer-influence, the bias due to homophily arises from imbal-
ances in the homophily effect between the sets of individuals with different levels
of peer-influence. This motivates the key idea in our design of randomized treat-
ments to remove bias from homophily: We want to design experiments such that in
every community Bj, an equal number of individuals are affected and not affected
by peer-influence. By the construction of the cluster, every community By has a sim-
ilar effect due to latent homophily. Therefore by designing randomized experiments
which ensure that every such cluster B; has an equal (expected) number of indi-
viduals with different levels of peer-influence, we reduce the bias in the estimation
of peer-influence arising from latent homophily. For randomized treatments where
individuals in cluster s are treated independently with probability 6, our strategy
described leads to constrained optimization problems for ;. This can then be solved
to obtain optimal #;”" values as required for reducing bias in the estimation of peer-
influence under the presence of latent, unknown homophily. We now highlight our
strategy in detail for the estimation of binary peer-influence under the presence of
homophily (linear peer-influence case in appendix).
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An algorithm for inference of binary peer-influence. For a weighted, directed
graph G of N vertices which is clustered into r clusters, consider a corresponding
stochastic block model of N individuals in » communities. Denote the communities
of the SBM (clusters of G) by the sets By, ..., B,, which are of respective sizes
Al, ..., A, (where Aj +---+ A, = N). Let P be the r x r adjacency probability
matrix between the r communities. We assign treatments independently to individuals
such that individuals in B; are treated with probability 6, fors = 1, ..., r. We want
to choose 6, with the aim of reducing bias, such that homophily does not interfere
with the estimation of peer-influence. Note that the general bias of the binary peer-
influence estimator BO is

avg Ex[hom((X);cn;)] — avg Ex[hom((X) en;)].

iem" iemM”

This highlights that the bias in our estimation arises from an imbalance in the average
homophily effect between the sets Mél) and Méo) (the individuals who are and are
not affected by peer-influence, respectively). This observation motivates the key idea
in our design of randomized treatments to remove bias from homophily: We want to
design experiments such that in every cluster By, an equal number of individuals are
affected and not affected by peer-influence. For randomized treatment assignment,
this means we want

Vs=1,...,r, E[M" N B1=E[M? N Bl (6)

Let us now derive a result about Méo) and M(gl) under our framework to proceed
further with (6).

Proposition 1 Consider a stochastic block model (SBM) of N individuals in r com-
munities. Denote the communities of the SBM by the sets By, ..., B., which are of
respective sizes Ay, ..., A, (Where Ay +---+ A, = N). Let P be the r x r adja-
cency probability matrix between the r communities. We assign treatments inde-
pendently to individuals such that individuals in B are treated with probability 6

fors =1,...,r. Under such setup, let Méo) denote the set of untreated individuals
which have no treated neighbors and let Mél) denote the set of untreated individu-
als which have at least one treated neighbor. For ease of notation, let {s € M(go)},
{s € Mél)} denote the event that a fixed vertex in community s is in the set M, ©

Mé]), respectively. Then,

P(s € My") = (1 = 0) [ [ = P8 "=, and (7

v=1

P(s € M) = (1 — 09(1 -[la- Ps,vev)/‘v"w). ©)
v=1
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Using Proposition (1), we can now directly derive an algorithm to reduce the effect of
homophily during inference. Let s denote any vertex in the graph which is in commu-
nity By. Note that E[|M\" N B,|] = A,P(s € M\") and E[|M" N B,|] = A,P(s €
Mél)) =A;(1 -P(s € M(()O))), as all untreated individuals are in either Méo) or Mél).
This gives,

1
EIIMG” N Boll = EIMG" 0 Bl <= P(s € My") = SP(Zs = 0)
4 1
= (=0 [T =Py ~h= = 2 - 0y)
v=1
.
= Y (Ay — Ly=p)log(1 — Py ) +10g(2) =0

v=1

For |P;,| = 0, log(1 — Py ,0,) ~ —P; ,0,. This allows us to approximate the
optimal 6, values by simply solving a set of linear equations. Our algorithm is given
below.

