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What defines
our research

We solve
management
problems of
relevance by using
data science

We develop new
algorithms from the
area of Al

(statistics, computer
science, etc.)

We evaluate the
added value of our
tools rigorously in
management
practice
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Negativity drives online news consumption

« N=22,743 randomized controlled trials (each with around 4 headlines)
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Sentiment analysis

Text Extracting the positivity or negativity
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Markings: examples of text
components relevant for investors

Feuerriegel, Stefan, et al. "Using natural language processing to analyse text data in behavioural science." Nature Reviews Psychology (2025): 1-16.



The effect of positive and negative words in news headlines on the CTR



Robertson, C. E., Prollochs, N., Schwarzenegger, K., Parnamets, P., Van Bavel, J. J., & Feuerriegel, S.
(2023). Negativity drives online news consumption. Nature Human Behaviour, 7(5), 812-822.
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But what about journalists?

Source: McKinsey (2023)
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Research questions

RQ 1: How does prompt engineering training
influence the user experience of journalists
when interacting with LLM?

RQ 2: How does prompt engineering training

iInfluence the accuracy of text written by
journalists with LLMs?

RQ3 How does prompt engineering training
iInfluence the non-expert reader perception of

texts written by journalists with LLMs?



Research design
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Perception of journalists before/after prompt education
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Accuracy of written social media posts (measured by domain experts)
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But what does ‘“the reader” think?
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Bashardoust, A., Feng, Y., Geissler, D., Feuerriegel, S., & Shrestha, Y. R. (2024). The Effect of Education in
Prompt Engineering: Evidence from Journalists. arXiv preprint arXiv:2409.12320.
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Optimal targeting

Whom to target?

How to target?

Climate change will
harm your children

Climate change is a
moral duty

Your friends fight
climate change.
Join them!
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https://cdn.wan-ifra.org/wp-content/uploads/2023/08/22075841/20231121-Causal-ML-at-Neue-Zurcher-Zeitung-Cristina-Kadar-and-Joel-Persson-.pdf
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AIM
Understanding heterogeneity in the treatment effect

= Focus is often on average treatment effect (ATE)

= ATE is aggregated across the population

= ATE cannot tell whether a treatment works for
some or not
— €.g., medication works only for women but not
for men, but RCT was done with all patients

= NB: both RCTs and target trial emulation focus on
ATEs

To personalize treatment recommendations, we need to understand the individualized treatment effect (ITE)
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Example: optimal nudging to improve climate beliefs
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Figure 1: Distributions of the predicted conditional average treatment effects (CATEs) for all inter-
ventions. The interquartile range is plotted as black horizontal bars. The interventions are sorted
by their average treatment effect (ATLE) plotted as vertical bars.
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Deriving optimal targeting rules
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Short introduction
to causal machine learning

Reference:
Feuerriegel, S., Frauen, D., Melnychuk, V., Schweisthal, J., Hess, K., Curth, A., Bauer, S., Kilbertus, N., Kohane, |.S. and van der
Schaar, M., 2024. Causal machine learning for predicting treatment outcomes. Nature Medicine, 30(4), pp.958-968.



PRIMER
Estimating the potential outcomes of treatments

= Given i.i.d. observational dataset

o covariates
o (binary) treatments
o continuous (factual) outcomes

= We want to identify & estimate
treatment outcomes:

Problem

formulation

o treatment effects

o potential outcomes
(separately) Y[0]  Y[1]

=  Fundamental problem:
never observing both potential
outcomes!
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[ Decision-Making ]

A New Machine Learning Approach
Answers ‘What If’ Questions

Causal ML enables managers to explore different options to improve decision-making.

By Stefan Feuerriegel, Yash Raj Shrestha, and Georg von Krogh

ACHINE LEARNING IS NOW
widely used to guide decisions in pro-
cesses where gauging the probability of
a specific outcome — such as whether
a customer will repay a loan — is suffi-
cient. But because the technology, as tra-
ditionally applied, relies on correlations
to make predictions, the insights it offers managers is
flawed, at best, when it comes to anticipating the impact
of different choices on business outcomes.*

Consider leaders at a large company who must decide
how much to invest in R&D in the coming year. Using
traditional ML, they can ask what will happen when they
increase their spending. They might find a strong corre-
lation between higher levels of investment and higher
revenue when the economy is growing. And they might
conclude that, since economic conditions are favorable,
they should increase the R&D budget.

But should they really? If so, by how much? External
factors, such as levels of consumer spending, technology
spillover from competitors, and interest rates, also influ-
ence revenue growth. Comparing how different levels of
investment might affect revenue while considering these
other variables is useful for the manager who is trying to
determine the R&D budget that will deliver the greatest
benefit to the company.

Causal ML — an emerging area of machine learning —
can help to answer such what-if questions through causal
inference. Similar to how marketers use A/B tests to infer
which of two ads is likely to generate more sales, causal
ML can inform what might happen if managers were to
take a particular action.?

This makes the technology useful in many of the same
business functions that use traditional ML, including
product development, manufacturing, finance, human
resources, and marketing.? Traditional ML is still the
go-to approach when the only goal is to make predictions

— such as whether stock prices will rise or which products
customers are most likely to buy. When a company wants
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to predict what would happen if it were to make one deci-
sion versus another — such as whether a 10% discount or
none is more likely to induce a customer to make a repeat
purchase — it needs causal ML.

Our research on machine learning and AI and our
experience helping companies apply causal ML points

Jing Jing Tsong / theispot.com



out a path to using the technology successfully. (See “The
Research.”) Companies will need the right expertise, too,
and should boost employees’ literacy in causal ML.

What Causal ML Can and Cannot Do

Causal ML is a powerful tool, but managers may find the
name misleading. The label “counterfactual prediction’
would more accurately reflect what it does: predict out-
comes based on hypothetical actions. The technology is
best understood as a way to make better guesses rather
than as a source of definitive answers. Framing it in this
way can remind managers not to overinterpret the results.

It does this using causal inference, which looks at
past results to understand cause-and-effect relation-
ships among variables. But instead of focusing on why
something happened, causal ML applies these rela-
tionships to predict the effects of interventions in new,
forward-looking settings.

However, the method cannot explain why a causal
relationship exists between a particular factor and the
outcome it affects. For instance, a causal ML model might
predict that reducing an R&D budget will decrease reve-
nue, but it will not explain why that relationship exists or
whether confounders — factors affecting both the deci-
sion and the outcome — might change and invalidate that
prediction. Managers should use their domain expertise
to evaluate whether a given prediction makes sense. This
approach helps ensure that the model’s predictions are
interpreted correctly and remain relevant to real-world
decisions.

Like traditional machine learning, causal ML is most
effective when managers have large volumes of data, their
options are clearly defined, and the desired outcome is
well understood. It is generally unsuitable for one-off
decisions and in scenarios requiring intuition or creativity.

>

Choose the Right Problem — and Data
Causal ML is best at predicting the outcomes of straight-
forward decisions that are supported by ample histori-
cal data from internal and external sources. Questions
about operations can be good candidates for the approach
because they are made frequently and companies have a
lot of data to support them.* The following are examples
of causal ML’s use in that context:
= Booking.com collects data from thousands of hotel
reservations every hour. Marketers at the company
use causal ML to determine not only whether to
give discounts but also which customers should get
them.
= Chocolate maker Lindt has extensive data about
environmental conditions, equipment, packaging,
and other factors that affect the quality of its

world-famous truffles. Manufacturing managers

use causal ML to help them fine-tune parameters

such as the temperature of machines and the

configurations of truffle molds.*
= Hitachi ABB Power Grids turned to causal

ML to reduce failure rates in its semiconductor

manufacturing process, using machine performance

data. It was able to cut its yield loss by about half

by identifying which combination of machines

consistently produced the best-quality chips.®

At Novartis, managers who had been educated about
the capabilities of different kinds of machine learning
were able to identify several decision-making tasks where
replacing traditional machine learning with causal ML
offered significant benefits. They had asked a traditional
ML model whether increasing the marketing budget
would increase sales, but its predictions were not help-
ing them decide how to allocate that budget. They decided
to use causal ML to evaluate how different promotional
campaigns might affect future sales. They used the pre-
dictions to distribute resources to the campaigns that
were likely to be most effective.

A decision that is suitable for causal ML can be
expressed as a number or a binary choice (such as an
amount of revenue or buy/hold). It may also be framed
as a question about which action to take: to allocate a mar-
keting budget of $10,000 or $15,000 for the next quarter,
or to offer a 10% discount or none on a product.”

Further, causal ML cannot effectively address every
potential use case, even if it seems suitable for that on the
surface. Confounders — the variables that affect both the
outcome and the decision — introduce biases that affect
predictions and must be accounted for. They can be chal-
lenging or impossible to test for, and they affect the accu-
racy of predictions. If, for example, data is available only
for product sales during an economic upturn, predictions
of product sales during a downturn would be less reliable.

When managers have determined what they want to
decide, identified how they will measure the outcome,
and affirmed that they have enough data, they can begin
to work with data scientists to assemble and categorize
that data to build their causal ML model. Business lead-
ers and other individuals with domain knowledge are
essential partners to data scientists and machine learn-
ing experts in building causal ML models that provide
reliable results.

Training the model to capture complex cause-and-
effect relationships requires data from at least a few
dozen — and ideally, hundreds or thousands — of histor-
ical decisions. With massive amounts of data, the model
can uncover connections between variables that may be
unknown to managers or difficult to quantify. Less data
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Decision-Making

leads to less-accurate predictions.

Broadly, causal ML requires three categories of data
that were alluded to above: decisions, outcomes, and con-
founders. Decision data encompasses what managers have
done in the past, such as the staffing levels or budgets they
set, discounts they offered, investments they made, or
processes they changed. Outcome data may include any
measurable business result, such as sales volume, reve-
nue growth, quality metrics, or productivity.

Confounders can come from internal or external
sources. They may include economic conditions, work-
force composition, and competitor behavior, and they
can vary with the decision being made. For a market-
ing decision, the type of device customers use may be a
confounder because those with more expensive smart-
phones may tend to spend more money whether or not
they respond to an incentive.

For example, Neue Ziircher Zeitung, an international
media company that publishes the largest-circulation
newspaper in Switzerland, implemented causal ML to
improve the effectiveness of editors’ content promotion
decisions. The decision variable was whether an online
article was promoted on one of two front pages that were
served to readers. The outcome variable was a perfor-
mance score that combined website traffic, reader engage-
ment, and subscription signups. Confounders included
time factors (such as the hour of the day), content char-
acteristics (such as the article format), past performance
indicators (including clicks), and past promotion deci-
sions (including whether the article had been promoted
elsewhere).

Identify Possible Causal Factors

A valuable lesson from our work has been the value of
sketching a causal graph on a whiteboard that illustrates
the expected relationships between the outcome, the
decision, and the confounders at the start of the model
development process. Managers’ knowledge and exper-
tise are essential here because they have repeatedly made
decisions and learned to anticipate certain results.

The causal graph tells the data scientists (who should
be experts in causal inference) whether to treat a varia-
ble as a cause or an effect in the model. In this way, the
team can rule out reverse causality errors. That is, they
can ensure that the model does not misinterpret one var-
iable as causing another when, in reality, the effect is the
opposite.

Imagine a celebrity with millions of social media fol-
lowers. If we do not know much about social media or
stardom, we might conclude that fame comes from hav-
ing a high follower count. The reverse is more likely to be
true. As even the average teenager has observed, to get
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millions of strangers to follow their social media accounts,
they first have to do something that gets them noticed.

In the case of our R&D spending question, the budget
influences revenue, not the other way around. Mean-
while, confounders such as the economic climate, mar-
ket trends, or team expertise are acknowledged as driving
both the budget decision and business outcomes but are
not influenced by either. The model would take all of this
into account. (See “A Causal Graph for an R&D Budget
Decision.”)

Choose the Output

Next, managers need to choose the type of answer the
model should give in response to the question (referred
to in statistics as the output, or estimand): It can predict
the end result of a decision or the relative benefit of one
alternative compared with another.

Each of those outputs can be useful, depending on
how the manager is thinking through a decision. Focusing
on end results, such as potential revenues under different
budget scenarios or personalized incentives for individ-
ual customers, helps with strategic planning. However,
comparing the incremental effects of different decisions
is often sufficient for making one: If a manager wants to
know which of two ads is likely to boost sales more effec-
tively, they do not necessarily need to predict how much
revenue each variant might generate. They only need to
know the relative benefit: that one ad is likely to gener-
ate three times more revenue than the other. Moreover,
focusing on relative benefits gener-

ates more reliable predictions than
focusing on end results. We recom-
mend pursuing only as much granu-
larity as is necessary.

Editors from Neue Ziircher Zei-
tung were interested in predicting the
actual click rates for each article they
promoted, but the company opted
instead to predict the likely net gain
in performance from promoting an
item. This approach enabled causal
ML to make more accurate predic-
tions about which content, when
promoted, would increase clicks and
subscriptions. Editors learned that
promoting articles written by the
editor in chief significantly increased
both outcomes.® They had been pro-
moting the top editor’s articles spar-
ingly, and the findings served as a
starting point to revise their promo-
tional strategy.

THE RESEARCH

= The authors worked with
companies in manu-
facturing, pharmaceu-
ticals, finance, travel,

and media to develop
and implement causal

ML models for a variety
of business functions.
The companies included
Booking.com, EthonAl,
Hitachi ABB Power Grids,
Neue, Novartis, UBS, and
Ziircher Zeitung.

Over five years, they
implemented and eval-
uated the models and
documented the practices
that contributed to the
companies’ success using
the technology.



A Causal Graph for an R&D
Budget Decision

A causal graph can help data scientists understand
whether a variable should be treated as a cause

or an effect in a causal ML model. These graphs
describe the role of different variables and how
they are expected to interact. The arrows indicate
the direction of influence for each. Here, the
decision is the R&D budget allocation, which
influences the business outcome (revenue). The
economic climate is a confounder that influences
both the decision and the outcome.
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Train, Test, and Validate the Model

Once managers have defined the decision they want to
make and their preferred type of output, data and machine
learning scientists can choose the causal ML model that
is right for the job. Once the model is implemented,
machine learning engineers will train it using the previ-
ously categorized data.

The final step is to test and validate the causal ML
model in practice to ensure that it is reliable and that its
predictions result in better business performance. Vali-
dation also offers the opportunity for decision makers,
including senior leaders, to gain trust in its predictions.
Starting with relatively simple and straightforward prob-
lems where clear decision alternatives can be identified
and assessed makes this step easier to accomplish.

Testing and validation require care because managers
can observe only the outcome of the decision that was
made in the real world. They have no way to know what
the outcome would have been had a different decision

been made. Two strategies, “human in the loop” and the
familiar A/B testing approach, have proved successful.

Neue Ziircher Zeitung chose to integrate the model’s
recommendations with human decision-making pro-
cesses.” Its causal ML model recommends which content
to promote, but the editors make the final decisions. The
model relies on the same information that editors pre-
viously used to make their promotion decisions, so they
can trust that the model is not missing key elements. The
causal ML model’s recommendations typically match the
editors’ own gut feelings, which gives them confidence
that it is reliable.

Some decisions are tricky, and editors know that
their judgment is not perfect. In cases where causal ML
recommends a different decision than they would have
made, the editors can test the recommendation and see
the result. Over time, they should see that causal ML is
able to make reliable recommendations in ambiguous
situations. At that point, they will be able to follow the
causal ML recommendations instead of their instincts
more frequently.

Hitachi ABB used A/B testing to validate the causal
ML models it built to improve manufacturing quality.
In one application, managers used the model to predict
which of several machines would produce the best-quality
output in the etching and implantation steps of the semi-
conductor fabrication process and contribute to the
highest-quality output overall.

To confirm that the predictions were reliable, man-
agers did a controlled experiment in which they changed
the machine used for etching and implantation and kept
the machines used for other processes the same. They
found that the better machine for etching and implan-
tation was the same one that the causal ML model had
predicted. Thanks to causal ML, managers were able to
find and address the source of manufacturing issues more
efficiently than they could have with either manual meth-
ods or traditional ML.*®

Prepare the Organization
While causal ML has the potential to improve decisions,
implementing such systems requires a high level of AI
literacy in the workforce, specialized technical expertise,
and patience — because these projects may take longer to
develop than traditional ML applications. Managers can
prepare their organizations by educating themselves and
their workforces about causal AI and building the inter-
disciplinary teams needed to develop the applications.
Many companies today are investing heavily in edu-
cating employees about traditional ML and generative
Al models (such as ChatGPT) to stay competitive and
innovative. If the organization plans to use causal ML, it
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Data scientists and ML engineers need to work
closely to develop and implement causal ML.

needs to include this technology in its Al literacy efforts.
Employees who are alert to the strengths and limitations
of different AI approaches will be empowered to find
opportunities to use them effectively.

We found that to excel at using causal ML, teams need
strong expertise in data science and machine learning,
along with domain knowledge. However, building such
teams can be costly, particularly when it requires com-
panies to hire data scientists or turn to external consult-
ants and partners.

Moreover, data scientists and machine learning engi-
neers are typically assigned to different teams. They need
to work closely when developing and implementing causal
ML models and have strong engagement with the busi-
ness stakeholders who have domain knowledge. (Domain
knowledge is also essential in traditional machine learn-
ing but is often less rigorously applied because teams do
not deeply consider the underlying relationships between
variables when building those models.)

For example, at Neue Ziircher Zeitung, the insights
that editors and marketers have into editorial processes,
customer preferences, and the long-term objectives of the
brand help data scientists define variables that measure
those factors. At Hitachi ABB, engineers supplied the
insight to define which production variables to include
in the models.

Interdisciplinary teams are often plagued by a lack of
common understanding, vocabulary, and ways of work-
ing. Managers need to foster an environment where
cross-functional collaboration can thrive and all rele-
vant stakeholders are involved throughout the model
development process. Regular workshops, meetings, and
training sessions where data scientists, machine learn-
ing engineers, and domain experts jointly explore prob-
lems, refine models, and discuss the implications of the
findings together can foster an environment in which
cross-functional collaboration thrives.

MACHINE LEARNING HAS CHANGED HOW
numerous organizations make decisions; causal ML can
deepen insights further by predicting the effects of differ-
ent choices on business outcomes. Companies are more
likely to benefit from machine learning when decision
makers trust the results. Knowing what causal ML can
do and how it compares with traditional ML can help
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them choose the right projects for each technology and
increase their success rates.

When managers use causal ML prudently to explore
the options for straightforward decisions, they can signif-
icantly improve their operations — and, ultimately, their
financial results. m

Stefan Feuerriegel is the director of the Institute of Al in Man-
agement in the LMU Munich School of Management. Yash Raj
Shrestha is the group head at the Applied Artificial Intelligence
Lab at the University of Lausanne. Georg von Krogh is a professor
and chair of strategic management and innovation at ETH Zurich
and an associated faculty member at the ETH Al Center.
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Causal machine learning (ML) offers flexible, data-driven methods for
predicting treatment outcomes including efficacy and toxicity, thereby
supporting the assessment and safety of drugs. A key benefit of causal ML is
thatit allows for estimating individualized treatment effects, so that clinical
decision-making can be personalized to individual patient profiles. Causal

ML canbe used in combination with both clinical trial data and real-world
data, such as clinical registries and electronic health records, but caution
isneededto avoid biased or incorrect predictions. In this Perspective, we
discuss the benefits of causal ML (relative to traditional statistical or ML
approaches) and outline the key components and steps. Finally, we provide
recommendations for the reliable use of causal ML and effective translation

into theclinic.

Assessing the effectiveness of treatments is crucial to ensure patient
safety and personalize patient care. Recent innovations in ML offer
new, data-driven methods to estimate treatment effects from data.
This branch in ML is commonly referred to as causal ML as it aims to
predict a causal quantity, namely, changes in patient outcomes due
to treatment’. Causal ML can be used to estimate treatment effects
from both experimental data obtained through randomized con-
trolled trials (RCTs) and observational data obtained from clinical
registries, electronic healthrecords and other real-world data (RWD)
sources to generate clinical evidence. A key strength of causal ML
is that it enables estimation of individualized treatment effects, as
well as personalized predictions of potential patient outcomes (for
example, survival, readmission, quality of life or toxicity) under dif-
ferent treatment scenarios. This offers a granular understanding of
when treatments are effective or harmful, so that decision-making
in patient care can be personalized to individual patient profiles.
Still, cautious use is important as causal inference rests on formal
assumptions that cannot be tested.

