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Zusammenfassung

Die Verfiigbarkeit enormer Datenmengen und die Entwicklung leistungsfahiger Algorithmen fiir
maschinelles Lernen (ML) haben viele wissenschaftliche Disziplinen erheblich verédndert. Die
primér datengetriebenen Methoden des maschinellen Lernens sind jedoch nur begrenzt dazu ge-
eignet, kausale Fragen anhand von Beobachtungsdaten zu beantworten, da hierfiir iiblicherweise
Annahmen erforderlich sind, die durch wissenschaftliche Theorien gestiitzt werden. Dennoch ha-
ben Forscher in den vergangenen Jahren mehrere Ansétze vorgeschlagen, die ML einsetzen, um
einige der gingigen Annahmen fiir kausale Inferenz abzuschwichen. Die grundlegende statistische
Theorie fiir viele dieser Ansétze wurde zwar entwickelt, aber fiir anwendungsorientierte Forscher
ist oft nicht unmittelbar ersichtlich, wie gut diese Methoden in realistischen Situationen funktio-
nieren, unter welchen Umsténden sie scheitern konnten und wie plausibel die zugrundeliegenden
Annahmen sind. Um diese Liicke zu schlielen, arbeitet diese Dissertation einige dieser neuen
Entwicklungen aus einer sozialwissenschaftlichen Perspektive auf, untersucht sie empirisch, er-
weitert sie fiir komplexere Situationen und wendet sie an. Der erste Aufsatz (Kapitel 2) evaluiert,
wie die populdre Methode des Double/Debiased Machine Learning (DML) es ermdglicht, bei der
Schitzung von kausalen Effekten flexibel fiir andere Einflussgrofien zu kontrollieren. Gleichzeitig
zeigt dieses Kapitel die Auswirkungen verschiedener Forscherentscheidungen bei Anwendung der
Methode auf und liefert konkrete Empfehlungen fiir die bestmogliche Umsetzung in der Praxis.
Der zweite Aufsatz (Kapitel 3) erdrtert und analysiert die Herausforderungen bei der Anpassung
von DML fiir Situationen, in denen Paneldaten verfiighar sind und unbeobachtete Heterogenitiét
vorliegen konnte. Letztendlich schligt dieser Beitrag einen Ansatz basierend auf Correlated
Random Effects vor, der sowohl mit unbeobachteter Heterogenitét als auch mit nichtlinearen
beobachtbaren Stéreinflisssen umgehen kann. Nach einem Uberblick iiber die grundlegenden
Konzepte auf dem Forschungsgebiet Causal Discovery wird im dritten Beitrag (Kapitel 4) an-
hand von Simulationen und Anwendungen gezeigt, dass das Erlernen von kausaler Struktur aus
Beobachtungsdaten in den Sozialwissenschaften eine grofle Herausforderung darstellt und starke
Annahmen erfordert, die schwer zu iiberpriifen sind. Zusammenfassend zeigt diese Dissertation,
wie sich kausale Inferenz und datengetriebene ML-Ansétze in den Sozialwissenschaften ergénzen
konnen, wenn man sie angemessen einsetzt, die zugrundeliegenden und nicht iiberpriifbaren An-
nahmen transparent darlegt, und diese anhand von Theorie und Fachkenntnissen fiir konkrete
Anwendungen begriindet. Damit bietet diese Arbeit anwendungsorientierten Forschern einen
Leitfaden fiir die Einschétzung und Anwendung neuartiger Methoden, die maschinelles Lernen

fiir kausale Fragen nutzen.






Summary

The availability of vast amounts of data and the development of powerful machine learning (ML)
algorithms have had a major impact on many scientific disciplines. However, mainly data-driven
ML methods are limited in their ability to answer causal questions from observational data, for
which researchers traditionally rely on assumptions substantiated by scientific theory. Never-
theless, researchers have recently suggested several approaches that utilize ML to relax some of
the conventional assumptions in causal inference. While the general statistical theory for many
of these approaches is established, it is not immediately apparent to applied researchers how
these methods perform in realistic settings, under which conditions they might fail, and how
plausible the underlying assumptions are. To address this gap, this thesis reviews, empirically
evaluates, extends, and applies some of these new developments from a social science perspec-
tive. The first paper (Chapter 2) evaluates how the popular double/debiased machine learning
(DML) approach enables flexible covariate adjustment when estimating causal effects, demon-
strates the impact of various researcher decisions in the implementation process, and provides
actionable best practice recommendations for the application of the method. The second paper
(Chapter 3) discusses and assesses the challenges of extending DML to settings with panel data
and unobserved heterogeneity, finally suggesting that a strategy with predictors based on the
correlated random effects approach can handle both the unobserved heterogeneity and nonlinear
observed confounding. After reviewing the basic concepts of the causal discovery field, the third
paper (Chapter 4) through simulation and application finds that learning causal structure from
observational data in social science is very challenging and requires strong assumptions that are
difficult to assess. In sum, this dissertation demonstrates how causal inference and data-driven
ML approaches can complement each other in social science, provided that researchers use them
within appropriate frameworks, clarify the underlying untestable assumptions, and justify these
from theory and domain knowledge for specific applications. In doing so, this thesis offers
guidance to applied researchers for how to evaluate and apply novel methods that use machine

learning for causal questions.
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Chapter 1

Introduction

Parts of Chapter 1 are based on the introduction of the working paper “Fuhr, J., Berens, P., and Papies, D.
(2024). Estimating Causal Effects with Double Machine Learning — A Method Evaluation. arXiv:2403.14385 |[cs,
econ, stat].”



CHAPTER 1. INTRODUCTION

In the past two decades, two developments have substantially influenced both society and the
scientific domain: the availability of “Big Data”, and the design of new methods and algorithms
that can analyze this kind of data. First, technological advances like the internet, smartphones,
e-commerce, sensors, [oT devices, etc. have led to an enormous amount, frequency, and variety
of data. This data is available to governments, companies, scientists, and others, and analyzing
the information contained has a tremendous potential for improved decision-making (McAfee
and Brynjolfsson, 2012). Second, methodological advances in artificial intelligence (AI), and,
more specifically, machine learning (ML), have made it possible to find complex patterns in such
large amounts of data and thus solve increasingly difficult tasks. Examples range from product
recommendations to image recognition, fraud detection (e.g., Mayer-Schénberger and Cukier,
2013), and, more recently, chatbots such as ChatGPT based on large language models (LLMs)
(e.g., OpenAl et al., 2024). In science, researchers have successfully used these ML methods to,
for example, accurately predict protein structure (Jumper et al., 2021), analyze medical images
(Ronneberger et al., 2015), or to predict credit repayment from mobile phone usage (Bjorkegren
and Grissen, 2020).

The fruitful combination of Big Data with new data-driven methods in science has caused
an enthusiastic optimism in some circles (see Kitchin, 2014). Already in 2008, the editor-in-chief
of the Wired magazine published a provocative but influential article with the title “The End
of Theory: The Data Deluge Makes the Scientific Method Obsolete” (Anderson, 2008). In it,
Chris Anderson claims that massive data and statistical algorithms can replace scientific models
and theory, stating that given these new circumstances, “Correlation supersedes causation, and
science can advance even without coherent models, unified theories, or really any mechanistic
explanation at all”, and “With enough data, the numbers speak for themselves”. While certainly
an extreme position, others have also been very optimistic about the potential of Big Data for
science. Despite being critical of Anderson’s article, in a well-cited book, Mayer-Schénberger and
Cukier (2013, Chapter 4) argue that correlational analyses are “good enough” in many settings,
asserting that Big Data can often replace causal research or even disprove causal claims.

Such optimism has generated significant opposition, primarily pointing out the need for
theory and models when the goal are causal explanations that can answer the “why” questions
ubiquitous across scientific disciplines (e.g., Mazzocchi, 2015; Naimi and Westreich, 2014). How-

ever, these articles explicitly do not pit data-driven and theory-based approaches against each
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other, but suggest that the combination of both can lead to new opportunities and progress in
science (e.g., Leavitt et al., 2021).

Since the earlier enthusiasm, there has been continuous progress in the development of data-
driven methods. As researchers in more and more scientific disciplines are applying ML, it is
natural to ask where the limits for learning directly from data really are. More specifically,
since many critics have identified causal questions as one of the main limitations of data-driven
approaches, what can these data-driven methods contribute to the field of causal inference?

Causal questions are not a marginal issue, they are at the heart of most research in the
natural and social sciences (Pearl et al., 2016). Across scientific disciplines, researchers attempt
to learn about causal relationships (Imbens and Rubin, 2015), i.e., they ask how one variable of
interest (the “treatment”) causally affects another variable (the “outcome”). For example, labor
economists care about the effect of education on wages (e.g., Card, 1999), physicians want to
know whether smoking causes lung cancer (e.g., Cornfield et al., 2009), and marketing researchers
want to know how a price change affects demand (e.g., Bijmolt et al., 2005). For many of these
questions, researchers have to rely on observational data because experimental interventions may
be infeasible, unethical, or simply too costly to obtain (e.g., Athey and Imbens, 2017). However,
prior research on causal inference has emphatically argued that without experimental variation,
identifying and estimating causal effects is not possible without making several assumptions
(e.g., Pearl, 2009). These assumptions can be strong and are generally not testable from data
in observational studies, irrespective of the data size, so researchers need to substantiate them
from theory and domain knowledge (e.g., Imbens and Rubin, 2015). Justifying the necessary
assumptions is one of the biggest challenges in real-world applications of causal inference (e.g.,
Herndn and Robins, 2020). As a consequence, researchers are interested in developing and
applying methods that work under weaker or more plausible assumptions.

Figure 1.1 depicts the main components of a classical causal inference workflow: causal
structure, causal identification, and causal estimation (see also Dang et al., 2023; Feuerriegel
et al., 2024). Each of these components relies on assumptions that researchers typically make
and assess based on theory and domain knowledge of the specific field.

The first step is specifying the causal structure of the problem, which is a description of the
assumed data-generating process behind a particular problem. Such a causal model describes the
qualitative causal relationships between different variables and can be encoded in a causal graph

or via mathematical equations (e.g., Imbens and Rubin, 2015; Pearl et al., 2016). Researchers
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usually derive the causal structure from expert knowledge and current theory in the literature

of the specific causal question.

causal structure — causal identification — causal estimation —> causal results

S — | ol

| |
! . l . ! . l
' assumptions assumptions ' assumptions
| |
o ______ | o ______ |

Chapter 4

Q

hapter 2

Figure 1.1: A simplified representation of a typical causal inference workflow. Each of the three
main steps relies on assumptions. The dashed boxes indicate at which step(s) each chapter addresses
conventional assumptions.

