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This article is the second in our series dedicated to highlighting causal inference methods and
their industry applications. Previously, we published an article on mediation modeling, which is
one of many methods within the broader cateqgory of causal inference. In future articles, we
plan on discussing some initiatives at Uber to scale causal inference methods through our
platform and tools.

At Uber Labs, we apply behavioral science insights and methodologies to help product teams
improve the Uber customer experience. One of the most exciting areas we’ve been working on
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is causal inference, a category of statistical methods that is commonly used in behavioral
science research to understand the causes behind the results we see from experiments or
observations. We've found it invaluable to bring causal inference methods to our work at Uber,
as it enables us to solve challenging but critical data science questions that would otherwise be
impossible to tackle, such as estimating the treatment effect when a randomized controlled
experiment is not possible or addressing additional complexities within the experimental data.

Teams across Uber apply causal inference methods that enable us to bring richer insights to
operations analysis, product development, and other areas critical to improving the user
experience on our platform.

What is causal inference?

Causal inference consists of a family of statistical methods whose purpose is to answer the
guestion of “why” something happens. Standard approaches in statistics, such as regression
analysis, are concerned with quantifying how changes in X are associated with changesin Y.
Causal inference methods, by contrast, are used to determine whether changes in X cause
changes inY. Therefore, unlike methods that are concerned with associations only, causal
inference approaches can answer the question of whyY changes. If X is causally related with Y,
then Y’s change can be explained in terms of X’s change.

Humans have been interested in causality for hundreds of years. However, causal inference as a
family of methodologies is a fairly new development, as researchers didn’t used to have formal

networks of causal relations.! This only changed in the latter half of the 20th century thanks to
the work of pioneering methodologists such as Donald Rubin and Judea Pearl. 234

In recent years, the field of causal inference has grown in scope and impact. We now have more
and better methodologies for answering “why” questions. Causal inference methods have
improved the analysis of experiments at Uber, quasi-experiments, and observational data.

Causal inference is now making inroads to machine learning and artificial intelligence, with
pioneers in the field pointing to it as an increasingly significant research area.

Why is causal inference important?

At a high level, causal inference helps us provide a better user experience for customers on the
Uber platform. The insights from causal inference can help identify customer pain points,
inform product development, and provide a more personalized experience. For example, if we
know that users are submitting customer support tickets due to a lack of clarity around how to
use a new feature and not dissatisfaction with the feature itself, we can focus on improving the
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communications around how to use this feature rather than updating or decommissioning the
feature.

In the context of Uber Eats, for instance, if we know that an eater reqularly orders certain types
of cuisine on the platform, we can make meal recommendations and provide them with the
most relevant information.

At a higher level, causal inference provides information that is critical to both improving the
user experience and making business decisions through better understanding the impact of
key initiatives. For example, if we are able to translate intangible variables such as customer
satisfaction to business metrics, we can then use that information to help prioritize new
features and tools. If we are able to understand the short-term and long-term impact of a new
program such as Uber Pro, that will help us build more sustainably and inform future product
development decisions.

At a more granular level, causal inference enables data scientists and product analysts to
answer causal questions based on observational data, especially when A/B testing is not
possible, or gain additional insights from a well-designed experiment. For example, we may
launch an email campaign that is open for participation to all customers in a market. In this
case, since we don’t have a randomized control group, how do we measure the campaign’s
effect? In another example, suppose we have a randomized, controlled A/B test experiment but
not everyone in the treatment group actually receive the treatment (i.e,, if they don’t open the
email). How do we estimate the treatment effect for the treated? Causal inference enables us
to answer these types of questions, leading to better user experiences on our platform.

\
Varieties of causal inference

Since causal inference is a family of loosely connected methods, it can feel overwhelming for a
beginner to form a structural understanding of the various methods. For a clearer
understanding, we’ll divide the methods into two cateqgories: those that are used with
experimental data and those that are used with observational data.

