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ABSTRACT

With the modern software and online platforms to collect massive
amount of data, there is an increasing demand of applying causal
inference methods at large scale when randomized experimentation
is not viable. Weighting methods that directly incorporate covariate
balancing have recently gained popularity for estimating causal
effects in observational studies. These methods reduce the manual
efforts required by researchers to iterate between propensity score
modeling and balance checking until a satisfied covariate balance
result. However, conventional solvers for determining weights lack
the scalability to apply such methods on large scale datasets in
companies like Snap Inc. To address the limitations and improve
computational efficiency, in this paper we present scalable algo-
rithms, DistEB and DistMS, for two balancing approaches: entropy
balancing [14] and MicroSynth [33]. The solvers have linear time
complexity and can be conveniently implemented in distributed
computing frameworks such as Spark, Hive, etc. We study the prop-
erties of balancing approaches at different scales up to 1 million
treated units and 487 covariates. We find that with larger sample
size, both bias and variance in the causal effect estimation are signif-
icantly reduced. The results emphasize the importance of applying
balancing approaches on large scale datasets. We combine the bal-
ancing approach with a synthetic control framework and deploy
an end-to-end system for causal impact estimation at Snap Inc.
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1 INTRODUCTION

Within the flourishing era of big data, we are dealing with an ex-
plosion of available information and high dimensional data sets.
Companies like Snap Inc. conduct many quasi-experimental studies
with millions of observations, aiming to demonstrate the causal
relationship between an intervention and tens of critical business
metrics. These causal studies boost the data-driven fashion of deci-
sion making processes and have the power to pivot future strategic
business decisions. They are crucial to the company yet cannot be
AB tested due to the reason that we are unable to intervene users
in these cases.

In observational studies, it is common that some of the covariates
are imbalanced between treated group and control group because
the treatment conditions are not randomly assigned to units. Con-
ducting a causal analysis becomes difficult when the covariates are
associated with both the treatment assignment and the outcome,
as the imbalances in these covariates may introduce selection bias
to the treatment effect estimation. In order to adjust for covariate
imbalance, the pioneering work of propensity score [36] demon-
strates a key point that treatment assignment is independent of
observed covariates conditional on the propensity score. Based on
this property, many statistical methods has been proposed using
propensity score, including propensity score matching [36, 38],
propensity score stratification [37], inverse probability weighting
[18, 35], etc. Among these methods, weighting is the one with the
most attractive statistical property. First, if propensity score is cor-
rectly modeled, the weighting estimator is consistent [27]. Second,
nonparametric propensity score weighting estimator is efficient
[19]. As a comparison, matching and stratification estimators do
not have these properties [3, 27]. Furthermore, weighting methods
do not require explicit outcome modeling, the weights are obtained
solely from user covariates in the experimental design phase. One
set of weights can be used to estimate causal effects for multiple
outcomes. In this regard, the weighting methods are similar to A/B
testing [41] as they are considered more of experimental design
methods than experimental analysis methods.
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Despite the solid theoretical foundation of the propensity score
weighting method, in practical usage the performance of this ap-
proach is sensitive to model misspecfication. When applying propen-
sity score weighting methods, applied researchers tend to alter-
nately tune propensity score model and conduct balance test until
a satisfied balacing result [23]. Entropy Balancing (hereafter EB)
[14], MicroSynth [33] and several other methods [24, 48, 50] have
been proposed recently to overcome the problem by directly bal-
ancing covariates instead of modeling propensity scores. In this
paper we refer to this class of methods as balancing approach.
In general, balancing approach works better than propensity score
modeling approach by achieving better balance among covariates.
It is also shown that EB has doubly robust property under linear
model specification [49].

We rely on balancing approaches for solving causal inference
problems because a set of weights can be used repeatedly for mul-
tiple business metrics and balancing approaches normally have
smaller bias than propensity score modeling approaches. However
we find that the current balancing approaches lack the compu-
tational efficiency to handle such big data. The number of units
and dimensions in our applications can be as large as 100 mil-
lions and more than 1000 dimensions, respectively, and the overall
data size can reach several tera-bytes. The majority of the exist-
ing causal inference software packages are designed for problems
where the data set can be fit into one single machine. They are
implemented mostly in data-science friendly languages such as
Python or R, rarely to be found using distributed framework that
suitable for large scale data. A Stata package Ebalance [16] and
a R package ebal [15] are the first software to find the entropy
balancing weights. The microsynth [32] package, implemented in
R, finds MicroSynth weights by solving a quadratic programming
problem. Later on empirical_calibration (hereafter EC) [44], a
Python library developed by Google that can solve both entropy
objective and quadratic objective, improves the computation speed
of ebal by 22 times. Aside from balancing approaches, other mod-
ern causal inference software such as EconML [4] and DoWhy [42]
by Microsoft, CausalML [10] by Uber, CausalImpact [7] by Google,
create a rich array of causal tooling yet are limited by the mem-
ory constraint from computer machine. There is a lack of mature
software dedicated for large scale causal inference tasks [46].

In order to scale up causal inference methods, Netflix invested
in data compression strategies [45] by extracting the summary
statistics from original datasets. They find this strategy is able to
losslessly estimate parameters from a large class of linear mod-
els [45]. Several other works (e.g. [5, 30]) attempt to use parallel
computing to scale up linear models including OLS, logistic regres-
sions etc. There is an absence of studies to scale up more advanced
causal methods like balancing approaches. We design algorithms
that directly utilize distributed computing frameworks to solve the
optimization problems in balancing approaches. To the best of our
knowledge, this is the first work that scales balancing approaches
up to large datasets.