Given a causal structure, the next step is the assessment of causal identification, i.e., deter-
mining whether one can uniquely answer the causal question of interest with observable data
(e.g., Herndn and Robins, 2020, Chapter 3). This step again critically hinges on assumptions,
some of which can already be part of the causal structure. For example, the unconfoundedness
assumption asserts that all variables influencing both the treatment and the outcome (“con-
founders”) are part of the observed data and can be used for adjustment (e.g., Imbens and
Wooldridge, 2009). Different approaches can rely on different identification assumptions, but if
any of the identifying assumptions underlying a particular methodology are violated, the ob-
served data is not sufficient to compute a causal effect using this approach (e.g., Herndn and
Robins, 2020).

Thirdly, given a causal structure and a valid identification strategy, researchers can use ob-
servable data to estimate the causal effect of interest. This involves selecting a statistical model
and estimator, which researchers also often base on assumptions. For example, if identifica-
tion is possible by adjusting for observed confounders, researchers commonly use an ordinary
least squares (OLS) regression of the outcome on the treatment and the other variables needed
for adjustment, thereby imposing assumptions on specific (e.g., linear) functional forms (e.g.,
Wooldridge, 2010).

Only if the main assumptions of each step in the workflow hold, we can correctly interpret
the resulting estimates as representing causal effects. Naturally, finding ways to relax some of

these assumptions is an important goal of new developments in causal inference.
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Indeed, researchers have recently suggested that we can relax some of the classically imposed
assumptions by relying on new causal inference approaches based on data-driven methods and
machine learning. Machine learning in its arguably most successful form, supervised ML, has
established itself as a powerful tool for making predictions in complex, nonlinear settings. ML
methods are capable of handling high-dimensional data, i.e., data where the number of variables
or parameters may even exceed the number of observations (see, e.g., Hastie et al., 2009).
However, the goal of achieving high predictive accuracy is fundamentally different from the main
goal of causal inference, which typically is accurate parameter or effect estimation (Mullainathan
and Spiess, 2017; Shmueli, 2010). For causal inference, establishing identification is essential,
whereas for predictive ML, causal relationships are not of primary interest, as long as the model
predicts well on unseen data. Also, researchers can evaluate the performance of predictive
methods on data they did not use for training, but there is usually no ground truth available
to evaluate causal inference methods, so we must assess the underlying assumptions on the
basis of substantive arguments (Athey, 2019). Thus, in a sense, answering causal questions is
often harder than solving classical machine learning problems (Peters et al., 2017, Preface). A
consequence of the different goals of ML and causal inference is that directly using ML methods
designed for prediction does not lead to parameter estimates that we should interpret as causal
effects (Athey, 2019). Since there are other forms of ML beyond the predictive/supervised ML,
for this thesis, I will define machine learning as a field developing algorithms that are primarily
data-driven and often rely on only relatively weak assumptions (see also Athey, 2017). By
contrast, the field of causal inference traditionally relies on rather strong assumptions, but has
perhaps not always fully exploited the potential of learning from data (e.g., Varian, 2014).

Given these fundamental differences between the traditional approaches of machine learning
and causal inference, researchers have studied what each field can learn from the other. More
specifically — and this is the focus of this thesis — they have explored what we can learn about
causality from observational data, and how ML might help to relax traditional assumptions in
causal inference. Researchers have suggested contributions of ML in each of the three steps in
the causal workflow outlined above: learning causal structure from data (e.g., Glymour et al.,
2019; Peters et al., 2017), relaxing causal identification assumptions (e.g., Burauel, 2023; Wang
and Blei, 2019), and relying on weaker assumptions in the estimation of causal effects (e.g.,
Chernozhukov et al., 2018; Wager and Athey, 2018). For many of these new methods, general

statistical properties are established, but their performance in realistic settings, their boundary
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conditions, and the plausibility of their underlying assumptions are often not obvious to applied
researchers. The goal of this thesis is to bridge this gap by critically reviewing, evaluating,
extending, and applying some of these new developments seemingly most relevant for applied
causal research in the social sciences. This will contribute to clarify at which stages of the
traditional causal inference workflow ML can support, and where it is unlikely that data-driven
methods will replace theory and expert knowledge. While this thesis primarily takes a social
science perspective on these issues, many of the results will also be relevant for other disciplines
working with observational data.

The thesis is structured along the causal inference workflow in Figure 1.1. After the overall
introduction in Chapter 1, each of the subsequent three chapters explores whether and how ML
can relax assumptions at different stages in the causal workflow. I start at the final stage, where
methods are most mature, and then move back in the workflow to more ambitious methods,
addressing assumptions that might be more difficult to relax. The colored boxes in Figure 1.1
indicate at which stage(s) in the workflow each chapter investigates the potential to relax con-
ventional assumptions.

Chapter 2 starts at the final step of the workflow, causal estimation, where some assump-
tions are often not based on strong theory and seem most feasible to relax. In this joint work
with Philipp Berens and Dominik Papies, we focus on one of the most popular methods that
uses ML for the estimation of causal effects, called “double/debiased machine learning” (DML)
by Chernozhukov et al. (2018). By incorporating flexible ML methods in a specific estimation
framework, DML enables researchers to relax assumptions about functional forms of confound-
ing relationships. In our article, we review the method, empirically evaluate the performance
of several possible implementation choices in many different settings of simulated data, and il-
lustrate DML’s application to real world data. Based on our overall findings, we derive specific
recommendations for the many decisions applied researchers face when utilizing DML for their
causal questions.

In settings with cross-sectional data, data-driven predictive methods within DML can help
to relax causal estimation assumptions. However, in social science research, panel data is ubiqg-
uitous. Researchers often can exploit these repeated observations of identical units to remove
unobserved heterogeneity between units, thereby relying on weaker causal identification assump-
tions. Thus, in Chapter 3 (joint work with Dominik Papies), we aim to adapt DML to settings

with panel data and unobserved heterogeneity. Even though ML is not directly responsible for re-
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laxing identification assumptions in this setting, such an adaptation would allow causal inference
under both weaker estimation and identification assumptions. We first highlight the challenges
of using DML for panel data, then discuss multiple intuitive ways of adapting DML to account
for the panel data structure and unobserved heterogeneity, before assessing the performance of
these different approaches in various simulation settings. Finally, we give recommendations for
how applied researchers can use DML when they have access to panel data.

The single-authored Chapter 4 deals with assumptions in the first step of the causal inference
workflow and explores what we can learn about causal structure directly from observational
data. In social science, assumptions about causal structure almost exclusively originate from
theory and domain knowledge. However, a literature from philosophy and computer science has
developed algorithms that aim to discover such structure from observational data. If successful,
this would relax the assumption that there is sufficient prior knowledge about the causal structure
of the particular problem. Hence, in this article, I assess how relevant and useful some of
the most popular of these causal discovery methods are for applied research in social science.
After reviewing the essential methodology of the field, I focus on two algorithms with different
underlying assumptions, evaluate their performance in simulations, and apply them to a classical
social science dataset often used for new causal inference methods. I follow this analysis with a
critical discussion of the utility of causal discovery for typical problems in social science.

The final Chapter 5 summarizes and connects the findings across the three projects, con-
cluding with a discussion of the potential and limitations of data-driven methods for answering
causal questions.

Overall, this thesis aims to contribute to the literature about machine learning for causal
inference by critically evaluating the value and constraints of recently suggested approaches,
extending their applicability beyond the original settings, and providing guidance for applied

researchers about whether and how to adopt these novel developments.
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Abstract

The estimation of causal effects with observational data continues to be a very
active research area. In recent years, researchers have developed new frameworks
which use machine learning to relax classical assumptions typically imposed for the
estimation of causal effects. In this paper, we review one of the most prominent
methods - “double/debiased machine learning” (DML) - and empirically evaluate it
by comparing its performance on simulated data relative to more traditional statis-
tical methods, before applying it to real-world data. Our findings indicate that the
application of suitably flexible machine learning algorithms within DML improves the
adjustment for various nonlinear confounding relationships. This advantage enables
a departure from traditional functional form assumptions typically made in causal
effect estimation. However, we demonstrate that the method continues to critically
depend on standard assumptions about causal structure and identification. When
estimating the effects of air pollution on housing prices in our application, we find
that DML estimates are consistently larger than estimates of less flexible methods.
From our overall results, we provide actionable recommendations for specific choices

researchers face when applying DML in practice.
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2.1 Introduction

When estimating causal effects from observational data, researchers typically rely on several
assumptions in the different stages of the causal inference workflow. One of the most utilized as-
sumptions regarding causal structure and identification is that all relevant variables influencing
both treatment and outcome are observed (“unconfoundedness”) (e.g., Imbens, 2004). How-
ever, even given this or similar assumptions, researchers often impose additional assumptions
to facilitate the estimation process. For example, a popular method to estimate causal effects
under unconfoundedness is computing an OLS regression of the outcome variable on the treat-
ment variable and the other covariates (e.g., Wooldridge, 2012). This approach assumes that
the specified parametric model is correct, i.e., that it contains all variables with the appropriate
interactions and functional forms. Conventionally, researchers include most variables linearly
or with simple transformations (e.g., Wooldridge, 2012), even when there is little theoretical
foundation to support these specific functional forms (Dang et al., 2023).

By contrast, the field of supervised machine learning (which we focus on in this chapter)
has excelled in learning complex nonlinear functional forms from data, even in high-dimensional
settings (e.g., Hastie et al., 2009). However, supervised ML does so in order to accurately predict
an outcome variable from other covariates (or features) on unseen data. Predicting values of the
outcome on an independent dataset is a fundamentally different task than estimating accurate
causal effects (Shmueli, 2010), since the latter aims to predict what would happen under an
intervention on the treatment variable (e.g., Peters et al., 2017). A consequence of these different
goals is that directly using ML methods designed for prediction “off-the-shelf” can potentially
lead to biased parameter estimates, even if the identifying assumptions hold (Athey, 2019).
In other words, these methods do not usually provide unbiased estimates of causal effects, i.e.,
estimates that are in expectation equal to the true parameter value (Wooldridge, 2012). However,
there may be a way to use “machine learning in the service of causal inference” (Mullainathan
and Spiess, 2017): The core tenet underlying this idea is that, in addition to causal structure
and identification assumptions, answering causal questions requires an estimation process that
often contains a prediction part. For example, the first stage of instrumental variable estimation
is a prediction task: We predict the treatment from the instrument(s) (Mullainathan and Spiess,
2017). Using data-driven ML for such predictive parts may facilitate a higher flexibility and

may potentially allow for less restrictive functional form assumptions in the estimation process.
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In this paper, we focus on “double/debiased machine learning” (DML) by Chernozhukov
et al. (2018), which is arguably one of the most prominent examples of a method using ML for
causal inference. The basic promise of DML is that we can use ML methods to flexibly adjust
for observed confounding variables. With that, researchers can still obtain unbiased estimates,
even in settings with potentially many confounders and complex functional forms. By using
DML with flexible ML algorithms instead of specifying a parametric model, researchers may
be able to relax assumptions about how (which variables, which functional forms) they adjust
for observed confounding. This is important because flexibly adjusting for a large number of
covariates can increase the plausibility of the assumption that all relevant confounding variation
has been considered (Belloni et al., 2016).