Algorithm 1: Randomized treatment design for more accurate inference of
peer-influence

1 function optimal_treatment_values (A(G), B(G));
Input : Adjacency matrix A and clustering B (with r clusters) of some graph

G
Output: Treatment probabilities 6 € [0, 1]” for Bernoulli assignment on each
cluster
2 Fit an SBM, giving an adjacency matrix P for clusters By, ..., B, of sizes
A, ..., A,
3 Choose treatment probabilities for the clusters 6 € [0, 1]" as the solution to:
Pii(A1 =1 PipAr P A, 01
Py1A1 Pra(Ax—1) .. Py, A, 0, 1
: : : : =log(2)
Pr_1144 Pr_12A2 o Py p—1(Armr = 1) Py p Ay 01
Pr 1A PrpAs Pr,r—lAr—l Pr,r(Ar -1 0

€))

In practice, if (9) does not have a solution in [0, 1]", we can solve the constrained
optimization problem of minimizing
Pii(Ap—=1)  PipAy .. Py Ar 0, 1
Py1A]  Pya(Ap=1) ... Py Ar 0, 1
; ; ; —log® | : (10)

Pr—l,lAl Pr—l,2A2 Pr—l,r—l(Ar—lfl) Pr—l,rAV 01 1
Pr 1A ProAy o Prp_1A_ Prr(Ar =D/ \ Or 1
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for 6 € [0, 1]" and for some chosen norm H H on R4 (e.g., L?%). Note that under the
optimal treatment probabilities 7' obtained from (9), the total expected number of
treated individuals is Zgzl A097" . n practice, often it is desirable to control the
expected number of individuals treated under randomized treatment. This is can be
done under our framework by considering the constrained optimization problem of
minimizing the norm in (9) subjectto 6 € [0, 1]" and }_._, A6, = Nx, where x is
our chosen percentage of individuals treated.

Analysis of treatment strategies via simulations. We highlight the performance of our
randomized treatment strategy compared to alternatives via numerical results from
Monte Carlo simulations under a stochastic block model. We consider the bias and
mean squared error of our optimal randomized treatment compared to other common
randomized treatment strategies. Unsuccessful treatment occurs when either one of
the sets M(()O) or Mél) is empty, and the difference in means estimator for binary
peer-influence (4) is ill-defined.

We consider the unnormalized sum of latent variables (hom((X) en;) =
> jen; X for X ii.d. latent random variables with mean 1, variance o) as our
homophily function. The baseline simulation model (with binary peer-influence,
unnormalized homophily) here is:

Yi(Zi =0,(Zj)jen;» (Xj)jen;) = a+ 50121.%/’_ z;50 +ho Z X; 40, 0%)
jeN;

Yi(Zi = 1,(Z))jeN;» (Xj)jen:) =T+ Yi(Zi =0,(Z)) jen: (Xj)jen;) + “311216/\/] 7,50+ hi Z X;
jeN;

fora=3,8 =0.1,hg=1,7 =02, 3 =0.05, h; =0.5, 0y = 1.5%, oy = 1%

SBM Graph Simulation. The following figures display the bias and variance of the
difference in means estimator (y-axis) against the controlled expected percentage
of treated individuals (x-axis) for our strategy in comparison with other common
randomized treatment strategies. The figures highlight that our randomized treatment
strategy leads to improved estimation of peer-influence. We are working with a
directed SBM of 1530 vertices and 7 clusters with

501020 5 5 15 3
1030 5 151510 5

10 5 40 5 10 13 12
(A1, Aa, A3, Ag, As, Ag, A7) = (600, 340, 200, 150, 100,90,50) , P= | 4 5 1025 15 14 12 /1530.
14 1510 5 20 10 10
1314 5 2 103515
10 14 14 5 5 10 45
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Peer Influence Bias

Total Expected % of Individuals Treated
=—Theta_opt *r+ Bernoulli = =Cluster_based = =Uniform

Peer Influence MSE

Total Expected % of Individuals Treated
=——Theta_opt +--Bernoulli = =Cluster_based = =Uniform

2.3 Concluding Remarks

When doing causal inference in networks, neglecting latent homophily can lead to
inaccurate inference of peer-influence. In this paper, we have introduced a general
framework for modeling peer-influence and homophily, quantified the error incurred
from ignoring homophily, and devised randomised treatment strategies which allow
the estimation of peer-influence in the presence of homophily. Simulations highlight
our method’s performance relative to other randomized treatment strategies. This
work is a preliminary insight into a forthcoming project. Our future extensions will
involve further statistical analysis and theoretical guarantees on the performance
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of the randomized treatment strategies, and results from experimentation on large
real-world social networks.