In this Perspective, we explain how causal ML differs from tradi-
tional statistical and ML approaches, and we discuss the essential com-
ponents and steps foritsusein the clinic. We provide recommendations

foravoiding common technical pitfalls and outline a path to translation
ofthisapproachinto clinical practice.

Causal ML in medicine

Inmedicine, causal ML offers several opportunities for estimating indi-
vidualized treatment effects from data, which eventually help in greater
personalization of care. First, at the patient level, causal ML can handle
high-dimensional and unstructured data with patient covariates, and
thus estimate treatment effects from multimodal datasets contain-
ing images, text or time series, as well as genetic data. For example,
one could estimate treatment effects from computed tomography
scansor entire electronic health records. Second, at the outcome level,
causal ML can help make personalized estimates of treatment effects
for subpopulations or even predict outcomes for individual patients?.
For example, individual differences in drug metabolism can lead to
serious side effects for drugs in some patients but can be lifesaving in
others?, soa causal MLapproach could learn such differences and thus
helpindesigning personalized treatment strategies. Third, at the treat-
ment level, causal ML can be effective for estimating heterogeneity in
treatment effects across patients in a data-driven manner, to identify
for which patient subgroups treatment is effective (Fig. 1c).
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Fig.1| Causal ML for predicting treatment outcomes. a, Different from
traditional ML, causal ML aims to (i) estimate the treatment effect or (ii) predict
the potential patient outcomes themselves owing to treatments. As such, one can
perform ‘what if’ reasoning to evaluate how patient outcomes will change due to
administering a treatment. b, Causal ML is challenging owing to the ‘fundamental
problem’ of causal inference—in that not all potential outcomes can be observed

and are thus missing in the data. Unless potential outcomes are explicitly needed,
treatment effect estimation is preferred. ¢, Treatment effect heterogeneity

refers to the variation in the response to treatment across different subgroups
ofa patient population (for example, according to age), indicating that the
effectiveness of the intervention is not uniform for allindividuals. For this, one
must move beyond the ATE and obtain individualized treatment effects.

Despite these potential benefits, causal ML poses distinct chal-
lenges that necessitate custom methods. Inaddition, the appropriate
application of thisapproachrequires an understanding of how causal
ML differs from traditional statistical and ML approaches.

When should I use causal ML?

Causal ML for estimating treatment effects is different from traditional
predictive ML (see Box 1for aglossary of terms). Intuitively, traditional
ML aims at predicting outcomes®, while causal ML quantifies changesin
outcomes dueto treatment, so that treatment effects can be estimated
(Fig.1a). Atypical use case for traditional ML is risk scoring, such as pre-
dicting the probability of diabetes onset to understand which patients

are at high risk—but without saying what the best treatment planis®.
By contrast, causal ML aims to answer ‘what if’ questions. For example,
causal ML could estimate how the risk of diabetes onset will change if
the patient receives an antidiabetic drug'® 2, so that decisions can be
made about whether to administer such a drug. Causal ML canalso be
used to predict the potential patient outcomesin response to different
treatments. For example, inoncology, causal ML could make individu-
alized predictions of survival under different treatment plans, which
canthen help medical practitionersin choosing atreatment plan that
promises the largest chance of survival or longest duration of survival™.

Methods for estimating treatment effects have a long tradition
inthe statistical literature (for example, refs.14-17). Causal ML builds
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BOX1

BOX2

Glossary of common terms in
causal ML

Comparison of causal ML
versus traditional statistics

Causal graph: A graphical representation of the causal relationships
between variables, typically using directed acyclic graphs to depict
causal paths.

Causal ML: A branch of ML that aims to estimate causal quantities
(for example, ATE and CATE) or to predict potential outcomes.
Here, ‘causal’ implies that the target is a causal quantity when
certain assumptions about the data-generating mechanism are
satisfied. For alternative definitions and use cases of causal ML,
seeref. 1.

Confounder: A variable that influences both the treatment
assignment and the outcome.

Consistency: The potential outcome is equal to the observed
patient outcome under the selected treatment, which implies
that the potential outcomes are clearly defined and observable
in principle.

Counterfactual outcome: The unobservable patient outcome that
would have occurred, had a patient received a different treatment.

Factual outcome: The observed patient outcome that occurred for
the observed treatment.

Identifiability: A statistical concept referring to the ability of causal
quantities such as treatment effects to be uniquely inferred from the
observed data.

Positivity: Each patient has a bigger-than-zero probability of
receiving/not receiving a treatment. This is also called overlap
assumption.

Potential outcome: The hypothetical patient outcome that would
be observed if a certain treatment was administered.

Propensity score: The propensity score is the probability of
receiving the treatment given the observed specific patient
characteristics.

SUTVA: The outcome for any patient does not depend on the
treatment assignment of other patients, and there is no hidden
variation in the effect of the treatment across different settings or
populations.

Unconfoundedness: Given observed covariates, the treatment
assignment is independent of the potential outcomes. This is the
case, for example, when there are no unobserved confounders,
that is, variables influencing both the treatment and the outcome.
The assumption is also called ignorability.

upon the same problem setup but makes changes to the estimation
strategy. Hence, the core benefit of using causal ML is generally not
the types of questions that can be asked, but how these questions can
be answered. As such, causal ML can have benefits over alternative
methods from the statistical literature (Box 2). First, methods from

Owing to the importance of treatment effect estimation

across many application areas, methods for treatment effect
estimation have been developed in different disciplines, including
statistics, biostatistics, econometrics and ML (for example,

refs. 23,27,49,53,54,61,98,99). However, there is no ‘dichotomy’

as many concepts are shared across disciplines. For example,
many state-of-the-art methods for estimating treatment effects are
model-agnostic in that they can be used in combination with both
arbitrary models from classical statistics and also more modern
ML models?#9',

Eventually, the choice of whether to rely on a classical statistical
model or a more modern ML method presents a trade-off that
depends on the underlying settings. For example, simple models
(such as linear regression or other parametric models) are often
preferred for small sample sizes. For large sample sizes, more
complex, nonlinear models can be used to capture heterogeneity
in the treatment effect. Notwithstanding, the ability to handle
nonlinear relationships and treatment effect heterogeneity

is not unique to causal ML but can, in principle, also rely on
classical statistical models that allow incorporating prespecified
nonlinearities. Therefore, causal ML may have advantages when
the underlying data-generating process is complex and when prior
knowledge is limited.

classical statistics often assume knowledge about the parametric
form of the association between patient characteristics and outcomes,
such as linear dependencies. However, such knowledge is often not
available or unrealistic, especially for high-dimensional datasets such
as electronic health records, and this can easily lead to models that
are misspecified. By contrast, causal ML typically allows for less rigid
models, which helpsin capturing complex disease dynamics as well as
human pathophysiology and pharmacology. Still, there is a trade-off
as causal ML typically requires larger sample sizes.

The fundamental problem of causal inference

Estimating treatment effects from datarequires custom methods. This
isbecause treatment effects forindividual patients are not observable
owing to the so-called fundamental problem of causal inference'®"’:
that is, one can only observe the factual patient outcome under the
given treatment, but one never observes the counterfactual patient
outcome under adifferent, hypothetical treatment (Fig. 1b). Therefore,
the estimation of treatment effects or other causal quantities thatare
based onsuchunobserved outcomes poses challenges that do not exist
intraditional, predictive ML.

First, to obtain a causal quantity (such as response to treatment)
that can be estimated, certain assumptions on the causal structure of
the problem must be made. In particular, one often needs to assume
that there is no unmeasured confounding; that is, there are no unob-
served factors that drive both treatment decisions and subsequent
patient outcomes. If unmeasured confounding is present, the esti-
mated treatment effects may suffer from confounding bias and, as a
result, can be incorrect®. Additionally, to estimate treatment effects,
oneneedstoaccount forthe dependence structure between treatment,
outcomes and patient characteristics by modeling the underlying
causal relationships. This is because intervening on the treatment
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Fig.2| Workflow for causal ML in medicine. To predict treatment outcomes,
assumptions on the causal structure of the problem must be made. This is
relevant regardless of whether causal ML approaches or traditional statistical
approaches are used. Subsequently, the causal quantity of interest can be
predicted by causal ML.

variable could also affect other patient characteristics. Asan example,
consider a patient with a high body mass index whose doctor recom-
mends quitting smoking, and for whom the diabetes risk should be
predicted. Literature from traditional ML would suggest using both
the body massindex and smoking behavior to predict the diabetes risk
under asmoking versus no-smoking scenario; however, this approach
would ignore that stopping smoking would also change a patient’s
body mass index. To address this issue, ML needs to be embedded in
acausal framework.

The causal ML workflow

The process of predicting treatment outcomes with causal ML can be
broken down into a few key steps (Fig. 2), which are discussed in the
sections below. Following this workflow?-*should help researchers to
clearly define the research question and then guide their formulation
of the problem structure, their choice of the causal quantity of inter-
est, the causal ML method, the evaluation metric and the appropriate
robustness checks to validate the reliability of the estimates.

Formulate the causal structure of the problem

To estimate the effectiveness of treatments, information about the fol-
lowing variables is necessary": the treatment of interest, the observed
patient outcome and patient characteristics (covariates) such as age,
gender and the medical history. For example, in cancer care, one could
use electronic patient records withinformation about the type of chem-
otherapy (the treatment), the size of acancer tumor (the outcome), and
the previous medical history (the covariates). In the standard setting”,
thevariables caninfluence each other asshown by the causal graphin
Fig.3a. To make causal quantitiesidentifiable, we later need to assume
knowledge about the causal graph.

Information about the above variables can come from either
observational or experimental data. In observational data, such as clini-
calregistries and electronic health records, the treatment assignment
follows some typically unknown procedure, depending on the patient
characteristics. Forexample, patients withavery severeillness are likely

to get amore aggressive form of treatment, implying that the patient
characteristics differ across treatment groups. This contrasts with
RCTs, where treatments are randomized and, as a result, the patient
characteristics are similar across treatment groups. Thisis captured by
the propensity score, whichis the probability of receiving a treatment
given the patient covariates™. In RCTs, the propensity score is known
(for example, the propensity score is 50% in completely randomized
trials with two treatment arms of equal size). By contrast, the propen-
sity score in RWD is unknown, but it can be estimated to account for
differencesin the patient populations.

Select the causal quantity of interest

Causal quantities, such as the response to treatment, are commonly
formalized based on the ‘potential outcomes framework™. The frame-
work conceptualizes potential outcomes, which are the patient out-
comes that would hypothetically be observedif a certain treatment was
administered. Then, depending onthe practical applications, different
causal quantities can be of interest. These include treatment effects,
which quantify the expected difference of two potential outcomes
under different treatments. Common choices of treatment effects
canbe loosely grouped along two dimensions (Fig. 3b); the degree of
effect heterogeneity and the treatment type. By choosing a specific
treatment effect of interest, one defines the so-called estimand, that s,
the causal quantity that should be predicted by the causal ML method.

Degree of effect heterogeneity. Traditionally, the average treatment
effect (ATE) is widely usedin clinical trials. The ATE measures effects at
the level of the study population’. By comparing the average patient
outcome for those receiving the treatment versus those who do not
(controlgroup), the ATE helpsin understanding how effective a treat-
mentis, onaverage, across aspecific patient cohort®. Thisisimportant,
for example, when analyzing the comparative effectiveness of a new
drug compared to the standard of care, or when assessing the overall
effectiveness or safety of a new drug. However, the ATE cannot offer
granular insights into whether patients with specific covariates may
particularly benefit fromatreatment, eventhough such heterogeneity
intreatment effects can be of highinterest in clinical practice (Fig. 1c).
Foramoregranular view, one typically estimates the conditional aver-
age treatment effect (CATE), whichis the effect of a treatment for a par-
ticular subgroup of patients defined by the covariates. Understanding
the heterogeneity in treatment effects informs about subgroups where
treatments are not effective or might even be harmful, whichisrelevant
forindividualizing treatment recommendations to specific patients.

Treatment type. Binary (discrete) treatments refer to a type of treat-
ment variable that is dichotomous and thus has only two (or more)
categories—for example, when answering questions of whether to treat
or not to treat. By contrast, continuous treatments refer to a type of
treatment variable that can take on arange of values rather thanbeing
limited to two (or a few) categories. Continuous treatment variables
are commonly present in situations where the intensity, dosage or
level of exposure to treatment can be flexibly chosen®. For example,
inradiation therapy, the dose of radiationis often chosen fromafairly
wide spectrum that depends on the cancer type and other patient char-
acteristics”. For continuous treatments, the treatment effectiveness
is often also summarized by dose-response curves.

Individual patient outcomes. Besides the above, some applications
inmedicinearealsointerested in predicting theindividual patient out-
comes. Predicting patient outcomesis different fromtreatment effects,
as the former gives granular predictions of the potential outcomes
under different treatments, while the latter estimates only compara-
tive changes in outcomes but not the outcomes themselves. There-
fore, treatment effects primarily tell the advantages of one treatment
over another, while potential outcomes can support decision-making
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Fig.3 | Formalizing tasks for causal ML. a, A causal graph must be assumed
suchas the example here. The arrows indicate the causal relationships between
different variables. In the example, the assumption is made that patient
outcomes are influenced by treatment and covariates. Note that the causal graph
allows for possible unobserved variables (not confounders) that are correlated
with treatment and confounders, or correlated with confounders and outcome.

b, The research question defines what causal quantity is of interest, that is, the
estimand. The estimand can vary by the effect heterogeneity (average versus
individualized) and treatment type (binary versus continuous). Depending on
the causal graph and the causal quantity of interest, an appropriate causal ML
method must be chosen.

in routine care by helping clinicians reason about what outcome to
expect under different treatment options. This may be seen as a ‘risk
under intervention’ estimand and requires a careful modeling strat-
egy*®. For example, while the treatment effect may say that adrug can
improve the 5-year mortality by five percentage points, the predicted
outcomes could informus that the mortality is 15% with treatment and
20% without. However, in practice, the estimation of ATE and CATE is
often an easier task than predicting potential outcomes® and, hence,
is preferred whenit is sufficient for decision-making.

Assess the plausibility of assumptions for identifiability

The estimation of treatment effectsinvolves counterfactual outcomes,
which are not observable. Therefore, formal assumptions must be
made about the data-generating process to ensure the identifiability of
treatment effects from data'. Intuitively, identifiability is a theoretical
concept that refers to whether causal quantities (such as treatment
effects) can be uniquely inferred from data. Ensuring identifiability
is a necessary step because, otherwise, it is impossible to estimate a
treatment effect without bias, even with infinite data®.

RCTs ensure the identifiability of treatment effects through fully
randomized treatment assignment. However, treatment assignment in
RWDisnot fully randomized and depends on covariates, so that formal
assumptions must be made'. The exact set of assumptions depends
onwhichtype of treatment effect is chosen. For the treatment effects
discussed above, in addition to having independent and identically
distributed data, three ‘causal’ assumptions are standard**, First,
stable unit treatment value assumption (SUTVA) requires that the
potential outcome coincides with the observed outcome for a given
treatment and that the observed potential outcome on one patient

should be unaffected by the particular assignment of treatments to
other patients. This assumption implies that there is no interference
whereby treating one patient influences the outcomes for another
patient in the study population (for example, due to spillover or peer
effects). The SUTVA assumption also implies that there is hidden vari-
ationinthe treatment effect across hospitals or populations. SUTVAis
alsoknown as consistency assumption together with non-interference.
Second, positivity (also called overlap) requires anonzero probability
of receiving a treatment. Positivity implies that, for each possible
combination of patient characteristics, we can observe both treated
and untreated patients. And third, unconfoundedness (also called
ignorability) states that, given observed covariates, the treatment
assignment is independent of the potential outcomes. In particular,
thisissatisfied if the patient covariatesinclude all possible confound-
ers—in other words, variables that influence both the treatment and
the outcome. For example, unconfoundedness may be violated if
patients with certain sociodemographic characteristics (such as race
orincome level) tend to have better access to treatments®, and where
thereasonis not captured inthe data. In principle, unconfoundedness
can be addressed by capturing all relevant factors driving treatment
assignment in RWD?°, yet it is generally challenging to validate thisin
practice. If confounders are not observed or not modeled (or even
not known), then the estimated treatment effect might be biased and
thusincorrect®.

Importantly, assumptions such as those above are required for
consistently estimating treatment effects from data, regardless of
whether a causal ML approach or a traditional statistical approach is
used. A natural challenge comes from the fact that assessing the plau-
sibility of the assumptions is often difficult. Later, we discuss potential
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BOX3

Model-agnostic methods for
CATE estimation

There are different ways in which meta-learners can leverage the
data in a supervised learning setting for CATE estimation.

Plug-in learners: One approach is to train a single ML model that
predicts the patient outcome but where the treatment is added as
a separate variable to the covariates (called S-learner®®). Another
way is to train two separate ML models for each treatment (called
T-learner®). Here, one ML model is trained for predicting patient
outcomes in the treatment group and one ML model for the control
group. After having computed the ML model(s), one simply uses
the estimated treated and control outcome to ‘plug them into’ the
formula for computing the treatment effect.

Two-step learners: An alternative approach is to target the CATE,
which can lead to faster convergence?. However, because the
difference between factual and counterfactual outcomes is

never observed in data, so-called pseudo-outcomes are used as
surrogates, which have the same expected value as the CATE.
Prominent examples are the so-called DR-learner” and the so-called
R-learner®®, which come with certain robustness guarantees®**°,

The above meta-learners have different advantages and
disadvantages. Unfortunately, there are no clear rules for choosing
meta-learners but only high-level recommendations®*’>'°°,

strategies to check the credibility of whether the assumptions hold.
Notwithstanding, problem setups with alternative designs also exist.
For example, some problem setups allow for relaxations of the SUTVA
assumption (for example, by allowing for spillover effects)®*2. There
also exist alternatives to assuming unconfoundedness in specific set-
tings, such as through the use of instrumental variables®*. Finally,
there are problem setups that are not static but time-varying, so that
asequence of treatment decisions is made over time* **, Researchers
are also developing ways to effectively combine both observational
and experimental data*>*.

Choose and fit the causal ML method

There are different causal ML methods, which vary based on which
causal graph and which causal quantity of interest is addressed. For
example,alargebody of literature focuses on causal ML for ATEs***57,
Here, aprominent method is based on so-called targeting to obtain
an estimator that satisfies a semi-parametric efficient estimating
equation. For CATE estimation with binary treatments, there are
two broader categories of methods. On the one hand, so-called
meta-learners® (Box 3) are model-agnostic methods for CATE estima-
tionthat canbe used for treatment effect estimation in combination
with an arbitrary ML model of choice (for example, a decision tree
oraneural network’®*). A key advantage of model-agnostic methods
is that the underlying ML model can be chosen to flexibly handle
clinical datasources such as electronic health records. Onthe other
hand, model-specific methods make adjustments to existing ML
models to address statistical challenges arising in treatment effect
estimationand, therefore, toimprove performance. Here, prominent
examples that are particularly useful for clinical application are the
causal tree* and the causal forest®**, which adapt the decision tree
and random forest, respectively, for treatment effect estimation.

Even others adapt representation learning to leverage neural net-
works for treatment effect estimation®®*’. A different set of methods
isneeded for predicting the response to continuous treatment varia-
bles—for settings in which the intensity, dosage or level of exposure to
atreatment can be flexibly chosen?*°"*’, This is because the number
oftreatment valuesisinfinite and not every value is observed in the
data—making treatment effect estimation particularly challenging
in this context.

Existing causal ML methods often generate point estimates.
This can be a serious limitation in medical applications®®, where
uncertainty estimates such as standard errors or confidence inter-
vals are crucial for reliable decision-making®. However, there is
also some progress. For example, for CATE estimation, the causal
forest®** is a method that offers rigorous uncertainty estimates.
In addition, several other strategies have been developed recently,
such as Bayesian methods’® and conformal prediction”, but still
more research is needed.

