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ABSTRACT
In this study, we evaluate causal inference estimators for online
controlled bipartite graph experiments in a real marketplace set-
ting. Our novel contribution is constructing a bipartite graph using
in-experiment data, rather than relying on prior knowledge or his-
torical data, the common approach in the literature published to
date. We build the bipartite graph from various interactions be-
tween buyers and sellers in the marketplace, establishing a novel
research direction at the intersection of bipartite experiments and
mediation analysis. This approach is crucial for modern market-
places aiming to evaluate seller-side causal effects in buyer-side
experiments, or vice versa. We demonstrate our method using his-
torical buyer-side experiments conducted at Vinted, the largest
second-hand marketplace in Europe with over 80M users.
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1 INTRODUCTION
Technology companies have adopted experimentation, as the pri-
mary method for software and product development. For instance,
Microsoft’s Bing team conducts over 10,000 experiments annually
[13, 6, 5]. This large-scale adoption necessitates the implementa-
tion of automated experiment analysis platforms that integrate
scientific rigour with engineering efficiency to estimate treatment
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effects accurately, such as changes to user interface elements or
recommendation algorithms [8, 19, 3].

In social networks and marketplaces experiment designs extend
beyond simple randomised control trials [19, 4, 15, 1, 7, 11], where
the response of any experiment unit (user) under treatment is de-
pendent on the response of another unit under treatment. This is
known as violation of the Stable Unit Treatment Value Assumption
(SUTVA) or interference [10]. In two sided marketplaces the level
of interference depends on the supply and demand dynamics [12,
14].

An engineering team in a marketplace setting, may want to
run a buy side experiment, yet want to know the causal effect on
the sell side. For instance, they might test a feature to increase
buyer engagement and wish to quantify whether this intervention
positively impacts seller outcomes without causing adverse affects.
This scenario fits well within a bipartite experiment framework,
where we assign treatments to one set of units (buyers) and measure
outcomes for another set of units (sellers). The two sets of units are
connected by a bipartite graph, governing how the treated units
can affect the outcome units.

Bipartite experiment analysis methods published to date, have
only considered graphs based on pre-experimental data. In contrast,
in this work we use graphs constructed using in-experiment data
using various interaction events. We test various inference methods
proposed to date, and propose new inference variants. We also show
that bipartite graphs constructed using different interaction events
lead to different estimates - signaling a promising research direction
at the intersection between bipartite experiments and mediation
analysis.

This work is organized as follows. In Section 2 we introduce
randomized experiments, potential outcome framework as well key
notation and terms for bipartite experiments. We discuss related
work in Section 3. In Section 4we build up intuition on how bipartite
graphs can be constructed using in-experiment data in a large
marketplace. We then introduce the considered inference methods
and review their results in Sections 5 and 6, and discuss future work
in Section 7.

2 PRELIMINARIES
In experiments conducted by technology companies units (e.g.,
users) are randomly assigned to treatment or control groups, and
their outcomes are averaged and compared between the groups,
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Figure 1: Bipartite Graph adapted for Vinted Marketplace,
treated buyers can interact with many sellers and their items,
thus violating the SUTVA assumption. Exposure Score 𝐻𝑖 (𝑍 )
(1) can be calculated for both Items and Sellers.

ensuring unbiased estimates of treatment effects by mitigating con-
founding factors. This method is widely used to infer the causal
impact of various changes in user interfaces, recommendation al-
gorithms, and other features to enhance user engagement and sat-
isfaction [13].

The potential outcomes framework is fundamental for causal in-
ference in experiment designs, including bipartite experiments. For
each unit 𝑖 , we define 𝑌𝑖 (𝑍 = 1) as the outcome if the unit receives
the treatment (where 𝑍 = 1 indicates treatment) and 𝑌𝑖 (𝑍 = 0) as
the outcome if the unit does not receive the treatment (where 𝑍 = 0
indicates control). The causal effect for unit 𝑖 is then 𝑌𝑖 (1) − 𝑌𝑖 (0).
Since we can only observe one of these outcomes for each unit, the
challenge lies in estimating the unobserved potential outcome. By
leveraging randomization, we can estimate the average treatment
effect (ATE), denoted as 𝜏 , which is the difference in mean outcomes
between the treatment and control groups. Formally, the ATE is
defined as 𝜏 = 𝐸 [𝑌𝑖 (1)]−𝐸 [𝑌𝑖 (0)], where 𝐸 denotes the expectation
[10].