A Appendices

A.1 Peer-Influence Under Homophily: Results and Inference
Strategies

Binary peer-influence effect with normalized homophily: Consider now binary
peer-influence effect with normalized homophily. For the untreated individuals, we
have
X 2
Yi(Zi = 0,(Z))jen)) = a+foly, . z-0+ho ) N ra0on A
jen: T

where ¢; (0, o%) are idependent and identically distributed with zero mean and 012,
variance.

As before, consider estimating the peer-influence parameter 3, using a difference
in means estimator. Partition the set of untreated individuals into sets Méo) =1{i:
Zi=0,> jen; Zj = 0} (the set of untreated individuals with no treated neighbors)
and Mél) i={i 1 Zi =0, ;n; Zj > 0} (the set of untreated individuals with at
least one treated neighbors). Then, the difference in means estimator for 3 is given
by:

fo= avg ¥; — avg ¥; (12)

iem" ieM

Unlike in the case with unnormalized homophily, the difference of means esti-
mator for peer-influence remains unbiased in the presence of normalized homophily.
This is further highlighted in Theorem 2 below. Furthermore, for most sparse and
dense models for the underlying graph, Theorem 2 can be used to show that Bo isa
consistent estimator of peer-influence under normalized homophily.

Theorem 2 Consider the difference in means estimator BAO for binary peer-influence
effect By. Under the presence of normalized homophily in our model (11), the mean
squared error of By (conditional on the treatment Z) is:

E[(fo — 0)*1Z) =

NG DA
11202< avg ——— 1
07X\ NI |

i jem”

N | w,-mvjw) 2( 1 1 )

+ avg ———— — avg Y ot I
e NillNG] iem© jem(® Wil MO M)
13)

Linear peer-influence effect with unnormalized homophily: We now consider
modeling peer-influence as a linear function of the number of treated neighbors
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peer((Z;)jen;) = )_jcn; Zj- For the untreated individuals under unnormalized
homophily, this gives:

Yi(Zi =0.(Zpjen) =a+Bo Y Zi+ho Y X;+€0.07)  (14)
JjeN; JEN;

where €;(0, 07) are idependent and identically distributed with zero mean and o3
variance.

Consider estimating the peer-influence parameter 3y. Generalizing our method-
ology from the binary peer-influence case, we now develop a stratified estimator for
Bo. Let

M =1i:2:=0.) Z; =k}
JeN;

be the set of untreated individuals which have k treated neighbors. Then, an average
of difference in means estimator for peer-influence is:

Yl M| 1M k

avg Y; — avg Yi).
ieM ieM
15)
where we average over all k such that |M(§k)| > 0 (so that @ék) is well-defined). Note
that here we are averaging over the class of estimators B(()k) under the assumption
of linear peer-influence. In the case of nonlinearity, we can also consider each B(k)
separately to understand the kth-level peer-influence effect in the network.
The presence of latent unnormalized homophily interferes and introduces bias to
the estimation of linear peer-influence, as highlighted in Theorem 3 below.

Theorem 3 Consider the estimator BO for linear peer-influence effect 3y. Under the
presence of unnormalized homophily in our model (3), the mean squared error of (3
(conditional on the treatment Z) is:

El(Bo — f0)?1Z] =

2
ho 1
Ni| — Ni
(57 i (g it = v i)

k>0

1 1
(Z e Z kl[h%ax( avg  INiNNj|l+ avg INiNNj|—2 avg [N ﬂ./\/jl)
k>0 ieM® jem ijem” ieM, jem

k.1>0
1 Ti=
+”2< o T ,® )]
[My"1 1My7 |

Equation (16) highlights that unbiasedness estimation via optimal treatment allo-
cation may be difficult computationally, as now we need to ensure balance across all
the strata (Mék)) x>0- This motivates an alternative approach of unbiased estimation.

(16)
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Linear peer-influence effect with normalized homophily: For the peer-influence
effect on untreated individuals under normalized homophily, we obtain:

Yi(Zi = 0. (Zp)jen) =+ o Y Z; +ho Z
JeN; JeN;

INI + € (0, ay) a7

where ¢; (0, crf,) are idependent and identically distributed with zero mean and 012,
variance.