Evaluate the causal ML method

Arguably, the best way to evaluate causal ML methods is to assess
the accuracy in predicting patient outcomes from randomized data.
While this does not allow assessment of treatment effects for indi-
vidual patients, it still helps during model selection, so that models
are favored with the best performance in terms of average or hetero-
geneous treatment effects. By contrast, benchmarking for the pur-
pose of model selection is challenging, as both counterfactuals and
ground-truthvalues of treatment effects are unknown”> 7, Asaremedy,
two strategies are common. A simple strategy is to compare methods
from causal ML based only on the performance in predicting factual
outcomes (whereby the performance in predicting counterfactual
outcomes is ignored). This may give some insights into whether the
underlying disease mechanisms in the data are captured. Yetithasa
major limitation in that the key causal quantity of interest—that s,
the treatment effect—is not evaluated. Another approach is to use
pseudo-outcomes”. Here, a pseudo-outcome s first estimated using a
secondary, independent model to approximate the unknown counter-
factual outcome, and then the pseudo-outcomeis used tobenchmark
the estimated CATE. However, this approach depends on the perfor-
mance of the secondary model for pseudo-outcomes and tends to
favor certain methods”. Overall, both strategies are merely heuristics
and there is no ‘perfect’ solution.

Perform robustness checks

To validate the robustness of the treatment effect estimates against
explicit violations of the different assumptions, so-called refutation
methods are used’®. Common refutation methods include adding a
random variable to checkif the treatment effect estimates remain con-
sistent (as such a variable should not affect the estimates), or replacing
the actual treatment variable with a random variable to check if the
estimated treatment effect goes to zero. Further, one could perform
simulations where the outcome is replaced through semisynthetic data,
to check if the treatment effect is correctly estimated under the new
data-generating mechanism (for the simulated outcomes). Altogether,
the choice of which refutation method to use for validating the causal
ML methods highly depends on the specific problem setting and should
be carefully chosenandimplemented. Even when the refutation meth-
odsyield apositive result, thisisno guarantee that the assumptions are
satisfied. Nevertheless, robustness checks thatare best practicein ML
arestill essential—for example, to mitigate the risk of bias”’—especially
as the results in treatment effect estimation may heavily depend on
both the data and the model choice.

Technical recommendations
To ensure the careful and reliable use of causal MLin clinical practice,
we make several technical recommendations.
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Checking the plausibility of assumptions

Assessing the plausibility of the underlying assumptions is crucial
for the validity of treatment effect estimates, yet it is also challeng-
ing. For the consistency assumption, one should assert that the treat-
ment of one patient does not affect the outcome of another based on
domain knowledge. For the positivity assumption, one typically plots
the propensity scores to check that they are not too small or too large;
otherwise, there may not be enough support in the data for reliable
inferences’. Another strategy is to rely upon methods for uncertainty
quantification as some treatments may be given rarely to certain patient
cohorts, implying that there may be limited support in the data for
making inferences in these patient cohorts and, therefore, a large
uncertainty’. If the positivity assumption is violated, one strategy is
toexclude certainsubgroups fromthe analysis asnoreliableinferences
for them can be made”,

Validating the unconfoundedness assumptionis especially chal-
lenging for RWD. The best way to avoid violations of the unconfound-
edness assumptionisto consult domain knowledge to ensure that all
relevant factors behind treatment assignment are captured in RWD™.
An alternative is to adopt an instrumental variable approach®**; but
appropriate instruments are often rare in medical applications and,
again, the validity of instruments cannot be tested. If unobserved
confounders cannot be ruled out, conducting a causal sensitivity
analysis can be helpful to assess how robust the results are to poten-
tial unobserved confounding. Causal sensitivity analysis dates back
to a study from 1959 showing that unobserved confounders cannot
explainaway the causal effect of smoking on cancer®. Causal sensitiv-
ity analysis computes bounds on the causal effect of interest under
some restriction on the amount of confounding, thus implying that
atreatment effect cannot be explained away. Restrictions on the
amount of confounding are based on domain expertise, typically by
making comparisons to known, important causes thatact as baselines
(for example, risk factors such as age). Recently, a series of causal
ML methods have been proposed that provide sharp bounds® %,
However, causal sensitivity analysis still requires that there is suf-
ficient knowledge of human pathophysiology and pharmacology
aboutimportant disease causes, which may not always be the case in
observational studies®.

Reporting

Findings should be interpreted and reported with great care. In particu-
lar, the assumptions, the rationale for the chosen causal ML method
and the robustness checks should be clearly stated. If possible, the
estimated treatment effects from RWD should be compared against
those from RCTs. This can help in validating the reliability of the causal
ML methods but may also reveal differences between clinical trials
and routine care (for example, owing to different patient cohorts or
different levels of adherence).

The reliability of the estimated treatment effects also depends
on the quality and representativeness of the underlying data. Fur-
thermore, analyses through causal ML involve multiple hypotheses
testing and, therefore, are at risk of false positives. Similarly, owing
to the retrospective nature of such analyses, another risk is selective
reporting of positive results. To mitigate such risks, preregistered
protocols for analysis are highly recommended®®, Finally, when causal
MLisused together with RWD, the limitations of making causal conclu-
sionsshould be openly acknowledged, and, if possible, RCTs should be
considered for validation.

Clinical translation

By estimating treatment effects from medical data, causal ML offers
substantial potential to personalize treatment strategies and improve
patient health. Still, there is a long way to go. A key focus for future
researchmust be on bridging the gap between ML research and direct
benefits for patients in clinical practice.

Clinical use cases

CausalML can helpingenerating new clinical evidence. For RCTs, causal
ML may determine specific patient cohorts within the population that
might respond positively (or negatively) to a particular treatment.
Forexample, the treatment effect of antidepressant drugs compared
to a placebo varies substantially and tends to increase with baseline
severity of the depression®. However, RCTs typically compare patient
outcomes across two (or more) treatment arms, whichwould return the
ATE atthe populationlevel, and the use of causal ML may help to define
inclusion criteriafor clinical trials or to identify predictive biomarkers
(for example, certain genetic mutations in a tumor).

Furthermore, causal ML may offer flexible, data-driven methods
to analyze treatment effect heterogeneity in RWD, including clinical
registries and electronic health records. This is relevant as RCTs can
be subject to limitations®; for example, costs may be prohibitive or
treatment randomization can be unethical for vulnerable populations
(forexample, pregnant women)?'. RWD together with causal ML could
allowthe estimation of heterogeneous treatment effects for vulnerable
groups, rare diseases, long-term outcomes and uncommon side effects
thatare often not sufficiently captured by traditional RCTs. For exam-
ple, asrandomizing hospitalizations s typically not possible, one study
used causal ML to estimate the effect of hospitalizations on suicide
risk from RWD??, Likewise, patient populations in RCTs are often not
representative of the broader population®, but one canaccount for this
through causal ML to better understand the post-approval efficacy
of treatments. However, while the potential of RWD has been widely
recognized’®”, many methodological questions are still unanswered,
and causal ML may thus helpin translating datainto clinical evidence.

Eventually, the choice of the specific estimand depends on the
setting where causal ML is used. For regulatory bodies, it may be rel-
evantto assess the overall net benefit for patients at large, for example,
when comparing a new drug against the standard of care. This would
require the estimation of the ATE. To ensure patient safety, regula-
tory bodies could also assess how the treatment effect varies across
different subpopulations, which would involve the CATE. Likewise,
the CATE may help to identify subpopulations that are particularly
responsive to atreatment (for example, for hypothesis generation) or
that would benefit from newly developed drugs, thereby contributing
to an accelerated drug development. When causal ML is integrated
into clinical decision support systems in routine care, clinical profes-
sionals may want to make personalized predictions of how a patient’s
health state changes under different treatment options. This would
require methods for CATE estimation or even for predicting potential
patient outcomes.

Challenges and future directions

Several challengesin the clinical translation of causal ML are at the tech-
nical level. First, both estimating heterogeneous treatment effects and
predictingindividual patient outcomes are naturally difficult. In prac-
tice, this oftenrequires both strong predictors of treatment effects and
large sample sizes. While the former depends onthe human pathophysi-
ology and pharmacology in the specific disease setup, the latter may
improve over time with anincreasing prevalence of electronic health
records. Another challenge is that uncertainty quantification for many
causal ML methods is lacking. However, uncertainty quantification is
crucial for reliable decision-making and thus for building clinical evi-
dence®. For example, point estimates might indicate substantial effect
heterogeneity, especially insettings with limited data, whilein fact there
may be little heterogeneity but simply large (aleatoric) uncertainty
as the outcomes are difficult to predict. Hence, causal ML methods
that only provide point estimates without conveying the appropriate
uncertainty in the predictions may lead to potentially misleading or
inappropriate conclusions. Finally, many causal ML methods are only
implemented in specialized software libraries. Hence, comprehensive
softwaretools are needed thatimprovereliability and ease of use, and
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that account for practical needs in medicine (for example, rigorous
uncertainty quantification).

The development of standardized protocols, ethical guidelines
and regulatory frameworks for causal ML applications will be essen-
tial in ensuring safe and effective treatment decisions. For example,
consensus-based, tailored checklists for reporting and quality will
need to be developed. While there are checklists for traditional,
predictive ML’ and for generating real-world evidence®*?, future
research is needed that adapts such checklists to account for the
needs of causal ML in medicine. Likewise, customized review pro-
cesses will need to be developed, which define how evidence gener-
ated through causal ML methods must undergo regulatory review
for approval.

So far, research in causal ML has primarily evaluated the perfor-
mance of different methods through simulations (for example, refs. 35,
37,38,40,42,44). However, simulations involve (semi)synthetic datasets
that do not fully capture the nuances of real-world disease dynamics.
Hence, generating clinical insights through a cautious use of innova-
tive causal ML methods can provide an important first step. This will
help in understanding the strengths and limitations of causal ML in
a medical context, especially in comparison to established clinical
trial approaches. For this, settings where clear guidelines are missing
could be appropriate, so that causal ML can provide input to aug-
ment the decision-making of clinical professionals. Causal ML for
predicting treatment outcomes requires both methodological knowl-
edge as well as domain knowledge of disease dynamics; therefore,
cross-disciplinary collaboration between ML experts and cliniciansis
crucial for developingtools for clinical use. Eventually, tools based on
causal ML may beintegrated into routine care through clinical decision
supportsystems. Such systems may directly predictindividual patient
outcomes for different treatment options and thereby support the
decision-making of clinical professionals.

Conclusion

Causal ML offers the possibility to draw novel conclusions about the
efficacy and safety of treatments and to personalize treatment strat-
egies, thus improving patient health. However, in practice, several
challenges arise, not least ensuring the reliability and robustness of
these methods. Successful examples of causal ML in clinical use are still
lacking, so proof-of-concept studies involving cautious usein clinical
practice should be prioritized as an important first step.
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Publishers and producers of digital content face the challenge of selecting which content to promote on
their distribution channels (e.g., website front page, email newsletters, and social media pages), where a
small set of items is shown to the entire audience, and experiments are often impractical due to the risks and
opportunity costs of randomization. In this paper, we develop a framework for off-policy learning from histor-
ical data to address this problem. The objective is to, based on contextual information, decide which items to
promote per channel over time so that the mean reward given capacity constraints is maximized. To enable
off-policy learning in the absence of an experiment, we develop a model of the historical data-generating
process and show that it implies non-parametric identification. We connect this to a causal machine learn-
ing procedure that is doubly robust against selection bias and reward misspecification and that discovers
which contextual information informs the optimal decisions. In an empirical application at an international
newspaper, our approach increases the revenue from promotions by USD 1.32-6.61 million compared to cur-
rent practice. We isolate mechanisms for the improvement, and find that running a randomized experiment
would have incurred a revenue loss from sub-optimal promotions that is several orders of magnitude greater
than the revenue gain, demonstrating the economic importance of learning from historical data. Altogether,
our work provides a robust, scalable, and cost-effective causal machine learning framework to evaluate and

optimize audience-wide content promotion strategies.
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1. Introduction

Crucial for the success of content is how decision-makers distribute it to audiences.! This is espe-
cially important in online settings where some content receives vastly more views, clicks, and
engagement than others (Berger and Milkman 2012, Upworthy 2012, Robertson et al. 2023). As
such, publishers of online content are faced with selecting a few of their currently relevant items to
promote to their audience on their distribution channels, such as the front page of their website,
their social media pages, and email newsletters, so that key performance measures for the business
(e.g., traffic, engagement, conversions) are maximized.

In this work, we study a common and practically important content selection problem: audience-
wide content promotions. As a canonical example, consider a reputable newspaper like the New
York Times. The decision problem of audience-wide content promotion involves selecting a few
items from all currently relevant content items to populate on digital distribution channels, such as
social media pages (where personalization by the page owner is infeasible) and homepages (where
only a few items in banners and widgets are personalized but where the majority of content is
uniformly curated for reputational and brand strategy reasons).

Audience-wide content promotions have a long history in practice, and differ from personalized
content recommendations in both aims and solutions. Personalized recommendations, popularized
by content aggregators and platforms like Netflix, YouTube, and Spotify, involve optimally dis-
tributing a vast pool of content from diverse producers to a broad population with heterogeneous
preferences. In contrast, audience-wide promotions are primarily used by content publishers and
producers (e.g., New York Times, Forbes, content creators) who own a smaller pool of content
aimed at a clearly defined audience with largely homogeneous preferences.? Research by the New
York Times has even shown that many of their users subscribe to the newspaper because they prefer
unbiased curation over personalization (Rockwell 2019), thus speaking to the value of audience-
wide promotions from a customer perspective. Previous research has thoroughly studied how to

optimize personalized content recommendations (e. g., Agarwal et al. 2015, Ansari et al. 2018, Lada

! A study from 2020 found that US chief marketing officers considered distribution to be the single most important
content marketing activity (EMarketer 2020a). This is supported by the fact that content marketing received 66.3%
of all investments and, thus, more than other activities such as advertising, search engine optimization, and paid
search (EMarketer 2020D).

2 While content publishers and producers may also utilize personalized recommendations, they do so for different
reasons than audience-wide promotions. Examples include the personalization of targeted ads on their channels (Kallus
and Udell 2020), banners displaying next-read recommendations, opt-in subscription newsletters (Kadar 2022), and
homepage widgets (Agarwal et al. 2015, Garcin et al. 2013).



et al. 2019, Zhang et al. 2019, Song et al. 2019, Rafieian 2022, Rafieian et al. 2023, Wang et al.
2023), but research on optimizing audience-wide content promotions remains scarce.

In this paper, we present a comprehensive off-policy learning framework for optimizing audi-
ence content promotions across digital distribution channels. The problem is to learn a decision
policy of which content to promote on each channel such that the expected reward (in terms of
traffic, engagement, or conversions) for yet unseen content is maximized. An intrinsic feature of
audience-wide promotions is that the same promoted content is shown to the entire audience, and,
therefore, experimentation may be undesired or infeasible due to opportunity costs and risks. As
such, companies benefit from using historical data from past promotion decisions.

To enable the identification required for off-policy learning, we first develop a model of how
historical data was generated under the current practice. Our central insight from the model is
that the decision-maker faced an online learning problem requiring continual exploration over
exploitation, thereby inducing identifying variation in promotion decisions. We use this to derive
a formula for nonparametric identification from the historical data, connect it to the construction
of an optimal promotion policy, and present a state-of-the-art causal machine learning procedure
for estimation. We show that our empirical strategy is robust against lack of point identification
of counterfactuals, selection bias in the historical data, and reward misspecification (Dudik et al.
2014, Athey and Wager 2021, Kennedy 2023), thereby accounting for common challenges for off-
policy learning from observational data. We further synthesize advances in post-Lasso inference
(Belloni and Chernozhukov 2013, Belloni et al. 2014, Zhao et al. 2021) with variable selection using
multiple testing (Pelger and Zou 2022) to discover the drivers of the heterogeneity in promotion
effects, and show that this enables reducing the information to base promotion decisions upon
without sacrificing performance.

To evaluate our framework, we partnered with Neue Zircher Zeitung (NZZ), a leading news
media company in Switzerland and Germany.® The company’s goal is to decide which news stories
their editors should promote on the front page for the Swiss and German markets to maximize
a score of traffic, engagement, and subscriptions. We use a unique, large-scale dataset covering
over 2000 news articles, 600 rounds of promotion decisions, and a rich set of covariates, including
all information shown to the editors at the time of their decisions, all of their decisions, and all
outcomes. Additionally, we construct covariates not available to the editors but which may serve

as proxies for unmeasured heterogeneity and confounding, such as promotional histories, temporal

% German front page: https://www.nzz.ch/deutschland. Swiss front page: https://www.nzz.ch
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dynamics, and language sentiment of content extracted via a large language model (LLM) (Guhr
et al. 2020, Guhr 2022).

In out-of-sample off-policy evaluations, our optimal policy increases revenue from ads, sales, and
subscriptions by USD 1.32-6.61 million compared to current editorial practices, a statistically and
economically significant improvement. We analyze the mechanisms behind this gain and find non-
linear and high-dimensional heterogeneity regarding when, where, and which content our optimal
policy promotes relative to the status quo. Drawing upon the logic of ablation studies in machine
learning, we further use our framework to off-policy evaluate alternative counterfactual policies so
as to isolate the gains and losses had alternative strategies been used. By comparing to a promotion
policy that selects items uniformly at random, we find evidence of selection bias in the current
practice, thus supporting our approach to account for this in learning from the historical data. The
evaluation of the random policy also suggests that running a randomized experiment would have
incurred a revenue loss from sub-optimal promotions of up to USD 14 million relative to current
practice, outweighing the empirically best achieved revenue gain by a factor of 2.12-10.61. Thus,
the standard approach of collecting completely randomized data for off-policy learning would have
led to revenue loss that would not have recouped. In constrast, our approach based on historical
data incurs no such revenue loss, and thus all of the revenue gain is a surplus.

Our contributions are as follows: Methodologically, we demonstrate that off-policy learning is
feasible without data from a randomized experiment, provided a model of how the historical data
to use has been generated, and that the identification and estimation is robust. We believe that
this approach of connecting a model of the data-generating process (DGP) with identification
approaches from the causal inference literature and robust estimation via machine learning can
be valuable in other marketing contexts where randomized experiments are impractical but rich
historical data is available. Previous research (Lada et al. 2019) has proposed the use of histori-
cal data to learn heterogeneous treatment effects for optimizing news recommender systems, but
without showing formally how the data enables identification.

Second, building on the logic of ablation studies for evaluating machine learning algorithms, we
show how off-policy evaluation can be used to causally compare the outcomes of marketing decision
strategies and for attributing differences in their outcomes to their allocation mechanisms. Previous
research in marketing (e.g., Smith et al. 2022, Hitsch et al. 2024) has studied how the outcomes of a
fixed optimal policy change when evaluated by different machine learning models. We flip the logic

and, instead, study how the outcomes change when the same machine learning models are used



to evaluate decision policies with different treatment assignment mechanisms. We show that this
can be used to quantify the performance and revenue gains of marketing decision-making based
on causal inference vs. outcome prediction, to discover simple heuristics that outperform expert
decisions, and to estimate the economic opportunity cost of running a randomized experiment.

Third, we contribute to the growing body of empirical research using the incremental-effect
approach to marketing decision-making, as seen in targeting and personalization studies (Bodapati
2008, Ascarza 2018, Lemmens and Gupta 2020, Hitsch et al. 2024). Here, we develop a compre-
hensive framework for the novel decision problem of audience-wide content promotions where, in
contrast to targeting and personalization, randomized experiments are often undesirable due to
costs, time, and risk. Finally, we offer managerial suggestions for improving content promotions in
practice. Field experiments (Robertson et al. 2023) and conventional newsroom wisdom, such as
“If it bleeds, it leads,” suggests that negative news generates more clicks. Our findings challenge
this and thus call caution. Positive stories can be beneficial for optimizing long-term outcomes,
which is crucial for digital content businesses (Yang et al. 2024).

The rest of the paper is structured as follows. In Sec. 2, we review previous research related
to digital content optimization and off-policy learning. In Sec. 3, we present our framework for
off-policy learning for optimizing content promotions. In Sec. 4, we apply our framework to the
decision-making problem at our partner company. Finally, we discuss our contribution and man-

agerial implications (Sec. 5).

2. Related Work

Our work contributes to previous research on optimizing digital content selection (e.g., Agarwal
et al. 2009, Hauser et al. 2009, Kale et al. 2010, Li et al. 2010, Garcin et al. 2013, Urban et al.
2014, Schwartz et al. 2017). Due to the breadth of the literature, we focus on a few selected studies
relevant to ours.

Learning how to optimize content selection can be done “online” or “offline”, also known as
on-policy vs. off-policy learning. Online learning converges towards an optimal policy on-the-fly by
making decisions and recording rewards as new observations arrive, thereby sequentially improv-
ing the decision policy based on the action-reward feedback. Offline learning, in contrast, infers
an optimal policy without real interactions by leveraging historical data generated according to
another policy (Sutton and Barto 2018, Ch.,5.4).