The contribution of this paper is twofold. First, we present two
distributed computing algorithms, which we name as DistEB and
DistMS, to solve two well-known balancing approaches: Entropy
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Balancing and MicroSynth. We exploit the dual function of the op-
timization problem in both approaches. We use MapReduce frame-
work to calculate the gradient of Lagrange multiplier and apply
iterative gradient based solvers. Our algorithm scales linearly with
the number of observations as well as the number of covariates. It
is feasible to estimate causal effects up to 100 millions units and
more than 1000 dimensions. Second, we apply our methods and find
that larger scale datasets significantly reduce both the bias and the
variance in causal effect estimations, highlighting the importance
of scalability of causal inference methods.

The rest of this paper is structured as follows. In Section 2 we
introduce the causal inference assumptions and the optimization
problems in balancing approach. In Section 3 we describe our al-
gorithms DistEB and DistMS in detail. Section 4 evaluates the per-
formance of EB and MicroSynth as well as the scalabity of our
algorithms. We discuss the applications of our algorithms at Snap
Inc. in Section 5 and conclude in Section 6.

2 PRELIMINARIES

2.1 Causal Inference with Observational Data:
Setup and Assumptions

Let us consider the following causal inference problem in observa-
tional studies. In a random sample of size N drawn from a popula-
tion, each unit i receives a binary treatment assignment T;. T; = 1
if unit i is assigned in the treated group and 7; = 0 if unit i is in the
control group. The number of units in the control group and the
treated group are Ny and Ny, respectively. We observe an outcome
Y; and a set of covariates X; = [Xj1, X2, -+ , X;q] " for each unit i,
where d is the dimension of covariates. Assuming the Stable Unit
Treatment Value Assumption (SUTVA) [40], the potential outcome
{YI.(O), Yl.(l)} does not depend on the treatment assignment of other
units, i.e., no network effects. Then the observed outcome can be
expressed as ¥; = T; Y(l) +(1- T)Y(O)

The treatment effect of each unit is defined as 7; = Y(l) Y(O)
In this paper we focus on Population Average Treatment Effect on
the Treated (PATT) estimation,

wart = Bln|T = 1] =E[Y V[T = 1] -E[YV|T; = 1], (1)

The first expectation can be simply estimated as the sample mean
of outcome in the treated group. The second term describes unob-
served counterfactual and needs to be estimated using data from
the control group. In a randomized controlled trial, the treatment
groups are randomly sampled from a population, therefore we can
use the sample mean of outcome in the control group to estimate
the second term because E[Yi(o) |T; =1] = E[Yi(o) |T; = 0]. However
in observational studies, where the treatment assignment is not
random, selection into treatment and the outcome may both relate
to confounding factors, causing the two expectations unequal. In
order to correct the selection bias caused by confounders, we adopt
the assumptions of strong ignorability and overlap from [36].

Assumption 1 (strong ignorability): (YO, y(y 1 T|x. 1t
implies that there are no unobserved confounders.

Assumption 2 (overlap): 0 < P(T = 1|X) < 1. It states that
every unit has positive possibility of receiving each treatment con-
dition.
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2.2 Weighting Methods: Modeling Approach VS
Balancing Approach

Originated from inverse probability weighting (IPW), weighting
methods attempt to find weight for each unit such that the im-
balance among observed covariates are adjusted. For the PATT
estimation, only units in the control group need to be assigned with
weights. The weighting estimator is calculated as:

_ 1
TPATT lezl N Y T; wiYi, @
where w; is the weight for unit i and the sum of weights satisfy
ZTi:O w; = 1, Np is the number of treated units.

There are two general approaches to calculate the weights. The
modeling approach estimates the weights by modeling the prob-
abilities of receiving treatment. The balancing approach directly
minimizes covariate imbalance and the dispersion of weights.

2.2.1 Modeling Approach.

The modeling approach is built upon the propensity score [36],
defined as the probability of treatment assignment conditional on
observed covariates. In observational studies, this quantity is un-
known and need to be estimated by fitting a selection model on the
observed data.

There are many ways to fit a propensity score model. The most
popular one is logistic regression. Propensity score model can also
be based on non-linear or non-parametric methods including regu-
larized logistic regression, random forest, boosted regression, sup-
port vector machines, neural networks, multivariate adaptive re-
gression splines, etc.

To estimate the PATT, the weight in IPW method is

GPW _ _ éX)( - é(Xi))!

! Y120 €(X) (1= é(Xp) ™V
where é(Xj;) is the estimated probability of receiving treatment.
When the propensity scores are estimated consistently, the IPW
estimator is also consistent.

One way to improve IPW estimator is by combining the propen-
sity score model with an outcome model to achieve doubly ro-
bustness (DR). This doubly robust procedure produces consistent
estimates if either of the two models are correctly specified [34]. A
DR estimator can be constructed in numerous ways [26]. A mod-
ified form of regression estimation with residual bias correction
employed by [49] is

©)

S ) A A
art = D, (= 00) = 2w (=g (X) (@)
T;i=1 T;=0

where ¢j is an outcome model based on the data in the control
group.

There are several limitations of the modeling approach. First,
when the propensity score model is correctly specified, the IPW
weights only balance covariates in expectation but not in finite sam-
ple. In any particular finite sample, it could be difficult to balance
covariates. Second, balance check is necessary for the modeling
approach. If covariates remain imbalanced between the treatment
groups after IPW adjustment, we need to modify the propensity
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score model to achieve satisfactory balance. This adjustment proce-
dure involves in model selection and hyperparameter tuning. With
big data, it could be very expensive to look for the model to achieve
the best balance. Because of the first limitation, the model achieves
the best balance in a finite sample is not necessarily the correctly
specified model or the model with the smallest bias (see discussion
in Section 4.3). It means the expensive model selection and tuning
process does not guarantee satisfactory performance. The doubly
robust IPW estimator in Equation 4 has much better performance
than the IPW estimator in our simulated data. However, when we
have a large number of outcome variables, we need to model them
separately. The doubly robust IPW method could be expensive in
big data with a large number of outcome variables.