To estimate the peer-influence parameter (5, the same stratified estimator as in
the linear peer-influence with unnormalized homophily case can be applied:

R 3k) SooywY Y. oY 1
g%:ZQ_lif ﬁ“_k( ieMy "' LieMy l):—(awly—awYO.

il My ML ) RN e
(18)
where Mék) ={i:Z; =0, ZjEM Z; = k} and we are averaging over all k such that
IMP| > 0.
In the presence of normalized homophily, Bo remains an unbiased estimator of
peer-influence. This is highlighted in Theorem 4 below.

Theorem 4 Consider the estimator Bo for linear peer-influence effect 3y. Under the
presence of normalized homophily in our model (11), Bo is unbiased and the mean
squared error of @0 (conditional on the treatment Z) is:
E[(fo — f0)*12] =
1 1[5, ING N A IN; NN IN; NN
To1? ﬁ[ OUX( i reag NG o) TG -2 0 g VTN )

k,[>0
1 Iy
+U§<70 + k )]
M1 1M

The difference of means estimator for linear peer-influence remains unbiased
in the presence of normalized homophily. Furthermore, for most sparse and dense
models for the underlying graph, Theorem 2 can be used to show that /30 is aconsistent
estimator of linear peer-influence under normalized homophily.

IGM(U)

19)

A.2 Disentangling Homophily from Estimation of
Peer-Influence: Randomized Treatment Strategies

An algorithm for inference of linear peer-influence. We now use our general
framework to design randomized treatments for the inference of linear peer-influence
effects under homophily. We proceed to find the optimal treatment probabilities 6,
fors = 1, ..., r under a stochastic block model with » communities as before.

Let M(()k) denote the set of untreated individuals which have k neighbors (note

that we are abusing notation here: Now, Mél) represents untreated individuals which
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have exactly 1 neighbor, rather than at least 1 neighbor as before in the binary peer-
influence case). First, we derive a proposition about Mék) under our framework.

Proposition 2 Consider a stochastic block model (SBM) of N individuals in r com-
munities. Denote the communities of the SBM by the sets By, ..., B,, which are of
respective sizes Ay, ..., A, (Where Ay +---+ A, = N). Let P be the r x r adja-
cency probability matrix between the r communities. We assign treatments inde-
pendently to individuals such that individuals in B are treated with probability 0
fors =1,...,r. Under such setup, let Mék) denote the set of untreated individuals
which have k treated neighbors. For ease of notation, let {s € Mék)} denote the event
that a fixed vertex in community s is in the set M(()k) . Then,

P(s € M{") = (1—0y) > (]‘[Bin(rv; Ay = ey, oup.g,l»)
VU:L...,rf(l)’g"i;lé:Av—I‘v:A,, o=t
ti =k
(20)

where Bin(tv; Ay — 1{v=S}ﬂ 0v Ps,v) = (Alﬁtf(“:x))(ev P.v,v)tu (1 - 01} P‘Y,U)Alﬁl(v:x)itv-

The main idea behind the homophily disentangling strategy is to ensure that
in every community By on our stochastic block model, there are equal (expected)
numbers of individuals being affected by different levels of peer-influence. In the
case of linear peer-influence, this means choosing treatment values such that inside
every community s, each individual has an equal probability of being in sets Mék)
for different peer-influence levels k. Under a stochastic block model, values of k
range from O to N — 1 (as one individual can have at most N — 1 treated neighbors).
However, in practice, we can choose to consider k =0, 1, ..., K where K is the
maximum degree of the actual observed network. Therefore, through an optimal
assignment of treatments, we wish to satisfy

Vs=1,....r, PseM)=PiseM{)=..=P@s e ME)=P(s e M),

where expressions for each P(s € Mék)) as functions of 6; for s =1,...,r are
obtained from Proposition 2 above. This gives K r conditions to satisfy for r variables
0; € [0, 1] (fors =1, ..., r), so we can approach this as a constrained optimization
problem as considered in the binary peer-influence case before.