Methods for online learning have been studied extensively for the personalization of website

design, content targeting, and news recommendations, typically using contextual bandit algorithms



and adaptive experiments (e.g., Agarwal et al. 2009, Hauser et al. 2009, Kale et al. 2010, Li et al.
2010, Garcin et al. 2013, Urban et al. 2014, Schwartz et al. 2017, Dimakopoulou et al. 2019).
Because online learning necessitates balancing exploration with exploitation (Sutton and Barto
2018), they are feasible when the costs of exploration (or, more generally, randomization) are low.
Personalization is such a setting, as then, sub-optimally selected arms are only shown to a few
individual users. For audience-wide promotions, however, the same content is shown to everyone,
making the costs of exploration prohibitive, for instance, in terms of reputational risk, degradation
of user experience, or revenue loss.

Offline learning enables risk-free testing and optimization without experimenting on users, and
is thus more suitable for audience-wide promotions. However, the feasibility of offline learning
depends on the ability to identify counterfactuals from historical data. Previous research on content
optimization from historical data has used structural econometric models (e.g., Johar et al. 2014,
Besbes et al. 2016, Song et al. 2019, Zhang et al. 2019), which, although performing counterfactual
analysis offline, may suffer from a lack of scalability and robustness. We contribute to this field
by proposing a causal machine learning approach to off-policy learning, which benefit from being
data-driven, robust to misspecification, and scalable to the types of data encountered in digital
content settings (e.g., text data and high-dimensional contextual information).

Methods for policy learning, whether online or offline, can further differ in whether they select
actions based on the prediction of outcomes from actions or the prediction of incremental effects
(i.e., treatment effects) from actions. Outcome prediction has been the typical approach for research
leveraging bandits and structural models (e.g., Agarwal et al. 2009, Hauser et al. 2009). How-
ever, recent research in marketing has shown that decision-making based on outcome prediction
is generally sub-optimal, and that optimizing against incremental effects is more effective (e.g.,
Ascarza 2018, Lemmens and Gupta 2020, Hitsch et al. 2024). We contribute to this line of work
by extending the incremental-effects approach to off-policy learning in a new empirical setting,
namely audience-wide promotions.

Our work also relates to emerging marketing research on conditional average treatment effects
(CATE) and off-policy evaluation using machine learning (e.g., Simester et al. 2020b, Liu 2022,
Smith et al. 2022, Ellickson et al. 2023, Yoganarasimhan et al. 2023, Hitsch et al. 2024, Huang
and Ascarza 2024, Yang et al. 2024). Some works use double machine learning (DML) to esti-
mate CATE. While DML is doubly robust, its statistical inference is valid only if the estimated
CATE includes the true CATE. We therefore leverage doubly robust learning (DRL) (Dudik et al.



2014, Foster and Syrgkanis 2019, Kennedy 2023), which instead of integrating machine learning
with orthogonalization like DML, integrates machine learning with augmented inverse probability
weighting (AIPW) (Robins et al. 1994, Robins 1999). DRL thus has the benefit over DML of allow-
ing for statistical inference on treatment effect heterogeneity under weaker assumptions while being
more robust and sample-efficient than standard inverse probability weighting (IPW). As such, we
show that learning and optimizing audience-wide promotion strategies can be cast in an off-policy

learning framework leveraging DRL.

3. Our Off-Policy Learning Framework

We now present our framework for off-policy learning. We first introduce a model of how the
historical data was generated. We then formalize the objective of using that data for off-policy
learning. Based on that, we derive the form of the optimal policy to learn and show how our model
implies an identification approach permitting machine learning estimation. Finally, we provide
a robust causal machine learning procedure for estimation, incorporating the discovery of effect

heterogeneity and optimal policy variable selection.

3.1. A Model of the Data-Generating Process

In the absence of a randomized experiment, off-policy learning requires the following components:
(1) a model of the DGP; (2) an identification formula for evaluating counterfactual policies given
the DGP; and (3) a statistical estimator that maps the identification formula and the observed data
to an policy value estimate. In the following, we present our approach to step (1). We consider a
Bayesian myopic decision-maker (e. g., editor) who faced an online learning problem with Markovian
dynamics. Later, we detail our approaches to (2) and (3).

Preliminaries: Let t = 1,...,T denote time period, ¢ = 1,...,N; content items, and D, =
{(Xit, Ay, Yy): i€yt =1...,T,n=">_, N;} the historical data, where each (X;;,A;,Y;) is an
i.i.d. realization of a context, action, and reward drawn from an unknown stationary joint distri-
bution P,. In what follows, we present the components of this data-generating distribution.

Contexts: At the start of each time period ¢t =1,...,T, the editor receives a set Z; of items
i=1,...,N;, N, =|Z;|, that are relevant for the audience at the time. For each item i € Z;, the
editor observes a context X;; = (Xj,...,Xup)" € X C RP, which consists of p covariates (e.g.,
time information, time-invariant content characteristics, time-varying past performance indicators).
Contexts represent observed heterogeneity across items and are i.i.d. draws from an unknown fixed

distribution Px.



Actions: Conditional on a context X, the editor decides whether to promote each item i € Z;
or not on each channel m=1,..., M. Let A;; = (Ais1,--., Aun)T € A={0,1}M denote the vector
of promotion decisions for an item across the M channels, where A;,,, =1 denotes that item i was
promoted on channel m=1..., M at time ¢, and A;;,,, = 0 denotes that it was not. For example, if
there are M = 2 channels and an item ¢ was promoted on both, then A;; = (1,1). In the terminology
of the literature, the promotion decisions correspond to treatment assignments, treatment arms,
allocations, or actions, and so we will use these terms interchangably where convenient. At most
Cim < N, items can be promoted on each channel m =1,..., M per time period t, as the pool of
content Z, is much larger than the capacity of a channel (e.g., in our empirical application, the
newspaper has over 200 relevant articles at a time but can promote only a subset thereof). The
constraint may vary by channel and over time to accommodate differential design and demand
across surfaces (e.g., a desktop web page versus an email newsletter) and temporal dynamics (e.g.,
weekday versus weekend traffic). We denote the selected subset of items by Ci,, ={i € Z;: Ay =
1, > Aitmn = Cin }

Rewards: At the end of the time period, realizations of rewards Y;; = Y (X;;,A) € Y C R are
recorded for each item i € Z;, which are i.i.d. draws from an unknown time-invariant conditional
reward density p(Yj; | X, a;).

Promotional value: Let (x;,a,,y;;) be an arbitrary context-action-reward realization. Given the
described DGP, the likelihood of observing the realization is p(Xi, @i, ¥ir) = P(Xit)m (@i | Xit)p(Yie |
Xit, ;). Let P, denote the joint distribution function of the data associated with this likelihood

function. The realized mean reward in the historical time period ¢ is then given by

V() = B apvnyors [V (X0 Ay = / y(xs,a)dP;, (1)

that is, the average item-reward given the promotion allocation decisions. We call this expectation
Vi(7) the time t value of the behavior policies 7, as it quantifies how good the promotional decisions
in that time period actually were in terms of the expected reward. The aim of the decision-maker

was to maximize the long-term cumulative value,

V()= Vi(m). (2)

To facilitate the exposition of our identification strategy, we define probability densities as
Radon-Nikodym derivatives with respect to a common dominating probability measure P, i.e.,
pr =dPy/dP. We thereby assume without loss of generality that density functions are absolutely

continuous with respect to P.



3.2. Model Implications
We now discuss the implications of the model for how items were historically allocated to promotion
and, hence, the usefulness of the historical data for off-policy learning. Because the historical
promotion decisions were made on-the-fly as new items were sampled, online learning theory posits
that the editors faced an exploration-exploitation trade-off (Sutton and Barto 2018).
e Faxploration: This means that the editors promoted items more or less independent of their
contexts or, similarly, that they (not) promoted items whose contexts have not yet been
(had already been) subject to promotion. Thus, if an editor explored in a time period ¢, the

allocation decisions were generated as

Aitm7 ey ANt,tm ~ BinOHl(Nt, ]Pﬂ— [A | X]) (3)
s.t. ZA”’” < Cim, for each channel m=1,..., M. (4)
1€l

where, with slight abuse of notation, P,[A | X]) € (0,1) denotes the unknown probability of a
promotion decision given an item context, bounded away from zero and 1.

e Fxploitation: Exploitation means that the editors promoted the items whose contexts were
believed to map to greater potential rewards. The potential rewards are unknown at the time
of the decisions, and so to circumvent the cold-start problem the editor (must at least implictly
have) relied on a subjective prior p(Y (X;;,a;;), which maps a context-action pair per channel

to a distribution over potential rewards. Thus, if an editor exploited, then the actions in

Attms - AN, t.m in the data for time period ¢ are the solution to
max / / y(Xit7 ait) dPY(Xit’ait)lxit:xit (yzt) dPX(Xit) (5)
alt,...,aNt,t X y
s.t. ZAitm < Cyn, for each channel m=1,..., M. (6)
€Ly
That is, under exploitation, the editor selected C},, items to promote per channel m=1,..., M

such that the prior belief over the value function was maximized, where the overall mean is
obtained by marginalizing over contexts in the subjective rewards predictions.
From the lens of online learning theory, exploration vs. exploitation corresponds to strategic vs.
greedy behavior, in that exploitation maximizes immediate rewards without enabling better future
decision-making, whereas exploration acquires additional information to improve later decisions at
the cost of foregoing immediate rewards. From a statistical perspective, exploration vs. exploitation

corresponds to a random vs. deterministic treatment assignment. Thus, reliable identification of
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counterfactuals as required by off-policy learning relies on that the editors did not always exploit.
There are several reasons for why this holds true. On a general level, exploration is a necessary
condition for online learning (Sutton and Barto 2018). Hence, to maximize the cumulative long-term
promotional value, editors must necessarily have explored. On a more specific level, the structure
of the problem that the editor faced inherently limits the ability for exploitation, thus forcing a
degree of exploration. Reasons for this include:

e (Cold start: Time periods may have contained new items with previously unseen contexts,
because of which there is a need for exploration among editors to address the cold-start
problem in the absence of an explicit prediction model.

e Partial reward feedback: Rewards are only recorded for the decisions that are made, i.e.,
Y, = <H7]f:1 1{Aim :a,»tm}> Y (Xit, @it1, - - -, aienr). Hence, for each non-cold start item still

2M potential rewards.

relevant, the editor only knew one of the

o Unknown context relevance: The editors’ priors on feature importance are weak, that is, they
have imperfect knowledge of how or which context covariates map to greater rewards, and so
exploration is required to acquire additional information.

e Massive choice set: The set of feasible allocation decisions in each time period is {ait S
{0,1}M: ZieIt it < Cypym=1,..., M }, for which possibly only one allocation maximizes
the value. This set grows exponentially in the number of channels and multiplicatively in
the number of items, thus demanding computational abilities for effective exploitation, far
exceeding that of humans.

e Heterogeneous editors: In many application areas, the promotion decisions are made by multi-
ple individuals with heterogeneous priors due to different expertise, preferences, and adherence
to guidelines. Decision-makers may change over time and across items, causing the decisions
in the item-hour data, even when conditioned on contexts, to vary exogenously due to the
lack of information on who made them.?

Altogether, the above features of the historical DGP imply the data contain “as-good-as” random
variation in promotion decisions that is exploitable for identification of counterfactuals. Technically,
we have that P(A;., =a| X =x) #P(A,y =a | X;;, =x) for any decision a =0,1 to items ¢, in
any two past time periods t,s < T for any pair of channels m,l € [M]. We thus next provide our

objective for off-policy learning from the historical data. Later, we clarify how our model of the

4 A canonical example is the empirical setting of this paper: a newspaper where a team of heterogeneous editors
makes decisions based on information from a dashboard. The same information is shown to everyone, but which
editor promotes which item at which time is not a priori decided internally.
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DGP implies a non-parametric identification formula permitting the use of machine learning for
estimation with theoretical guarantees for unbiased and doubly robust off-policy learning. In doing
so, we discuss the assumptions implied by the model and verify empirically that the propensity

scores are varying over the probability range.

3.3. Off-Policy Learning Objective

To learn a new policy, we decompose the T' time periods from the historical data into a training
set 7 for learning the policy and a test set V for evaluating it, where T'=|T |+ |V| and s >t for
all time periods se V, t€T.

Let d,, : X —{0,1} be a stationary deterministic policy, meaning a mapping from the context
space to the space of promotion decisions for a channel m =1..., M, where d,,(X;;) =1 means
that the policy promotes an item with context X;;, on channel m, and d,,(X;;) =0 that it does
not. We consider separate policies for each channel, since the same items are not necessarily best

to promote on all channels. The value of a policy d,, at time ¢ is given by
Vvt(dm) = EPdm [Y(tha Atma At_m)] = /Y(Xta Atm = dm(Xt)7 At_m) demv (7>

where we decompose the decisions A; to all M channels into those for channel m=1,..., M, i.e.,
Aim, and those for the other M — 1 channels, i.e., A;™. This allows us to consider how rewards
change as a function of decisions for only a single channel while the decisions to the other channels
are held constant. The distribution P, refers to the joint distribution of the data if the decisions
to channel m would be made according to a policy d,,, but, for the other channels, the decisions
would be made as in the historical data.

The above estimand V;(d,,) allows for comparing the value of a policy per time period, as we
can expect there to be temporal heterogeneity in expected outcomes. To evaluate a policy overall,
we use the long-run average value

Vdn) = 55 S Vi), ®)

which averages out the temporal heterogeneity in value over the |V| time periods in the test set V.

To this end, the objective is to, for each channel m =1,..., M, use historical data from the
training set 7 to learn an optimal policy for the test set V), meaning a counterfactual policy that
solves the following constrained optimization problem:

d =argmaxV(d,,) (9a)

m
dm €D
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st dn(Xi) < Cip, forall te|V]. (9b)

1€y
Here, D C {X — A} is a finite set of policies represented by a chosen function class of machine
learning models. Thus, the optimal policy attains the maximum value on the test set among those

admissible with the machine learning model used, that is, V(d%,) >V (d,,) for any policy d,, in D.

3.4. Optimal Policy

We now show that the optimal policy is a simple threshold rule on the CATE. The CATE measures
heterogeneity around the average treatment effect as a function of covariates. In our setting, we
have multiple binary decision variables (i.e., whether to promote an item or not on each of the
channels) that jointly affect the outcome. As such, we note that the CATE of promotion on a single

channel m=1,..., M can be isolated from the joint CATE given promotion on all M channels as
Tm (X) = E[Y(th, Aitm = 1, Al_tm) — Y(Xita Aitm = 0, A;m) | Xit = X] (10)

This CATE estimand is the counterfactual difference in expected outcomes had an item been pro-
moted on channel m or not given its context and the decisions to the other channels. The following
theorem establishes the optimal promotion policy for a channel given the capacity constraint.

THEOREM 1. Let 7,,(x) denote the CATE to channel m=1,...,M given context X =x accord-
ing to Eq. (10) and let 7oc'™ be the Cin,-th largest CATE among those among the |Z,| items relevant

tm

at time t. The optimal policy is

17 Zf Tm (X) 2 Tt(gtm) )

0, else.

a5, (x) = 1 {7 () = 7 | ={ (1)

where potential ties in CATE across items within a time period are broken at random.

A proof is provided in Appendix B.2. Theorem 1 states that, if only, say, C;,, = 30 items out of
200 can be promoted on a channel at a time, then the optimal decision is to promote the 30 items
with the largest increment in the reward over their baseline if they would be promoted. Promoting
those items will always maximize the mean reward irrespective of its form, as those are the items
with greatest contribution to the overall mean (i.e., the objective function to maximize) across
all items. It follows immediately that, for each time period t € V and channel m=1,..., M, the

optimal set is given by C;,, = {i € Z;: d, (x;1) =1, > iez, A (Xit) = Cim }-

3.5. Identification
We now discuss how our model of the DGP allows for identification. As researchers, we cannot

observe the editor’s prior, which contextual information they used to make the decisions, or whether
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they explored or exploited. To avoid making unverifiable assumptions about unobservables, we take
a non-parametric approach and view the editor’s decisions as arising from some unknown behavior
policies = (my,..., 7 ), Where 7, is the behavior policy (or expert policy if the decisions are made
by human professionals, as is the case here) for channel m=1..., M. Formally, a behavior policy
is a mapping from the space of contexts X (and priors) to the space of probability distribution
over actions. Intuitively, it encodes the heuristics, directives, or preferences that guided the editor’s
decisions. With slight abuse of notation, we will let 7(a;; | x;1) = P[Ay = a;; | Xy = %) and 7, (24 |
X;t) = P[Ajtm = aim | Xis = x;] denote the conditional probability of the observed actions in the
data for all M channels and for channel m =1..., M, given a realized context x;;, respectively,
and let A, s T, A eV m,y, for all items 7 € Z, per channel m=1,..., M. We connect our model

to the following standard assumptions in the potential outcomes framework for causal inference

(Imbens and Rubin 2015, Herndn and Robins 2020).

AssumPTION 1. (1) Consistency: Yy = Y (X, Ay) for all Ay € {0,13M and t =1,...,T.
(2) Sequential unconfoundedness: Y (X, @itm, A;™) 1L Ay | Xip for all ag, € {0,1}, t=1,...,T,
andm=1,..., M. (3) Decision preserving confounding: if E[7,,(x)] = E[FS"™)] then 7, (x) > 70t

forallxe X, t=1,...,T, and m=1,...,M. (4) Positivity: 0 < 7, (@it | Xiz) < 1 for all m =
1,...,M, X €X, A€ A, and t <T, such that p(X;;) > 0.

Assumption 1.1 states that realized rewards correspond to the potential outcomes under the treat-
ments assigned. This assumption holds by the partial reward feedback in the DGP. The assumption
further implies that rewards only depend on their own treatment assignments, thereby ruling out
interference. This is reasonable in our setting since, the audience generally engages with an item
because precisely that item appeals to them, not because some other item did. Assumption 1.2
states that, given the context, the potential reward is independent of the current assignment.’
This assumption is standard in the literature on causal machine learning and is appears quite
reasonable in our setting, as we control for all information shown to editors at the time of their
decisions in addition to all history not observable to them. Nonetheless, we emphasize that for
identifying our optimal policy, the assumption can be relaxed to that of Assumption 1.3, which
allows for unmeasured confounding as long as the items with the C;,, highest estimated CATEs
for channel m at time ¢t have the corresponding C,,, highest true CATEs, in expectation. This is
5 The assumption is also known as sequential exogeneity, sequential ignorability, and selection on observables. In

sequentially randomized trials such as adaptive A/B tests, Assumption 13 holds by design. In observational studies,
treatments are not completely randomized, and, hence, sequential unconfoundedness is an assumption.
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a sufficient condition, as all that is required to make the optimal decision for an item is that its
CATE lies on the correct side of the true decision boundary. In that sense, our framework does not
require accurate point identification or point estimation of the CATE. This provides a theoretical
robustness guarantee when we learn from historical data, which may be subject to selection bias in
promotion decisions that affect point predictions but not necessarily relative rank orders or CATEs.
In a broader sense, the assumption is similar to but not as strong as that of Lada et al. (2019),
who formalize sufficient conditions on the structure of unmeasured confounding due to omitted
variable bias that imply that the CATE estimates preserve their true ranks. Lada et al. (2019)
show that this “rank-preserving confounding” assumption (and thus our weaker variant) is useful
when experimentation is infeasible but one has access to large amounts of observational panel data
containing high-dimensional features with unknown features importances, all of which applies to
our model and empirical setting. Finally, Assumption 1.4 states that all items in the data had a
non-zero probability of being promoted or not. In Sec. 3.2, we have already shown why this is a
consequence of our model of the DGP; see our discussion therein. In practice, the true propensities
are not known, but can be non-parametrically estimated. This is not a weakness, as recent research
in causal inference (Su et al. 2023) has shown that, in the absence of a randomized experiment,
using estimated propensity scores for estimating treatment effects (and thus our optimal policy)
is superior to using true propensity scores, had they been known. Later, we provide descriptive
evidence supporting the assumption for our empirical application (Sec. 4.3).

To identify the value V(d,,) of a counterfactual policy d,, from the historical data, we must be
able to write V' (d,,) as an expectation with respect to the joint data distribution P, implied by the

behavior policies = (71, ..., 7). The following proposition establishes this non-parametrically.