It is important that applied researchers seeking to use DML fully appreciate all potential
benefits, pitfalls, and assumptions of this method. While certain properties of DML might seem
obvious to some readers, history has shown the need for transparent evaluation and communica-
tion of new methodological developments to prevent flawed applications resting on implausible
assumptions (e.g., Rossi, 2014). In addition, when using DML, researchers face a variety of
choices and must answer questions such as: “Which variables should enter the estimation?
Which ML algorithms should I use? Do these decisions depend on the sample size? How influ-
ential are these choices?” With these considerations and questions in mind, we see five important
aspects missing from the literature at the time of writing (March 2023): (1) an extensive review
and discussion of DML, focused on an intuitive understanding and an assessment of the necessary
assumptions, (2) a review of published applications using DML, documenting substantial het-
erogeneity in implementation choices, (3) an empirical evaluation of the method’s performance,
i.e., its ability to recover causal effects in a wide range of simulated settings mimicking causal
problems encountered in applied fields, (4) specific guidance for the many decisions researchers
have to make when applying DML to their causal questions, and (5) an application of various
implementations of DML to real-world data. To address these voids, we review and evaluate
the method and compare it to more traditional statistical methods in both simulations and an
application, from which we provide specific and actionable best-practice guidance to applied
researchers.

To preview the results, a first finding is that the functional form of the confounding as well
as the number of confounders strongly affect the suitability of specific ML algorithms for DML.

More specifically, while many applications in the past have used lasso regression in the context
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of DML, we caution against its use in this context because DML using lasso without manual
variable transformations produces biased estimates in the presence of nonlinear confounding.
Second, the results suggest that the main advantage of DML with flexible ML methods is its
ability to adjust for nonlinear confounding without knowing the underlying functional forms,
rather than adjusting for a very large number of important confounders simultaneously. Third,
we find that gradient boosting (XGBoost) performs very well across a broad range of settings
in our analyses, which is why we recommend it as a baseline or default method within DML.
Further, the results also show that DML continues to critically hinge on researchers’ input
about causal structure and is no automatic remedy for unobserved confounding or bad controls
(Cinelli et al., 2024). Finally, to support researchers in their choice of a suitable ML algorithm,
we present a simple metric that researchers can use to aid their selection of ML algorithms.
We structure the rest of the paper as follows. In Section 2.2, we review the current literature
around DML. Section 2.3 provides a mostly non-technical review of the method, focusing on the
partially linear model. In Section 2.4, we assess DML in a variety of simulation settings, where
we compare its performance to more traditional methods and evaluate strengths and weaknesses.
Section 2.5 applies DML to real-world data, which leads to a discussion of the plausibility of the
results and the remaining assumptions. Section 2.6 briefly outlines the applicability of DML in
settings beyond the partially linear model. In Section 2.7, we derive recommendations of best
practice for applied researchers about when and how to apply this method, and finally conclude

our discussion.

2.2 Literature review

We review the literature related to double/debiased machine learning (Chernozhukov et al.,
2018) from three perspectives: (1) the history and purpose of DML, (2) a quantitative analysis
of published applications of DML, and (3) method evaluations considering DML.

(1) First, one central purpose of DML is relaxing assumptions about model specification
and functional forms of covariates. Even in cases where all confounding variables are observed,
including them with a wrong functional form in a parametric regression model will lead to biased
estimates of the treatment effect (e.g., Wooldridge, 2012, Chapter 9). Classical semiparametric
methods, which only make functional form assumptions about the treatment parameter, but not

about the covariates, may alleviate this problem (Athey, 2019). However, they tend to be slow to
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converge and require more observations compared to parametric methods (Powell, 1994). These
methods are especially inadequate in high-dimensional settings, i.e., when the number of param-
eters to estimate is large relative to the sample size. On the one hand, this can occur through
having more variables/features than observations, which is problematic for many traditional
approaches in statistics (e.g., James et al., 2021, Chapter 6). On the other hand, this can also
occur when including various transformations and interactions of a relatively low-dimensional
set of covariates to be more robust against model misspecification. Estimating parameters for
each of these transformations could quickly lead to a high-dimensional setting (Belloni et al.,
2014). One example for a semiparametric regression method is Robinson (1988), who models
the relationship between covariates and both outcome and treatment using a kernel regression.
DML builds on this method and provides a framework in which the kernel regressions can be
replaced by modern ML methods (Chernozhukov et al., 2018), which enables the application in
high-dimensional settings. In a parallel development within biostatistics, Laan and Rubin (2006)
developed “Targeted Maximum Likelihood Estimation” (TMLE), a semiparametric estimation
technique similar to DML that also allows for the use of ML methods. For a detailed review
and comparison of TMLE and DML from a biostatistics perspective, see Diaz (2020).

A more direct predecessor of DML is the “double selection” procedure (Belloni et al., 2014),
which consists of three steps: First, it uses lasso regression as the ML method to select which
covariates are predictive of the outcome; second, it uses lasso to select which covariates are
predictive of the treatment; third, it uses OLS to regress the outcome on the treatment and the
union of all covariates selected in the first two steps. This method can deliver unbiased esti-
mates in situations where there are many potential confounding variables (potentially more than
observations) from which only a few are important for adjustment (the “sparsity assumption”)
(Belloni et al., 2014). DML generalizes this idea and introduces a sample splitting procedure,
which facilitates the application of many modern ML methods beyond lasso regression.

(2) As a second perspective, we review applications of DML published across disciplines.
Overall, we have identified 46 published papers containing applications of DML to real-world
data, of which 36 contained sufficient information about the implementation to be considered
in this overview (see Appendix A.1 for a list of these papers and a detailed description of our
selection process). We summarize important characteristics of these applications (Figure 2.1).
Since Chernozhukov et al. (2018) published the original paper in econometrics, a majority of

subsequent applications occurred either directly in economics, or as part of further method devel-
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opments within statistics or econometrics. However, the method has also received widespread at-
tention in other quantitative disciplines such as healthcare/medicine or sociology (Figure 2.1A).

Within DML, researchers most often used lasso and random forests for the predictive parts,
followed by boosting methods (Figure 2.1B). On average, an application considered 1.55 different
ML methods. However, most papers (27/36, 75%) used only one ML algorithm and do not
assess the robustness of their estimates to different predictive methods. A likely reason for
the dominance of lasso is the early implementation of DML in the statistical software Stata
(StataCorp, 2019), which uses lasso and which multiple papers explicitly mentioned.

A majority of the applications investigate effects of a binary treatment variable (Figure 2.1C),
but there are also many continuous treatments and a few categorical /multilevel treatment set-
tings.
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Figure 2.1: Overview of DML applications in the literature. A Discipline the application was published
in. B Different ML algorithms used within DML. C Treatment type considered in application. D Di-
mensionality: ratio of the number of variables to the number of observations. E Number of folds the
data is split into within DML. F Number of algorithm repetitions for increased robustness.

One advantage of DML is its ability for valid inference in high-dimensional settings. How-
ever, there are arguably few real-world applications where the number of raw variables exceeds
the number of observations. Hence, high-dimensionality in practice might rather be a result of
flexibly modeling nonlinear relationships with many parameters. In the applications of DML in
the literature, the distribution of the ratio of the number of variables to the number of obser-
vations supports this hypothesis (Figure 2.1D). We define the number of variables as the raw

covariates, not including transformations such as polynomials or interactions. Only one appli-
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cation is high-dimensional in raw covariates: Chan and Meunier (2022) estimate the effect of
technological intensity on support for the EU FDI screening mechanisms, using one observation
for each of the 28 EU member states (n = 28) and adjusting for 29 variables. In all other appli-
cations, the number of raw covariates is significantly smaller than the number of observations.
However, these settings can still benefit from high-dimensional methods if one includes many
transformations of the raw covariates or if one uses flexible nonparametric ML methods like
random forests or neural networks, which estimate many parameters in the training process to
fit complex functional forms.

Finally, when applying DML, researchers must choose two specific parameters in the algo-
rithm. First, K is the number of folds into which the algorithm splits the data, using K —1 parts
to train the ML model, and estimating the effects on the remaining part. Hence, K = 1 means
no sample splitting, which does technically not fit the definition of DML in Chernozhukov et al.
(2018). In their foundational paper, Chernozhukov et al. (2018) introduce the method with two
folds, but recommend four or five folds, because larger numbers of folds allow the ML methods
to train on larger samples. In the applications we observed, choices of two and three folds are
popular, while the most frequent number of folds is 10 (Figure 2.1E). Again, this is likely due
to the popular Stata implementation, which uses K = 10 as default.

The second parameter is the number of repetitions of the full DML algorithm in the appli-
cations. Chernozhukov et al. (2018) state that the random sample splitting can have an effect
on the estimates in finite samples and thus recommend repeating the algorithm S times (they
use S = 100) and reporting the median estimate across the repetitions. A majority of applica-
tions does not follow this advice (Figure 2.1F), which we can partly explain by the Stata default
(S = 1), but also by the S-fold increase in computation time. However, some publications (8/36,
22%) use multiple repetitions. The largest number is 5,000 repetitions in Chan and Meunier
(2022), which is feasible (and maybe necessary) because of their small sample size of 28 observa-
tions. Our results below will show that in smaller samples, using a larger number of repetitions
can increase the robustness of the estimates considerably.

To sum up, in most of the applications we considered, researchers do not explicitly establish
why their choice of specific ML algorithms, number of folds and number of repetitions is appro-
priate for their application. Therefore, our paper aims to provide guidance about the impact of

these choices and potential trade-offs.

16



CHAPTER 2. DML METHOD EVALUATION

(3) Other papers have assessed the performance of DML when comparing different ML-based
causal inference methods, albeit with a focus different from ours: They typically compare one
(or a few) specific implementation(s) of DML to other novel or established methods, whereas
we focus mostly on how different implementations of DML can perform in a large variety of
settings. Here, we review these publications assessing the accuracy of DML and other methods
when estimating causal effects (Table 2.1). These evaluations come from different disciplines:
three (Loiseau et al., 2022; McConnell and Lindner, 2019; Zivich and Breskin, 2021) from health-
care/medicine, two (Gordon et al., 2022; Yang et al., 2020) from economics, and one (Qiu et al.,
2022) from geoscience. Most evaluations consider the average treatment effect of a binary treat-
ment and assess the methods on simulated data. Exceptions are Qiu et al. (2022), who work
with a continuous treatment, and Gordon et al. (2022) as well as Loiseau et al. (2022), who
evaluate the methods by comparing their estimates to results from randomized controlled trials
(RCTs). In our study, we also evaluate the methods on simulated data, but focus on settings
with a continuous treatment variable (e.g., medication dosage, temperature, price, etc.).