B Tables of Main Results

B.1 Analytical Results
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B.2 Randomized Treatment Strategies to Disentangle

Homophily
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C Proofs
C.1 Proof of Theorem I (See p. xxx)

Theorem 1 Consider the difference in means estimator ﬁAo for binary peer-influence
effect By. Under the presence of unnormalized homophily in our model (3), the mean
squared error of By (conditional on the treatment Z) is:

2
E[(Fo — 50)*1Z] = (h0< avg |Nj| — avg \MI))

iem? ieM
1 1
+h%a§(( avg INi NN+ avg INiONj|—2 avg \MﬂNj|)+U,2/( + )

(0) (1)
i,jem ijeM) iemy”,jem" My "1 1My

(&)

Proof Recall the definition of the difference in means estimator for binary peer-
influence (4). .
Bo= avg Y; — avg Y;

iem" ieM

where Méo) ={i : Zi =0, ;cn; Zj = 0} (the set of untreated individuals with
no treated neighbors) and M(gl) ={i:Z; =0, Zje./\/; Z; > 0} (the set of untreated
individuals with at least one treated neighbors). The response variables (¥;);=1... ~
are defined by:

Yi(Zi =0,(Z))jen) = a+ Boly, . 7,0 +ho Y X; +€(0,07)
JeN;

Yi(Zi =1, (Zj)jen;>» X)) jeN;) =T+ Yi(Zi =0,(Z)) jen;» (Xj)jej\f,.)-f'@llzid\/’ z;50+h Z X;
jeN;

€ (0, a%,) fori =1, ..., N are the noise terms in the network, indepedent and identi-
cally distributed with zero mean and variance o7 . Note that the sets Méo) and Mé]) are

Z measurable and that latent homophily variables X = (X ;) ;— ... y are independent
of Z = (Zj)j—,...n. Therefore,

.....

ZieMé” E[Yi IZ] ZiEM(()O) E[Yi IZ]
1 - 0
IM§| 1M
ZieM(()l) E[[i() + Zjej\/,- Xj:| ZieM(()O) E[ Zja\/i Xj]

1 0
M 1M

E[fo|Z] =
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~ ZieM(()l) holN; | ZiEM(()o) holN;|
=B+ D -
MV

0
1My

=[7’0+h0< avg |N;|— avg |M|)-

iemy) iemy)

This gives the bias of fo: E[éo - ﬁ0|Z] = h0< avg IN;| — avg |N,-|). Similarly,

iemV iemV
2)
0
1M

Uar(ZieMél) Y; ‘ 7) . Uar(ZjeMéO) Y; |Z) 2cov(z M(l) ZjeMéO) Y; |Z)
1 0 0,
1MV 2 e M 1mP
ZieM(()l) ZkeM(()” cov(Y;, Yy | Z) ZjeMéO) ZleM(()()) cov(Y;. Y, | Z)
P * P
0 0
ZZieMén ZjEMéO) cov(¥;, Y | Z)

0 1
M 1mP

Yo o,oYi X oY
A ieM; JEM,)

var[Bo|Z] = var D —

My

= avg cov(Y;, Yy ‘Z) + avg cov(Y;, Yi |Z) -2 avg cov(Y;, Y |Z)
ikemy) jlem” iem”, jem!

Fori € Mél) and k € Mél), by the law of total covariance and as X are i.i.d.,

cov(Y;, Yy | Z) = Elcov(Y;, i | X, Z) ‘ 7]+ cou<E[Y,-}X, 7], E[Y;|X, Z] ‘ Z)

=0tk +cov(a+ﬂo+hoZXa,a+ﬁo+hoZXb>

aeN; beN;
:O'Y —i—ho COU(ZXa, Z Xb)
aeN; beN;

=U§/]].{,':k OO'X|N ﬂN|
Similarly for j € M(()O) and/ € Méo),
COV(Y]', Y, ‘ 7)) = 0')2;]1[.,':1} + C()U(O{ + ho Z X,, a+ hy Z Xp ) Z)
aeN; beN;

= oy L=y +hgox NG N A

Fori € M\" and jeM (O), by the law of total covariance and as X are i.i.d.,
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cov(Y;, ¥; | Z) = Elcov(Y;, ¥; | X, Z) ‘ 7] + cov(]E[Yi X, Z1, E[Y,|X, Z] ‘ Z)