ProposITION 1 (Identification formula). Under our model and its implied Assumption 1,

we have

Vi(dm) :/ {M(Xtadm(xt)ﬂA;m) + ]l{;:?AjjT%;)} X (Z/t - ﬂ(XtaAtmaA;tmD } drr, (12)

conditional mean reward -~
debiasing term

and thus V (d,,) =T"* Z;‘le Vi(d,,), where 1{-} is the indicator function and p(Xy, dm(X:), A;™) =
E[Y; | X, dn(Xe), A" = [0 dPYtIXt,dm(Xt),A;m (y;) is the reward function.

/

The proof uses a change of measure, deriving the likelihood ratio of the data under the behavior
policies m and counterfactual policy d,,, and then re-writing the expression; see Appendix B.1.
Eq. (12) is an augmented inverse probability weighting (AIPW) formula (Robins et al. 1994,

Robins 1999) for causal inference from observational data, tailored to our setting. Intuitively, the
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formula shows that when the counterfactual and behavior policies differ, the counterfactual policy
value equals the conditional mean reward at its decision, with contexts integrated out, analogous
to any approach that only models outcomes. When the policies agree, the conditional mean reward
is augmented with a debiasing term — which weights the error of the conditional reward by the
inverse propensity score — to mitigate reward misspecification and selection bias. This debiasing
term penalizes cases where the decision of the counterfactual policy to evaluate coincides with the
decision of the behavior policy but (i) the conditional mean reward function is inaccurate, (ii) the
propensity for decision in the data was low, or (iii) both (i) and (ii) apply.

Estimators based on AIPW offer two advantages. First, compared to standard inverse probability
weighting (IPW), AIPW estimators are sample efficient (Robins and Rotnitzky 1995). This effi-
ciency arises because AIPW estimators model both the rewards and the actions, whereas IPW only
models actions. Thus, AIPW estimators utilize all of the observations in the data, whereas IPW
estimators only utilize observations for which the behavior policy and the counterfactual policy
agree. This benefit is important in our setting, as only a small subset of items can be promoted per
time period, and, therefore, the likelihood of policy agreement is low. Second, AIPW estimators are
doubly robust, which means they provide unbiased estimation of counterfactual policy values even
if one of the conditional mean reward model or the propensity score model is incorrect (Robins
et al. 1994), thereby adding to their strength for historical data.

Double robust methods may not be a significant benefit for learning from observational data if
one uses parametric models, as the likelihood that the DGP conform to the imposed parametric
structure is low, and thereby the doubly robustness condition is not achieved. By establishing non-
parametric identification, we allow for non-parametric estimation of the rewards and propensity
scores using machine learning, thereby increasing the likelihood of acheiving double robustness.
In addition, if one does not establish non-parametric identification from the DGP, then there are
no guarantees that machine-learned policy estimates actually correspond to the counterfactual
estimand of interest. It is also important to note that off-policy learning using only a machine
learning model of rewards without incorportating propensity scores requires one to make the so-
called realizability assumption, which states that true reward function is contained in the function
class of the machine learning model used (Foster et al. 2018). Being doubly robust, AIPW does not
require this assumption. Motivated by these considerations, we next present our causal machine

learning procedure based on ATPW.
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3.6. Estimation and Evaluation
With our identification strategy and optimal policy construction, all that remains is the estimation

and evaluation of the optimal policy, provided next.

3.6.1. Overview. Our approach is based on splitting the historical data into a training set
and a test set at a specific time point. The initial set of observations forming the training set is used
to learn the models used for off-policy evaluation whereas the test set forms the sample with which
we actually carry out the off-policy evaluation. Via the train-test split, we evaluate the extent to
which our methods generalize to yet unseen content, which is how learned decision-policies are
deployed in practice and how off-policy evaluation is used in the literature (Murphy 2005).

Based on this train-test approach, our identification formula in Proposition 1 leads to the fol-
lowing sample plug-in estimator for evaluation on the test data:

) =] Z 7 2 () (1)

where

{ Ay = d (X,

m

7/I:rn( itm | th)

B @) = X 05 (Ror) AS™) + X (v~ (X A A (14)

and (jfn (xi¢) equals one if 7, (x;;) > a(gtm)

, and zero otherwise. Here, the empirical mean is taken
over the so-called doubly robust scores flt(dAfn) (Athey and Wager 2021) from the optimal policy
estimate c?;';T on the hold-out test set V. The doubly robust score is essentially a context-action-
specific sample analog of the AIPW formula, that involves conditional reward predictions of a model
11, conditional propensity score predictions from a channel-specific model pi,,, and predictions of

the optimal policy decisions dr (X 7t) given predictions of the CATE. Given that these models are

estimated according to best practices (explained later), the following two propositions hold.

PROPOSITION 2. Under Assumption 1.3, the estimated optimal policy decision is unbiased of the
true optimal policy decision, i.e.,

Eld}, (X)] = d;, (Xy0). (15)

THEOREM 2. Under Assumption 1, the above plug-in estimator is doubly robust, i.e.,
E[V(d,,)] =V (d;,). (16)

We omit the proof to Proposition 2 as we already discussed its sufficient conditions in Sec. 3.5.
The proof to Theorem 2 is available in Appendix B.3. Proposition 2 states that an estimated

optimal policy will, on average, make the same decisions as the oracle. Theorem 2 implies that our
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estimate thereof on the hold-out test set recovers its true performance on average, even if either
the reward model or the propensity score model is incorrect. Thus, our evaluation is doubly robust.
Together, these results provide theoretical guarantees that permits non-parametric estimation and
counterfactual evaluation via machine learning. Overall, the procedure builds on the theory of
doubly robust learning (see, e. g., Dudik et al. 2014, Foster and Syrgkanis 2019, Kennedy 2023, for
details), which adapts the ATPW estimator of average treatment effects using parametric models to
the estimation of so-called doubly robust scores of the potential outcomes using machine learning.
In what follows, we describe the estimation of the machine learning models to plug into the doubly

robust score and, hence, the counterfactual value estimator.

3.6.2. Nuisance models. To estimate the performance of any counterfactual policy from the
historical data, we must undo the selection by the behavior policies and account for how rewards
depend on contexts and actions. Propostion 1 shows that the value function depends on a propensity
score model 7, per channel and a reward model p. In the causal inference literature, these are
referred to as nuisance models, as they are not of interest in themselves but are simply used to
plug-in predictions in the value function estimator per Eq. (13). As such, for channel m=1,..., M,

we seek to learn nuisance models
T (aitm ‘ Xit) = I/P\)[Aitm = Qitm ’ Xt = xit]a (17>
,a(Xm Qitm s ai_tm) = E[Yit | Xit = ity Aitm = Gitm, Ai_tm = ai_tm]- (18)

Thus, we need one propensity score model per channel but only one reward model, where the latter
follows from that A, = (Aym,A;;™) for any m, and, so, we can use the same reward model for
different channels by simply interchanging which decision variable across the channels acts as the
treatment and which act as controls. The only assumptions required for this approach to yield unbi-
ased estimates of the doubly robust scores are that the reward error €;; = Y;, — (X, Aierm, A;;™) is
conditionally exogenous within time periods (i.e., E[e;; | X;;, Ai;] =0) and the multiple treatments
have separably additive effects without interactions.® Both hold by the structure imposed by our
model and Assumption 1.2.

As the nuisance models are non-parametric, any machine learning model can, in principle, be used

as function approximators. We estimate the nuisance models as gradient-boosted trees (Friedman

S Intuitively, the latter means that the CATE of promoting an item on one channel cannot depend on whether it is
promoted on another channel. This also greatly simplifies the model, since, without interactions, one does not need
to predict the possible outcomes from every possible combination of promotion decisions across the channels. This is
also reasonable from a practical point of view since promotions for different geographical markets are managed by
different teams (and visitors are directly assigned to one front page based on their geographic location).
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2001). Gradient-boosted trees have many practical advantages in that they are scalable, accom-
modate non-linearities in functional form, and are robust to overfitting (Friedman 2001). We use a
log-loss for the propensity score model and a mean square error loss for the reward model. We trim
the estimated propensity scores at the recommended threshold (i.e., exp (—5)) (Battocchi et al.
2019) to address possible violations to positivity (Assumption 1.4) and to reduce the variance in
the doubly robust scores caused by division with low propensities. We also experimented with
random forests, which had slightly inferior predictive performance but led to qualitatively similar

conclusions. Implementation details (e.g., hyperparameter tuning) are provided in Appendix D.

3.6.3. CATE model. We also use a model for the CATE to estimate the optimal policy
decision for plugging into c?*(Xn) in Eq. (13). To fit a model of the CATE, we first need nuisance
estimates of the CATEs per context to use as the dependent variable. A key idea here is that
we can again leverage doubly robust scores, but instead of computing the doubly robust score for
a policy (which we do not yet have but wish to learn), we compute the doubly robust scores of
promotion and no promotion and take their difference as a doubly robust estimate of the CATE
per item-time observation. Recall that we define the CATE as a function of intervening on one
of the multiple treatment variables while holding the others fixed at their values in the data. We
thus compute the doubly robust scores per item ¢ € Z, and time period ¢ independently per channel
m=1,...,M as

]I{Aztm = am}

fi m =U Xi7 maA‘_m =
t(a ) :u( t, a it )+ Wm(Aitm | th)

(}/it - ﬁ(Xita Aitma Al_tm)) for A = 17 Oa (19)

where A, A;;”" are the observed (i.e., factual) actions in the data. We then take the difference

in these scores of for a,, =1 and a,, =0 as nuisance CATE estimates, i.e.,
Fim = Lin(1) = T3y (0). (20)

Finally, we project these CATE estimates per channel on a non-parametric regression function
hpm: X+ Ty conditioned on contexts to obtain a model of how the heterogeneity in CATE for a
channel depends on contexts:

B (%) = E[Fiom | X = x]. (21)

Modeling the CATE serves three purposes. First, it allows for more robust, lower variance CATE
predictions than just using doubly robust scores from the nuisance models. The CATE estimates
obtained by the differences in doubly robust scores will generally be highly complex and noisy,

as they depend on a nonlinear AIPW formula involving predictions from two different machine
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learning models. Projecting the CATE estimates onto another machine learning model h,, reduces
their complexity and variance via additional regularization and smoothing and is therefore more
robust out-of-sample (Chernozhukov et al. 2018b, Kennedy 2023, Hitsch et al. 2024). The variance
reduction is especially important in our framework, as we learn from historical data via AIPW and,
as such, the nuisance CATE estimates may have excess variance due to division by low treatment
propensities. The CATE modeling approach addresses this. Second, it facilitates deployment at
scale. Having fitted a model h,,, for the CATE, we only need to evaluate a single lower-dimensional
model h,,, at prediction time for obtaining the promotion decisions of the optimal policy. In contrast,
using the nuisance models requires evaluating both the propensity score model and the reward
model, which will generally also require more features as they are not regularizing contexts for the
CATE, but for actions and rewards. Third, fitting the model h,,, to predict CATE estimates with
regularization on the contexts allows us to discover which covariates from the contexts explain
heterogeneity in the incremental effects of promotion per channel. The doubly robust scores from
the nuisance models do not permit such discovery, as they depend on contexts in a highly non-linear
way in the AIPW formula involving two different models.

We integrate the modeling of the CATE into our AIPW approach via orthogonal random forests,
which are a variant of causal forests (Wager and Athey 2018) and generalized random forests
(Athey et al. 2019) that achieves a lower estimation error by using a doubly robust moment
equation (Oprescu et al. 2019). We fit the orthogonal random forests per channel by first fitting
a random forest (Breiman 2001) to predict the nuisance model CATE estimates Ty, from the
context variables X;;. We construct these random forests from 500 non-parametric regression trees
using the sub-sampled “honest” procedure of Athey and Imbens (2016) and Wager and Athey
(2018), where we use half of the observations for creating the tree structures and the other half for
estimation. The orthogonal random forest is then estimated by solving the following local moment

equation to minimize mean-square error of the CATE per context covariate profile:

1 1 ~ 2

70 (x) =argmin — » — Z D, (x, Xit> (Tm(Xit) - 7';31) , (22)
™ |T2| teT |It| i1€Ty

where 75 = UzL:1 7" is the union of held-out data from the cross-validation folds part of our sample-

split cross-fitting procedure (see Sec. 3.6.4 for a description and Appendix D.4 for details), 7,,(X;;)

is the nuisance CATE estimate given by the difference in doubly robust scores in Eq. (20), and

®,,(x,X;;) is a data-driven kernel function (or, similarity metric) that calculates how often context

x fall into the same leaf of the regression trees in the random forest as another item of content 4
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in time period ¢ with context X;;. The resulting CATE estimates 7° (x) are asymptotically Gaus-
sian distributed and thereby allow for constructing asymptotically valid inference via bootstrap
(Oprescu et al. 2019). We run the whole estimation procedure on the training data separately for

the CATE functions of either front page. See Appendix D.2 for hyperparameter tuning.

3.6.4. Sample-split cross-fitting. The only requirement for good statistical properties (e.g.,
asymptotic normality and semi-parametric efficiency) of the final estimates from the CATE model
is that the machine learning models are estimated with an appropriate sample-split cross-fitting
procedure (van der Laan and Rose 2011, Chernozhukov et al. 2018a, Kennedy 2023). At a high
level, sample-split cross-fitting means that different splits of the training data are used to estimate
the nuisance models vs. constructing the doubly robust scores using their predictions, and the
estimation of the CATE model. We combine this with cross-validation in the following manner:

We first split the training set of the historical data at random into two equally sized partitions.
We then take one of the partitions and split it further into random cross-validation folds. On
each such fold, we then fit a reward model and a propensity score model. We then take the other
partition of the training set and also split it at random into as many cross-validation folds. For
each content item in each such fold, we construct the doubly robust score using the predictions of a
reward model and a propensity score model from different folds in other partitions of the training
set. This is the cross-validated estimation of the CATE using the nuisance models. We repeat this
last step until we have predicted the CATE for all items that we randomly allocated to the second
partition of the training set. We then use these observations to fit the CATE model. The procedure
is formalized in Appendix D.4.

Intuitively, the above procedure makes the final CATE predictions independent of the predictions
from the nuisance models and, thereby, leads to reductions in bias and variance compared to non-
sample split estimation, and allows for valid statistical inference although they are data-driven.
The hyperparameter tuning of the models is optimized as part of sample-split cross-fitting; see

Appendix D for details.

4. Empirical Application

4.1. Overview

To evaluate our framework, we partnered with Neue Zircher Zeitung (NZZ), a leading newspaper
in Switzerland and Germany. A key task at Neue Zircher Zeitung is to optimize the audience-
wide promotions for two of their distribution channels: the Swiss front page of the website and

the German front page of the website. The front pages target different audiences from different
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countries, and, hence, separate promotion policies should be learned for each front page. Our aim
is thus to learn which content to promote per time period and front page so that the promotional
value in terms of revenue and a proprietary score of performance (explained later) is maximized.
The decision-making process for content promotion at our partner company is as follows: Every
hour, editors use an internal dashboard displaying data for news articles published on the website in
the last 72 hours. The data includes performance metrics per content from previous periods (such
as total clicks and average engagement time) and whether an article has been previously promoted.
Based on this contextual information, editors select which articles to promote on the Swiss and
German front pages. Typically, they aim to fill about 30 slots per hour, though up to approximately
60 articles can potentially be featured on either front page simultaneously. Screenshots of the front

pages are available in Appendix A.

4.2. Data

We obtained access to internal data from our partner company spanning six weeks at the end of
2021. Our dataset includes all articles published during this period, along with the information
presented to editors at the time of their promotion decisions, the decisions themselves, and the
resulting rewards. Additionally, we have metadata on all published content. This dataset forms an
unbalanced panel, where each article is observed over 72 consecutive time periods starting from
its publication and ending when it is no longer considered relevant by the newspaper. We focus
our analysis on observations from 6:00 a.m. to 11:00 p.m., as promotions are not conducted during
nighttime hours. In collaboration with our partner company, we identified a comprehensive set of
covariates, which include those shown in the internal dashboard in additional to ones that were
not shown:

e Time information: We construct dummy variables for the hour of the day and day of the week.
For each item, we construct variables with the total duration (in hours) since publication and
total duration (in hours) on either front page.

e Content characteristics: We compute the content length (i.e., number of characters) of each
item and, using the metadata, construct dummy variables for the following: section (e.g.,
Sport, Business & Finance, International), type (e. g., Opinion, Comment, Interview), format
(e.g., regular, visual, opinion), etc. There are 16 sections, 11 types, and 4 different formats.
Inspired by earlier research in marketing and management science (Archak et al. 2011, Berger
and Milkman 2012, Berger et al. 2020), we estimate the sentiment of the title shown on the

website, of the title shown in search engines (i.e., the ranked list obtained after a Google
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search), and of the lead text summarizing the story on the front page. For this, we use a large
language model (LLM) based on the BERT model (Kenton and Toutanova 2019), which was
additionally pre-trained on 1.834 million German texts (Guhr et al. 2020, Guhr 2022). We use
the LLM to classify the three types of texts of each content as positive, neutral, or negative
and then construct a dummy variable with neutral being the reference category.

e Past performance indicators: We include time-varying variables of historical performance per
item related to traffic, engagement, and conversions, both for the previous period alone and
from the time period of publication up until the end of the previous time period. Traffic
indicators include the number of clicks, whereas engagement indicators include average reading
time, average scroll depth, and the recirculation rate (i.e., the proportion of views that were
followed by at least one more view, thus accounting for continued engagement within user
session up until the start of the current time period). The conversion indicators attribute
the view of an item to a conversion, and include cumulative last-touch registrations (i.e., the
count of times an article was the last view of a user before they registered an account) and
subscription path (i.e., the proportion of times the article was among the 10 last articles a
user viewed before buying a subscription).

e Past promotion decisions: To control for a delay and decay in the effect of past promotion
decisions, we construct the first lag of the promotion decisions and their cumulative count since
publication. To account for the two different front pages, we construct two binary variables
indicating if an item was promoted on the Swiss front page and on the German front page.
To control for other decisions for items, we construct variables indicating if an item was
distributed via an email newsletter, a push notification, or on Twitter in the previous time
period, as well as the cumulative count of these since publication.

All covariates are measured per time period prior to the promotion decisions. We thus preserve
the chronological order in the decision process and ensure that there is no look-ahead bias or
post-treatment bias. We one-hot-encode categorical variables. Altogether, our final dataset is an
unbalanced panel with over 116,000 item-hour observations spanning T'= 603 time periods, N =
2189 items, and 80 covariates. Summary statistics are provided in Appendix C.

The reward of interest is the proprietary performance score (for which a larger value is better)

that our partner company computes as a weighted function of traffic, engagement, and conversions.”

" The partner company computes the score by first scaling the performance indicators to a common unit for aggre-
gation and then aggregates them to a scalar measure via a weighing function, where the weights are set according
to their relative importance to the business (which we are not allowed to disclose to ensure that information on the
different revenue streams remains confidential). The resulting performance score is non-negative unbounded with a
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The performance score may be interpreted as the company’s utility function or as an item-hour
surrogate of the company’s aggregate long-term revenue from ads and subscriptions, which are
only observed infrequently at a company level, not per item and time period. The way in which
the performance score is computed can further be motivated theoretically by the scalarization

technique commonly used in multi-objective optimization.

4.3. Descriptives

We perform a descriptive analysis of the historical data. The analysis provides model-free evidence
in support of our model of the historical DGP and documents sources of heterogeneity in the data
that can be leveraged for off-policy learning.

Fig. 1 shows kernel density estimates of the empirical propensity score distributions for both
front pages, where the empirical propensity score is the share of times an item was promoted in the
data. Two findings are worth pointing out. First, the propensities cover about the full probability
range. Most mass is concentrated at a propensity of 0.15-0.20 or less, which is explained by that
the average time period contained 191 articles of which 32 were promoted on either front page (the
propensity scores have mean=0.17 and SD=0.04). Second, the densities of the propensity scores
overlap. The implication is that the data is about equally informative for learning CATEs and
counterfactual policies for both front pages. Overall, Fig. 1 shows that the probability of promotion
varied across items and time, thus providing empirical evidence to the implications of our model

of the DGP (cf. Sec. 3.2 and Assumption 1.4 of overlap).

[ Swiss front page
4 German front page
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Figure 1 Distribution of empirical propensity scores (smoothed with kernel density estimation) of promotion.