2.2.2 Balancing Approach.

The balancing approach has been proposed to overcome the limi-
tations of the modeling approach. This approach directly balance
the covariates without explicitly modeling the probability of treat-
ment. Entropy Balancing (EB) [14] is a groundbreaking method
that minimize the Kullback-Leibler divergence between estimated
weights and base weight. Usually the base weights are set to uni-
form weights and can be omitted from the objective function. The
EB weights are calculated by solving the following optimization
problem

min Z wi log(w;)
T,=0
1
s.t. Z wicj(X;) = — Z ¢j(X;) Vj,
T;=0 N Ti=1 ®)

1
T;=0

w; > 0 Vi,

where functions cj are moment functions of the covariates. Substi-
tuting the solution of the above optimization problem into Equation
2, the EB estimator of PATT is

ThATT = Z Nilyi - Z wi Y. (6)
Ti=1 T,=0

By enforcing covariate balancing constraint, EB implicitly fits a
linear regression model. The EB estimator is proved to be doubly
robust and achieves the efficiency bound [49]. This indicates that if
either the true propensity score model or outcome model are linear,
the PATT is consistently estimated. Simulation results in Section 4
shows that EB has much better performance in balance and bias
than IPW and similar performance to doubly robust IPW.

There are several extensions based on EB. Instead of the K-L
divergence, the objective function of the minimization problem
can also be other forms, including empirical balancing calibration
weights with D(wj, 1) [8],! the stable balancing weights which
limits the possibility of extreme weights with (w; — 1/r)? [50],
and a special case of stable balancing weights, MicroSynth with
%(wi —1)? [33]. If the constraints in the optimization problem 5
hold, these extensions are also doubly robust [49].

'D(x, xp) is a distance measure for a fixed xo € R that is continuously differentiable
in xo € R, nonnegative and strictly convex in x.
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Another popular method of balancing approach is covariate bal-
ancing propensity score (CBPS) [24]. In contrast to EB and its exten-
sions, CBPS explicitly fits the propensity score model with balanc-
ing weights. This method is a combination of modeling approach
and balancing approach. However, our simulation shows CBPS
may not achieve satisfactory balance. It leaves the estimated PATT
susceptible to bias.

It is noteworthy to mention that the balancing approach does not
limit to estimate PATT. Some recent studies extend this framework
to estimate the Average Treatment Effect (ATE) [11, 25].

More advanced methods of balancing approach emerged recently.
Kernel balancing [17] makes the estimated multivariate density
of covariates approximately the same for the treated and control
groups by balancing the kernel matrix instead of original covariates .
Energy balancing [21] aims to balance the distribution of covariates.
However, these methods are much more computationally expensive
than EB and its extensions therefore pose a practical limit of sample
size and dimensions.

3 BALANCING APPROACH AT SCALE

Our main objective in this paper is to provide a scalable solution
for balancing approaches such as EB and MicroSynth. The convex
optimization problem in balancing approaches can be summarised
in Equation 5 with different forms of loss function. The original
paper of EB [14] and the implementation [16] suggest solving the
optimization problem by Newton method with a line search on the
Lagrange dual problem. Newton methods require calculations of the
inverse of the Hessian matrix for the parameter update direction.
However the inverse matrix calculation can be computationally
expensive in high dimensional settings. Similar computational con-
cerns arise for MicroSynth, where the objective function is a square
loss and the optimization problem becomes a high dimensional qua-
dratic programming with both equality and inequality constraints.
We aim to provide a solution that scales linearly with number of
units and utilize distributed computing framework such as Spark
or Hadoop.

3.1 Entropy Balancing

For notation simplicity, we consider the first moment function
¢j(Xi) = X; in the following sections, the results can be applied
for higher moments as well. In order to solve the EB optimization
problem, we apply Lagrange multipliers € € R< to obtain the primal
problem:

min{LEB = Z Wi IOg(Wi)+§T(Z wiXi —?2)+§0(Z wi = 1)},
=0 =0 120
()

where X = N% ZT,»:I X; is the treatment mean of covariates, & is
the Lagrange multiplier on the normalization constraint. Solving
oLEB /ow; = 0 yields solution of w;:

exp(-£7X:)
21=0 exp(—§TX;)
Notice that this expression automatically satisfy the non-negative
condition of w; > 0. Given w;, the Lagrange dual problem is

®

Wi =wi(€) =
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min {L(f) = log( > eXp(—fTXi)) + §T>2}. ©)
£eRd 720
Considering the case where the data size is large and cannot be
fitted into one single machine, we seek for distributed methods to
solve the optimization problem in Equation 9. While implementing
large scale distributed L-BFGS solver remains an option for us, we
utilize gradient descent solver for its simplicity and computation
efficiency. The gradient of the dual problem can be expressed as

oL exp(—£€7X;) ~
Zox- Y R AT X - Y wi6)X
% X L S en e 2 wil6% 09

At each updating step of gradient descent, we first compute the
weights w; (&) using MapReduce, the gradient can then be calcu-
lated by a second MapReduce step. In practice, momentum [31]
is used to accelerate the convergence rate. Once £ is solved from
the dual problem, the final weights in Equation 8 can be easily
calculated using MapReduce. We present DistEB in Algorithm 1.