These various methods are not mutually exclusive and, quite often, multiple methods can be
applied to tackle the same problem. In the flowchart in Figure 1, below (and others throughout
the article), we highlight possible solutions for handling given research tasks. Keep in mind that
this list is not exhaustive, just a small representation of the type of tactics we use at Uber.

Causal inference with experimental data
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Figure 1. Causal inference methods apply to very specific experimental data.

Uber’s strong culture of robust and rigorous scientific inquiry helps innovate our products and
improve the customer experience. In most cases, randomized controlled experiments (when
available) are the cleanest way to demonstrate causality and the estimation of the treatment
effect is straightforward. Why would we need to use causal inference when we have an
experiment? In many cases, we may not be satisfied with just knowing the average treatment
effect. Causal inference enables us to address additional complexities within the experimental
data and gives us more insight into how and why the treatment had the effect it did.

When there is pre-existing difference

When a researcher intends to randomly assign people into groups, they may still see some
unexpected pre-existing difference between the treatment and control. It may be due to the
noisy nature of the field data, such as high variance in the data. To adjust for the pre-existing
difference, they can use the controlled-experiment using pre-experiment data (CUPED)
method. While this method is often used as a variance reduction technique for online

experiments, we've found it useful for bias reduction as well>

When applying the CUPED method, researchers first make predictions of the post-experiment
data using the pre-experiment data to estimate what the baseline would be for each individual
if there was no treatment. Researchers then adjust the observed post-experiment outcome
using the predicted baseline to perform the experiment analysis. This may sound similar to the
difference-in-differences approach, a special case of the CUPED method where the coefficient
of pre-experiment data in the first model is equal to one. The CUPED method has been
implemented at Uber via our internal experiment platform.

Of course, there is a degree to which the randomization fails, causing different levels of pre-
existing bias. If the randomization completely fails, researchers could also consider treating the
experiment as an observational study, using methods such as propensity score matching or
inverse probability of treatment weighting (IPTW).
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When some people in the treatment group do not receive the treatment

Imagine a company sends out an email to its customers, but not everyone in the treatment
group who got the email actually opened it. How would we estimate the email’s impact? If we
only look at those who opened the email in the treatment group and compare them with those
in the control group that didn’t get an email, selection bias may arise. Those who chose to open
the email may be different from those who didn’t choose to open the email.

To avoid the selection bias, we may compare the control group with the entire treatment group
regardless of email opens. However, in that case the estimated effect would be diluted because
some of the people in the treatment group were not actually treated. How can we estimate the
effect of actually receiving the treatment in an unbiased way?

To address this problem, we can use the complier average causal effect (CACE) approach.%’
CACE adjusts the intention-to-treat effect (ITT) (i.e., the effect of treatment assignment) with
the compliance rate in order to estimate the treatment effect for the subpopulation that is
actually being treated.

One can think of CACE in the framework of instrumental variables.”® Specifically, in the above
email example, imagine that the only way for the random group assignment to influence the
outcome variable is through customers actually opening the email. The CACE method requires
this assumption. Using CACE methods, researchers can estimate the effect of actually
receiving the treatment on the outcome variable by using the group assignment as an
instrumental variable.

———

When treatment effect varies across segments

Companies like Uber serve a variety of customers, each with their own preferences and
needs.8210 Consequently, treatment that works well for one group of customers may not work

well for another group.tt:12 Among other solutions, the heterogeneous treatment estimation
(HTE) method of causal inference enables researchers to identify customized experiences that

are optimized to benefit everyone.l3’ % InHTE analysis, researchers calculate the conditional
average treatment effect (CATE), which is the treatment effect conditional on observed
covariates. The goal of HTE is to identify which segment has the largest delta between
treatment and control; in other words, which group of people would benefit the most from the
given treatment.