Next, we document sources of heterogeneity explaining the variation in promotion propensities.

The promotion propensities vary by the section, type, and format of the items (Fig. 2). For example,

mean of 1.40 (for the Swiss front page) and 1.29 (for the German front page) and a standard deviation of 1.30 and
0.90, respectively.
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for the Swiss front page, items of type “Explained” (i.e., stories that explained news events such
as COVID-19) had a high propensity to be promoted, whereas for the German front page items
by the editor-in-chief had a particularly high propensity of promotion. Moreover, items with Swiss
domestic news were rarely promoted on the German front page, as Swiss news is typically not
relevant to the German audience. We also find heterogeneity in promotion propensity with respect
to the content sentiment we derive from the LLM (Fig. 3). For the lead text of content, promotion
propensity was historically lower for more negative sentiment, whereas, for the title of content on
the front page or in search engines, the propensity was largely uniform across negative, neutral,
and positive sentiment. The editors were not shown the sentiment of content in the dashboard but
they could have inferred it. We therefore include the sentiment in our nuisance and CATE models
to control for unobserved heterogeneity in promotion effectiveness and thus for confounding.

On the one hand, the variation in promotion propensities across contexts (w.r.t. Section, Type,
Format, or sentiment) indicates selection bias. On the other hand, the standard deviations around
the conditional mean propensities suggests an exploration of rewards conditional on contexts.
Together, this lends empirical support to our approach of leveraging the variability in actions for

identification while accounting for selection bias via machine-learned AIPW estimation.
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Figure 2 Historical mean promotion propensity by section, type, and format of an item. Error bars are standard

deviations across 1000 bootstrap runs. Top: Swiss front page. Bottom: German front page.

Finally, we turn to heterogeneity in the performance score given the promotion decisions. We

find that items that were promoted had a substantially larger performance score, and that this
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Figure 3 Historical mean promotion propensity by sentiment. Error bars are standard deviations across 1000

bootstrap runs. Top: Swiss front page. Bottom: German front page.

statistically significant but non-causal lift varies over hours of a day, days within weeks (Fig. 4),
across content charactestics (Fig. 5), and across the two front pages. This suggests that contexts
moderate both temporal and cross-sectional heterogeneity in promotion effectiveness along several
covariates, and that the strength of the moderation per covariate further differs between the two
front pages.

To summarize, the data appears to support our model of the DGP, our identification and esti-
mation procedures, and our approach of learning separate policies per channel to account for
differential promotion effectiveness and differential machine learning selection of controls and mod-
erators. Having established that the data is informative and reliable to use for off-policy learning,

we next apply our framework.

4.4. Ablation Study of Performance and Revenue Implications

4.4.1. Alternative promotion policies for comparison. We apply our framework to eval-
uate the optimal policy and alternative promotion policies common in practice and the literature.
We off-policy evaluate these alternative policies using the same AIPW estimator given the same
fitted nuisance models as for the optimal policy. Hence, any difference in promotional value between
the policies we evaluate can only be attributed to their treatment assignment mechanisms. Over-
all, our off-policy evaluation approach to compare different promotional allocation mechanisms
is analogous to the use of ablation studies for attributing the causal impact of different compo-
nents in a machine learning algorithm to their predictive performance. Here, however, we use it
to causally analyse how different promotion decision policies leads to different expected outcomes.

The alternative policies we evaluate are:
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¢ Random policy: This policy selects items to promote at random. By the properties of the
hypergeometric distribution (i.e., sampling a fixed number of “successes” without replace-
ment), the probability that a randomly selected item is promoted is C,,/|Z;|, where C,, is

the number of items promoted on channel m in time period t and Z; is the pool of relevant
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items to choose from. A random policy is then simply given by

1, with probability  Ci,./|Z:,

0, with probability 1—C,,,/|Z:|.

This represents a worst-case non-contextual policy. We include it to measure the extent to
which the current practice is optimizing and to quantify the economic opportunity cost had
a randomized experiment been run.

Autoregressive policy: Discussions with the company revealed that current practice is
primarily based on item performance in the immediate past. A data-driven heuristic of this
practice is to, per time period, promote the items that had the largest performance scores in
the previous time period. Let Y;;—; be the reward of item ¢ in time period ¢ — 1 and let Yt(,cfm)
be C;,,-th largest reward among the items at that time. An autoregressive policy can then be
written as

1, if Y, >V 9,
dn(i€Z; Y1) = (24)

0, else,

where always promoting the same items is avoided by that new time periods contain new
items. Including this policy allows us to measure whether replacing current manual practice
with a data-driven algorithm can by itself improve promotion decisions, where we isolate
the performance contribution of being data-driven from other factors (e.g., using machine
learning for prediction, using an allocation mechanism theoretically known to be better) by
intentionally designing this policy’s allocation mechanism as a heuristic of current practice,
where we consider the utilized context to be one of the main signals that is used in current
practice.

Non-incremental policy: This policy promotes the items with the largest predicted rewards

if they would be promoted. The policy can be written as
1 it V(Xa, v = 1, A5™) > 7Com).

0 else.

where Y (Cim) Cim-th largest predicted reward under promotion among the items in time
period t. The policy is identical to the optimal policy in all aspects (e.g., it uses a machine

learning model for prediction based on the full context), except that its allocation mechanism
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is based on outcome prediction, not incremental effects. This type of policy is commonly used
in practice but is generally sub-optimal (e.g., Ascarza 2018, Hitsch et al. 2024), as it neglects
that the decisions with the greater outcomes from promotion are not necessarily those whose
outcome increases the most from promotion. Including this into a policy lets us isolate the
part of the performance improvement that is caused by making decisions based on predicted

incremental effects instead of predicted potential outcomes.

4.4.2. Performance and revenue metrics. We compare the performance of the policies in
terms of their performance gain over current practice (i.e., the behavior policy) at our partner
company. We define the performance gain of a policy d,, as the relative improvement in expected
reward (value) if that policy would have been implemented instead of the behavior policy, that is,

Vidm) =V (7mm)
Vimm)

Gv(dm) = (26)

Because the true population value of a policy is always unknown, we calculate the gain on data
in terms of the sample estimates on the hold-out test set. We obtain the value of the historical
decision under current practice, ‘7(7r), as simply the sample average outcome in the test set, and
for each evaluated policy d,,, we estimate its counterfactual value, V(dm), had it been implemented
instead on the test set, by applying the value estimator in Eq. (13). Note that the value estimates of
the different policies are derived from the same fitted and hyperparameter-tuned nuisance models.
Hence, any difference in performance can only be attributed to differences in treatment policies.

We also consider the revenue implications of the promotion policies. Let R(+) be the total revenue
from adopting a promotions policy. Then

dGr

R(dm) - R(Trm) = R(ﬂ'm)ﬁ

Gy (dn) (27)

measures the dollar gain of a new promotions policy d,, over current practice m,,, where

R(dm> B R(WM)
R(mm) .

Gr(dm) = (28)

is its relative revenue gain, and dGr/dGYy is the rate of return in revenue to relative improvements
in promotions policy performance over current practice. To facilitate a fair comparison, we assume
this rate is independent across policies, and therefore drop the policy dependence in the notation.

The performance of promotion policies also depends on the capacity constraint. To further ensure
a fair comparison between the policies and current practice, we set the capacity constraint Cy,,

to the same as in the historical data, for both channels and every time period. This way, any
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performance or revenue difference cannot be explained by that policies promote more or fewer but
only which items they promote. Later, we relax this constraint to study the returns to increasing
the number of promotions. The idea behind this is that the adoption of algorithmic decision-policies

in business is often motivated by a potential for efficiency gains.

4.4.3. Comparison of promotion policies. Table 1 reports the results for performance and
revenue gains. For the latter, we base our calculations on public financial figures indicating that
89% of the USD 285 million total revenue of our partner company in 2022 came from ads, sales,
and subscriptions (DigiDay 2018, Center 2021, Statista 2022, DigiDay 2023) and internal analyses
suggesting that each 1% gain in the performance score of traffic, engagement and subscriptions
leads to a 0.1-0.5% increase in revenue. To estimate the revenue gain of a new policy according to
Eq. (27), we thus set R(m,,) = 285 -0.89 = 254 million USD, dGr/dGy between 0.001 and 0.005,
and Gy (d,,) according to Eq. (26). We used the first 3 weeks of historical data as the training set
for the estimation and the last 3 weeks as the test set for off-policy evaluation, for which we report
all results.

We have three main findings. First, our optimal policy performs best. It leads to a 5.21% (Swiss
front page) and 2.25% (Germany front page) expected gain in the performance score of traffic,
engagement, and subscriptions, a statistically significant improvement over current practice at the
95% confidence level. This implies an economically significant increase of USD 1.32-6.62 million in
revenue. Effect sizes of digital marketing interventions are typically very small and hard to detect,
so the statistical and economic significance is practically important.

Second, our evaluation of the alternative policies shows the comparative value of our framework.
Here, the non-incremental policy is estimated to result in 0.8-5.41 million USD less promotional
revenue across the two channels than the optimal policy, thus quantifying the sub-optimality of
outcome prediction approach from a business perspective.

The autoregressive policy, which heuristically mimics the editors’ decision process, outperforms
them. This suggests that data-driven policies not based on machine learning or causal inference,
but simple descriptive statistics (in this case, the observed outcomes from promotions in the past),
can outperform expert decision-makers.

As hypothesized, the random policy does not beat the current practice. This confirms that the
editors were (imperfectly) optimizing, and empirically shows the need to account for selection bias
in the off-policy learning, as per our framework. The revenue implications of the random policy

further suggest that running an A/B test would have cost the company up to USD 14 million
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(9.75 for the Swiss front page plus 4.24 for the German front page) due to a loss in promotional
performance. This corresponds to 6% of total annual revenue from ads or subscriptions according
to our figures, and is several orders of magnitude greater than the revenue gain of the optimal
policy. Overall, this adds strength to our framework based on historical data.

Third, all improvements are larger for the Swiss front page. Put differently, the company’s current
practice is estimated to be closer to optimum for the German market than for the Swiss market.
Discussions with our partner company revealed that this may be because the newspaper only
recently expanded to Germany. Therefore, the newspaper has a relatively smaller market share
and a more homogenous audience in Germany than in Switzerland, where the newspaper is long-
established and has a broader audience. As such, it is more difficult for the editors to satisfy their
Swiss users’ preferences with audience-wide promotions. This finding points towards an inherent

challenge in improving audience-wide promotions with increasing reach.

Table 1 Performance and revenue gains on the test set (out-of-sample).
Swiss front page German front page
Policy Performance gain Revenue gain (million USD) Performance gain Revenue gain (million USD)
Random —7.69% —9.75 to —1.95 —3.34% —4.24 to —0.85
Autoregressive 1.94% 0.49 to 2.48 0.85% 0.23 to 1.07
Non-incremental 3.26% 0.83 to 4.13 1.01% 0.26 to 1.28
Optimal 5.21% 1.32 to 6.61 2.25% 0.57 to 2.85

Notes. Performance gain = Percentage increase in the performance score of traffic, engagement, and conversions on average
across content and time periods (cf. Eq. (26)). Revenue gain = Absolute increase in million USD implied by the performance
gain (cf. Eq. (27)), given a base annual profit of 253 million USD revenue from ads, sales, and subscription and a conservative
revenue elasticity of promotions policy performance of 0.1-0.5%. Larger is better. Best policy in bold.

4.4.4. Returns to changing the capacity constraint. We now examine the returns in
promotional value to adapting the capacity constraint of the number of items that can be promoted
on a channel at a time. We evaluate two scenarios: (1) where we set the capacity to the average
number of promotions per channel and time period in the historical data; and (2) where we set
the capacity to the maximum number of items that is possible to show on a front page at a time.
Scenario (1) isolates the returns from using a “fixed” constraint, as the sum of the time-averaged
number of promotions over time is, by construction, equal to the sum of the dynamically changing
number of promotions over time. Scenario (2) quantifies the returns to making the most use of
the algorithmic decision policies, as a common motivation for their use in businesses is to scale
allocation decisions beyond what is feasible manually.

The results are reported in Table 2. We omit the random policy as, by design, it has no returns to

increasing capacity. For both markets, we find that fixing the capacity constraint per scenario (1)
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leads to a lower performance and revenue gain than using the original dynamic capacity constraint.
If the total number of promotions over time cannot be increased, then this speaks in favor of
adapting the number of promotions per time period and channel to the dynamics in the data or,
equivalently, to what was historicallychosen by the experts. As for scenario (2), we find that, if
it is instead possible to promote more than in the past, then promoting the maximum amount
of items does lead to additional incremental performance and revenue. For the Swiss market, in
particular, it increases the performance gain from 5.21% to 13.21%, and the revenue gain from
1.32-6.61 to 3.35-16.75 million USD. This confirms the returns to making full use of the capabilities

of algorithmic allocation policies.

Table 2 Performance and revenue returns to increasing promotions capacity (out-of-sample).

Swiss front page German front page

Policy Performance gain Revenue gain (million USD) Performance gain Revenue gain (million USD)
Cim = 30 promotions

Autoregressive 1.32% 0.33 to 1.67 0.62% 0.16 to 0.79
Non-incremental 2.56% 0.65 to 3.25 0.70% 0.18 to 0.89
Optimal 4.35% 1.19 to 5.52 1.94% 0.49 to 2.46

Ctm = 60 promotions

Autoregressive 8.78% 2.23 to 11.14 2.87% 0.73 to 3.64
Non-incremental 10.33% 2.62 to 13.10 3.19% 0.81 to 4.05
Optimal 13.21% 3.35 to 16.75 5.05% 1.28 to 6.40

Notes. Performance gain = Percentage increase in the performance score of traffic, engagement, and conversions on average across
content and time periods (cf. Eq. (26)). Revenue gain = Absolute increase in million USD implied by the performance gain (cf.
Eq. (27)), given a base annual profit of 253 million USD revenue from ads, sales, and subscription and a conservative revenue
elasticity of promotions policy performance of 0.1-0.5%. Larger is better. Best policy in bold.

4.5. Explaining Policy Improvement
We now seek to understand the improvement of the optimal policy over current practice. To do
so, we analyze different sources of heterogeneity in policy outcomes that contribute to the overall

gain. We focus on heterogeneity across time, across content items, and across the decisions.

4.5.1. Temporal heterogeneity. Our results across hour of day and day of the week are
shown in Fig. 6. We find that the optimal policy performs consistently best. Moreover, we observe
that the average value under our optimal policy is characterized by similar dynamics as the average
value of the behavior policy, which adds to the credibility of our counterfactual results. For example,
the overall news consumption is particularly pronounced in the early morning, and we thus also
expect a large gain from optimizing content promotions for the early morning, which is confirmed

by our results.



32

4.5.2. Cross-sectional heterogeneity across items. We also find that, under the optimal
policy, the average performance score varies by the section, type, and format of content (Fig. 7).
The value is slightly higher for opinion and explanatory articles and substantially larger for articles
written by the editor-in-chief. The results are similar across the two front pages but different
in magnitude. Overall, promoting items has a positive effect on the average performance of the
corresponding items, but the magnitude depends both on when the items are promoted and their

characteristics.

4.5.3. Promotional heterogeneity. The optimal policy outperforms current practice by pro-
moting different items. To further understand where these improvements stem from, we examine
the heterogeneity in the categories of content that tend to be promoted by the optimal policy vs.
the behavior policy.

Fig. 8 compares the share of items that are promoted by the optimal policy vs. the behavior policy
per section, type, and format. Similar to current practice, the optimal policy promotes items from
different categories at different rates. For example, our results suggest that our partner company
should promote relatively more items belonging to the “Opinion” section but fewer belonging to
the “International” section. We also find heterogeneity concerning what types of items should be

promoted on the two front pages. Historically, about 40% of the articles written by the editor-in-
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Figure 6 Value of the behavior policy (current practice) and our optimal policy by hour and day of the week.
Shaded regions are 95% confidence intervals across 1000 bootstrap runs. Top: Swiss front page. Bottom: German

front page.
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Figure 7 Value of optimal policy by the sections, types, and formats of items. Error bars are 95% confidence

intervals across 1000 bootstrap runs. Top: Swiss front page. Bottom: German front page.

chief were promoted. For the Swiss but not the German front page, the optimal policy recommends
the rate should increase to around 95%. A possible explanation stems from that the newspaper
is based in Switzerland. Thus, articles by the editor-in-chief may resonate more with the Swiss
market. This is also supported by Fig. 8, which shows that those articles have a substantially higher
CATE for the Swiss front page.

Previous research has found that the sentiment of content is a strong driver of views and engage-
ment (Berger and Milkman 2012, Upworthy 2012, Robertson et al. 2023). Here, we find the optimal
policy promotes positive, neutral, and negative content at a similar rate (top row of Fig. 9). The
result for the optimal policy is explained by that the estimated CATE of promotion is roughly the

same for different content (bottom row of Fig. 9). We later discuss this finding in Sec. 5.

4.6. Drivers of Effect Heterogeneity and Optimal Decisions

4.6.1. Promotion effect heterogeneity. We now aim to find which context covariates are
moderators of the heterogeneity promotion effects and, therefore, explain how the optimal policy
arrives at its decisions. We consider two approaches: (i) SHAP values: We use this approach to check
the variable importance with respect to non-linear CATE heterogeneity. (ii) Post-Lasso inference:

For valid statistical inference with respect to marginal CATE heterogeneity.
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Figure 8 Share of items promoted by optimal policy vs. behavior policy by content category. Error bars are

95% confidence intervals across 1000 bootstrap runs. Top: Swiss front page. Bottom: German front page.
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Figure 9 Top: Share of content promoted by optimal policy vs. behavior policy by sentiment of content title.
Bottom: Estimated CATE by sentiment of content title. Error bars are 95% confidence intervals across 1000

bootstrap runs.

Our first approach is to calculate the SHAP values of the CATE function. The SHAP value
of a covariate measures its contribution to a prediction relative to the average prediction of the
model (Lundberg and Lee 2017). A benefit of SHAP values in our work is that they directly

explain the logic of the estimated CATE model by accounting for non-linearities in the treatment
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effect heterogeneity; however, it does not allow for valid statistical inference on the discovered
heterogeneity. Hence, we use the SHAP values to provide initial findings of the heterogeneity that
can be explained rigorously by the post-Lasso inference method.

The results are shown in Fig. 10. The covariates are ordered from top to bottom in terms of
their mean absolute SHAP values, and the dots represent the SHAP values of the covariates in
terms of explaining heterogeneity in the CATE. The horizontal spread of the dots for a given
covariate corresponds to the variance in the CATE that is explained by that covariate, relative to
the average CATE (i.e., the average treatment effect). Comparing the SHAP values for the Swiss
and the German front pages, we find that 14 out of the top-15 covariates are the same, but that
their relative importance differs slightly. In particular, average engagement time, average scroll
depth, and previous email newsletter promotions are among the top-5 most important covariates
in terms of explaining the heterogeneity in the CATE of promotion on both front pages, but the
relative importance of the rest differs. Overall, this demonstrates the importance of accounting for
between-channel heterogeneity in the moderators of promotional effectiveness and, therefore, that

promotion decisions should be based on different contextual information for the two channels.
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Figure 10 SHAP values for the top-15 covariates with the largest feature importance on the predictions of the

CATE function (in descending order).

For our post-Lasso inference approach, we adapt the method in (Chernozhukov et al. 2018b,
Semenova et al. 2023), which estimates the best (lower-dimensional) linear projection (BLP) of the
CATE. This allows for discovering marginal heterogeneity in the CATE with respect to covariates,
even when the true CATE is non-linear and unknown (Chernozhukov et al. 2018b). A straightfor-
ward approach to estimate the BLP of the CATE is to regress the final CATE estimates on all

Feature value
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context covariates subject to a Lasso penalty. However, Lasso induces regularization bias in the
point estimates of the regression coefficient on the selected covariates and does not allow for valid
post-selection inference. To address this, we combine the Lasso-regularized estimation of the BLP
of the CATE with post-Lasso inference in a sample-splitting procedure (for theoretical details; see,
e.g., Wasserman and Roeder 2009, Belloni and Chernozhukov 2013, Belloni et al. 2014, Zhao et al.
2021).
Our procedure consists of the following steps.
1. We randomly partition the training data 7 into two mutually exclusive splits 7; and 7.
2. On split 7, we fit a Lasso regularized linear model where the CATE function estimates are
the dependent variable and the context covariates are the predictors. For estimation, we use
a suitable optimization algorithm (i.e., coordinate descent) to minimize the mean square error
between the CATE estimates and the linear model subject to the Lasso regularization penalty,

(@, B°) = arg min 1 Z ! Z <?m(xit) — Qyy — B;,:Xit>2 + )\Z | Bk (29)
k=1

am,Tm |7-1| teTy ‘Zt‘ i€y

Here, A € [0,00] is a tuning parameter for the amount of regularization and B\Sn eR, 1<
dim(X) = p are the non-zero parameter estimates for the selected covariates X° := {X: By #
0} = {X) € X: 7 (X) = 70 ({X\ X }) # 0}

3. On the other split 7Ty, regress the CATE estimates on the Lasso-selected covariates,

T (Xfym) = i+ €0, Xl + €t (30)

using ordinary least squares (OLS) for parameter estimation, &,, = (X°T X0 )~1XT7  and HC2

robust standard errors for inference.
It follows that the least-squares parameter estimates measure marginal effects of the Lasso-selected
covariates with respect to treatment effect heterogeneity.® See Appendix D.3 for details on the
cross-validation and hyperparameter tuning for the Lasso regularization.