In the first evaluation that included DML, McConnell and Lindner (2019) assess how dif-
ferent ML-based causal methods perform when estimating average treatment effects. They use
random forests in DML and show that, while DML easily dominates traditional methods, other
methods (e.g., Bayesian Causal Forests) are slightly more accurate in several cases. Yang et al.
(2020) compare tree-based methods in DML for three different functional forms of confounding
and find that gradient boosting in DML is superior to regression trees and random forests across
their simulation settings. Zivich and Breskin (2021) demonstrate the benefits of doubly robust
methods and cross-fitting when estimating effects with ML. They find that methods like DML
that use these techniques outperform singly-robust methods and methods without cross-fitting,
but are computationally more expensive. In contrast to the previous studies, Gordon et al.
(2022) assess whether DML (using neural networks) can recover experimental estimates of ad-
vertising effectiveness at Facebook. While DML delivers more accurate estimates than a naive
comparison and an alternative observational method (stratified propensity score matching), it is
still unable to recover the benchmark from the RCTs. The authors explain that Facebook does
not record all relevant targeting data, which violates the unconfoundedness assumption in their
DML application. Loiseau et al. (2022) also assess multiple methods by comparing their esti-
mated effects to RCT estimates, in addition to a simulation study. Their findings suggest using

DML for larger sample sizes, but G-computation when only having access to smaller datasets.
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However, they only consider settings with few covariates and correctly specified models in their
simulations, and use only relatively inflexible (regularized) linear methods for the predictive
parts of DML. They call for further research on the performance benefits of using more flex-
ible (e.g., tree-based) ML methods. Finally, Qiu et al. (2022) simulate data from a chemical
transport model to assess the ability of various statistical approaches to adjust for meteorolog-
ical variability when estimating effects of emission changes. In their setup, DML with random
forests by far outperforms both traditional approaches and DML with lasso, but is not unbiased
in all areas they consider.

Our study adds four contributions to these evaluations: (1) We extensively introduce and
review the DML framework with a focus on intuitive understanding, (2) we apply DML to
a much wider range of simulated settings to assess boundary conditions for the method, (3)
we compare a variety of predictive methods within the DML framework, and (4) we provide

guidance on decisions researchers face when applying DML in their field.
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Table 2.1: Method evaluations considering DML
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McConnell Binary v OLS, AIPW, Simulations Confounding strength, sample size DML slightly worse than BCF and ps-BART, but
and TMLE, (N), # of confounders (J), # of better than rest. DML is best if many covariates
Lindner BART, noise variables (>150).
(2019) ps-BART,
BCF, GRF
Yang et al. Binary v v v - Simulations Various functional forms, # of con- Gradient boosting in DML performs better than
(2020) founders (J), sample size (N) regression trees and random forests across DGPs.
Bias increases in J, decreases in N.
Zivich and Binary v G- Simulations Provide different model specifica- Doubly robust methods with cross-fitting and ML
Breskin computation, modeled after tions to methods (true, linear, ML), outperform singly-robust and not cross-fit ML
(2021) IPW, AIPW, medical # repetitions methods, but need more computing resources.
TMLE, application
CF-TMLE
Gordon Binary v Stratified Comparison to - DML and SPSM unable to recover experimental
et al. PS-Matching RCTs from ad benchmark. Both perform better than naive com-
(2022) (SPSM) campaigns at parison. DML more accurate than SPSM. Reason:
Facebook Not all relevant targeting data is logged and avail-
able for adjustment.
Loiseau Binary v PS-matching, Simulation and Sample size, homogeneous vs. het- DML has smallest bias, G-computation smallest
et al. IPTW, G- comparison to erogeneous treatment effect MSE. DML improves with sample size. Recom-
(2022) computation RCTs of mend G-computation for N<100, DML for N>500.
diabetes
medication
Qiu et al. Continuous v v OLS, Simulations - DML with random forests performs best, but still
(2022) polynomial from a chemical not ideal in all areas. Other methods mostly per-
regression, model for air form poorly.
cubic splines, quality effects of
GAMs emission changes
Our Continuous v v v v v v OLS, Naive Simulations Various functional forms; confound- XGBoost, neural networks and random forests in
evaluation XGBoost ing strength; # of confounders (J); DML perform best across a variety of settings.

sample size (N); inclusion of noise
variables; inclusion of variables re-
lated to outcome; inclusion of vari-
ables related to treatment; viola-
tion of unconfoundedness; inclusion
of bad controls

Choose between algorithms based on predictive
accuracy in first stage. Decisions about causal
structure and (parts of) variable selection not
made automatically by DML but should be based
on theory. Choose K based on sample size, test
different S and choose number with stable results.

Note: OLS: Ordinary least squares, AIPW: Augmented inverse probability weighted estimator, TMLE: Targeted maximum likelihood estimator, BCF: Bayesian Causal Forests, BART:
Bayesian additive regression trees, PS: Propensity score, GRF: Generalized random forests, CF: cross-fit, GAMs: Generalized additive models
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2.3 Method review

2.3.1 DML in the partially linear model

In this section, we review double/debiased machine learning (Chernozhukov et al., 2018), aiming
to provide an intuition about when, how and why the method works. One important setting in
which researchers can apply DML to potentially relax assumptions is causal effect estimation in

the presence of observed confounding (Figure 2.2).
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Figure 2.2: Directed acyclic graph (DAG) for the assumed causal structure. W: treatment variable,
Y: outcome variable, X.: observed confounding variables. The relationships between X, and W (my()),
and X, and Y (go()), are potentially complex and nonlinear.

In the assumed causal structure of Figure 2.2, we want to estimate the causal effect of a
treatment variable W on an outcome variable Y. However, observed confounders X, complicate
the identification and estimation by influencing both the treatment and the outcome. If we do
not adequately adjust for such confounders, the estimated causal effect is biased (e.g., Herndn
and Robins, 2020, Chapter 7), i.e., different from the true value the estimator was supposed to
provide (Wooldridge, 2012). We can express the data-generating process (DGP) of this setting

with a partially linear regression (PLR) model, where V;, and V,, are noise terms:

Y = BW + go(Xe) +V, (2.1)

W = mo(Xe) + V. (2.2)

In the partially linear outcome model, we assume the treatment to have a linear, additive
functional form, while the functional form of the confounders can be either linear or nonlinear.
In this setting, the treatment has a constant, homogeneous effect on the outcome. We use the
partially linear model for the introduction of DML, but DML is not limited to this setting. In
case of a binary treatment, the treatment variable can arbitrarily interact with the confounders,
which allows for the presence of heterogeneous treatment effects (see Section 2.6).

The assumptions encoded in Figure 2.2 as well as Equations 2.1 and 2.2 imply that we can
identify the causal effect of W on Y after adjusting for observed confounders X. (Hernan and

Robins, 2020, Chapter 2). Different disciplines use different names for this assumption (with

20



CHAPTER 2. DML METHOD EVALUATION

slightly different technical definitions): unconfoundedness, exogeneity, ignorability, selection on
observables (Imbens and Wooldridge, 2009), conditional independence assumption (Angrist and
Pischke, 2009), exchangeability (Hernan and Robins, 2020), or a case for backdoor adjustment
(Pearl et al., 2016). Researchers make this assumption in many studies across disciplines, hence
it is highly relevant for applied research (Imbens and Wooldridge, 2009).

However, even if this assumption holds, two challenges appear. First, the functional rela-
tionships of the confounders with the treatment (mg(X,)) and the outcome (go(X¢)) may be
nonlinear and complex. Secondly, there could be a large number of potential confounders in X,
such that it is not obvious which covariates one should include in the estimation process in finite
samples. Such a high-dimensional setting can either arise naturally through many observed vari-
ables (e.g., covariates generated from text, images, or genes), or when including transformations
of observed variables (e.g., polynomials, interactions, etc.) to allow for potential nonlinearities in
the model (Belloni et al., 2014). Traditionally, researchers would make additional assumptions
to address these challenges. For example, we could estimate the outcome model by adjusting
linearly for confounding; in addition, it is common (Wooldridge, 2012, Chapter 9) to add a
transformed (e.g., squared) variable to allow for some nonlinearities if theory suggests so (e.g.,
diminishing growth). This process is equivalent to the “parametric” assumption that the func-
tional form is known and correctly stated by the researcher (Imbens, 2004). Also, researchers
typically select the variables entering the estimation based on theory, domain knowledge, or
intuition, which relies on assumptions as well. In some cases, all of these assumptions might
be correct, but they are usually untestable, rather subjective or even arbitrary, and different
assumptions might lead to very different causal estimates.

When facing these challenges — nonlinearities and variable selection problems — it is natural
to think about using (supervised) ML. One of the well-known strengths of many ML methods is
their ability to deal with high-dimensional data and to fit complex functional forms (e.g., Athey,
2019; Hastie et al., 2009; Mullainathan and Spiess, 2017). However, a “naive” application of ML
methods for these causal questions leads to biased estimates, since the goal of traditional ML
is prediction, which is fundamentally different from causal parameter estimation (Mullainathan
and Spiess, 2017). The reason is that ML methods use regularization, which keeps predictive
models from overfitting, but introduces a bias into parameter estimates (Chernozhukov et al.,

2018).
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At this point, the DML method comes in and suggests an estimation procedure which can
use highly flexible, regularized ML methods while still providing an unbiased estimator for the
causal effect. As a consequence, we can relax assumptions about functional forms and variable
selection. Algorithm 1 depicts a version of the DML algorithm for the partially linear regression
model (Chernozhukov et al., 2018). In other settings (e.g., binary treatment in the interactive
model, instrumental variables, etc.), the algorithms and final estimators can be slightly different
(see Section 2.6). In the first step of the algorithm, we split the full dataset randomly into K
folds. Secondly, we hold out one of these folds, and use the remaining K — 1 folds to train
two ML models: The first model predicts the treatment W from the potential confounders X¢;
the second model uses the same variables to predict the outcome Y. In step three, we use
these trained models to make predictions for treatment and outcome, respectively, on the data
not used for training. Then, we subtract these predictions from the true values to obtain the
residuals for treatment and outcome (VW and Vy) Next, we linearly regress the residual of the
outcome (V4-) on the residual of the treatment (Vi) and obtain the coefficient for Vjy. Finally,
we repeat steps 2-5 for each of the K folds, resulting in K different coefficients, which we finally
average to obtain the final causal estimate.! Because the random splitting in the first step can
potentially influence the estimation results, there is an additional step for more robustness in
smaller samples: Chernozhukov et al. (2018) recommend repeating the full algorithm multiple
(e.g., 100) times with different partitions, and finally reporting the median estimate across all

splits.