A typical workflow of HTE is to first conduct an A/B test and then use the experiment data to
train the HTE model. Researchers can then identify the optimal treatment for different
segments based on the results. After that, they run a second experiment with the personalized

treatment to validate their ideas.!®
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There are different ways to estimate HTEs. One popular approach at Uber is called uplift

modeling, while quantile regression is another widely-used approach.16

When we want to know why X causes Y

Suppose there is an experiment where the treatment variable X had a significant impact on the
outcome variable Y. While we may have a hypothesis about why these two variables are related,
in a standard analysis such as regression, the hypothesis is only logically inferred rather than
empirically tested with data. Mediation modeling, a causal inference method frequently used at
Uber, solves this problem. It opens the black box between a treatment and an outcome variable
to reveal the underlying mechanisms (i.e., why something happened).

Essentially, mediation modeling decomposes the total treatment effect into two parts: one
that’s due to a particular mechanism we hypothesized (the average causal mediation effect)
and the other that’s due to all other mechanisms (the average direct effect). In this way,
mediation modeling helps empirically test whether the data supports a causal hypothesis. As
illustrated in our previous article on this topic, this type of modeling can be used to directly test
product assumptions; compare the relative importance of multiple underlying mechanisms;
understand the business impact of intangible variables, such as customer satisfaction; and
inform researchers on how to break up a long-term goal into short-term steps.

Causal inference with observational data
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Figure 2. Causal inference methods apply to very specific observational data.

While we run a lot of experiments at Uber, we do not want to negatively impact the customer
experience with our research. To estimate the causal impact of some variable that hasn’t been
randomized, we can leverage observational data rather than data obtained via experimentation.

—

As an example, we might want to know how experiencing an event like a delay in food delivery
can influence Uber Eats customers’ future engagement with the platform. However, since
delaying food deliveries would impact the customer experience negatively, we need to use

| alternative approaches to estimate the impact of such an event.

Examining observational data consisting of users who happened to experience a delayed
delivery and users who didn’t, we can begin to understand the impact without resorting to
experimentation. However, simply calculating the difference in future customer engagement
between these two groups would not likely give us a meaningful answer. The users who have
experienced delays may be importantly different from those who haven’t. For example, Figure 3,
below, shows one possible causal graph that could be generated from the observed data:
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Figure 3. A possible data-generating causal graph shows how the number of Uber
Eats orders could confound the relationship between experiencing a delayed
delivery and customer engagement.

If we were to naively compare the experiences of those whose food deliveries were delayed with
those whose weren’t, we might arrive at the implausible conclusion that experiences of delayed
deliveries increase customer engagement. But the most plausible explanation is simple: those
who are more likely to experience a delayed delivery are likely those who make a larger number
of orders, and consequently this group also has higher engagement.

In the graph above, a users’ number of Uber Eats orders represents a back-door path between

the treatment variable and outcome of interest.2 In observational causal inference, we try to
block such back-door paths. One way we can do this is by controlling for the past Uber Eats

orders in our analysis: for instance, only compare those who have, say, five orders from Uber
Eats.

Of course, the graph shown in Figure 3, above, represents a simplification. The real data-
generating graph could have a bevy of complex back-door paths involving a number of
different variables. Determining the variables that should and should not be controlled for is an
important step of a causal inference analysis and involves close collaboration between
researchers and domain experts who have substantive knowledge of the business problem in
guestion.
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Once we have determined the variables that should be included, there are many ways to carry
out causal modeling. The simplest way is to only compare treated and non-treated individuals
who have the exact same values for the relevant covariates. However, this approach may not be
feasible if the number of covariates is large. This is why we usually summarize those covariates
in the form of a propensity score, which is the predicted probability of being treated given the

covariates.l”

The propensity score can then be used to estimate the treatment effect in various ways. Typical
strategies include comparing those whose propensity score is similar, such as propensity score
matching, or by constructing synthetic populations by weighting observations, such as inverse
)1819

probability of treatment weighting (IPTW

Doubly-robust estimation, an interesting related method, combines two modeling approaches
—g-computation and IPTW—to obtain one treatment effect estimate, such that the estimate is

consistent if one of the two models is correctly specified (which is still a substantial ask).2°
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Figure 4. The regression discontinuity approach estimates if changing surge
multiplier has an effect of purchase rates.?’
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Another very typical causal inference approach, named the regression discontinuity method,

involves looking at discontinuities in regression lines at the point where an intervention takes

place.22 As an example, we might look at how different levels of dynamic pricing influence
customers’ decisions to request a trip on the Uber platform. Figure 4 above illustrates this type
of analysis.

