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Abstract
Airbnb’s hosting platform supports co-hosting and collaborative
host teams, where multiple hosts can jointly manage listings. This
collaborative network structure poses unique challenges for A/B
testing. Conventional non-clustered experiment designs can violate
the "stable unit treatment value assumption" (SUTVA) when collab-
orators influence each other, introducing interference that biases
estimated treatment effects. To address these challenges, we pro-
pose a novel experimental design tailored for product launches with
collaborative user networks. Our design combines network-level
randomization with a launch model that allows control users to opt
into treatment, enabling accurate measurement while respecting
collaborative team structures and user autonomy. In this paper,
we begin by examining the bias introduced by ignoring network
effects within teams and analyze the bias-variance trade-off with
a network-level assignment. To address non-compliance due to
voluntary opt-in, we use a two-stage least squares (2SLS) model
with network-level assignment as an instrumental variable. Our
framework offers a scalable and adaptable solution for any platform
with user networks where traditional experimentation methods
risk introducing bias or degrading the user experience. By aligning
robust causal inference methodologies with a user-centric deploy-
ment strategy, our framework demonstrates that organizations can
achieve statistical precision without compromising on the product
experience.

CCS Concepts
• Information systems → Online marketplaces; • Comput-
ing methodologies → Causal inference; • Mathematics of
computing→ Graph algorithms; • Theory of computation→
Experimental design.
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1 Introduction
Airbnb’s hosting model is designed to support collaboration. It
enables hosts to add co-hosts who help manage listings—sharing
responsibilities such as guest communication, calendar coordina-
tion, and onsite support through a unified set of tools accessible
to the entire team. This functionality allows hosts to build teams,
delegate tasks, and sustain high-quality guest experiences as their
operations grow. Hosting on Airbnb, therefore, is not always a solo
operation—it can also scale into a coordinated team effort when
hosts choose to collaborate.

Figure 1: Airbnb’s Co-Host Network landing page that high-
lights the range of services co-hosts can provide

Co-host relationships create interconnected user networkswhere
the actions of one member can directly impact others within the
same team. These networks create unique challenges for product
experimentation that traditional A/B testing frameworks fail to ad-
dress. First, from a user experience perspective, inconsistent access
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to new features within a host network can lead to fragmented ex-
periences. For instance, during a launch experiment if a host gains
access to a new messaging tool while their co-host does not, it can
result in confusion and operational misalignment, undermining the
effectiveness of the launch and eroding user trust. Second, these
inconsistencies can violate SUTVA, as hosts and their co-hosts may
be assigned to different treatment arms, allowing one host’s treat-
ment status to influence the outcomes of connected co-hosts. This
interference can lead to biased estimates of the treatment effect,
compromising the validity of the experiment.

The impact of these challenges is amplified during high-visibility
product launches at Airbnb. Major releases are often publicly an-
nounced and prominently surfaced within the product, generating
strong user expectations around access. Under these conditions,
traditional control group restrictions become problematic. When
features are widely promoted but withheld from control users, it
can lead to confusion and dissatisfaction—especially if peers or
collaborators receive access. To address this, we adapt our experi-
mentation design to account for both network interdependencies
and concerns around equitable access—ensuring that control users
have the ability to opt into new features during product launch
experiments when feasible.

In this paper, we propose a novel experimentation design that
combines network-level randomization with a launch model that al-
lows control users to opt into treatment. Rather than assigning treat-
ment at the individual level, we construct host networks—clusters
of users connected through co-hosting—and randomize treatment
at the network level. Each network is assigned either to a treatment
group, in which users receive active prompts encouraging adoption
of the new product experience, or to a control group, in which no
prompt is shown but users have the ability to opt in voluntarily.

By assigning treatment consistently across all users within a
network, we reduce interference bias and avoid inconsistencies
that arise when collaborators receive conflicting experiences. To
address noncompliance introduced by the opt-in functionality, we
adopt a randomized encouragement design, using network-level
assignment as an instrumental variable to obtain unbiased estimates
of the treatment effect even when some users do not comply with
the assigned condition.