The results from the post-Lasso inference approach are shown in Table 3. First, within channels,
the marginal effects of covariates on heterogeneity in the CATE vary substantially. On average,
and all else equal, content with a one standard deviation higher average engagement time (relative

to the number of characters of the content) have a get a 0.024 and 0.014 points greater return

81f the Lasso-regularization selects the true covariate set, then the estimates equal those of the oracle estimator,
and, if the Lasso-regularization does not select the true covariates, then the estimates are still less biased and faster
converging than standard Lasso estimates. This holds in finite-samples with high-dimensional controls, non-Gaussian
and heteroskedastic errors, and even if the underlying true CATE is non-parametric (Belloni and Chernozhukov 2013,
Belloni et al. 2014), all of which may apply to our framework.
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to promotion on the Swiss and German front page, respectively. In contrast, content that has
already been promoted in email newsletter tend to benefit less from promotion than those items
who have not already been distributed in that channel, which may be explained by many users have
already seen and engaged with the promoted item. Among past performance indicators (up until
the start of the current time period), we find that more views, longer engagement time, and more
registrations predict a higher incremental effect from promotion. Among content types, articles
written by the editor-in-chief benefit the most from promotion on the Swiss front page, but are not
predicted to benefit from promotion on the German front page. This is consistent with our previous
results that our optimal policy promotes articles by the editor-in-chief relatively more often to the
Swiss front page than the German front page. Second, we also find some differences in marginal
treatment effect heterogeneity across the channels. For example, articles in a visual format are
predicted to have a lower CATE for the Swiss front page and a higher CATE for the German front
page, relative to content in standard format. Additional results evaluating the performance in the
first-stage Lasso are in Appendix 4.6.2.

Overall, we find that covariates with large feature importance in our analysis based on the SHAP
value method (e.g., average engagement time and average scroll depth) tend to have a comparatively
large absolute coefficient in the post-Lasso inference approach. Therefore, the results from both

approaches for post-hoc explainability appear to be largely consistent.

4.6.2. Variable selection for optimal promotion decisions. We extend our post-Lasso
inference procedure for the CATE to variable selection for the optimal policy. Our idea is to leverage
that (i) the post-Lasso inference procedure allows for valid inference on which covariates contribute
to heterogeneity in the CATE, and (ii) the optimal policy is uniquely determined by heterogeneity
in the CATE; therefore, (iii) the Lasso-selected covariates that have true non-zero marginal effects
on the variation in the CATE are sufficient for the optimal policy. As such, we discover which
covariates these are by conducting the following two-sided hypothesis test for covariate X, in the

channel-specific Lasso-selected set X9 :
Hj:&,,=0 vs. H): &, #0. (31)

The set of covariates with a statistically significant contribution to CATE heterogeneity is given

by

{X2}:={X,; CX" : H] is rejected at some significance level a/l}, (32)
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CATE for Swiss front page

CATE for German front page

Covariate Coef. SE p-value Coef. SE p-value
Past performance indicators:

Article views 0.033 0.013 0.009 0.011 0.004 0.005
Average engagement time 0.024 0.007 0.001 0.014 0.004 0.000
Average scroll depth —0.033 0.002 0.000 0.011 0.001 0.000
Recirculation —0.009 0.001 0.000 —0.005 0.001 0.000
Cumulative registrations 0.059 0.007 0.000 0.023 0.002 0.000
Number of times on subscription path 0.004 0.003 0.154 0.001 0.001 0.292
Time-invariant content characteristics:

Content length —0.002 0.001 0.262 —0.004 0.001 0.000
Section: Business & finance —0.062 0.007 0.000 —0.032 0.006 0.000
Section: Celebrities & events 0.066 0.012 0.000 —0.005 0.006 0.433
Section: Culture —0.077 0.008 0.000 —0.035 0.006 0.000
Section: Domestic —0.028 0.009 0.003 —0.029 0.006 0.000
Section: Education 0.097 0.016 0.000 0.036 0.009 0.000
Section: International —0.066 0.007 0.000 —0.024 0.006 0.000
Section: International politics —0.047 0.010 0.000 —0.009 0.009 0.292
Section: NZZ in English 0.053 0.012 0.000 0.059 0.008 0.000
Section: Opinion —0.170 0.011 0.000 —0.022 0.008 0.005
Section: Science & technology —0.051 0.010 0.000 —0.024 0.007 0.001
Section: Society —0.002 0.035 0.950 —0.032 0.010 0.002
Section: Sport —0.034 0.010 0.000 —0.026 0.006 0.000
Section: Visuals —0.077 0.011 0.000 —0.077 0.010 0.000
Section: Zurich —0.055 0.008 0.000 —0.030 0.006 0.000
Type: Breaking news —0.175 0.006 0.000 —0.022 0.003 0.000
Type: Column 0.025 0.013 0.061 0.016 0.006 0.011
Type: Comment 0.088 0.010 0.000 0.034 0.005 0.000
Type: Editor-in-Chief 0.431 0.024 0.000 — — —
Type: Explained 0.106 0.022 0.000 0.008 0.007 0.295
Type: Guest comment 0.115 0.011 0.000 — — —
Type: Interview 0.052 0.011 0.000 0.014 0.004 0.000
Type: News in brief —0.040 0.017 0.021 —0.008 0.004 0.054
Format: Long-form standard —0.038 0.005 0.000 0.002 0.003 0.604
Format: Long-form visual —0.040 0.011 0.000 0.013 0.006 0.022
Format: Opinion 0.023 0.009 0.017 0.018 0.005 0.000
Sentiment: Negative lead text 0.113 0.006 0.000 0.016 0.003 0.000
Sentiment: Positive lead text — — — — — —
Sentiment: Negative SEO title 0.029 0.008 0.001 0.007 0.003 0.010
Sentiment: Positive SEO title 0.035 0.018 0.053 0.006 0.004 0.075
Sentiment: Negative title —0.023 0.006 0.000 0.004 0.002 0.073
Sentiment: Positive title —0.031 0.009 0.001 — — —
Time information:

Hours online on Swiss front page 0.002 0.001 0.000 0.001 0.000 0.000
Hours online on German front page —0.001 0.001 0.189 0.001 0.000 0.000
Hours online since publication —0.005 0.002 0.040 —0.008 0.001 0.000
Past promotions:

Count of social media promotions 0.040 0.007 0.000 —0.026 0.001 0.000
Count of email newsletters promotions —0.010 0.001 0.000 —0.007 0.001 0.000
Count of push notification promotions —0.047 0.007 0.000 0.020 0.001 0.000
Lag of social media promotions 0.005 0.001 0.000 0.004 0.001 0.001
Lag of email newsletters promotions 0.006 0.001 0.000 0.002 0.001 0.031
Lag of push notification promotion 0.003 0.002 0.132 0.002 0.001 0.095
Lag of Swiss front page promotion —0.017 0.002 0.000 —0.011 0.001 0.000
Lag of German front page promotion —0.069 0.002 0.000 0.000 0.001 0.993
Hour fixed effects Yes Yes

Weekday fixed effects Yes Yes

R-squared 0.195 0.151

Adjusted R-squared 0.194 0.150

AIC 14760 —51260

BIC 15360 —50690

Coef.: point estimate of marginal effect. SE: robust (HC2) standard errors.
Marginal effects of covariates (using pre-treatment values) for explaining heterogeneity in the CATE.

Table 3

The estimates are obtained from the BLP of the CATE function estimated with OLS in our post-Lasso inference

procedure. Cells with a

—” denote that the corresponding covariate was dropped by the first-stage Lasso

regularization. Continuous covariates are z-standardized to zero mean and unit variance for better interpretability.
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where «/l is the significance level after Bonferroni correcting for [ = dim(X? ) tests. Our way of
combining post-Lasso inference with a multiple testing correction is similar to the method of Pelger
and Zou (2022), but whereas they consider the problem of explaining a high-dimensional linear
panel data model, we consider selecting a sufficient set of covariates for an optimal decision policy.
Nonetheless, the method of Pelger and Zou (2022) may be viewed as providing the theoretical basis
of our approach.

Table 3 shows that the Lasso-regularization selected | =48 and [ = 45 CATE-relevant covariates
for the Swiss and German front pages, of which only those with a post-selection p-value of at most
a/1~0.001 should be included in the further reduced covariate sets in Eq. (32) after applying the
Bonferroni correction. This leaves us with 36 out of the 48 covariates that were CATE-relevant for
Swiss front page, and 27 out of the 45 covariates that we CATE-relevant for German front page.

Using the variables selected for either front page, we re-estimate the orthogonal random forests
for the CATE model h,, separately for the channels, yet again using our sample-split cross-fitting
described in Sec. 3.6.4. Just as for all other policies, we off-policy evaluate the value of the resulting
reduced optimal policy by applying the AIPW estimator in Eq. (13) to the test set, where, also as
before, we use the same fitted nuisance models for rewards and propensity scores depending on
the full context covariate set, the optimal policy decisions now stem from CATE estimates derived
from the new CATE models that only used the reduced covariate sets, i.e., h,,(X%). Thus, our
reduced optimal policy only differs from our “standard” optimal policy in that it only leverages
the selected subset of context covariates that are CATE-relevant for the channel.

Table 4 reports the promotional performance and revenue gains of the reduced optimal policy.
First, and in line with our expectations, the reduced optimal policy leads to substantial incremental
promotions performance and revenue over the the behavior policy (i.e., current practice). Second,
its expected performance and revenue gains is also greater than that of our optimal policy that is
based on all context covariates. However, after accounting for uncertainty in terms of the confidence
intervals around these estimates we see that the value of the policies is on average statistically
indistinguishable at all hours of the day and for each day per week (Fig. 11). This shows that
there is no significant loss in the performance or revenue of an decision policy based on the CATE
when it is reduced to only those contexts that informs its treatment assignment mechanism. In
a broader sense, this also demonstrates that even a subset of the data collected by our partner
company is sufficient to make optimal promotion decisions. Taking our partner company as an

example, the managerial implication is that the dashboard would only need to show data on at
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most three-quarters of all context covariates, and that is possible to efficiently learn which these
are using our data-driven procedures. This could support the editors’ decision-making by reducing

the amount of information they need to process for making promotion decisions.

Table 4 Policy value estimates on the test set.

Swiss front page German front page
Policy Performange gain Revenue gain (million USD) Performange gain Revenue gain (million USD)
Optimal policy 5.21% 1.32 to 6.61 2.25% 0.57 to 2.85
Reduced optimal policy 6.76% 1.71 to 8.57 2.95% 0.75 to 3.74

Notes. Performance gain = Percentage increase in the performance score of traffic, engagement, and conversions on average across
content and time periods (cf. Eq. (26)). Revenue gain = Absolute increase in million USD implied by the performance gain (cf. Eq. (27)),
given a base annual profit of 253 million USD revenue from ads, sales, and subscription and a conservative revenue elasticity of promotions
policy performance of 0.1-0.5%. Optimal policy: Our optimal policy when the predicted CATEs are based on all context covariates.
Reduced optimal policy: The optimal policy when the predicted CATEs are based only on the context covariates selected by our post-
Lasso hypothesis testing inference. Larger is better. Best policy in bold.
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Figure 11 Value of the optimal policy and the reduced optimal policy over time. Shaded regions are 95%

confidence intervals across 1000 bootstrap runs. Top: Swiss front page. Bottom: German front page.

5. Discussion

In this paper, we presented an off-policy learning framework for optimizing audience-wide content
promotions across digital distribution channels, a common decision problem faced by content pub-
lishers and producers (e.g., newspapers, content creators), who must choose which of their content
to promote to their entire audience such that the expected reward (e.g., traffic, engagement, or

conversions) is maximized.
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Our work contributes in several novel ways. Previous research in marketing and machine learning
has studied on-policy learning and outcome prediction (e.g., adaptive experiments and bandit
algorithms) for content personalization (e.g., Agarwal et al. 2009, Hauser et al. 2009, Kale et al.
2010, Li et al. 2010, Garcin et al. 2013, Urban et al. 2014, Schwartz et al. 2017). Another line
of work has shown that personalized marketing decisions, whether online or offline, should be
based on incremental effects, not outcome prediction (Bodapati 2008, Ascarza 2018, Lemmens and
Gupta 2020, Hitsch et al. 2024). An emerging stream of research has adopted this incremental
effects approach with off-policy learning to optimize personalization in various marketing contexts
(e.g., Simester et al. 2020a, Liu 2022, Ellickson et al. 2023, Yoganarasimhan et al. 2023, Hitsch
et al. 2024, Huang and Ascarza 2024, Yang et al. 2024). We contribute by studying the common
but relatively understudied and non-personalized decision problem of selecting which content to
promote to an entire audience and, for this, provide a framework leveraging off-policy learning and
the incremental effects approach.

Unlike previous research in the aforementioned streams, our framework is designed for use with
historical data. This is particularly advantageous for optimizing audience-wide promotion strate-
gies, where randomizing content to promotion as in A/B test is typically impractical, costly, and
risky. Our approach of using a model of the historical data-generating process to enable identifi-
cation, may be of interest in other marketing decision-problems where randomization is infeasible
but rich historical data is available. Previous research (Lada et al. 2019, e.g.,) has demonstrated
the value of historical data for learning decision-policies based on causal effects, but only for the
personalized setting and without connecting it to identification.

We enhance the practical utility of our framework by integrating our model with a causal machine
learning procedure for estimation, which we show is unbiased for the optimal promotion policy
under weak assumptions, selection bias, or reward misspecification, thereby ensuring its robustness
for use with historical data. We combine the estimation procedure with a post-Lasso inference
approach to discover drivers of the promotional effectiveness, and combine it with multiple testing
to select which variables in the high-dimensional contexts are sufficient to retain the optimal policy’s
performance. Overall, our framework addresses real-world constraints of randomized experiments
and offers a robust and cost-effective solution to optimize content promotion strategies in a data-
driven manner.

We also introduce an off-policy evaluation approach similar to ablation studies, which allows

for causal comparisons of different marketing decision strategies. Unlike previous research that
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evaluates the outcomes of a fixed optimal policy with different machine learning models (e.g., Hitsch
et al. 2024, Smith et al. 2022), our approach quantifies how altering the treatment assignment
mechanism impacts policy outcomes, holding the machine learning models fixed. The distinction
is important, as only our approach allows for causal inferences about how changing the treatment
assignment mechanism affects policy outcomes, thus providing insights into the comparative value
of different content promotion strategies.

Using this ablation approach, we show that even simple data-driven policy, which heuristically
mimics the current practice, outperforms it, despite lacking expert judgment or causal inference
and prediction capabilities. We further quantify the relative revenue loss of adopting the outcome
prediction approach, and further show that a randomized policy — i.e., the treatment assignment
mechanism of an A /B test — would have resulted in a revenue loss orders of magnitude greater than
the revenue gains of the optimal policy. This suggests that collecting randomized experimental
data — which is the standard approach for causal inference and off-policy learning in the marketing
literature — may not be economically practical in certain business applications, and this further
demonstrates the importance of not only accounting for statistical optimality criteria in choosing
between empirical strategies, but also their economic implications.

Our work offers managerial implications for content promotions. Content publishers and pro-
ducers seeking to optimize their audience-wide content promotions should not necessarily promote
the content that is likely to be successful given promotion but, instead, promote the content whose
success is likely to increase the most if promoted. Our results further suggest how content produc-
ers and publishers can improve their audience-wide promotion strategies. For example, a common
phrase from the newsroom is “If it bleeds, it leads”, implying that news about negative events tends
to generate more clicks. Large-scale field experiments support this anecdotal evidence: negative
words in news headlines increase click-through rates (Robertson et al. 2023). However, our results
call for caution when following such common wisdom: We find that positive stories can also be
beneficial to promote when success is not only measured via short-term indicators of engagement
(e.g., clicks), but also by longer-term and financially important indicators such as subscriptions.

We foresee valuable extensions of our framework to other marketing contexts. An area where nei-
ther personalization nor randomization may be feasible is physical retailing. For example, retailers
may not be able to or willing to randomize prices and promotions in-store. However, they typically
have access to vast historical data on prices, promotions, and their associated outcomes, and can

interventionally adjust these at the the product, category, or store level so as to maximize the
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aggregate return across users. In such settings, our framework may be used to learn which items
to discount where and when for maximizing incremental store traffic, profits, or repeat purchases,

or some other reward function of business importance.

6. Concluding Remarks

In this work, we propose an off-policy learning framework to optimize audience-wide content pro-
motions across digital distribution channels. We present an empirical strategy that connects a
model of historical data with non-parametric identification, and we provide a causal machine learn-
ing procedure that is unbiased and multiply robust, thus accounting for the difficulties in learning
from non-experimental data. We apply our framework to a real-world decision problem at a lead-
ing international newspaper, and find that it offers significant performance and revenue gains over
current practice. Overall, our work contributes with a robust, scalable, and cost-effective causal
machine learning framework to optimize a practically important but relatively understudied mar-

keting decision problem.
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Online Appendix

Appendix A: Front pages
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Figure 12 Screenshots of the front page of Neue Ziiricher Zeitung (due to space, only a few promoted items
at the top are shown while the actual list of promoted articles is much longer). Shown: Swiss front page (left) and
German front page (right).
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Appendix B: Proofs
B.1. Proof of Proposition 1

We now show that Eq. (12) can be written as a function of the observed data distribution. To do
so, we use that the density (or, equivalently, the likelihood of a data realization) can be written as
a function of both the behavior policy and an arbitrary counterfactual policy.
Let P, be the joint distribution of the historical data under the behavior policies m,,, m =
., M. Under our structural model of the DGP, the law of total probability gives that the density
of the data in a time period factorizes as

dpP l
= - _P(Xt) H 7Tm(Atm ’ Xt)p(Yt ‘ Xtht)v (33)

p(XhAth;ﬂ—h"wﬂ-M)— d]P) —

m=1

where we used that a probability density function can be defined as the Radon-Nikodym derivative,
dP,/dP, of its cumulative distribution function with respect to a reference measure P. This defini-
tion requires that P, is absolutely continuous with respect to [P, which holds under Assumption 1.4
(Murphy et al. 2001). Similarly, the density of the data under the joint distribution P, induced
by a counterfactual policy d,, is given by

dP,.
dP

P(Xe, Ay, Yy dp, 7 K #Fm) = =p(Xs) H{Am = dn(Xi) } H (A | Xe) p(Ye | Xy Ar),  (34)

k#m

where we again used that P, is absolutely continuous with respect to P. This may be interpreted
as that any sequence of realizations that could occur under the counterfactual policy d,, could also
have been observed in the data under the behavior policy m,, (Murphy et al. 2001). A change of
measure now gives that Eq. (8) can be written as

d,n) TZ/( (X, Apny Ay )iiﬁ:)dpﬂ TZ/ ]1{:;m1;:|)((t))}dpm (35)

where the last equality follows from that

dFPy,, - dem/dIP’ _ p(Xy) ]l{atm =d,(X t)} H;#m (e | Xo)p(ye | Xo, Ay) . ]l{Atm = dm(Xt)}

AP, — dP./dP p(Xe) TI o aim | Xe)p(ye | X Ay) (A [X)
(36)

This is the likelihood ratio (also called the importance weight) between Eq. (34) and Eq. (33),
where we used Assumption 1.1 to replace the potential reward with the observed outcome. Eq. (35)
defines the value of the counterfactual policy d,, as an expectation with respect to the observed
distribution P.. This shows that the value of an arbitrary counterfactual policy satisfying the
assumptions is identified from historical data. Moreover, the identification is non-parametric, as
no parametric assumptions have been required to arrive at Eq. (35). What remains to show is that
the value function can be written in the AIPW form of Eq. (12). For this, we let

M(Xtvd(xt)’ At_m) = E[Y(Xta d(Xt)’At_m) ‘ Xt] = E[Yt | Xtad(xt)7A7:_ ] / dPYt\xt d(Xe),A7™ (yt)a
(37)

where the third equality follows from Assumption 1.1. We then note that

(X (X0), A7) =B [y E ) x| (39)



L{ Ay, =dn(X0)}
=E |Y(X¢, A, A7) o (o | X0) |Xt] (39)
—E[Y (X, A, A7) | X, E P{A“@m ‘ )((t) )i | Xt] (40)

{ A, = din (X))

Xy A, Ay ,
( v ) ﬂ-m(Atm ‘ Xt)

(41)

where the first equality holds under Assumption 1.4, the second under Assumption 1.1, and the
third by Assumption 1.3, and the last follows by definition of Eq. (37) and basic rules of probability
theory. Thus,

—r3 [ut 2

zm ‘ Xt)

=0

Z/ ]l{Atm—d (X )}+M(Xt,dm(Xt),At_m)—H(Xt,dm(Xt)vAt_m) dP, (43)

]]- {At’rn - dm (Xt ) }

:1Z/<yt]l{Atm:dm(Xt)}+,U(Xt,dm(Xt),At_ ) (Xt,Atm,A )

T =1 WWL(Atm ’ Xt) 7Tm(Atm ‘ Xt)
(14)
T
1 _ ]I{Atm = dm(Xf)}
== X,y do (X)), A7™) + X,, Ay A7) APy, 15
P2 [ HKun (), A7) T 0 (Ko A AT (45)

where the third equality follows from our derivations in Eq. (38)—(41). We now see that Eq. (45)
is the oracle AIPW formula in Proposition 1. This concludes the proof. O

)ar.
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B.2. Proof of Theorem 1
We now show that the policy in Eq. (11) is a solution to Eq. (9) and is therefore optimal.