Algorithm 1 DML algorithm for the partially linear regression model
1. Split the data into K folds

2. Train two machine learning models on K — 1 folds:
a) Outcome: W, features: X,
b) Outcome: Y, features: X,

3. Use the models to make predictions (W and )A’) on the held-out fold

4. Compute residuals as Viw=W—-Wand Vy =Y -V

5. UseAa linear regression to estimate coefficient from residuals: Regress Vy on VW, obtain the coefficient
on VW

6. Repeat for all folds, average resulting coefficients to obtain the final causal estimate

7. For more robustness w.r.t. the random partitioning in finite samples:
Repeat the algorithm S (e.g., 100) times for different splits, then report the median estimate

LChernozhukov et al. (2018) name this algorithm “DML1”. There is an alternative algorithm “DML2”, which
supposedly could perform better in small samples. Instead of computing a coefficient for each fold, DML2 collects
the residuals across all folds and estimates the final effect on the full, residualized dataset. In our simulations,
DML2 only outperformed DML1 in very rare cases with very large K and extremely small samples, therefore we
continue with DML1, which we find more intuitive.
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DML relies on two steps to obtain causal effect estimates. First, it estimates a model for
both the outcome and the treatment. As a consequence, the final estimator is robust to minor
mistakes in the estimation of either of these models, whereas traditionally, one would have to
assume that the outcome model was correctly specified. The authors call this technique “orthog-
onalization”, and it is closely related to the “double robustness” property of other estimators
(e.g., Herndn and Robins, 2020, Chapter 13). Doubly robust estimators rely on estimating two
models from the covariates: a treatment model and an outcome model. Combining the two
models in the final estimator leads to the following robustness property: The estimator is con-
sistent, as long as one of the two models is correctly specified. That is, even if one model is
misspecified (wrong functional forms, missing variables), but the other one is correctly specified,
the estimates will still be valid (Herndn and Robins, 2020, Chapter 13). The term orthogonaliza-
tion then comes from the fact that in DML, we use the residuals for the final estimation. These
residuals have been constructed to be orthogonal to the confounders (i.e., cannot be explained
by the confounders). That is, by subtracting the predicted outcome and treatment values from
their true values, we approximately remove the confounding influence in both variables. This
estimator thereby builds on a type of double robustness in the sense that the errors of both
models enter the overall estimation error as a product, such that if one error goes towards zero,
the overall error does so as well. Thus, even though the regularization bias of using ML directly
in the outcome model is too large to ignore, we can get closer to unbiased estimates if we also
consider the treatment model and combine both models in a doubly robust way, as DML does.
Please see Section 2 of Chernozhukov et al. (2018) for a formal derivation of this approach.

The second step is an efficient kind of sample splitting, which the authors call “cross-fitting”.
The goal of cross-fitting is to remove a bias caused by overfitting, which can occur if we use
the same data to fit the ML models and to estimate the causal effect. Thus, in cross-fitting,
we split the data into (at least) two samples: one for training the ML models, the other one
for predicting, computing the residuals, and estimating the causal effect. This sample-splitting
generally leads to a loss of efficiency, because we only use a part of the data in each step.
However, cross-fitting regains efficiency by swapping the samples and repeating the procedure,
such that we use each sample once for fitting the model and once for estimating the causal effect.
This leads to multiple estimates (one for each sample) which we finally average.

Using DML may allow researchers to relax variable selection and functional form assump-

tions. Traditionally, a researcher would assume a prespecified set of confounders with prespec-
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ified (e.g., linear) functional forms. If these variable selection and functional form assumptions
are violated, traditional methods only remove a part of the confounding variation, while the
remaining confounding variation will still bias the estimated effect. However, if we employ ML
algorithms to learn the important variables and the appropriate functional forms, we can rely on
a weaker assumption: We do not necessarily need to know the correct variables and functional
forms beforehand, we only need to assume that the ML algorithms perform reasonably well at
the two prediction tasks. By virtue of the double robustness property, a “reasonably good”
performance does not mean that the ML methods have to recover the true model perfectly;
the method is insensitive to small mistakes in those models.? This assumption is not directly
testable, but it is well aligned with the objective of flexible ML methods and thus — in most
settings — weaker than the traditional assumptions, if we do not have very strong theory for a
specific parametric model.

We emphasize that the DML algorithm alone does not by itself guarantee a causal inter-
pretation of the estimates. There are important assumptions and decisions researchers need to
make before applying the method or interpreting its results. Most importantly, the researcher
still must assume a causal structure that implies unconfoundedness or another form of causal
identification (e.g., instrumental variables). Typically, this assumption can be violated in two
ways. First, there could be remaining unobserved or unmeasured variables that influence both
treatment and outcome (Figure 2.3A) (Imbens and Wooldridge, 2009). DML cannot reduce the
bias induced by such unobserved confounders. DML can flexibly adjust for observed confounders,
but cannot handle confounders that are not observed. Second, researchers could unintentionally
include a “bad control” in the algorithm (see also Hiinermund et al., 2023). A bad control
is any variable that we should not adjust for, because adjusting for it introduces a new bias
(e.g., Angrist and Pischke, 2009; Cinelli et al., 2024). In the simplest case, a bad control can
be a so-called “collider”, which is influenced by treatment and outcome instead of influencing
them (Figure 2.3B). In practice, realistic cases of bad controls might be more complex (see, e.g.,

Imbens, 2020; Pearl and Mackenzie, 2019). As a consequence of these two potential pitfalls,

2Technically, this means that we have to assume that the ML algorithms achieve nt/ 4_consistency. Tradition-
ally, if we assume a parametric model and it is correctly specified, we achieve y/n-consistency. Loosely speaking,
this means that, as the sample size n grows, the error between the true and the estimated value shrinks to zero by
the factor 1/4/n, which is faster than the factor n~'/4. Since the DML method makes use of the double robustness
property, the errors of the treatment and outcome model multiply. Thus, in order to achieve /n-consistency with-
out having to make the parametric assumptions, we must assume that the ML methods achieve n'/%-consistency
in both models (n'/* % n'/* = n'/? = \/n) (Chernozhukov et al., 2018; Belloni et al., 2017).
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before applying DML, researchers have to consider (1) whether there might be any important
unobserved confounders and (2) whether every variable included is a good control. Both of these
assumptions are not directly testable from data, so the researcher has to argue from theory and

domain knowledge about their plausibility.

X, Xe

hes

U X coll

(A) The unobserved confounder U biases the esti- (B) Adjusting for bad controls like colliders Xcou
mated effect. introduces a bias.

Figure 2.3: Possible violations of unconfoundedness

2.3.2 Possible ML algorithms

The underlying statistical theory of DML allows researchers to make use of a variety of different
predictive or ML methods for the treatment and outcome model (Chernozhukov et al., 2018).
The authors mention algorithms such as “random forests, lasso, ridge, deep neural nets, boosted
trees, and various hybrids and ensembles of these methods”. In our implementations of DML,

we will focus on the following predictive methods for the ML tasks:

e linear regression, potentially with lasso regularization

generalized additive models (GAMs)

random forests

boosted regression trees (XGBoost)

neural networks.

These methods differ in three dimensions: the flexibility to model various functional forms, the
ability to perform variable selection, and the degree to which they need large sample sizes to
achieve flexibility.

First, tree-based methods like random forests and boosted trees, as well as neural networks
with a nonlinear activation function, are inherently capable of fitting nonlinear functional forms,
whereas linear regression and lasso are purely linear methods when applied to the original

features. One can make the latter methods more flexible by transforming the features (e.g.,
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with interactions and polynomials). However, these transformations lead to an increase in the
numbers of parameters to estimate, which is problematic for linear regression (e.g., Mullainathan
and Spiess, 2017). Also, researchers have to create the nonlinear transformations by hand with
little theoretical guidance (Which variables should interact to which degree? Which order of
polynomials is sufficient? Which further functional forms might be useful?). GAMs fit multiple
smooth functions of the features simultaneously, which enables them to flexibly model a variety
of functional forms (Hastie et al., 2009, Chapter 9). However, this comes at a cost because the
fitting of multiple functions also increases the dimensionality, which can be problematic if the
number of raw variables is large relative to sample size. Furthermore, GAMs are limited to
additive relationships and smooth functional forms, and they can only model interactions if we
add them manually (James et al., 2021, Chapter 7).

Second, lasso and tree-based methods like random forests and boosted trees can perform
variable selection by default. That is, they will only make use of features that are predictive
of the outcome, which enables them to work in high-dimensional settings with many variables
or transformations. In contrast, linear regression, GAMs, and neural networks do not perform
variable selection by default and thus fail in high-dimensional settings. There are approaches
that enable a kind of variable selection in GAMs (e.g., Marra and Wood, 2011), but by default,
the method only works in low-dimensional settings (Hastie et al., 2009, Chapter 9). Similarly,
while neural networks do not select variables automatically, there are various other techniques to
avoid overfitting, e.g., early stopping, weight decay, dropout, and L1-regularization (e.g., Hastie
et al., 2009, Chapter 11).

Lastly, while random forests, boosted trees, and neural networks can very flexibly fit different
functional forms, they might need relatively large sample sizes to do so (e.g., Hastie et al., 2009,
Chapter 10). By contrast, larger sample sizes naturally cannot help linear methods to flexibly
fit nonlinear functional forms.

In this paper, we focus on the selected predictive methods on grounds of their respective
ease of implementation in statistical software and programming languages. For some of the
methods, we can tune parameters to improve predictive accuracy. In our implementations, we
tune at most one parameter (e.g., in lasso, random forests, XGBoost, and neural networks). Our
main goal is not necessarily to find the model that minimizes test error for each method, but to
compare how different methods perform in the DML framework without substantial researcher

input in the ML step. We specify parameter and tuning choices in the simulation section. In
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general, one can also consider further tuning of the methods, other algorithms, or ensembles of

the mentioned methods, which might lead to further improvements in applications.