This paper presents a practical framework for running product
launch experiments in collaborative, networked user environments.
We begin by examining the bias that arises when network effects are
ignored in experimental designs. We then analyze the bias–variance
trade-off introduced by network-level randomization and discuss
its implications for statistical power. Finally, we detail our method-
ology for constructing host networks and estimating treatment
effects under noncompliance using a two-stage least squares (2SLS)
model within a randomized encouragement design. Our approach
enables practitioners to run valid experiments that respect user
relationships while preserving the integrity of both measurement
and user experience.

2 Related Work
This work draws on three key areas of literature: (1) interference
bias in online marketplace experiments, (2) network-aware exper-
imental designs, and (3) encouragement-based experiments that

address noncompliance. While interference has been widely studied
in social network and marketplace settings, less attention has been
given to collaboration networks, where users can collaborate—such
as Airbnb hosts and co-hosts.

2.1 Interference Bias in Online Marketplaces
Interference bias can severely distort experimental results in mar-
ketplace platforms. Early work by [2] and [9] showed that naive A/B
tests overestimate treatment effects by ignoring buyer-seller inter-
actions. To address this, methods such as two-sided randomization
[12], switchback designs [4], and interference-aware frameworks
[11] have been proposed. However, these approaches are typically
focused on bipartite or two-sided markets, not on collaboration
among users on the same side of the platform.

2.2 Network Interference and Clustered Designs
Graph Cluster Randomization (GCR), introduced by [16], assigns
treatment to clusters of connected users to reduce contamination.
Subsequent work [8, 15] demonstrated its effectiveness across social
platforms. We aim to build on these methods by adapting them to
the context of product launches, where users may not comply with
the treatment condition given.

2.3 Encouragement Designs and Noncompliance
Encouragement designs offer a principled approach for experiments
with voluntary uptake. [10] formalized the use of instrumental vari-
ables in such settings to estimate causal effects despite noncompli-
ance. These methods are well-suited to modern product launches,
where users are exposed to global announcements and can opt in
at will. Building on this, we provide a statistical framework for
identifying and estimating causal effects under network-level en-
couragement, accounting for noncompliance and the complexities
introduced by network randomization.

3 Understanding the Bias from Spillover Effects
in Collaboration Networks

We begin by exploring the bias that can arise when treatment is
assigned inconsistently across a user network. In collaborative
settings like Airbnb, individual host randomization can lead to
interference, where a host’s outcome is influenced by their co-
hosts’ treatment status, violating SUTVA. This can result in control
users being indirectly exposed to the treatment and treated users
experiencing diluted effects if their collaborators are in the control
group.

To illustrate this, we compare two designs: individual host ran-
domization, which ignores co-hosting ties and allows for within-
network contamination, and host network randomization, which
assigns treatment at the network level.

3.0.1 Formalizing the Bias with Individual Host Randomization. Let
𝑌ℎ (1) and 𝑌ℎ (0) denote the potential outcomes for host ℎ under
treatment and control, respectively. Each host is assigned to treat-
ment 𝑇ℎ = 1 or control 𝑇ℎ = 0. In individual host randomization,
assignment occurs independently, without considering the network
structure.
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When randomization occurs at the individual level, network
interference can arise due to variation in the proportion of treated
co-hosts. We define the degree of exposure to treatment for host ℎ
as:

𝐸ℎ =
1

|𝑁ℎ |
∑︁

𝑢∈𝑁ℎ

𝑇𝑢

where 𝑁ℎ represents the set of co-hosts connected to host ℎ, and
𝑇𝑢 is the treatment assignment of co-host 𝑢.

Exposure to differently treated co-hosts (i.e., 𝐸ℎ > 0 for control
units or 𝐸ℎ < 1 for treated units) can influence observed outcomes,
leading to biased estimation of the treatment effect. Specifically,
control units may be affected by treated co-hosts, while treated
units may be influenced by untreated co-hosts. We define this bias
formally as:

𝐵 = E[𝑌ℎ (0) | 𝑇ℎ = 0, 𝐸ℎ > 0] − E[𝑌ℎ (0) | 𝑇ℎ = 0, 𝐸ℎ = 0]
+ E[𝑌ℎ (1) | 𝑇ℎ = 1, 𝐸ℎ < 1] − E[𝑌ℎ (1) | 𝑇ℎ = 1, 𝐸ℎ = 1]

where:
• The first term quantifies the shift in control group outcomes
due to exposure to treated co-hosts [5].