Bipartite experiment, further builds on the above setup by hav-
ing two distinct groups of units: the diversion units, which are
randomized to receive the treatment, and the outcome units, where
the outcomes are measured. Unlike traditional experiments where
these groups are the same, bipartite experiments separate them.
This dependence is represented by a bipartite graph linking diver-
sion units to outcome units. In the bipartite graph, the set of 𝑚
diversion units is denoted as 𝑉𝑟 and the set of 𝑛 outcome units as
𝑉𝑜 . Each diversion unit receives a random binary treatment 𝑍𝑖 (0 or
1), forming a vector 𝑍 = (𝑍1, 𝑍2, . . . , 𝑍𝑚) where 𝑍 ∈ {0, 1}𝑚 . Each
outcome unit 𝑖 in𝑉𝑜 has a potential outcome function 𝑌𝑖 (𝑍 ), which
maps the treatment assignments to the observed value.

Causal inference of ATE in a bipartite experiment relies on
two assumptions [9]. First, Linear Exposure Assumption states that
the treatment assignments influences the potential outcomes only
through a linear combination. More formally, for each outcome

unit 𝑖 ∈ 𝑉𝑜 , the exposure 𝐻 of outcome unit 𝑖 is

𝐻𝑖 (𝑍 ) =
𝑚∑︁
𝑟=1

𝑤𝑖,𝑟𝑍𝑟 (1)

Where, ∀𝑖 , ∑𝑤𝑖𝑟 = 1, i.e. the weights incident to an outcome
unit are normalized to sum to one.

Second, Linear Response Assumption suggests that the potential
outcome for each outcome unit is a linear function of its expo-
sure. This means for each outcome unit 𝑖 in 𝑉𝑜 , there are specific
parameters 𝛼𝑖 (intercept) and 𝛽𝑖 (slope) such that

𝑌𝑖 (𝑍 ) = 𝛼𝑖 + 𝛽𝑖𝐻𝑖 (𝑍 ) (2)

The values of 𝛼𝑖 and 𝛽𝑖 vary between units and are unknown to
the experimenter. The experimenter only sees the outcome 𝑌𝑖 (𝑍 ),
the treatment assignment vector 𝑍 , and the exposure 𝐻𝑖 .

Under the linear exposure-response model, the ATE can be ex-
pressed as follows:

𝜏 =
1
𝑛

𝑛∑︁
𝑖=1

𝛽𝑖 . (3)

3 RELATEDWORK
Using bipartite graphs to estimate causal impact of treatment to
one side of units to another was formally introduced by Zigler et al.
[20], to measure the impact of power plants’ pollution prevention
treatments on hospitalization rates at surrounding hospitals.

Harshaw et al. [9] developed bipartite experiments theory further
specifically for two-sided marketplace settings to mitigate SUTVA
violations. Notably, proposing the first reliable inference method
in bipartite settings - the Exposure-Reweighted Linear (ERL) and
variance estimators that are consistent, unbiased and asymptotically
normal in sufficiently sparse bipartite graphs. Shi et al. [16] further
extend previous work by proposing a covariate-adjusted ERL (CR-
ERL) estimator to reduce variance, and develop scalable inference
methods to compute the estimate.

In this work we use both ERL and CR-ERL estimators. However,
in all of the literature published to date, the structure of a bipartite
graph was fixed before the experiment. Yet our bipartite graph is
not known before the experiment.

4 CONSTRUCTING BIPARTITE GRAPH USING
IN-EXPERIMENT DATA

Let us nowmotivate how a bipartite experiment may be constructed
using in-experiment data in a real marketplace setting such as
Vinted. Vinted is a largest in Europe marketplace for second-hand
items, where a user can upload items to sell, as well as purchase
items from other users.

Product engineering teams at Vinted routinely conduct exper-
iments on buy or sell side of the marketplace, and would benefit
from bipartite experiment design. For the rest of this work we will
focus on a scenario where a team is conducting a buyer-side experi-
ment, and would like to measure seller-side outcomes. To construct
a bipartite graph in this setting we set the diversion units as buyers
who receive the treatment, and sellers as outcome units.