2.4 Simulations

In this section, we present and discuss the results from applying DML to a variety of simulated
datasets. The goal is to assess the ability of the method to recover the true (simulated) causal
effect in settings that differ with respect to the true data-generating process. First, we describe
our implementation of DML, the different algorithms for the ML parts and the choice of pa-
rameters. Then, we begin the simulations with an arguably realistic baseline scenario. From
there, we look for boundary conditions of the method by varying functional forms, numbers and
kinds of variables, sample size, confounding strength, and causal structure. We generate 100
simulated datasets for each simulation setting and report how a variety of different methods

perform across these 100 simulations.?

2.4.1 Method implementations

After having reviewed the theory behind DML in the previous section, we now present how we
have implemented the different methods (Table 2.2) for our simulation study. We implement all
methods in R (R Core Team, 2023).* As a benchmark for DML, we include three alternative
methods. First, we estimate a “Simple” OLS regression of the outcome on the treatment, com-
pletely ignoring any other variables. If confounding is present in the data, this method will lead
to biased results, since it does not adjust for confounding at all. Secondly, we estimate another
OLS regression, but this time adjust linearly for all observed covariates. If the true confounding
relationships are linear and low-dimensional, this will adequately adjust for confounding (see,
e.g., Imbens and Rubin, 2015). However, this approach cannot model any nonlinear relation-
ships by default. Adding interactions and squared terms for each covariate manually could help
account for some nonlinearities, but also increases the number of variables in the model. Lastly,
we implement one additional benchmark method that “naively” uses ML (as described in the

introduction of Chernozhukov et al. (2018)), by only modeling the outcome model go(X), nei-

3We experimented with 50 to 1,000 simulation replications and found 100 to be fairly representative for the
distribution of resulting coefficients, while still being relatively economical with computing resources. We show
results for different numbers of replications in our baseline scenario in Appendix A.3 (Figure A.1).

4All our code is available on OSF: https://osf.io/eswfk/?view_only=0fb868c0d78e4550bf0a2abba71ce7bl.
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ther relying on orthogonalization nor cross-fitting. To do so, we first obtain an estimate of 5 by
linearly regressing Y on W. Then, we get an estimator gg by regressing ¥ — BW on X, using
an ML method. Lastly, we use this estimator to predict the original outcome Y, compute the
outcome residual and regress the residual on the treatment W to obtain an effect estimate. We
implement this naive ML method with XGBoost as the ML algorithm, selecting the parameters
as described below. The results of other ML methods in this naive framework are very similar,

so we focus on the version with XGBoost as representative.

Table 2.2: Description of implemented methods

Label Description

Simple OLS Ordinary least squares estimation of a linear regression model without any covariates
OLS OLS estimation of a linear regression model with all covariates included linearly
XGBoost (naive) XGBoost without orthogonalization and cross-fitting

OLS (DML) DML with OLS regression as predictive algorithm

Lasso (DML) DML with lasso as predictive algorithm

GAMs (DML) DML with GAMs as predictive algorithm

Random forests (DML) DML with random forests regression as predictive algorithm

XGBoost (DML) DML with XGBoost as predictive algorithm

Neural nets (DML) DML with neural networks as predictive algorithm

We implement all versions of DML as described in Algorithm 1 (DML1 of Chernozhukov
et al. (2018)). As defaults, we use K = 5 folds for the cross-fitting procedure and repeat the
full algorithm nine times for different sample splits (S = 9), from which we take the median
estimate. The authors recommend K = 5; and S = 9 is a number of repetitions that leads to
stable estimates in our simulations. We vary these parameters in later settings. For the ML
parts of the algorithm, we use different predictive methods: OLS regression, lasso, generalized
additive models (GAMs), random forests, boosted trees (as implemented by XGBoost), and

neural networks:

1. We implement lasso with the glmnet package by Simon et al. (2011). We determine the
regularization parameter A via 10-fold cross-validation and choose it to minimize the cross-

validation mean squared error on the K — 1 folds used for training.

2. For GAMSs, we use the mgcv package to model each continuous covariate with a smooth
nonlinear function, estimated with restricted maximum likelihood (“REML”) (Wood,

2017).
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3. We implement random forests with the randomForest package (Liaw and Wiener, 2002),
train using 200 trees and tune miry (the number of variables randomly sampled from at

each split) with respect to out-of-bag error.

4. For boosted trees, we utilize the implementation by the zgboost package (Chen et al., 2023).
For the learning rate (eta) and the maximum tree depth, we use default values (0.3 and
6, respectively). Our implementation uses early stopping if the validation set performance
does not improve for 10 rounds. We determine the optimal maximum number of boosting
iterations by 5-fold cross-validation from up to 200 rounds and use it subsequently in the

final model.

5. Finally, we implement neural networks using the computationally very efficient nnet pack-
age (Venables and Ripley, 2002). We use four units in one hidden layer with a sigmoid
activation function and tune the parameter for weight decay between 0 and 5. Tuning
the number of units and fixing the decay did not lead to better results. Tuning both the
number of units and the parameter for the weight decay further improved the results, but
led to an unreasonable increase in computational cost on CPUs (more than 7 times longer
in our baseline than tuning one parameter or using DML with tuned random forests). In
practice, if the computational resources are available, one can allow for more hidden lay-
ers and units, a different activation function, regularization techniques, and tune multiple
parameters to achieve a good predictive fit. For our purpose, the above approach seems
to achieve a good trade-off between predictive accuracy and computational cost, which

makes the results more comparable to the alternative methods.

2.4.2 Baseline simulation

We assume the causal structure from Figure 2.2 for most simulations settings. That is, we can
estimate the causal effect by adequately adjusting for all observed confounders (“unconfound-
edness”). In later settings, we examine the consequences of a misspecified causal structure, i.e.,
we mistakenly leave out important confounders or adjust for bad controls.

In all following simulations, we draw exogenous variables from a multivariate normal distri-
bution with a mean of zero and a randomly generated covariance matrix (i.e.,., X, ~ N(0, ),
Y = A'A, with A ~ N(0,0.5)). The true causal coefficient of interest is 1 (8 = 1). We draw
intercepts and noise terms from a standard normal distribution («, e ~ N(0,1)), which leads to

rather high-signal settings with an average R? around 80% for the correct parametric model in
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the main simulations. In our baseline scenario, we construct treatment W and outcome Y based
on Equations 2.3 and 2.4. We use functional forms with some complexity that could plausibly

occur in nature: a linear form, higher-order polynomials, an interaction, and a step-function:

W =qap+ X1+ (52X22 + 03 X1 X9 + dystep(X3) + 55X43 + €9 (2.3)

Y =a1 + W+ X1+ 72X22 + v3 X1 X9 + ’}/4St€p(X3) + ’Y5X43 + €. (2.4)

Thus, the variables X7 to Xy are confounders that one should adjust for. We set the confounding
strength 6; = v; = 0.1. step() is the implementation of a step function, where we draw the initial
variable from a standard normal distribution, before assigning each value to one of four steps
between -1 and 1, depending on the quartile the value belongs to.

The results of our baseline simulation demonstrate the ability of DML with flexible ML meth-

ods to appropriately adjust for the various confounding influences (Figure 2.4). As expected, the
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Figure 2.4: Results for our baseline simulation with sample size N = 1,000. The horizontal axis displays
the different methods from Table 2.2. The vertical axis depicts the estimated coefficient. The dashed line
marks the true causal effect (8 = 1). The boxplots show the distribution of estimated coefficients across
100 simulated datasets for each method.

naive simple OLS regression performs worst due to its inability to adjust for confounding in any
way. The naive ML method is able to adjust for some confounding, but still incurs significant
bias due to regularization bias and overfitting. This is evidence for the notion that we should
not use simple ML tools for causal inference. The traditional OLS regression, adjusting for all
covariates linearly, outperforms the naive ML method, but is still biased.

Within the DML framework, the linear methods perform very similarly compared to the

standard OLS regression. By contrast, the inherently flexible ML methods are most successful
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at adjusting for the observed confounding. The median estimates of DML with GAMs, random
forests, neural networks, and XGBoost are only off by about 3%, 2%, 2%, and 1%, respectively.
These methods seem to be able to learn the functional form of the confounding from the data,

without the need to include transformed covariates.

2.4.3 Extended simulations

In the following, we extend our simulations to eleven further scenarios to assess DML’s capabil-

ities and limitations (Table 2.3).

Table 2.3: Description of simulation scenarios

Case Category Data-generating process Goal
1 Functional form Confounding influence can take on  Examine performance of methods for various func-
different functional forms: linear, tional forms that differ in the degree of nonlinearity,
u-shaped, interactions, cubic, step  smoothness, and additivity
function, or random
2 Confounding Multiplying the confounding coeffi-  Assess impact of stronger confounding on estimates
strength cients by larger integers of methods
3 Confounding di- Varying numbers of confounders Assess robustness of methods to larger numbers of
mension important confounders
4 Sample size Varying the sample size Examine data size requirements of methods
5 Inclusion of fur- Including varying numbers of noise  Assess robustness of methods to the inclusion of ir-
ther variables variables relevant variables
6 Including variables only related to  Learn whether inclusion of these variables is benefi-
outcome cial or harmful
7 Including variables only related to  Learn whether inclusion of these variables is benefi-
treatment cial or harmful
8 Violations of  One unobserved confounder in ad-  Assess robustness of methods to unobserved con-
identification dition to observed confounders founding
9 Covariates are colliders instead of Examine consequences of misclassifying variables as
confounders good controls
10 Parameters in  Varying the number of folds K into  Examine impact of choosing K and distributing ob-
DML which we split the sample servations between prediction and estimation
11 Varying the number of algorithm  Examine additional robustness achieved by repeat-

repetitions S

ing DML

For the first five cases, we slightly deviate from the basic setup of the baseline’s DGP. Instead
of keeping all confounding coefficients fixed to 0.1, we randomly draw them from a standard
normal distribution (d;,v; ~ N(0,1)). We constrain d; and 7; to have the same sign to rule
out that confounding effects of multiple confounders cancel out. These new coefficients make
the adjustment more challenging, both because of their higher average magnitude and because
of the randomness of their magnitude. Similarly to Belloni et al. (2014), Chiang et al. (2022),
and McConnell and Lindner (2019), the confounding coefficients decrease with each additional
confounder. We achieve this by multiplying each confounding coefficient with 1/j, for j =1, ..., J

confounding variables. Finally, for all of the following simulation settings, we do not present
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results from using DML with OLS regression as predictive method (“OLS (DML)”), since the

results of this method are virtually equivalent to directly estimating an OLS regression (“OLS”).