=0+ cov(a—i—ﬂo—i—ho ZXu,a—}—ho Z X;,)
aeN; beN;

= hé cov( Z X, Z Xb)

aeN; beN;
= hjox|N: NNl

Therefore,

var[ﬁoll] = avg cov(Y;, Y | Z)+ avg cov(Y;i, Yk | 7)-2 avg cov(Y;, Y; | Z)
ikemD jlem ieM®, jem"

avg <012,]l{,-:k) + h3o%|N; ﬂ./\/'kl) + avg (alz,]l{j:” -I—h%a%(l/\/'jﬂ/\/]l)

. 1 . 0)
l,](EM(() ) j.lEM(()

-2  avg (h%og(l./\/'j ﬂM|)

ieM”, jem"

:h(z)af(( avg |Ni NN+ avg INiNNj|l—2 avg |N; ﬂ/\/j\)

i,jeM i,jeMV ieM®, jem"

+ 02 (—1 + L )
9y 0 1
M1 MV

Now we can recall the bias—variance decomposition of the MSE to obtain

~ ~ 2 A
El(B — 50?121 = (Eldo — Aol21) +var(GolZ]

2
= (ho(avg INi| — avg IMI))
iem’ ieM

+héa§< avg IN: NN+ avg INiNN;|—2 avg [N ﬂ_/\/j|>

i,jeMy i,jem’ ieM,jemy’

+0§<; + ;>
M1 MY

as required. O

C.2 Proof of Theorem 3 (See p. xxx)

Theorem 3 Consider the difference in means estimator ﬂAo for binary peer-influence
effect By. Under the presence of unnormalized homophily in our model (3), the mean
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squared error of By (conditional on the treatment Z) is:

2
E[(ﬁo—ﬂo)2|21=(ho< avg NGl — avg w,w))

iem) iem?

+h(2)a—§(( avg IN;NNj|+ avg IN;NN;| -2 avg |N}ﬂNj|>

i, jemy” i,jeM" iem\”, jem)
1 1
2
+o? <7 + 7> (16)
m$") MV

Proof We proceed as similar to the binary peer-influence estimator case. Recall the
definition of the estimator for linear peer-influence (21):

I
b=

k

for pP =%<ZiEM[(’k) v Licuy Yi) : <

avg Y; — avg Y,<>,
k 0
My My

ieM ieMy

21
where M{" := {i : Z; = 0, Y ;.\; Z; = k} (the set of untreated individuals with k
treated neighbors). The response variables (Y;);—;... y are defined by:

Yi(Zi=0,(Zp)jen)=a+ 0 D Zj+ho Y X;+€(0,0%)
JEN; JEN;

Yi(Zi = 1,(Z))jeni» (X)) jenr) =T+ Yi(Zi = 0,(Z))jenis (X jeN) + Bt Y Zj+h Y X;
JeN; jeN;

€ (0, 012,) fori = 1,..., N are the noise terms in the network, indepedent and iden-

tically distributed with zero mean and variance o2. Note that sets Mo(k) are Z mea-
surable and that latent homophily variables X = (X;);-;, . n are independent of

.....

Z = (Zj)j—,..n- Therefore,
(k) 1 ZieM(()“ E[Yi |Z] ZieM(ﬁ"’ E[Yi |Z]
BLGo 121 = E( © - © )
My~ | My~
1 (ZieMg“ E[kﬂo + Zje/\f,- Xj|Z] ZieMéO) E[Zje/\fi X.i|Z]>
k My My
1 ZieMgk' E[ Zje/\/, Xj|Z] ZieM3°> ]EI:ZjeM XJ|Z]
= o+ % ® - ©)
My My~
_ 1 Z[eMék' ho|Ni| ZieMéU) holNil
=fo+ A y® - I7C
My~ My~



Estimating Peer-Influence Effects Under Homophily: Randomized Treatments ... 343

h
= o+ f(avg INi| — avg |M|>,

ieM ieM"

A~ k)
which gives the bias of the estimator Gy = sz =L to be:

ho 1
Elfo — BolZ] = D (avg ;| — avg W,-|>.
Zk>0 k>0 teM(()k) teM(()O)
Similarly, var[ﬁ0|Z] Z =7 D ka0 220 cov(ﬂ(k) ﬁ(l)) where
<ZieM(()k) Y; ZjeM(()O) Y; ZieMél) Y; ) ZjEM(()O) Y;