Unlike in the literature published to date, one cannot know in
advance which sellers the randomized buyers will engage with.
Therefore to establish links between the diversion and outcome
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Figure 2: Sellers’ Exposure Score distribution example for
On and Off experiment. The distribution depends on how
many interactions between buyers and sellers happened, as
well as on the probability of buyers being from different test
variants. Withmany sellers items receiving, for instance, one
interaction from buyer, fewer receiving two, and so on - it
is expected that an exposure frequency of 0 or 1 is the most
common, followed by 0.5

units note that users in Vinted marketplace can interact with each
other in different ways. For example, buyers can view sellers’ list-
ings, favorite them, send messages or offers, purchase items, or
visit seller profiles. We use item views and favorite events in order
to construct the links. Typically, buyers interact with sellers by
engaging with the sellers’ items, where the latter can also be set as
outcome units units in the bipartite graph, however in this work
we focus specifically on sellers as outcome units (see Figure 1).

After running the experiment and mapping the bipartite graph
using item views or favorites, we calculate the exposure 𝐻𝑖 (𝑍 ) for
each outcome unit (seller) based on the linear exposure assumption
(1). If there are only two test variants (i.e., On and Off ), we set 𝑍 = 0
for buyers in the Off variant and 𝑍 = 1 for those in the On variant.
We present an example of exposure distribution constructed using
in-experiment data in Figure 2). Notice that many sellers have only
a single interaction, resulting in an exposure score of either 0 or
1. For these sellers, the SUTVA assumption holds true. Similarly,
sellers who are exposed to a single group of buyers, also get an
exposure of either 0 or 1.

In case of multiple variants in the same experiment, where we
need to evaluate Off vs A, and Off vs B we would construct a
separate graph for each variant. Hence, we would have a vector of
exposures for each specific variants (𝐻𝐴

𝑖
, 𝐻𝐵

𝑖
, ..., 𝐻𝑁

𝑖
). The second

method for tackling multiple variants involves using a normalized
Exposure Score to account for interactions from buyers across
all variants in the experiment. For instance, if a seller received
one interaction from the Off group, two from the A group, and
three from the B group, the exposure scores would be as follows:
𝐻𝐴
𝑖

= 1/3, 𝐻𝐵
𝑖
= 1/2. This approach ensures that the influence of

each variant is proportionally represented in the exposure score and
this can be advantageous when the number of interactions varies
significantly between variants, as it mitigates the risk of skewing
the results due to disproportionate interaction counts.

5 EFFECT ESTIMATION METHODS
In this section, we leverage the three different approaches to es-
timate causal impact of an intervention in a bipartite experiment
setting. Where the buyer side receives a treatment, and the out-
comes are measured on the seller side. We also elaborate on the
difficulties encountered with real, large-scale industry experiments.

5.1 First Approach: The Exposure-Reweighted
Linear Estimator

One of the first methods we test on real experimental is Exposure-
Reweighted Linear (ERL) introduced by Harshaw et al. [9]. The
estimator is expressed as follows:

𝜏 =
1
𝑛

𝑛∑︁
𝑖=1

𝑌𝑖 (𝑍 )
(
𝐻𝑖 (𝑍 ) − 𝐸 [𝐻𝑖 (𝑍 )]

Var[𝐻𝑖 (𝑍 )]

)
(4)

𝜏 here is an estimate for Average Treatment Effect (ATE). Where
the exposure 𝐻𝑖 (𝑍 ) and metrics 𝑌𝑖 (𝑍 ) were calculated for every
seller in the bipartite graph constructed using either item view or
favorite events that happened during the experiment.

To estimate variance of the ATE, Harshaw et al. [9] proposed
the following estimator of the ERL variance:.