• The second term quantifies the shift in treatment group
outcomes due to exposure to untreated co-hosts.

These spillover effects introduce a systematic bias in the estima-
tion of the treatment effect under individual-level randomization.
In general, when the direction of the spillover aligns with the di-
rection of the treatment effect (e.g., positive effects spill positively
into control or negative effects spill negatively), it follows that:

𝐵 > 0
This implies a downward bias in the estimated treatment effect

under individual-level randomization:

𝜏indiv = E[𝑌ℎ | 𝑇ℎ = 1] − E[𝑌ℎ | 𝑇ℎ = 0] − 𝐵

This bias leads to an underestimation of the true treatment ef-
fect, making individual randomization unsuitable in cases where
network spillovers are significant [1].

3.0.2 Eliminating Bias with Host Network Randomization. A natu-
ral solution to mitigate this bias is to randomize treatment at the
host network level, ensuring that all hosts within a network 𝐶𝑖
are assigned the same treatment condition. Under this approach,
exposure variation is eliminated within host networks, such that
for any host ℎ ∈ 𝐶𝑖 , the exposure level is deterministic:

𝐸ℎ =

{
1, if 𝑇𝐶𝑖

= 1
0, if 𝑇𝐶𝑖

= 0
Substituting into the bias formula, where 𝑇𝐶𝑖

represents the
treatment assignment for the host network 𝐶𝑖 that host ℎ belongs
to:

𝐵 = E[𝑌ℎ (0) | 𝑇𝐶𝑖
= 0, 𝐸ℎ = 1] − E[𝑌ℎ (0) | 𝑇𝐶𝑖

= 0, 𝐸ℎ = 0]
+ E[𝑌ℎ (1) | 𝑇𝐶𝑖

= 1, 𝐸ℎ = 0] − E[𝑌ℎ (1) | 𝑇𝐶𝑖
= 1, 𝐸ℎ = 1]

= 0 + 0 = 0

Consequently, the bias term vanishes (𝐵 = 0), yielding an unbi-
ased estimate of the treatment effect:

𝜏network = E[𝑌ℎ | 𝑇𝐶𝑖
= 1] − E[𝑌ℎ | 𝑇𝐶𝑖

= 0]
This approach aligns with prior work on network-aware ex-

perimental designs, demonstrating that randomization at the level
of connected user networks can mitigate the bias introduced by
within-network interference [8, 16].

4 Bias-Variance Trade-Off with Network
Randomization

While network randomization reduces spillover bias, it can also
increase variance and reduce statistical power. Assigning treatment
at the cluster or network level leads to correlated outcomes within
groups—such as hosts within the same host network—which can
result in higher standard errors and lower statistical power [13].

In practice, however, this tradeoff can be favorable when spillover
effects are substantial. Bias reduction in our case not only improves
causal validity but can also increase the measured effect size, help-
ing offset some of the loss in power. At Airbnb, co-hosting rela-
tionships introduce significant interference under individual ran-
domization, leading to diluted treatment effects. This observation
is consistent with the theoretical framework in Section 3, where
we show that inconsistent assignment within networks can bias es-
timates downward. In our empirical analysis, we estimate this bias
to be approximately 25% of the true effect, with the gain in effect
size helping to counterbalance the increase in variance introduced
by clustering.

To quantify the increase in variance caused by network assign-
ment, we use the design effect (DE)—a standardmetric that compares
the variance under clustered assignment to that under individual
user assignment. Formally, the design effect is defined as:

DE =
SE2cluster
SE2indiv

(1)

In our experiments, the design effect ranged from 1.0 to 1.5.
To assess when cluster randomization improves statistical power

despite higher variance, we derive in Appendix A that the key
condition is:

𝐵 ≥ 𝜏true

(
1 − 1

√
DE

)
, (2)

where 𝐵 denotes the bias under individual randomization and
𝜏true is the true average treatment effect (ATE).