0
M|

cov(ﬁ(()k), d(()l) ‘Z) = —

’)

1 (ZieMék),jEM(gl) cov(Y;, Y;1Z) ZieM(()o),jeM(()O) cov(Y;, Y;|Z)

k - 0 ’ i
1M 1M 1M

Tkl

+
ZieM(()m M(O) cov(Y;, Y;|Z) ZieMéo) M(z) cov(¥;, Y IZ)>

|M(§") Mg |M(§°’\|Mé”|
Fori e Mék) and j € M, (l), by the law of total covariance and as X are i.i.d.,

cov(Y;, Y, | Z) =E[cov(Y;,Y; | X,Z) | Z] + cov( E[Y; | X, Z], E[Y;|X,Z] | Z
j j J

:0’Y]1{, y + COU(O&+kﬁ0+hozxa,a+lﬁ0+ho be)

aeN; beN;
= O’%,l(i:j} + h% COU( Z X4, Z Xb)
aeN; beN;

=o0ilyzjy +hioxIN; NN

This gives

1/ M® jem® cov(Yi, Y;|1Z) 3 0 oy cov(Yi, Yj|Z)
cov(BP, ﬂ(()”‘Z)=E( ieMy” jeMy 4 ieMy” jeMg

k 1 0
1Mg711Mg | M”12

ieu® jem® VY YiIZ) X o 0 covYi, Y,~|Z>>
- k 0 - 0 1
IM 1M 1M 1M

1 ZieMg“,jeM(‘,” 03 Lii=j) + hgoxINi NN
— ( MO M0
ZiEM[(]O),jeM(()O) o3 Lii=j) +hgoxINi NN
MOP
Yiem® jem® hgox N NG| 2iem® jem h3o%|N; NN
) My 1145”| B 1M 11Mg| )
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-1 ( 2 Lu=ty | 4o o Liew jemgr Wi O]
— g \“Y k 0“Xx k 1
M Mg 1My
e h3el Liewm jeu Wi N NG|
0 0% x 0 0
1] Mg 1My
ZieM((,k),jeMr()D) NG NN

2
+ oy

ZieM((,O),jeMr()“ Vi NN )

— h3o% — h3o%
k 0 07X 0 ]
M Mg 1M 1M
kl[hoax( avg  IN;NNjl+ avg [INinNj|— avg  |NiNWNj
ieMP, jem ijem ieMP jem

~ avg wl-mvn)w%(l +ﬂ)}

0 k
ieM?, jem Mg M|
Now, we can recall the bias—variance decomposition of the MSE to obtain

2 ~
El(Bo - 80121 = (El6o — Ao/Z1) + varlAolZ]

:( 80 ﬁU\Z) (Z 1)2 ZZCOV( (k) ([)

k>0 1>0
ho 1 2
= —| avg |N;| — avg |M|>)
(Zbo 1 lg k (ieM“" iem?
h N NN
(Z Ciso D? Z kl[ OUX( (ﬁv{g (l)lM il +‘ qvg(o)\M il
k>0 ieMy’,jeM, i,jeM

- avg NG ﬂle)- avg \/\fiﬂ./\fj|+(r§/(;+ Lt >]

’ (0) (k)
ieMy” jeMy” M. jemy” Mo”1 1My

2
ho 1
= —( avg |Ni| — avg |N;
(Zk>olzk<. g Wil = avg | '|>>
ieM,

k>0 IEM()

k>0 ieMy jemy" ijemy”

-2  avg |N; ﬂ./\/j|>+0%,<#+ Lt )]

(0) (k)
iemy” . jemd Mo”1 1My

1
(Z e Z o [hoax( avg IN: NN+ avg [N NN
k>0

as required. (I

C.3 Proof of Theorem I (See p. xxx)

Proposition 1 Consider a stochastic block model (SBM) of N individuals in r com-
munities. Denote the communities of the SBM by the sets By, ..., B., which are of
respective sizes Ay, ..., A, (Where A1+ ---+ A, = N). Let P be the r x r adja-
cency probability matrix between the r communities. We assign treatments inde-
pendently to individuals such that individuals in B are treated with probability 0
fors =1,...,r. Under such setup, let Méo) denote the set of untreated individuals
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which have no treated neighbors and let Mél) denote the set of untreated individu-
als which have at least one treated neighbor. For ease of notation, let {s € Méo)},
{s € M(()l)} denote the event that a fixed vertex in community s is in the sets M, ©
Mél) respectively. Then,