V̂ar(𝜏) = 1
𝑛2

𝑛∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝐶𝑖, 𝑗 =
1
𝑛2

𝑛∑︁
𝑖=1

𝑛∑︁
𝑗=1

𝑌𝑖𝑌𝑗𝑅𝑖, 𝑗 (𝐻𝑖 , 𝐻 𝑗 ) (5)

where the weighting estimators𝐶𝑖, 𝑗 are used to evaluate Cov(𝜏𝑖 , 𝜏 𝑗 )
termswhere𝑌𝑖𝑌𝑗 is the product of observed outcomes and𝑅𝑖, 𝑗 (𝐻𝑖 , 𝐻 𝑗 )
is a weighting function which takes the exposures as inputs. It is
stated that under the linear response assumption, and assumption
that for each pair of outcome units 𝑖, 𝑗 ∈ [𝑛], the covariance matrix
Σ𝑖, 𝑗 of their exposures 𝐻𝑖 and 𝐻 𝑗 satisfies the non-degeneracy con-
dition, ensuring det(Σ𝑖, 𝑗 ) > 0, the variance estimator of the ERL
point estimator is unbiased.

Despite the proposed variance estimator, we opted in for a sim-
ple bootstrapping based approach for estimating the confidence
intervals for ERL estimator [17]. Reason being that proposed vari-
ance estimator (5) computational complexity is Ω(𝑛2) because it
involves a double summation over n units as it calculates pairwise
interactions between all exposures which is not suitable for the
amount of data in Vinted’s marketplace - tenths of millions in an
experiment. Second, if we were to even consider smaller samples of
data, variance estimator (5) is unbiased only when non-degeneracy
conditions hold as described in the preliminaries. In our bipar-
tite graphs we found that the necessary conditions do not hold as
two outcome units can have identically weighted edges. While the
Harshaw et al. [9] proposes an alternative variance estimator that
adjusts the weighting function to handle cases where det(Σ𝑖, 𝑗 ) = 0,
computational complexity issue remains.

5.2 Second Approach: Regression Based
Estimator

As stated in Section 2 under the linear response assumption (6),
regression-based estimand is equal to the average total treatment
effect. Applying linear regression to estimate the ATE is compelling
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due to its simplicity and flexibility, such as using pre-experimental
outcomes in order to decrease ATE variance [2].

Our regression is based on the following linear relationship:

𝑌 𝑖𝑛
𝑖 = 𝛼 + 𝜏 · 𝐻𝑖 (𝑍 ) +𝜓 · 𝑌𝑝𝑟𝑒

𝑖
(6)

Where 𝛼 is constant, and 𝜏 is the ATE estimate that we report,
while 𝑌 𝑖𝑛

𝑖
, 𝑌𝑝𝑟𝑒

𝑖
, 𝐻𝑖 (𝑍 ) are seller measured outcomes during the

period of an experiment, seller outcomes before the experiment
begins and their exposure, respectively. For variance reduction, we
incorporated the pre-experimental period seller measured outcomes
[2].

5.3 Third Approach: Covariate-adjusted
Exposure Reweighted Linear Estimator

The final approach we tested on real world experiment data was
the Covariate-adjusted Exposure Reweighted Linear (CR-ERL) esti-
mator proposed by Shi et al. [16]. CR-ERL extends linear exposure-
response model by incorporating the pre-experimental outcomes
into the estimator. The advantage of this method was that the pro-
posed inference method, based on Monte Carlo randomization, is
easy to implement. The estimator takes the following form:

𝜏 (𝜆) = 1
𝑛

𝑛∑︁
𝑖=1

(𝑌𝑖 (𝑍 ) − 𝜆𝑓𝑖 (𝑋𝑖 ))
(
𝐻𝑖 (𝑍 ) − 𝐸 [𝐻𝑖 (𝑍 )]

Var[𝐻𝑖 (𝑍 )]

)
(7)

where 𝑓𝑖 (𝑋𝑖 ) is a function of the covariates, and 𝜆 is a parameter
that controls for the estimator’s variance.

The resulting confidence intervals were the narrowest among
all methods we tested.

6 EXPERIMENTAL DATA AND RESULTS
To evaluate the above methods in a setting where a bipartite graph
is constructed using in experimental data, we took a buyer-side
experiment in Vinted marketplace. The challenge remains such
that the true treatment effect is unknown, therefore we selected
an experiment where there is a detected buyer-side effect, and
there is a strong qualitiative evidence for sell-side effects. This
experiment sample size consisted of approximately 20 million users,
highlighting the importance of computational efficiency as a factor
when selecting the best estimator.