This leads to a simple rule of thumb: cluster randomization yields
higher or equivalent power when the expected spillover bias ex-
ceeds a threshold fraction of the true treatment effect, determined
by the design effect. The following table summarizes the minimum
bias threshold needed:

Design Effect (DE) Minimum Bias Threshold (as % of ATE)
1.0 0%
1.5 18.3%
2.0 29.3%
3.0 42.3%
4.0 50.0%
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In our case, the increase in measured effect size under network
randomization (approximately 25%) was sufficient to offset the rise
in variance (design effects between 1.0 and 1.5), resulting in a neutral
or even favorable impact on statistical power.

Thus, our findings demonstrate that when spillover bias is sub-
stantial, network experiments can both improve internal validity
and preserve—or even increase—statistical power. A full derivation
of this tradeoff is provided in Appendix A.

5 Constructing Host Networks for
Experimentation

To enable experimentation, we model Airbnb’s host ecosystem
as a user network based on co-hosting relationships. We identify
networks of hosts through graph construction and connected com-
ponent detection. In this section we discuss network modeling and
other implementation details to ensure experimental validity.

We model the Airbnb host network as an undirected graph
𝐺 = (𝑉 , 𝐸), where 𝑉 is the set of hosts and 𝐸 represents co-hosting
relationships. This graph-based representation allows us to iden-
tify clusters of interacting users by computing connected compo-
nents—subgraphs in which each node is reachable from any other
node within the component [14, 17].

Formally, a connected component is a maximal set of nodes such
that each pair is connected by a path, and no additional node can
be added without breaking connectivity. We detect these compo-
nents using standard graph traversal algorithms such as Depth-First
Search (DFS) or Breadth-First Search (BFS) [6]. Each traversal ex-
plores one component by visiting all reachable nodes from a starting
point.

To perform this computation efficiently, we leverage the NetworkX
library in Python, which offers built-in functions for graph construc-
tion and for identifying connected components. NetworkX supports
seamless creation of graphs from edge lists and includes traversal
algorithms based on both depth-first and breadth-first search.

Each component 𝐶𝑖 is treated as an independent host network.
This segmentation supports further analysis, such as computing
network sizes, centrality of key hosts, and identifying highly in-
terconnected groups. While edges could be weighted to reflect
co-hosting strength, our implementation uses unweighted edges.

5.1 Practical Considerations for Experimental
Use of Networks

5.1.1 Preventing Pre-Assignment Bias from Large Host Networks.
While most host networks on Airbnb are small, a minority of out-
lier networks are large and more densely connected. These large
networks typically form when a host is added as a co-host across
listings managed by multiple other hosts, creating a highly con-
nected structure with many members. These large networks pose
a risk to experimental validity because their inclusion in either
treatment or control can introduce pre-assignment bias. If a large
network, particularly one responsible for a disproportionate share
of bookings, ends up fully on one side of the experiment, it can
skew outcome metrics independently of the treatment effect. This
undermines the assumption that treatment and control groups are
comparable at baseline.

To mitigate this risk, we apply the Louvain clustering algorithm
to break large connected components into smaller, more tightly-
knit subgroups. Louvain is a modularity-based community detec-
tion method that partitions graphs by maximizing the density of
within-group connections relative to between-group links [3]. This
approach ensures that hosts who collaborate frequently are grouped
together, while also reducing the likelihood that any one network
dominates the experimental outcome.

After using Louvain clustering to break apart very large host
networks into smaller clusters, we tested for pre-assignment bias
across key business metrics we track, including bookings, nights
booked, and other supply-side metrics. Our post-assignment diag-
nostics confirmed that by segmenting large connected components,
we maintained balance across these metrics, with no dominant
cluster skewing the results. In addition to improving baseline com-
parability, this approach increased the effective sample size and
increased the statistical power of the experiment.