Algorithm 1 Distributed Entropy Balancing (DistEB)

1: Randomly initialize £(%) « N/(0,1,), initialize learning rate
a « 0.01, 8 < 0.9.
2: fork=1,...,Kdo > K: the number of iterations
3 Distributed compute weights wi(£=1)) defined in Equa-
tion 8. > MapReduce
3£/3§(k_1) = )2 — ZT,—:O wij (f(k_l))Xi
o0 — _gor/ogk-1) +fx o(k=1)

ol

> MapReduce

5: > Momentum step

6: §(k) — §(k_l) +o0) > Gradient descent

7: end for

8: Compute final weights w?B = w; (£(5)) for all control users. >
MapReduce

We iterate through the whole data set twice at each updating
step, the overall time complexity is O(NdK), where N is number
of control units, d is the dimensions of balancing covariates, and K
is the number of iterations. DistEB is implemented using PySpark.

3.2 MicroSynth

MicroSynth differs from EB in the sense that it adopts a truncated
square loss, so the solution would typically be found at the cor-
ner of the constraint set and lead to sparse weights. Besides, Mi-
croSynth prevents outlying weights by punishing more on large
weights than EB [33]. The optimization problem of MicroSynth is
much more challenging than EB because it involves constraints
that prevent negative weight. For simplicity, we add a constant into
covariate vector Xi’ = [1, Xi1, Xi2, - - - » Xijq] T, and the correspond-
ing treatment mean X' = NLI 2=t Xl.’. Let A = [Xl’,Xé, o ,XJ’VO]
be a matrix of covariates for all users in the control group and
w=[wy,we,- -, wNO]-r be the vector of weights, then the equality
constraints in Equation 5 can be expressed as Aw = X’. We apply
Lagrange multipliers & € R%*! like in EB and the primal problem is

mm{LMimsynth = %Hw — 13 +¢e(w) + & (Aw —X')}, (11)
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where i/ (w) = co if any w; < 0 and 0 otherwise. This is a high di-
mensional quadratic programming problem with both equality and
inequality constraints. The number of parameters can be at scale
of hundreds of millions, and it is infeasible to scale up traditional
solvers such as interior point, projected gradient methods, active set,
etc. We have found that dual ascent method is well suited for large
scale distributed convex optimization problems. Another option
that we have considered is Augmented Lagrangian methods like
ADMM [6], however we find that dual ascent is computationally
more efficient.

The dual ascent method works in an iterative fashion. At each it-
eration we use gradient ascent to update the Lagrange dual variable,
the optimal primal variable can then be recovered by minimizing
the primal problem. The dual ascent method utilizes the fact that
the Lagrange dual problem is always concave, unconstrained, and
relatively low dimensional, so we are able to use gradient based
methods in a distributed manner to solve the dual problem. Let
flw) = %Hw -1 |§ + /4 (w), the dual problem of Equation 11 is

mgx { ila’f £MicroSynth — _f*(—AT &) - )Z’Tf}, (12)

where f* is the convex conjugate of f. Because f(w) is strictly con-
vex, f* is differentiable. Using properties of conjugates, the deriva-

tive of Equation 12 is Aw* —X’ wherew® = argmin, LMicroSynthq, )

Therefore the dual ascent method starts with an initial £ (©) and
updates wh), 3 (k) alternatively for K iterations:

wlk+l) = argmin {%Hw _ 1”§ + 1y (w) + g(k)T(Aw - X’)}) (13)
w

g(k+1) _ g(k) +a(k)(Aw(k+1) - X). (14)

By calculus and projection, the problem in Equation 13 has a close-
form solution:

S _ [ 1=XTER i 1-xTe® >0
t 0, otherwise.

(15)

Notice that this solution can be easily calculated using MapReduce
because the weight w; only depends on the covariates of user i.
In practice we add momentum in the dual gradient ascent step to
speed up the convergence. The full detail of DistMS is described in
Algorithm 2.

Similar to DistEB, DistMS loops through the whole data set twice
in each iteration and the overall time complexity is O(NdK).

3.3 Comparison with other implementations

Our implementations exploit the Lagrange dual problem like most
of the existing implementations of balancing approaches. The dif-
ference lies in the way we solve the dual problem. ebal uses a
Levenberg-Marquardt scheme to iteratively solve the problem [15].
The drawback is that it requires calculation of the Hessian matrix,
which is infeasible under high dimensional settings. EC directly uses
scipy.optimize. fsolve to solve the dual problem [44]. Under the
hood, scipy.optimize.fsolve calculates the Jacobian matrix by
a forward-difference approximation, then uses a modified Powell
method to iteratively find the solution. This approach is faster than
the Hessian matrix calculation. Our method is even faster in the
sense that the gradient of the dual variable is directly computed
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Algorithm 2 Distributed MicroSynth (DistMS)

1: Initialize & (0) 0, momentum 00 0, learning rate o =
0.01, 0 =1.
2: fork=1,...,K do > K: the number of iterations
WO { 1-x7 k=0 if 1 - xT ek > 9
l 0, otherwise.
Distributed compute weights using Map
4 ok — k=1 4 g (AwR) — X")
MapReduce is used to compute Aw()

ﬁ(k) - 1+\/1+4(2ﬁ(ﬁ))2

6 gl k) 4 (&)(v(k) —o*-1) > Momentum

>

> Dual ascent step,

> Increase the 2nd learning rate

B
step
7: end for )
8: Compute final weights w?/hcmsynth = wi(K) for all control users.
> MapReduce

from the data instead of a forward-difference step with a lot of extra
function evaluations. Besides, our method is easier to implement
in a distributed fashion. We compare the scalability of our algo-
rithms with other implementations and find that our algorithms
are faster than the existing in-memory implementations of EB and
MicroSynth, and competitive with mathematically simpler methods
such as IPW. The detailed results are described in Section 4.5.