Our findings using the above presented estimators and their
variants are shown Figure 3. The top element of the figure cor-
responds to treatment effects estimated for continuous sell-side
metric, and the bottom corresponds to conversion sell-side metric.
We demonstrate two metrics as continuous and conversion metrics
have different sensitivity. As expected, conversion metric showed
narrower confidence intervals and smaller effect size in general as
those metrics are generally less susceptible to outliers and show
smaller variability due to binary nature.

All of the above methods were implemented using two different
bipartite graphs using edges based on different types of buyer in-
teractions. First bipartite graph edges are constructed using item
views, and the second graph constructs edges based on favorites.
Item views are the primary means by which buyers connect with
sellers, as they are the initial interaction that enables all subsequent
actions: a favorite event can only occur if an item view has already
taken place. Notice that the estimates using bipartite graph created

Figure 3: Comparison of estimates and confidence intervals
for different methods applied to two bipartite graphs with
different buyer interaction events in the same experiment
for two metrics (continuous and conversion). Methods in-
clude: Reg (Regression), RegB (Bootstrapped Regression),
ERL+B (Bootstrapped ERL Confidence Intervals), ERL+K
(Confidence Interval Estimation with Randomization Algo-
rithm). "Pre" indicates the inclusion of a pre-experiment
covariate.

with views events estimated significantly lower average treatment
effect compared to favorites events for all the methods and both
metrics. This raises a question of potential mediation effects from
buyers, to their change in viewing or favoring items, to seller side
outcomes - where the exposure itself is a mediator. However, we
leave the exploration of this for future work.

To begin our study of the above presented estimators, let us
focus on the second approach, a regression based estimate and
its variants, labeled as Reg (Regression), RegB (Bootstrapped Re-
gression), ERL+B (Bootstrapped ERL Confidence Intervals), ERL+K
(Confidence Interval Estimation with Randomization Algorithm).
We found that the estimated coefficient closely matched the first
approach, an ERL estimate proposed by Harshaw et al. [9]. The
question is whether we could trust the confidence intervals, given
that the diagnostic regression residual plots indicated heteroskedas-
ticity and non-normality. Although these assumptions appear to be
violated, it is worth noting that with a large amount of data, these
assumptions are less critical due to the robustness of regression
estimates in large samples. To assess the validity of the regression
confidence intervals, we also employed bootstrapping to estimate
the regression confidence intervals, labelled as RegB. Results from
regression showed the highest uncertainty with widest confidence
intervals. Although, regression estimated coefficients were consis-
tent with other methods. Bootstrapping ERL performed similarly
to the ERL Monte Carlo randomization method, providing fast and
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comparable results instead of the complex variance estimator sug-
gested by [9]. Adjusting for pre-experiment data showed lower
estimates for all methods, which may be due to heavy sellers that
create different baselines before the experiment. CR-ERL based es-
timates overall show the most satisfactory results. By leveraging
pre-experiment data, we conclude that we can be more confident
that the average treatment effect is not overestimated. As both
bootstrapped and randomization-based inference with ERL showed
similar results, they can be used to validate consistency between the
two methods in specific experiments. These techniques are recom-
mended when pre-experiment metrics are difficult to obtain. While
regression is the least computationally expensive method, other
approaches are preferable due to stronger theoretical guarantees.

7 CONCLUSIONS AND FUTUREWORK
In this work we demonstrated the use of in-experiment data such
as viewing and favorite events in order to construct a bipartite
graph and obtain causal effect estimates using methods proposed
in the literature. We compare the precision of different estimators
on a real world experimental data obtained from Vinted, a largest
secondhand marketplace in Europe. Our results, specifically the
difference in the estimated effects between views and favorites
based bipartite graphs, raise interesting new research avenues for
combining mediation analysis and bipartite experiment inference
methods. In summary:

• Mediator selection for bipartite graph construction is im-
portant as it can have significant effect on the magnitude of
estimates.

• It appears practically feasible to use in-experiment data to
construct exposure scores for causal treatment effect infer-
ence in a bipartite experiment design.

• Our results demonstrate that non-parameteric methods such
as CR-ERL method proposed by Shi et al. [16] should be
preferred.

We leave it for future work to perform a meta-analysis of these
methods and mediators with a large dataset of historical experi-
ments, so that systemic differences in the estimators performance
could be studied [18].
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