Due to the stationarity of the policies and the myopic nature of the decision problem, the long-
run average value is maximized by maximizing the value per time period. That is, for all t € V,

d;, =argmaxV;(d,,) (46a)
dm€D
st dp(Xit) < Cim (46b)
1€l

with V;(d,,) given by Eq. (7). Thus, if we can show that the solution to Eq. (46) equals Eq. (11),
we are done.

Since d,,,(X;) € {0,1}, we can always decompose the expected reward of an item under a policy
decision given a context as the conditional expectation of potential reward if the item would not
be promoted plus the CATE if the policy decision is to promote the item, i.e.,

EY (X, dp (Xit), AL™) | Xit] =EY (Xt Aitmn =0, A5") + d (Xit) - 7o (Xit) | Xt (47)

where 7,,(X;;) is given by Eq. (10). The value function for any time period ¢ can thus be written
as

Vildm) =E[Y (Xit, Aitm = 0, Aj™) + dn (Xit) - 7o (Xir) ], (48)
where the expectation is over the states. Given the capacity constraint in Eq. (46b), it follows that
max Vi (dm) = E[Y (Xir, Aitm = 0, A7™)] + 1{70 (Xie) > 7™} - 7 (Xt (49)

This directly implies that

argmax V;(d,,) = 1{7,,(X;;) > Tt(nc;tm)}], (50)

dm €D

which equals d¥, in Eq. (11) in Theorem 1. This concludes the proof. t
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B.3. Proof of Theorem 2

We now show that the ATPW estimator of policy value given by Eq. (13) is doubly robust. We prove

this for an arbitrary policy d,,. Note that, because our procedure for estimating an optimal policy

is also unbiased (cf. Proposition 2), the proof implies that the estimated policy value estimate

of the optimal policy is doubly robust unbiased of the true value of the true optimal policy, i.e.,

V(d* )] =V (dz,). To simplify notation, we remove the arguments for the context and remalmng

channels such that p(a,,) = p(Xs, am, Ay ™), Yi(an) =Y (X, am, Ay ™) for A={Ap,,dn(X:)}.
First, we first rewrite the expression for the AIPW estimator in Eq. (13):

V) =1 3 77 30 [ (X0 + (Vi = () 2 ) o1
N e e s o I
_ 1 T 1 [ 1{ Ay, =dn(Xy)} 1{ Ay, =dn (X))}
=7 2] 2 [Mn (X) il (X)) (X)L R ]

(53)
= > e (6 22 0y, ) Hn = ) (54)
) =p(dm (X¢))
_ L{Ayn = dn(X4) } _ T (At | Xt)
1(dn (X)) (A X)) + Yi(dn (X)) K(dm(Xt))—M(Atm X,) ]
- (55)
zT: Z Y; +}/t(dm(Xt)) ]I{Atm:d7n(xt)}_7rm(14tm ’Xt> (56)
T (At | Xet)
— ld (X)) <1{Atm - d;,iﬁzi |_>Z§ e Xt)) ] (57)
;{m;n YT ; (Ye(dn (X)) = (X1, dn(X0) ) (58)
]I{Atm = dm(Xt)} - ﬂ-m(Atm ‘ Xt)
( T i 1X.) ) ] } )

where division by the propensity score is allowed under Assumption 1.4. The third equality follows
from that, if A;,, =d,,(X;), then Y; =Y;(A;,) =Yi(dn(Xy)) and pu(As,) = p(d, (Xt) by Assump-
tion 1.1. The last equality follows by linearity of expectations and the rest by algebra. We now
note that the estimator is unbiased if the expectation of the second term in Eq. (58) is zero, i.e.,

|13 gy L k)| (o)

€Tt

Z| AZY X ] \e
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== Z 7 Z Y (dy(Kitin) (62)

1€Ly

- V(dm). (63)

Here, the second equality follows from that the expected potential reward given the policy decision
equals the expectation of the reward with respect to the distribution under the policy, the third
from that the sample average is a constant, and the fourth from the definition of the value.

Now, double robustness means that the estimator is unbiased if (1) u(d,, (X)) is correctly spec-
ified but 7, (As, | Xy) is not, or (2) m,(Aw, | Xy) is correctly specified but p(d,,(X;)) is not. We
have shown that the first term in Eq. (58) is by itself an unbiased estimator. In the following, we
thus prove doubly robust unbiasedness by showing that, in either of these cases, the expectation
of the second term in Eq. (58) is zero.

Case (1): Assume that p(d,,(X;)) is correctly specified but m,, (A, | X¢) is not. We then have

B | (Y(dn (X0) - (X)) (e = 20Nl 130 ) (6
=5 | (¥ (X)) - BV | Kooy (X)) (2= el B 350 (63
5 B ( (¥ (X)) ~ BI¥i | X, (%)) (HAen =Bl D)) [, 4, )|

66
s E[Yt(duxt» DY | X (X0)] [ X114, | (12 =B TalBen 550 Eﬁ?i
—E (E ]Xt,Atm]—E[Yt|Xt,dm(Xt)]> (MAtm:d:riﬁzi'_;S(Atm|Xt)>] (68)
-2 (2 01 B0 1) (Mt st B o
. (70

The first equality used that u(d,.(X;)) =E[Y; | X¢,d,n(X;)] when the reward model is correctly
specified, the second follows from iterated expectations, the third and fourth from basic probability
theory, and the fifth follows from that E[Y;(d,,(X})) | X, Ayl = E[Y;(d,n(X})) | X;] by the uncon-
foundedness assumption and E[Y; | X;, d,,,(X;)] = E[Y;(d,.(X})) | X¢] by the consistency assumption.
Thus, the two inner expectations cancel each other. The outer empirical expectation and the aver-
aging over stages are omitted from the derivation as they have no effect on the result and the order
of expectations can be changed without affecting the result.

Case (2): Now, instead, assume that 7,,(A, | X;) is correctly specified but p(d,,(X;)) is not.
Then, we yield

B | (1 (X0) - (X)) (e =8I I3 ()
() (1 050 )]
_E :(xft(dm(xm — (d (X)) B (“{Am e S mdm(xt»,xtﬂ (73)

(74)

=5 | (¥ ()~ (X)) R = B0 =l e |35

7.‘-rn(léltm, ‘ Xt)
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=5 | (¥ (X))~ (%)) LR = e B S (e [0} (75)
=i | (Vi (X)) (%)) e RO =R 120} (76)
=0, (77)

where the first equality follows by iterated expectations, the second and third by basic probability
theory, the fourth by Assumption 1.2, and the fifth by the correct specification of each propensity
score model so that the terms in the numerator cancel. This concludes the proof.

O
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Appendix C: Descriptive Statistics

Tables 5—6 show summary statistics of all variables, grouped by the training set and test set. Recall
that non-categorical variables are scaled to zero mean and unit variance. The high outliers are from

articles on COVID-19, which received above attention traction among the user base.

Training set Test set
Covariate Mean Std  Min Max  Mean Std  Min Max
Article views 200.07 525.66 0.00 50124.00 211.43 485.98 0.00 21716.00
Average engagement time 1.04 1.90 0.00 374.80 0.94 0.83 0.00 48.64
Average scroll depth 63.87 26.81 0.00 100.00 63.70 26.92  0.00 100.00
Recirculation 30.96 22.60 0.00 100.00 30.67 22.61 0.00 100.00
Cumulative registrations 0.32 1.27 0.00 44.00 0.11 0.56 0.00 29.00
Number of times on the subscription path 0.01 0.06 0.00 1.80 0.01 0.05 0.00 2.20
Content length 1145.82 1704.14 0.00 41173.00 1179.12 1912.07 0.00 41173.00
Hours online on Swiss front page 339.26 4955.98 0.00 182219.00 227.83 1404.67 0.00 15825.00
Hours online on German frontpage 312.37 4944.18 0.00 182220.00 200.04 1357.71 0.00 15836.00
Hours online since last publication 33.12 20.81 -0.52 71.94 32.40 20.74 -0.25 71.92
Count of email newsletter promotions 8.99 52.50 0.00 502.00 9.54 54.20 0.00 515.00
Count of push notification promotions 1.96 14.22  0.00 192.00 2.23 15.71 0.00 202.00
Count of Twitter promotions 4.96 28.69 0.00 333.00 5.13 29.24 0.00 343.00
Swiss front page promotion 0.17 0.37 0.00 1.00 0.17 0.37 0.00 1.00
German front page promotion 0.17 0.37 0.00 1.00 0.17 0.38 0.00 1.00
Lag of Swiss front page promotion 0.17 0.38 0.00 1.00 0.17 0.38 0.00 1.00
Lag of German front page promotion 0.17 0.37  0.00 1.00 0.17 0.38 0.00 1.00
Lag of Email newsletter promotion 0.01 0.09 0.00 1.00 0.01 0.10 0.00 1.00
Lag of Push notification promotion 0.00 0.06 0.00 1.00 0.00 0.06 0.00 1.00
Lag of Twitter promotion 0.01 0.10 0.00 1.00 0.01 0.11 0.00 1.00

Table 5 Summary statistics.

Category

Training Evaluation

Hour: 06:00
Hour: 07:00
Hour: 08:00
Hour: 09:00
Hour: 10:00
Hour: 11:00
Hour: 12:00
Hour: 13:00
Hour: 14:00

Hour: 15:
Hour: 16:
Hour: 17:
Hour: 18:
Hour: 19:
Hour: 20:
Hour: 21:
Hour: 22:
Hour: 23:
Weekday:
Weekday:
Weekday:
Weekday:
Weekday:
Weekday:
Weekday:

00

00

00

00

00

00

00

00

00
Monday
Tuesday
Wednesday
Thursday
Friday
Saturday
Sunday

0.05
0.05
0.05
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.05
0.06
0.06
0.06
0.06
0.06
0.05
0.10
0.09
0.09
0.19
0.20
0.18
0.14

0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.05
0.06
0.05
0.06
0.06
0.06
0.05
0.04

Note: non-categorical variables were standardized.

Table 6 Share of items belonging to each categorical covariate of time information



Category Training Evaluation

Section: Culture 0.01 0.00
Section: Education 0.09 0.09
Section: Society 0.01 0.01
Section: International 0.22 0.25
Section: Opinion 0.09 0.08
Section: Mobility 0.01 0.01
Section: NZZ in English 0.01 0.01
Section: Other 0.01 0.01
Section: International politics 0.02 0.02
Section: Celebrities & events 0.08 0.08
Section: Domestic 0.08 0.10
Section: Sport 0.08 0.08
Section: Visuals 0.01 0.01
Section: Business & finance 0.15 0.13
Section: Science & technology 0.05 0.04
Section: Zurich 0.08 0.07
Type: None 0.71 0.73
Type: Editor-in-Chief 0.01 0.01
Type: Breaking news 0.08 0.09
Type: English 0.01 0.01
Type: Explained 0.01 0.00
Type: Guest comment 0.03 0.02
Type: Interview 0.03 0.02
Type: Column 0.01 0.01
Type: Comment 0.08 0.06
Type: News in brief 0.03 0.03
Type: Other 0.01 0.01
Format: Long-form standard 0.10 0.08
Format: Long-form visual 0.01 0.01
Format: Opinion 0.11 0.10
Format: Regular 0.78 0.81
Format: Video 0.00 0.00
Sentiment: Negative lead_text 0.08 0.08
Sentiment: Neutral lead_text 0.92 0.92
Sentiment: Positive lead_text 0.00 0.00
Sentiment: Negative SEQO title 0.09 0.06
Sentiment: Neutral SEO title 0.89 0.93
Sentiment: Positive SEO title 0.02 0.01
Sentiment: Negative title 0.07 0.05
Sentiment: Neutral title 0.91 0.94
Sentiment: Positive title 0.02 0.01

Table 7 Share of items belonging to each categorical covariate of content characteristics.
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Appendix D: Estimation, Selection and Tuning of Machine Learning Models
D.1. Nuisance Models

The nuisance models are not of interest in themselves but simply are means to predict potential
outcomes. Hence, we select nuisance models based on predictive performance. As candidate models,
we considered random forests (Breiman 2001) and gradient-boosted trees (Friedman 2001). Both
are ensembles of non-parametric decision trees, but differ in their construction. Eventually, we
found that gradient-boosted trees perform better. Nevertheless, repeating the analyses from our
main paper with random forests leads to qualitatively similar findings.

We perform hyperparameter tuning and model selection as follows. First, we perform 5-fold cross-
validation based on an exhaustive grid search to find the hyperparameter values that minimize
the loss function of each nuisance model on the training data. For the propensity score model, we
search for the hyperparameters that minimize the logistic loss, given by

Logistic loss = Z Z < AlNog ' 4+ (1— A log(1 — 771(2)), (78)
C i€c
where 771("2 = wm(A§:‘,{ \ XZ(-C)) is short-hand notation for the propensity score of promotion on channel
m on validation observation ¢ in cross-validation fold ¢c=1...,C to channel m=1,..., M. For
the reward model, we search for the hyperparameter values that minimize the mean squared error
(MSE) loss, given by

MSE loss = Z SCHN (79)

C
i€c

where 5 Y(C) (X(C) Aif,}b,A(C) m)) is the error of the reward model. Second, we compare
the hyperparameter tuned nuisance models in terms of their predictive ability. For this, we take
the average loss across the validation splits in the cross-validation. Based on this we select one
propensity score model and one reward model. Details on the hyperparameter tuning for the

propensity score models and the reward models are shown in Table 8 and 9, respectively.

Tuned hyperparameter values

Random Forest Gradient Boosted Trees
Hyperparameter Grid-searched values Switzerland Germany Switzerland Germany
n_estimators [100, 200, 300, 400, 500] 500 300 200 500
max_features [sqrt, logQ N one] None sqrt log2 sqrt
max_depth (RF) [20,40, 60, 80,100, None] 20 40
max_depth (GB) [3,5,7,9] 9 9
min_samples_split [2,4,8,16] 2 16 4 2
min samples_leaf [1,2,4 8] 8 4 1 8
learning rate [0.01,0.05,0.1,0.2] 0.05 0.01

Table 8 Details on hyperparameter tuning for the propensity score models. The hyperparameters were tuned

to minimize the loss function via 5-fold cross-validated grid search on the training data. See the documentation

for scikit-learn for descriptions of the hyperparameter. Empty cells mean that the hyperparameter does not apply
to the model class. Abbreviations: RF = Random Forest. GBT = Gradient Boosted Trees.
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Tuned hyperparameter values

Hyperparameter Grid-searched values Random Forest Gradient Boosted Trees
n_estimators [100, 200, 300,400, 500] 500 300
max_features [sqrt,log2, None] None sqrt
max_depth (RF) (20,40, 60, 80, 100, None] 20

max_depth (GB) [3,5,7,9] 7
min_samples_split [2,4,8,16] 2 2
min_samples_leaf [1,2,4,8] 4 1

learning rate [0.01,0.05,0.1,0.2] 0.05

Table 9 Details on hyperparameter tuning for the reward models. The hyperparameters were tuned to
minimize the loss function via 5-fold cross-validated grid search on the training data. See the documentation for
scikit-learn (Pedregosa et al. 2011) for descriptions of the hyperparameter. Empty cells mean that the
hyperparameter does not apply to the model class.

D.2. Hyperparameter tuning of CATE Model

We tune the hyperparameters of the orthogonal random forest CATE function as follows. We set
the total number of trees to 500. We leave the maximum depth of trees unrestricted such that
nodes are expanded until leaves are pure or until all leaves contain less than min_samples_split
samples. Then, we fix the minimum number of splitting samples required to split an internal node
to two and the minimum number of samples required to be at a leaf node to one. We specify the
model to consider all features when looking for the best split. The kernel is tuned as part of the
5-fold cross-validated estimation.

D.3. Best Linear Predictor of CATE with Post-Lasso Inference

We perform the two-stage procedure from the post-Lasso separately for the Swiss and German
front page policies using the CATE estimates of either as the dependent variable. We tune the
Lasso regularized model using 5-fold cross-validation. For each cross-validation run, we run coor-
dinate descent optimization for 1000 iterations with 500 values of the penalty A\ along different
regularization values (here, we use the default values from scikit-learn). The final model is selected
as the respective model that best predicts the BLP of the CATE among the corresponding 10
cross-validated models. For inference, we compute HC2 robust standard errors to guard against het-
eroskedasticity in the second-stage error terms and obtain p-values based on those. We implement
the method using the python package scikit-learn (Pedregosa et al. 2011).

D.4. Sample-Split Cross-Fitting

We implement a tailored sample-split cross-fitting procedure with the following steps:

1. For cross-validation fold [ =..., L:

(a) Randomly split the training data 7 into non-overlapping sets 7'1(” and 7'2(l) of equal size
17/2 such that T,V YT =T

(b) On T, fit the hyperparameter-tuned nuisance models in Eqs. (17)—(18)

2. For cross-validation fold [ =..., L:

(a) For each item i € T, predict the doubly robust scores by evaluating Eq. (19) for a € {0,1}
using an reward model and a nuisance model that were fitted on different folds k,j €
{1,...,L}, k# j, not yet paired.

(b) Use Eq. (20) to obtain CATE estimates on fold ;

3. On Ule 7;(1), the union of nuisance test sets across folds, fit the CATE function using Eq. (21).
We run the procedure using L =5 cross-validation folds.

D.5. Software Implementation

We perform all analyses in Python. We implement the nuisance models using the package scikit-
learn (Pedregosa et al. 2011), the orthogonal random forest in our CATE function via the package
EconML (Battocchi et al. 2019), and the post-Lasso using the packages scikit-learn and statsmodels.
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Appendix E: Additional Figures

Figures 13-17 show additional results for the CATE estimates of the optimal policy and its value,
both in aggregate across all content and across the subset of content that is promoted or not

promoted by the optimal policy.
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Figure 13 Estimated CATE over time for all content (top) and for content promoted or not promoted by the
optimal policy (bottom). Error bars are 95% confidence intervals across 1000 bootstrap runs.
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Figure 14 Estimated CATE by content categories for all content and for content promoted and not promoted
by the optimal policy. Error bars are 95% confidence intervals across 1000 bootstrap runs.
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Figure 15 Estimated CATE by content sentiment for all content and for content promoted and not promoted
by the optimal policy. Error bars are 95% confidence intervals across 1000 bootstrap runs.
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