3.4 Distributed vs in-memory

Although our main focus is to design distributed algorithms for EB
and MicroSynth, the algorithms can also be used serially and im-
plemented in-memory. We implement in-memory version of both
DistEB and DistMS in Python, utilizing NumPy’s fast vectorized
operations. When the data set is small and fits into a single-node ma-
chine, the in-memory version is very efficient because in-memory
operations are much faster at different orders of magnitude than
data shuffling between machines. However, machines with Ter-
abytes of memories are not always available, in which case we need
to distribute the workload on a cluster of workers. Moreover, when
the data size is large, loading data into memory will be slow and
take up a large portion of the total running time. We provide critical
code snippets and other details for both the in-memory and Spark
implementation of EB and MicroSynth in supplementary materials
(Section C).

4 EVALUATION

4.1 Data Generating Process

We use Monte Carlo simulations to evaluate the performance of
different weighting methods on semi-synthetic data. We compare
DistEB with DistMS, IPW based on logistic regression,> CBPS,? and

2QOther IPW procedures, such as machine-learning based approach like boosted regres-
sions [29] can also be applied to calculate the propensity score. However, with model
selection and hyper-parameter tuning, these machine-learning based approach could
be very expensive in big data. Therefore, we do not discuss the performance of these
methods.

3We use Meta’s python package balance to implement CBPS. We focus on over-
identified parametric CBPS which simultaneously fits a propensity score model and
generates balancing weights. There is also a just-identified version of CBPS which only
generates balancing weights without maximizing the treatment selection prediction.
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the combination of these methods and a doubly robust (DR) process
in Equation 4 by fitting the outcome variables with simple Ordinary
Least Square regressions. To make the data generating process
as realistic as possible, instead of using fully simulated data with
normal distribution, we base our simulations on semi-synthetic
data so that our simulations reflect 9-week real user data on the
Snapchat platform. We define week 1 to week 8 as pretreatment
period and week 9 as post-treatment period.

We simulate data with 487 baseline covariates. It includes 456
continuous covariates which represents weekly user engagement
of 57 major engagement metrics from week 1 to week 8. Many of
the user engagement metrics are skewed and similar to the zero-
inflated negative binomial distribution. We also have 31 binary
covariates which refer to major user attributes in week 8. We use
three representative user engagement metrics: active day, app open,
time spent in week 9 as the outcome variables. The self-selected
treatment assignment metric is users’ OS types. Users are in the
treated group if OS type is iOS and control group if OS type is
Android.

We assume that all 487 covariates could influence treatment as-
signment and outcome variables. We focus on three specifications
of outcome models g; and selection model f linear model, linear
model with interactions, and random forest model. The detailed
data generating steps are in supplementary materials (Algorithm 3).
In the linear specification of outcome models and selection model,
we achieve the correct specification. No regularization parameter
is added to the IPW method to prevent misspecification bias in this
specification. In the other two specifications, we would have mis-
specification problems by applying DistEB, DistMS, IPW and CBPS
and only including first moment. We tune regularizaion parameter
to achieve the best covariate balance (see supplementary materials
Section D for details). Hyperparameter tuning improves the per-
formance of IPW in these two specifications. The purpose is to
compare the performance of several weighting methods when both
treatment selection model and outcome models are misspecified,
since we never know the correct model in real-world practice.

We evaluate the performance of each method in three different
sample size: 10K, 100K, and 1 Million to show the performance gain
as sample size increases. We generate 100 datasets for each sample
size by random sampling.

4.2 Meta Metrics Evaluation

We compare different methods and sample sizes in bias, variance,
balance, and weight stability.
We measure the bias of each outcome variable Y; by Absolute

Mean Bias: AMB; = 1(1)—0| 2;2‘1 5]\-3—5j|,wheregj\s =

Tjs,PATT

Since different outcome variables vary in magnitude, instead of
PATT, we focus on the percentage difference between the treated
group and the re-weighted control group. The ground truth percent-
age change §; is always 0 since we do not introduce any additional
treatment effect. .
We measure the variance by Standard Deviation: SD; = sd(Jjs).
It is noteworthy that another popular evaluation meta metric Root

We also apply this method in simulation and find the results are very similar to the
over-identified CBPS. We do not implement non-parametric CBPS which involves in
very intensive calculation.

Yjs T;=1—Tjs,PATT

Sicheng Lin et al.

Mean Square Error (RMSE) can be decomposed to bias and variance
as: RMSE? = AMB; + SD?, We do not report it separately.

We can further understand bias and variance by covariate bal-
ance. Balance means similarity between the treated group and the
synthetic control group in pretreatment covariates. We use sev-
eral popular balance metrics for weighting methods in literature
([13, 22]) as follows: standardized mean difference (SMD), variance
Ratio (VR), Overlapping coefficient (OVL), Mahalanobis Balance (MB),
and Kolmogorov-Smirnov distance (KS). The detailed definition of
these metrics are in supplementary materials (Section B). We sum-
marize the average balance across all dimensions. Among these
balance metrics, SMD of original metrics (X;) and MB measure the
balance at mean. SMD of quadratic terms (Xj?), SMD of interaction
terms (X;Xj), and VR measure the balance at second moments.
OVL and KS measure the balance at the whole distribution.

Another diagnostic metric group is weight stability. Low stability
or high variability in weights often means a few units receive very
large weights. It leads to an unstable PATT estimator. Follow [9],
we focus on the following meta metrics for weight stability mea-
surement: Standard Deviation of Normalized Weights (SD), extremity
of weights (measured by the maximum (MAX) and 99th percentile
(P99) of weights), and Effective Sample Size (ESS). The detailed def-
inition of these metrics are in supplementary materials (Section
B). A low level of ESS indicates the presence of a few units with
extreme weights. Therefore, higher value of this metric indicates
better weight stability. In our simulation we use ESS divided by the
total number of units in the control group to report the ratio of EES.
This ratio can be used as a standalone diagnostic in practice [9].