For the connected components that were split into smaller clus-
ters, there is a possibility of spillover bias if users from the same
original network are assigned to different experimental arms. How-
ever, this is a minor concern in practice. Only a very small subset
of hosts were part of large connected components that required
splitting, and even within those, the vast majority of first-degree co-
hosting relationships remained within the same resulting cluster. As
a result, the risk of meaningful spillover due to fragmentation was
limited, and the integrity of most host collaborations is preserved.

5.1.2 Network Stability Assumptions. Another key design consider-
ation is ensuring that network structures remain stable throughout
the experiment. Fortunately, host networks on Airbnb are generally
stable over time. To preserve internal validity, we exclude users
who switch networks during the experiment from the final analysis.
Additionally, we restrict this methodology to treatments that are
unlikely to affect a host’s propensity to add or remove co-hosts,
thereby reducing the risk that treatment exposure alters the net-
work structure. This constraint helps maintain consistency in the
underlying network and mitigates bias from endogenous structural
changes.

6 Estimating Treatment Effects with
Network-Based Encouragement Design

At Airbnb, we recognize and respect collaborative host teams, and
during product launches, we aim to support user choice by enabling
voluntary access to new features whenever feasible. Even when
an experiment assigns a user or a network to the control group,
we want to maintain fairness by still making the new experience
available through voluntary opt-in. To balance this commitment to
fairness and user autonomy with the need for rigorous experimen-
tation, we use adopt a network-based encouragement design. Under
this approach, entire host networks are randomly assigned either
to a treatment group—actively encouraged to try the new features
— or to a control group, which doesn’t receive active prompts but
individual users have the option to voluntarily opt-in to receive
the new experience. Because this opt-in mechanism introduces
noncompliance between assigned condition and actual treatment
exposure, naïvely regressing outcomes on observed treatment may
yield biased estimates. To address this, we apply a 2SLS model,
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using the randomized network-level assignment as an instrument
for actual treatment received. This approach enables us to estimate
the causal effect of treatment on outcomes, even in the presence of
partial compliance.

We construct the dataset by defining the following variables:
• 𝑌ℎ : the outcome variable of interest (e.g., number of book-
ings);

• 𝑇ℎ : the actual treatment received by host ℎ;
• 𝑋ℎ (𝑡0): a vector of covariates measured prior to the start of
the experiment;

• 𝑍ℎ : the instrument or assignment variable indicatingwhether
host ℎ was in a treated network.

The index ℎ denotes an individual host, and 𝐶𝑖 refers to the net-
work (cluster) to which host ℎ belongs. All hosts within a given
network 𝐶𝑖 are assigned the same value of the instrument 𝑍ℎ , en-
suring that treatment assignment is determined at the network
level.

To estimate the effect of the treatment on the individual host,
we use the following two-stage least squares (2SLS) model:

𝑌ℎ = 𝛼 +𝑇ℎ𝛽1 + 𝑋ℎ (𝑡0)𝛽2 + 𝜀ℎ, (3)
𝑇ℎ = 𝜈 + 𝑍ℎ𝜋1 + 𝑋ℎ (𝑡0)𝜋2 + 𝛾ℎ . (4)

The second stage models the host-level outcome as a function of
the actual treatment received, while controlling for relevant pre-
treatment covariates. The first stage models the treatment uptake
as a function of the randomized instrument and the same covari-
ates. The use of an instrumental variable here addresses the fact
that actual treatment receipt (𝑇ℎ) may not perfectly align with the
assigned condition (𝑍ℎ) due to noncompliance.

To address the correlation in outcomes among co-hosts within
the same network, the error structure is clustered by 𝐶𝑖 in order to
model the within-network correlation. Clustering the data avoids
understating the standard error on the treatment effect.

The coefficients in the first stage have a physical interpretation.
When 𝑇 is the treatment that was served to the host, and 𝑍 is the
intent-to-treat, then the predicted values of the first stage represent
the probability that a host, who we intend to treat, will be treated,
also known as the compliance rate.