Case 1

In Case 1, we assess how well the different methods can adjust for different functional forms of the
confounding influences go() and mg(). We assume that go() and mg() have the same functional
form (although with potentially different coefficients).® The sample size is still N = 1,000 and
there are five confounders with the specified functional form. Table 2.4 shows the equations
that generate the various functional forms. The first functional form of the confounding is
linear. Secondly, the confounders enter the model by a squared term and thus have an u-shaped
influence. This nonlinear functional form commonly occurs in nature in the form of diminishing
growth, e.g., the relationship between the amount of fertilizer and crop yield. Third, if there is
more than one confounder, they can interact with each other, e.g., in pairs of two as we implement
here. For each confounder, we randomly draw the identity of the other confounder it will interact
with. This is the first non-additive and non-smooth functional form. Fourth, the influence of the
confounders follows a non-smooth step function. This is challenging for methods only modeling
smooth functions, but favors tree-based methods. To implement the step function, we first
compute the quartiles for each confounder. Then, we transform the confounder by assigning to
each original value a value from [-3, -1, 1, 3], depending on the quartile to which the original
value belongs. The result is a monotonically increasing step function consisting of three steps.
This function can occur when decision makers base their decisions on heuristics: For example,
when setting prices, a product manager might consider thresholds rather than a fully linear
model of competitor prices. Only if a competitor price exceeds a certain threshold, the manager
adjusts the own-price accordingly. Fifth, the confounding influence follows a cubic functional
form. Cubic functions can occur in economics, when marginal costs fall with increasing output
but rise again at some point (e.g., Beach, 1949). Since the cubic term leads to a very strong
confounding influence, we scale it down by a factor of 0.25 to make it more comparable to

the other functional forms. Sixth, we draw the functional form randomly for each confounder.

5This assumption is not necessary in DML, but it helps us to evaluate which methods can adequately model
the respective functional form. If the same confounder has a different functional form in the treatment model
than in the outcome model, the resulting coefficient of most DML methods in our simulations is between the ones
for the respective functional forms (see Figure 2.5). For OLS, the estimates are unbiased if either the outcome or
the treatment model is correctly specified (e.g., linear).
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We select from each of the first five forms with equal probability. This case is most similar to

the baseline scenario, though more challenging because of the randomness in the confounding

coeflicients.
Table 2.4: The different options for the functional form of the confounding
Label Equation
Linear 9(Xe) = m(Xe) = Xe
U-shaped 9(Xc) =m(X,) = Xc*
J
Interactions 9(Xe) =m(Xe) = ZXCJ X¢, with kegr {{1,....,J}\j}
j=1
3 if X.e<Q1
Step g(Xc) _ m(XC) _ -1 if Q1 <Xe<Q2

1 if Q2<Xe<@Q3
3 if QB S Xc S )(cm,mc

Cubic g(Xe) = m(X.) =0.25 % X2

Random per confounder  For each confounder, select from above with p = .2 each (go(Xc;) = mo(Xc;))-

The performance of the different methods varies significantly across the different functional
forms (Figure 2.5). Since every simulation contains observed confounding, the method not
adjusting for confounders at all (“Simple OLS”) performs worst across scenarios, followed by
the naive ML method. These methods’ estimates vary widely across the 100 simulations, and
their median displays a severe bias. When the confounding influence is linear (Figure 2.5A), all
DML methods and the OLS regression perform well. DML with XGBoost is marginally biased

in the direction opposite to the confounding, which potentially indicates minor overfitting.

GAMs (DML)
Neural nets (DML)
XGBoost (DML)

2.0

linear u interactions

254 A B C

- Method
s BE Simple OLS
o 1.51 .
D - % _QF é % é - XGBoost (naive)
S . - o -l - - - - d FE R - == - = - -
g 1.0 oo~k = == -+ *? BE Lasso (DML)
.-; step cubic random - OLS
*;E 25]D E F E Random forests (DML)
- =
2 ==

STOCLL L/ L LL LT L)

Method
Figure 2.5: Results for Case 1 - distribution of estimated coefficients for each method across 100
simulations by functional form (outliers not displayed). The dashed line marks the true causal effect
(8 = 1). A Linear confounding. B U-shaped/squared confounding. C Pairwise interactions between

confounders. D Confounding via step function. E Cubic confounding. F Confounding functional form
drawn randomly for each confounder.
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In case of a u-shaped confounding influence (Figure 2.5B), the linear methods are unable to
adjust for any confounding, thus providing results with bias similar to the simple OLS regression.
The results demonstrate that although we can classify lasso as a ML method, it does not have
any more flexibility than a classical OLS regression when it comes to fitting nonlinear functional
forms from raw, untransformed variables. In this setting, DML with GAMs performs best, easily
fitting the smooth quadratic function. DML with neural networks and DML with XGBoost have
a slightly wider distribution of estimates, but are also close to unbiased at the median. DML
with random forests is more biased, but still easily dominates the linear methods.

Confounding through interactions (Figure 2.5C) is a non-smooth, non-additive functional
form, hence purely linear methods are again unable to adjust for such confounding. GAMs
in DML achieve more accurate results, but are still heavily biased. Both tree-based methods
adjust better for interactions, although DML with XGBoost once more incurs the smaller bias.
DML with neural networks most accurately estimates the effect and delivers unbiased estimates,
slightly better than DML with XGBoost.

Next, for the step function, linear methods are superior to not adjusting for confounding at all
(Figure 2.5D). This is because we constructed the step function to increase monotonically. DML
with GAMSs gets even closer to the true coefficient, but cannot fit the steps well with smooth
functions. Here, DML with neural networks is more accurate than DML with GAMs, but still
incurs some bias and cannot compete with the tree-based methods. DML with random forests
adjusts for confounding more successfully, and DML with XGBoost performs best, delivering
estimates that are close to unbiased.

While the linear methods only adjust for small parts of the challenging, but smooth cubic
confounding influence, DML with GAMs adjusts almost perfectly (Figure 2.5E). The tree-based
methods and DML with and neural networks eliminate much confounding, but not as reliably
as GAMs within DML.

If we draw the functional form randomly with equal probability for each confounder, the naive
methods again perform worst, followed by the purely linear models (Figure 2.5F). DML with
random forests, GAMSs, neural networks, and XGBoost all deliver mostly accurate estimates,
with DML with neural networks or XGBoost being closest to the true value most often. This
result is very similar to our baseline simulation. Because the “random” functional form is most
similar to the baseline simulation, we use it in the simulations for Cases 2-5 and 10-11, where

we vary other characteristics of the data-generating process.

34



CHAPTER 2. DML METHOD EVALUATION

Cases 2-4

We visualize the impact of different characteristics in Cases 2-4 (and in Case 5) in terms of the
mean absolute error (MAE) of the estimated coefficient. We chose the MAE over the MSE since
it allows for a more direct interpretation as the average absolute deviation from the true effect.
In Case 2, we vary the strength of the confounding influence by multiplying the confounding
coefficient of the outcome (v;) with different positive integers. This increases the confounding
bias and thus amplifies the importance of adequate adjustment. Increasing the strength of the
confounding leads to a strongly increasing bias for methods that do not adjust well (Figure 2.6).
In fact, the MAE for all methods increases almost linearly, which is especially problematic for
methods that are strongly biased in the first place. From this observation, we conclude that a
larger confounding strength does not necessarily make the adjustment itself more difficult, but
scales up the impact of the remaining confounding variation for all methods. The larger the
confounding strength, the more important it is to adequately adjust for the confounding.

97 Method

- Simple OLS

-+~ XGBoost (naive)

5 —+ Lasso (DML)

- OLS

27 —— Neural nets (DML)
~v- Random forests (DML)

M GAMs (DML)
XGBoost (DML)

7 9

Mean absolute error

1 3 5
Strength of confounding

Figure 2.6: Results for Case 2 - mean absolute error in estimated coefficient across 100 simulations by
varying confounding strength.

In Case 3, we investigate how the number of confounding variables complicates the adjust-
ment. All methods become less accurate as the number of confounders increases (Figure 2.7).
The simple OLS regression remains worst, while the bias of the naive ML method and the lin-
ear methods becomes more similar as the number of confounders increase. The flexible DML
methods are all reasonably accurate up to a number of five confounders. After that, their per-
formance deteriorates, although at different paces. DML with random forests appears most
sensitive to the inclusion of more confounders; at 20 confounders, it is slightly less biased than

the linear methods; with 50 confounders, its estimates are essentially equally or more biased.
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DML with GAMs, XGBoost, or neural networks also incurs severe bias for very large numbers of
confounders, but remain significantly more accurate than the alternative methods. Interestingly,
DML with neural networks seems less affected by the inclusion of more than 20 confounders: For
50 confounders, the bias even somewhat decreases. These results demonstrate that the capabil-
ity of DML to adjust for confounding in high-dimensional settings does not refer to the situation
with many important raw confounders relative to sample size. Rather, DML can successfully
adjust for complex functional forms, which it can model with a large number of parameters

within flexible ML methods.

Method
—-o— Random forests (DML)
-4 Simple OLS
—— Lasso (DML)
- OLS
—— XGBoost (naive)
-7 XGBoost (DML)
GAMs (DML)
2 L// Neural nets (DML)
1357 10 20
Number of confounders

Mean absolute error

o

Figure 2.7: Results for Case 3 - mean absolute error in estimated coefficient across 100 simulations by
varying numbers of confounders.

While many ML algorithms are capable of flexibly learning functional relationships from
data, most have certain functional forms they can model very easily, while they might need
many more observations to learn others. For example, tree-based methods are good at modeling
step-functions and interactions, but need more data points to model smooth or linear functions
(see, e.g., James et al., 2021, Chapter 8). Therefore, in Case 4, we vary the size of the sim-
ulated dataset. When the confounding influence has a random functional form (Figure 2.8A),
the simple OLS regression and the linear methods do not benefit from additional observations,
since they are unable to learn nonlinear functional forms. By contrast, the naive ML method
improves with larger sample size, but the improvement is far too slow to be substantial. For
the flexible DML methods, the MAE decreases significantly with sample size, with the biggest
improvements occurring between 20 and 500 observations. After this point, DML with GAMs
does not improve further, whereas DML with random forests, XGBoost, or neural networks con-
tinues to learn and remove more of the confounding influence. In the case of linear confounding

(Figure 2.8B), we make similar observations. While the simple OLS regression does not benefit
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from additional observations, the naive ML method does, but again, the improvement is far too
slow to realistically approach the true effect. Since the confounding is linear, the linear methods
and DML with GAMs perform well at any sample size. DML with random forests and neural
networks have slightly higher bias in very small samples, but they quickly learn the linear rela-
tionships as the sample size grows, ending up with estimates that are virtually indistinguishable
from linear methods in large samples. Even in very small samples (N = 20), OLS does not
substantially outperform the flexible DML methods. These results present a strong argument
for using flexible DML methods over OLS, as they perform considerably better if the OLS model

is misspecified, and not substantially worse in cases where the OLS model is correctly specified.

random linear Method
5 A B —e— Simple OLS
% 067 —4— XGBoost (naive)
g —— Lasso (DML)
= 0.4
2 & —- OLS
Q
s N % ~- GAMs (DML)
o021 T R
s X\\ . - Neural nets (DML)
= 0.0 T e— @ — Random forests (DML)
- — - — — — — XCGBoost (DML
NS 0 ‘\\\. NS B ‘\\\.