4.3 Bias, Variance, Balance, Weight Stability in
Different Data Generating Processes

We evaluate the performance of different weighting methods across
three data generation scenarios, with a sample size of 100K as the
primary focus. Figure 1 shows that no matter in correctly specified
model (Linear) or incorrectly specified models (Linear with Interac-
tion and Random Forest), DistEB and DistMS always have much
smaller bias and smaller or similar variance than IPW and CBPS.
When both selection and outcome models are misspecfied, DistEB
and DistMS still have very small bias. It means by achieving covari-
ate balancing, results are robust to misspecification. In real world,
we always have more or less misspecification problems since we
never know the ground truth data generating process. DistEB and
DistMS have similar performance in bias and variance to IPW+DR
and CBPS+DR. DistMS has slightly smaller variance than DistEB
in all cases. DR significantly reduces the bias and variance of IPW
and CBPS, but fails to enhance the performance of DistEB and
DistMS. It aligns with the theory that EB and MicroSynth are im-
plicitly doubly robust [49]. CBPS has worse bias but better variance
than IPW in our data. It is consistent with other literature that in
both correctly specified models and incorrectly specified models,
compared to IPW, CBPS could have worse performance in bias but
better performance in variance [49].

The good performance of DistEB and DistMS can be attributed
to their ability to balance covariates. It is noteworthy that we do
not include higher-order moments in calculating the weights. The
two balancing methods not only have good performance at mean,
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but also have good performance at second moment and the whole
distribution. In every instance, the balance of DistEB and DistMS
surpasses the recommended threshold according to literature. IPW
frequently falls below the threshold. Our simulations reveal that
even a small imbalance can result in substantial bias. DistEB and
DistMS can mitigate bias by enhancing balance, while CBPS aims
to enhance balance, but fails to do so in our data.

The stability of the PATT estimator is related to weight stability.
We find that even though CBPS has bad performance in bias and
balance, it is the one has the best weight stability. Theoretically, EB
is more likely to produce extreme weights than MicroSynth [33].
Our simulations confirms this statement. The performance of IPW
is volatile in different simulations and is worse than DistMS and
CBPS.

It’s important to note that the IPW method is costly for both
model selection and hyperparameter tuning, and does not guarantee
the selection of a model with the lowest bias in both expectation
and specific finite samples. The reason is that when the propensity
score model is correctly specified, IPW only balances covariates
and achieves no bias in expectations but not in any particular finite
sample. Our findings show that when the data generation process
is linear, tuning hyperparameters for optimal covariate balance in
each simulation does not select the correctly specified model or the
model with the lowest bias.

4.4 Bias, Variance, Balance, Weight Stability by
Sample Size

We evaluate the performance of various methods across three sam-
ple sizes: 10K, 100K, and 1 Million, with a focus on data generated
by the random forest method. Figure 2 shows that bias and balance
greatly improve from 10K to 100K but are quite similar in most
cases if we compare 100K and 1 Million. Variance and some weight
stability metrics always decreases as sample size increases. It means
large sample size is necessary for us to get stable estimators and
detect small change.

4.5 Running Time and Scalability

We evaluate the in-memory and distributed version of DistEB and
DistMS on Google Cloud Platform general purpose machines, de-
tails can be found in supplementary materials.

We first evaluate the in-memory version on a single-node ma-
chine and compare the performance of our method with existing
open source packages including EB and MicroSynth by Google’s
EC package [44], CBPS by Meta’s balance package, and IPW at
different scales of data points (10K, 100K, 1Million). As shown in
Table 1, compared to the existing packages of EB and MicroSynth,
our in-memory version has similar or better performance in terms
of running time. In general, MicroSynth outperforms EB because of
faster convergence, thus requires fewer iterations. Both MicroSynth
and EB significantly outperforms CBPS. IPW with L2 regularization
has similar performance to MicroSynth. However, to achive the
best performance, IPW requires parameter tuning, which is not
included in the running time.

4We put the recommended threshold in literature in the supplementary materials. See
Section B for details.
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Figure 1: Comparison of weighting methods in bias, variance,
balance, and weight stability in three data generating pro-
cesses (DGP). Each DGP creates 100 simulations with sample
size as 100,000. DistEB and DistMS consistently outperform
IPW and CBPS. The upper-left panel shows the comparison
in bias measured by absolute mean bias across all simulations.
The upper-right panel shows variance measured by standard
deviation. The lower-left and lower-right panel show bal-
ance measured by seven balance metrics and weight stability
measured by four metrics, respectively. The dotted line is
1% for absolute mean bias and standard deviation and rec-
ommended threshold in literature for balance. Y-axis is sqrt
transformed for better visualization.

Table 1: Running Time in minutes on a Single-node Machine

Data Size
10K 100K  1Million
DistEB (this work) 0.248  1.375 5.597
EB (EC) 2.259  6.066 124.317

DistMS (this work)  0.05  0.142 0.995
MicroSynth (EC)  2.342  0.125 0.99
CBPS 6.411 44.628 433

PwW 0.015 0.213 0.783

For the distributed version of DistMS, we run the algorithm on a
10 Million dataset over clusters with different number of workers
to demonstrate the scalability. As shown in Figure 3, running time
decreases as the number of workers increases, and stabilizes as the
number of parallel tasks in Spark gets closer to the number of file
partitions. Distributed computing also avoids the long data loading
time on a single machine.
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Figure 2: Comparison of weighting methods in bias, variance,
balance, and weight stability for three sample sizes. With
larger sample sizes, all methods performs better. The upper
and the middle panel show the comparison in bias and vari-
ance, respectively. The lower-left and the lower-right panel
show balance measured by seven balance metrics and the
weight stability measured by four metrics, respectively. For
each sample size, the results are derived using 100 simula-
tions with data generating process as random forest. The
dotted line is 1% for absolute mean bias and standard devia-
tion and the recommended threshold in literature for balance.
Y-axis is sqrt transformed for better visualization. We do not
calculate Mean (SMD interaction) for 1Million sample size
because the computation is expensive.