The idea here is that, in the absence of a causal effect, trip request rates should be very similar
on different sides of a sharp cut-off point, such as a specific surge level. This holds true if we
can assume that the riders who are very close to the cut-off point are similar with respect to
any relevant confounding variables. If this assumption holds and there is a clear discontinuity
in trip request rates at the cut-off point, this is evidence that crossing the surge cut-off point
has a causal impact on request rates.

A variation of this approach is to look at time series data of some outcome of interest before
and after a candidate causal event. This approach is known as the interrupted time series

design. Here, the goal is to estimate whether there is a change in the time series at the time the
event takes place. The methods we typically use are based on synthetic control and Bayesian
23,24

structural time series approaches.

Arelated method that we have used successfully at Uber, the difference-in-differences
analysis, looks at the difference in outcomes between those who are treated and those who are

not treated before and after the treatment of interest takes place.2>2% The assumption here is
that if the treatment influences the outcome of interest, then there should be a change in the
difference between those who are treated and those who are not, from before to after the
intervention. A typical use case for these types of methods is a marketing campaign or a new
product feature that is launched in a particular city.

The instrumental variables approach, a final family of observational methods frequently used
at Uber, allows us to estimate the effect of a candidate cause on an outcome if we are able to
identify a third variable, known as the instrument, whose influence on the outcome goes

L through the candidate cause, as depicted in Figure 5, below:
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Figure 5. A possible data-generating causal graph shows how an instrument is
related with the candidate cause variable whose relationship with the outcome is
confounded.

Continuing the Uber Eats example from above, we still have the potential back-door path
between the delayed deliveries and customer engagement, which could bias our estimate.
However, if we are able to identify some third variable that is only related to the outcome of
interest through experiences of delayed deliveries, then we can use that variable to estimate
the impact of delayed deliveries on the outcome.

Defining the third variable is a difficult task that often requires substantial knowledge of the
particular situation. In this case, a certain type of bug or outage could satisfy the conditions for
an instrument. A related but lesser-known strateqy is the front-doorapproach, where
researchers are able to estimate the effect of a variable if the relationship between that variable
and the outcome of interest is entirely mediated by some intervening variable, along with
certain other conditions.

While these methods for observational causal inference have proved very useful in practice,
they must be used with caution because their validity rests on certain untestable assumptions.
As an example, a consistent estimation of the treatment effect using propensity score
matching requires that all relevant confounding variables be included in the propensity score
model. However, it is not easy to determine whether or not this assumption holds.

One practical way in which we have sought to address this problem is by using graphical causal
models, such as the one leveraged in the Uber Eats customer engagement model, which

encode the underlying assumptions in a transparent manner.%?’ Together with substantial
domain knowledge, using such graphs has helped us evaluate the plausibility of our models.
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Additionally, we have used approaches such as sensitivity analysis and simulated tests with

known causal effects.28

Future directions for causal inference

In recent years, causal inference has become an active research area in the field of machine
Iearning.zg’30 Influential applications include the estimation of counterfactuals in time series

data and determining heterogeneous treatment effects in experiments.3! Many of the
approaches that combine causal inference and machine learning are motivated by the idea of
bringing a large number of covariates to bear on traditional causal inference problems.

At Uber, we're developing many kinds of causal inference solutions that will help us answer
guestions that are relevant to our business. To scale causal inference methods, we’re building
such approaches into platforms and tools that can be easily used by teams across the
company. In the machine learning front, we've implemented a number of cutting edge uplift
modeling algorithms in a Python package, which helps data scientists and analysts find optimal
treatment group allocations in experiments. In parallel with the development of platforms and
tools, we've also formed a causal inference community at Uber to facilitate learning and
sharing, as well as advocate for analysis best practices.

The header image for this article was generated via wordclouds.com.
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