P(s € My") = (1 — ) [ [(1 = Poub)™ "=, and (7)
v=1
P(s e M{V) = (1 — 95)(1 -[Ta- PMQU)A“‘I“). (8)
v=1

Proof Note that each vertex in the graph is assigned treatment independently and
that under the stochastic block model the events of any pair of vertices being adjacent
are independent. Therefore,

P(s has O treated neighbors | s is untreated) = P(s has 0 treated neighbors)
forallk and s = 1, ..., r. This gives

P(s € Méo)) = P(s is untreated)P(s has O treated neighbors)
= (1 — 6,)IP(s has O treated neighbors)

=(1-— HS)JP’( ﬂ{s has 0 treated neighbors in BU})

v=1

=({1-206y 1_[ P(s has O treated neighbors in B,)

v=1

= =00 [T = Pop) e,

v=I

where the A, — 1,_; arises from noting that s can have at most A; — 1 neighbors
in By (it cannot connect to itself). Note that sets Méo) and Mé]) partition the set of
untreated individuals. Therefore,

P(s € M") = P(Z, = 0) — P(s € M)

=1 —=0)— (1 =0) [ = P "=

v=I

v=1
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C.4 Proof of Proposition 2 (See p. xxx)

Proposition 2 Consider a stochastic block model (SBM) of N individuals in r com-
munities. Denote the communities of the SBM by the sets By, ..., B., which are of
respective sizes Ay, ..., A, (Where Ay +---+ A, = N). Let P be the r x r adja-
cency probability matrix between the r communities. We assign treatments inde-
pendently to individuals such that individuals in By are treated with probability 0
fors =1,...,r. Under such setup, let Méb denote the set of untreated individuals
which have k treated neighbors. For ease of notation, let {s € Mék)} denote the event
that a fixed vertex in community s is in the set Mék). Then,

P(s € Mg) = (1= 6,) > (]‘[Bin(rv; Ay = T=s), evPs,a)
Vel O 1y,
t et =k
(20)

where Bin(ty; A, — Lju—), 6, Py.y) = (71079 (0,Py0)" (1 — 6,Py,0) 100",

Proof Note that each vertex in the graph is assigned treatment indpendently. There-
fore,

P(s has k treated neighbors | s is untreated) = P(s has k treated neighbors)
forallkands =1, ..., r. This gives

P(s € Mék)) = P(s is untreated)P(s has k treated neighbors)
= (1 — 65)P(s has k treated neighbors)

=(1-20y) Z ]P( h{s has 1, treated neighbors in Bv}>

Hyeonndyt v=1
Yv=1,...,r 0=ty <Ay—1{y=y},
4+t =k

r
= (1-06) Z (1_[ P(s has 1, treated neighbors in Bu)).
TN v=1
Yv=l,...,r 0<ty<Ay—1p—y),
t 4ty =k

We now wish to evaluate P(s has #; treated neighbors in B,). Let n,, be the number
of neighbors s (denoting a fixed individual in community B;) has in B,. Under a
stochastic block model setup,

ny, ~ Bin(A, — 1,—, Psy)

tyln, ~ Bin(n,, 0,)
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where the A, — 1,_, arises from noting that s can have at most A; — 1 neighbors in
B; (it cannot connect to itself). We want the unconditional distribution of ¢,. Recall
that moment generating function of X ~ Bin(N, p) is E(zX) = (1 — p) + p2)N.
Therefore,

ny Ay—Tly=s
E[z"] = E[E[z" |n,]] = E[((] —05) + 952) ] = ((1 — Poo) + Ps.v((l —0s) + GSZ)>
Ay
= ((1 _asPs,v)+Ps,vasZ> B
giving t, ~ Bin(A, — 1,=, 0, Ps ,,). This gives
IP(s has t, treated neighbors in B,) = Bin(t,; Ay — Ly=g), 0y Ps,»)
from which (20) directly follows. O
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