5 APPLICATIONS AT SNAP INC.

At Snap Inc., We combine the balancing approaches and the syn-
thetic control framework with multiple treated units [1] and design
an end-to-end workflow for observational study analysis, as shown
in Figure 4. With the synthetic control framework, we balance the
pretreatment time-series of multiple engagement metrics and user
attributes to mitigate the bias caused by unmeasured confounders
[2]. We construct a synthetic control unit with millions of users
in the control donor pool. The synthetic control unit serves as the
counterfactual of the treated units. Considering the performance in

Running Time of DistMS in Spark
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Figure 3: Running Time of DistMS in Spark on a 10 Million
dataset

variance, weight stability, and running time, DistMS outperforms
DistEB. We productionize DistMS in the workflow. Our tool takes
the user identifiers in the treated group, control donor pool and
the treatment start date as inputs, then uses DistMS to generate a
set of weights for users in the control donor pool. The re-weighted
control group is directly comparable with the treated group. In
the end, we provide a summary report containing the cumulative
differences and time series. Following the best practices of the syn-
thetic control method [1], we run balance check on all balancing
variables including pretreatment user engagement metrics and user
attributes such as country, age, gender etc, which is analogical to
the concept of sample ratio mismatch [12] from A/B testing. We
leave one week out of matching period as the validation period,
which mimics the AA period in A/B testing. Confidence intervals
are calculated using bootstrap method. Users in familiarity with
traditional A/B testing platform can easily interpret the results of
observational studies, given the similarity between the reporting
interfaces, as demonstrated in Figure 5 and Figure 6.

This end-to-end workflow has been applied to many cases at
Snap Inc. Engineers can use the tool to analyze the impact on user
engagement of some events or incidents that happen naturally, such
as network errors that only happen in a certain area. Data scientists
can also design quasi-experiments, such as launching a market-
ing campaign for Snapchat in a college and measuring the impact
with synthetic control. Moreover, in randomized experiments, app
performance metrics such as app open latency could suffer from
self-selection biases, because the metric is only reported when users
open the app, as pointed out in [47]. Balancing approaches can be
directly applied to mitigate the biases by adjusting for relevant co-
variates. Other companies also face these scenarios and can apply
this system to their analysis.

6 DISCUSSION

The validity of the end-to-end system relies on certain assumptions.

Firstly, similar to most causal inference methods with observa-
tional data, we assume no unmeasured confounders and overlap.
With larger datasets, we can balance numerous confounders, miti-
gating biases caused by unmeasured confounders. In practice, we
focus on pre-treatment time-series of key engagement metrics and
user attributes, balancing only the first moment by default. In some
cases, balancing more pre-treatment covariates can help reduce bias
caused by unobserved confounders. The validation period before
treatment allows us to check for strong evidence of unobserved
confounders.
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Figure 5: Summary Report
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Figure 6: Time Series Report: We have 12 pretreatment weeks, 1 validation week, and 7 post-treatment weeks in this example.
The red dotted line separates pretreatment period and validation period. The red dashed line separates validation period and

post-treatment period.

Secondly, we have the assumption of synthetic control frame-
work. This assumption asserts that a good pre-treatment fit acts as a
proxy for a good accounting of all observed and unobserved factors.
Matching pre-intervention outcome time series helps control for
heterogeneous responses to multiple unobserved factors. With this
assumption, only unobserved confounders in the post-treatment
period, which cannot be accurately predicted by pre-treatment
information, can bias our results.

Lastly, our system relies on the data generating assumption un-
derlying the balancing approach. This assumption requires a linear
true data generating process for either the selection model or the
outcome model. We find that this assumption can be loosen in prac-
tice. Our simulations demonstrate that even when the true data
generating process is nonlinear, our system still provides estimates
with smaller bias compared to other weighting methods. Neverthe-
less, including higher moments may be helpful in reducing misspec-
ification bias in certain cases [20]. Incorporating a large number of
balancing covariates and moments poses two challenges. Firstly,
finding a solution that balances all covariates and moments becomes

more difficult as more constraints are added to the optimization pro-
cedure. Secondly, including many balancing constraints increases
computational costs. Therefore, applying feature selection or di-
mension reduction methods before the balance procedure can be
helpful, and this aspect remains open for future improvement.

In summary, our findings demonstrate that the balancing ap-
proach, which directly balances confounders, outperforms the mod-
eling approach by producing a causal effect estimator with low
bias and variance. This approach is also more efficient, as it does
not require modeling multiple outcome variables and adjusting
hyperparameters, resulting in a doubly robust solution with low
computational cost. A large sample size also reduces estimation vari-
ance. To further improve the solution, we propose scalable solvers
that have faster in-memory computation than existing solvers and
can be easily integrated with distributed computing frameworks.
Our application combines the balancing approach with a synthetic
control framework to address unmeasured confounders. This end-
to-end workflow is successfully implemented at Snap Inc. to esti-
mate causal effects using large-scale observational data.
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A DETAILS ON DATA SIMULATION
A.1 Steps to Generate Semi-Synthetic Data

Algorithm 3 Simulate Semi-Synthetic Data

1: Randomly select 2N (N = 10Million) users from the whole
population and split them equally into a training and testing
dataset.

2: With the training dataset, train a regression model 7;(X;) to

predict the outcome metric Y;;, a classification model ]? (X;) to
predict the treatment assignment.