The key parameter of interest, 𝛽1, captures the local average
treatment effect (LATE) — the average effect of treatment on hosts
whose treatment status was influenced by their assignment. This
estimate is valid under standard instrumental variables assumptions:
(1) relevance, meaning that the instrument 𝑍ℎ must be correlated
with the endogenous treatment 𝑇ℎ ; (2) exclusion, requiring that
the instrument affects the outcome 𝑌ℎ only through its effect on
𝑇ℎ ; and (3) monotonicity, which assumes that assigning a host or a
network to the treatment group does not reduce its likelihood of
receiving the treatment. These assumptions are generally plausible
in network-based product rollouts where assignment is randomized
at the network level, and there is no direct effect of assignment
apart from inducing uptake of the feature.

Under full compliance, the model simplifies to ordinary least
squares with clustered errors. In this setting, 𝛽1 estimates the av-
erage treatment effect (ATE) for the entire host population rather
than just the compliers.

7 Conclusion
This paper presents an experimentation framework tailored for
product launches in environments with collaborative user networks.
Traditional experimentation methods often require strict control
over user exposure, which can conflict with platform goals around
autonomy and user experience. Our approach addresses two central
challenges: ensuring consistent treatment within interconnected
user groups, and allowing voluntary access to new features through
an opt-in mechanism. We also show that this methodology is sta-
tistically effective. While cluster-based designs typically increase
variance and may reduce statistical power, we demonstrate that
the corresponding increase in effect size—driven by lower spillover
bias—can more than offset the loss in power. As a result, cluster-
level experimentation proves robust, particularly in settings with
high potential for interference or among platforms with inherently
interconnected user bases.

Though developed in the context of Airbnb, this methodology is
broadly applicable. Platforms such as social media networks, col-
laborative tools, and online marketplaces can adopt similar frame-
works to balance rigorous measurement with a user-centric product
experience. By aligning experimental design with the way users
interact on the platform, organizations can enhance user trust,
foster inclusion, and build more adaptive and respectful experi-
mentation platforms at scale. As digital platforms become more
interconnected, experimentation strategies must evolve accordingly.
Our work serves as a starting point for future experimentation on
platforms with user collaboration and interdependence, helping
companies make smarter decisions without compromising on the
the user experience.
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A Appendix: Power Tradeoff Derivation
The following derivation builds on standard formulations of statis-
tical power under cluster randomization [7, 13], adapting them to
derive a rule of thumb for when increase in effect size can offset
reduction in power with variance inflation.

A.1 Notation
We define the following terms used:

• 𝜏true: The true average treatment effect (ATE).
• 𝐵: The spillover bias under individual user randomization.
• SEindiv: Standard error under individual user randomization.
• SEcluster: Cluster-robust standard error under cluster ran-
domization.

A.2 Noncentrality Parameter (NCP) and Design
Effect

Statistical power is governed by the noncentrality parameter:

NCP =
Effect Size

Standard Error
. (5)

For individual randomization and cluster randomization, the
respective noncentrality parameters are:

NCPindiv =
𝜏true − 𝐵

SEindiv
, NCPcluster =

𝜏true
SEcluster

. (6)

The design effect (DE) captures the increase in variance due to
clustering and is defined as [7, 13]:

DE =
SE2cluster
SE2indiv

. (7)

A.3 Threshold Condition for Power
Preservation

To determine when cluster randomization yields higher or equal
statistical power compared to individual randomization, we start
by comparing their noncentrality parameters (NCP):

𝜏true
SEcluster

≥ 𝜏true − 𝐵

SEindiv
(8)

Substituting SEcluster = SEindiv ·
√
DE, where DE is the design

effect, we get:

𝜏true

SEindiv ·
√
DE

≥ 𝜏true − 𝐵

SEindiv
(9)

Multiplying both sides by SEindiv to eliminate the denominator:

𝜏true√
DE

≥ 𝜏true − 𝐵 (10)

Rearranging terms to isolate 𝐵:

𝐵 ≥ 𝜏true

(
1 − 1

√
DE

)
(11)

This final inequality provides the threshold condition: cluster
randomization offers higher or equal power when the spillover bias
𝐵 under individual randomization is at least 𝜏true

(
1 − 1√

DE

)
.
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