3: Simulate outcome metrics: generate predicted outcome f/; =
g;(X;) + €ij, where €j; is sampled with replacement from the
fitted errors of the first N used for training.

4: Simulate treatment assignment: Generate propensities
Prob(T; = 1) = ]?(Xi) for each user. Assign each of the
last N user into treatment or control by their predicted
treatment status, which is determined by a Bernoulli(p) with

p =Prob(T; = 1) = f(X;).

A.2 Specification Details
A.2.1  Specification 1. Linear Model.
e Outcome models are fitted with linear regression, with 487
covariates.
e Treatment selection model is fitted with binary logistic re-
gression, with 487 covariates.

A.2.2  Specification 2. Linear Model with Interactions. We interact
one user attribute, which is user persona, with all other covariates.
The new feature set contains 1458 covariates.
e Outcome models are fitted with linear regression, with 1458
covariates.
e Treatment selection model is fitted with binary logistic re-
gression, with 1458 covariates.

A.2.3  Specification 3. Random Forest.
e Outcome models are fitted with RandomForestRegressor on
487 covariates. Number of Trees is 10. Max Depth is 10.
o Treatment selection model is fitted with RandomForestClas-
sifier on 487 covariates. Number of Trees is 10. Max Depth
is 15.
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B DETAILS OF BALANCE AND WEIGHT
STABILITY METRICS

The standardized mean difference (SMD): SMDy; = [Adl

J(s34su2) 2
where A is the difference in means of covariate d between treated
group and the re-weighted control group, s(zi1 is the sample variance
of X in the treated group, 3%2 is the weighted sample variance
of X; in the re-weighted control group. To summarize the perfor-
mance of all dimensions, we further calculate SMD ¢ir5¢ moment>

SMDsquare, and SMDinteraction to represent the mean SMD of all
covariates, all quadratic terms of the continuous variables, and all
possible interaction terms. Even though we do not add quadratic
and interaction terms in the weighting process, we are interested in
the balance performance of different methods in these terms. Most
researchers consider balance to be achieved when SMD is below
0.1. It is an arbitrary threshold.

The Mahalanobis balance (MB): MB = ()Tl—X_g“’)/ -1 (Z—W),
where )71 is the vector of covariate means in the treated group,

X_(;“’) is the vector of weighted covariate means in the re-weighted
control group, and 3, 7! is the sample variance-covariance matrix
of covariates. A Mahalanobis Distance of 1 or lower shows that the
point is right among the benchmark points.’

w2
The variance Ratio(VR): VR; = ss%. Closer values to 1 indicate

better balance in the second central Iflloment. To make it comparable
with other balance metrics, we generally consider |[1-VRy|. To sum-
marize the performance of all dimensions, we calculate |1 — VRy|
which is the mean of |1 — VRy| across all dimensions. For good
balance, the variance ratio should be between 0.5 and 2 [39, 43]. In
our simulations, we use 0.5 for |1 — VRy]|.

The Overlapping coefficient (OVL) is the proportion of overlap in
the covariate distributions between two groups. It is calculated by
finding the area under the minimum of both curves.

The OVL value is always between 0 and 1. Closer to 1 means
better balance. To make it comparable with other metrics, we focus
on 1-OVL. We have 1-OV L for each dimension. To summarize the
performance of all dimensions, we calculate 1 — OVL; which is the
mean of 1 — OV L, across all dimensions. There is no recommended
threshold in literature. We use 0.1 for 1 — OVL,.

The Kolmogorov-Smirnov distance (KS) is the maximum vertical
distance between two cumulative distributions. Some literature use
0.1 as the balance threshold for KS [28].

The Standard Deviation of Normalized Weights (SD): SD = sd(wio)
with )} (wjp) = 1. It is the moment-based measures of variability.
Lower value indicates better weight stability.

The extremity of weights: measured by the maximum (MAX)
and 99th percentile (P99) of weights. Lower value indicates better
weight stability.

The Effective Sample Size (ESS): ESS = (Zz—v:’)‘j)z Higher value
i0

indicates better weight stability.

C FURTHER DETAILS ON EXPERIMENTS

We provide critical code snippets for both the in-memory and Spark
implementation of EB and MicroSynth here: https://gist.github.com/
xizzzz/02caadbaf760510e267cc1fa9d3a7971

Shttps://www.theinformationlab.co.uk/2017/05/26/mahalanobis-distance/
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C.0.1 Learning Rate. We initialize learning rate with 0.01, and add
decay if oscillation is detected.

C.0.2 Stopping Condition. Heuristically we choose a threshold that
makes our model achieve desirable performance as the stopping
condition. We used the difference between the sum of the weights
and the target below 1 x 1074,

C.0.3 Training Machine Types. We use Google Cloud Platform
general purpose machines for the experiments.® Different machine

types are chosen to fit the computation needs of each data scale.

Image version is 2.0.29-debian10. We list the machine types in the
following table. Data scale represents the number of rows in each
data set.

Sicheng Lin et al.

H Data Scale ~ Machine Type Memory (GB) H
10K nl-standard-8 30
100K nl-standard-16 60
M n2-highmem-32 256
10M e2-highmem-8 64 * number of workers

D IPW HYPERPARAMETER TUNING

In Section 4 we use grid search to tune hyperparameters of lo-
gistic regression in the IPW method. We tune 3 hyperparameters:
number of folds in cross-fitting k € {0, 3,5}, regularization pa-
rameter C € {0.0001,0.0003,0.001,0.003,0.01,0.03}, and 11_ratio
1 €{0,0.25,0.5,0.75, 1}. For each simulation setting, the best hyper-
parameter is chosen with the lowest standardized mean difference.

®https://cloud.google.com/compute/docs/general-purpose-machines
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