Sample size (logl0-scale)

Figure 2.8: Results for Case 4 - mean absolute error in estimated coefficient across 100 simulations by
varying sample size. Sample size displayed in logl0-scale. A Confounding with random functional forms.
B Linear confounding.

Cases 5-7

So far, we have only considered scenarios where all covariates are confounders. However, there
could also be noise variables E, variables only influencing the outcome X, and variables only
influencing the treatment X, (Figure 2.9). In Cases 5-7, we explore the relevance of these vari-
ables for the performance of DML. First, in Case 5, we expect that methods capable of variable
selection are less influenced by the inclusion of noise variables than others. Also, at least asymp-
totically, X} and X, should not impact the overall bias. However, in finite samples, adequately
adjusting for X, can increase precision (and decrease standard errors), while adjusting for X,
can hurt precision (and increase standard errors) (Cinelli et al., 2024).

The inclusion of noise variables (Figure 2.10) affects none of the methods severely, except for

DML with neural networks. The high flexibility of neural networks, combined with their inability
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Figure 2.9: DGP including noise variables E, variables only influencing the treatment (X,), and
variables only influencing the outcome (X,). The influence of X, and X, is potentially also complex
and nonlinear (I5(), ho()).

for variable selection in our implementation, likely causes them to overfit the noise variables
(which could potentially be avoided by further tuning and regularization). Even though some
other methods also do not perform variable selection, they can still handle moderate numbers
of noise variables. An OLS regression, for example, simply estimates near-zero coefficients for
all noise variables. The main problem with high dimensionality arises when we try to make
linear methods similarly flexible as, for example, ML methods like random forests, XGBoost,
or neural networks. Including various transformations of all variables (e.g., interactions and
polynomials) could become problematic for OLS if the number of parameters approaches or
exceeds the number of observations.

001 . Method
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o
- -~ XGBoost (naive)
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- OLS
o

0.31
Neural nets (DML)

0.21 ~v- Random forests (DML)

0.1 W% v XGBoost (DML)
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Figure 2.10: Results for Case 5 - mean absolute error in estimated coefficient across 100 simulations by
varying number of noise variables.

For the remaining cases, we return to the general setup of the baseline scenario, but change
the nature of the variables we use. In Case 6, we introduce four additional variables (X)) which
only influence the outcome. They take on the same functional forms as the confounders, but do
not influence the treatment. We then estimate two models for each method: one adjusting for
all variables (X, and Xp,), the other only adjusting for the confounders (X.).

For most methods, adjusting for X, in addition to X, has little impact on the median

coefficient estimate (Figure 2.11A). However, the boxplots tend to have a narrower distribution
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for the models that try to adjust for all variables. This in line with theory: By adjusting for
Xp, we reduce the variance in the outcome, which leads to more precise estimates (Cinelli et al.,
2024). The distribution of the standard errors reinforces this finding: When adjusting for X, the
standard errors of all methods become significantly smaller (Figure 2.11B). From these results,
we can derive the recommendation that researchers should adjust for all pre-treatment variables

influencing the outcome, even if theory suggests that they are not related to the treatment.
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Figure 2.11: Results for Case 6 - distribution of A coefficient estimates and B standard error estimates
across 100 simulations including (yellow) and excluding (blue) variables only related to the outcome. The
dashed line marks the true causal effect (8 = 1). Smaller standard errors are preferable.

Different from the previous case, in Case 7, the additional covariates (X,) influence only
the treatment instead of only the outcome. These variables again take on the same functional
forms, and we once more estimate models adjusting and not adjusting for them.

The results stand in contrast to the previous case: Now, the models that adjust for all
variables, including X, become less precise compared to the models that only adjust for con-
founders X, (Figure 2.12A). In our simulations, this leads to both a more biased median and a
wider distribution of estimates. Also, for most methods, including the variables related to the
treatment leads to considerably larger standard errors (Figure 2.12B). Including these variables
reduces the variance in the treatment, leaving less exogenous variation to estimate the effect
(Cinelli et al., 2024). Our results demonstrate that in finite samples, this can even lead to
bias in the effect estimates. The bias should vanish asymptotically, but the loss of precision is

sufficient reason to avoid including these variables in any models.
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Figure 2.12: Results for Case 7 - distribution of A coefficient estimates and B standard error estimates

across 100 simulations including

(blue) and excluding (yellow) variables only related to the treatment.

The dashed line marks the true causal effect (5 = 1). Smaller standard errors are preferable.

Cases 8-9

As the final modifications to our DGP, we demonstrate in two different scenarios how violations

to the assumed causal structure impact the estimates.

So far in our simulations, assuming

unconfoundedness, homogeneous treatment effects, and adjusting for all observed covariates

was a valid identification strategy. Now, in Case 8, we include an additional confounder U

in the DGP from Equations 2.3 and 2.4, as visualized earlier in Figure 2.3A. Its coefficient is

relatively large (d¢ = 0.5), but this confounder is not observed, hence we cannot adjust for it.

The unobserved confounding

affects all methods and makes them unable to recover the true

causal effect (Figure 2.13). Since U is not observed, no method can adjust for it, irrespective of
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Figure 2.13: Results for Case 8 - distribution of estimated coefficients across 100 simulations without
(yellow) or with (blue) unobserved confounding. The dashed line marks the true causal effect (8 = 1).
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the method’s flexibility. However, even though the estimates of all methods are biased, the bias
is less pronounced for the flexible DML methods. This is not because they adjust for some part
of the unobserved confounder, but because they still perform well at adjusting for the observed
confounders. So, even though unobserved confounding affects all methods, flexible DML might
still relatively outperform less flexible methods and lead to closer-to-truth estimates. This holds
under the assumption that the unobserved confounding biases the estimate in the same direction
as the observed confounding, otherwise the biases could cancel each other out. The plausible
direction of the confounding can often be established from theory and domain knowledge for a
specific application.

A second violation of our identification strategy occurs when we adjust for a bad control,
that is, a covariate that we should not adjust for. In the simplest case, a bad control is a
collider variable as visualized in Figure 2.3B. To demonstrate the importance of the distinction
between good and bad controls, we implement Case 9 such that all observed covariates are
colliders instead of confounders. This means that there are five variables in X, caused by
treatment and outcome with the same functional forms we used in the baseline. The simulation
results confirm the theoretical statement that adjusting for bad controls leads to biased estimates

(Figure 2.14). The only unbiased method is the simple OLS regression which does not adjust for
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Figure 2.14: Results for Case 9 - distribution of estimated coefficients across 100 simulations when
adjusting for confounders (yellow) or colliders (blue). The dashed line marks the true causal effect

(B=1).

any covariates. Interestingly, results of the baseline simulation are basically inverted if we adjust
for colliders instead of confounders: The “better” we adjust with flexible DML methods, the

more (downward) biased our results are. This emphasizes the importance of correctly classifying
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the covariates before entering them into any estimation algorithm. Since DML has no way of
knowing whether a variable is a good or bad control, researchers have to make this decision based
on theory and domain knowledge. These results caution against blindly throwing all available

variables into DML or any other algorithm for causal effect estimation.

Cases 10-11

In the final Cases 10 and 11, we return to the baseline with the random functional form, but now
we vary parameters of the DML algorithm. First, in Case 10, we vary the number of folds K into
which we split the dataset. Chernozhukov et al. (2018) note that larger values of K lead to larger
samples for the ML step, which can help to increase predictive accuracy. At the same time, the
sample for estimating the effect becomes smaller, but this step might depend less on the sample
size. The authors mention values of 4 or 5 for K as superior to K = 2 in their tests, but we showed
that 2 and 10 are the most common values for K in applications (Figure 2.1E; although K = 10
is almost exclusively used in combination with lasso). For extremely small samples (N = 20),
we observe that the median estimate of the flexible DML methods becomes more accurate as K

gets larger, but also that the variation in the estimates increases (Figure 2.15A). This is because
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Figure 2.15: Results for Case 10 - varying the number of folds K in DML for different sample sizes;
distribution of estimated coefficients across 100 simulations. The dashed line marks the true causal effect
(8 =1). A 20 observations. The number of parameters in flexible GAMs becomes too large for this
sample size. B 100 observations. C 500 observations. D 1,000 observations.
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the ML methods benefit from getting more observations for training; but for the extreme case
of K = 10, there are only two observations left for estimating the effect.® For moderate sample
sizes (Figure 2.15B and 2.15C; N = 100 and N = 500), the downsides of larger numbers of folds
disappear and larger Ks lead to both more accurate median estimates and smaller or at least
similar variation in estimates. The same holds for larger samples (Figure 2.15D), but there the
choice of K is less influential, since even small K's provide sufficient observations to the ML
algorithms. Similarly to before, we again observe here that only the ML methods that benefit
from larger sample sizes are significantly affected by the choice of K.

Secondly, we vary how often we repeat DML to make the estimates more robust to the
randomness in the sample splitting. We repeat the algorithm S times and report the median
estimate from these S estimates, which is more robust than the mean (Chernozhukov et al.,
2018). Our results show no obvious pattern in the accuracy of the median estimate: it remains
relatively similar for larger numbers of repetitions (Figure 2.16). However, the variation of

the estimates decreases moderately as the number of repetitions increases. This is most pro-
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Figure 2.16: Results for Case 11 - varying the number of algorithm repetitions S in DML for different
sample sizes; distribution of estimated coefficients across 100 simulations. The dashed line marks the
true causal effect (8 =1). A 20 observations. The number of parameters in flexible GAMs becomes too
large for this sample size. B 100 observations. C 500 observations. D 1,000 observations.

5In such extreme cases, the alternative DML2 algorithm delivered more stable estimates, but the advantage
was already negligible at K = 5.
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nounced for very small samples, especially for DML with neural networks (Figure 2.16A). In
larger samples, the benefit of many repetitions is negligible (Figure 2.16C-D). We will return
to evaluating the benefits of multiple repetitions in the context of our application, where we

observe a substantially larger impact of the choice of S.

2.4.4 Choosing between different ML algorithms

While simulation results from the previous sections have given us an understanding of the
capabilities of (versions of) DML in different scenarios, the choice between the different ML
algorithms within DML is still not obvious, i.e., it is not obvious whether we should implement
DML with, e.g., random forests, XGBoost, or neural networks. In the following analysis we
investigate whether the accuracy of the different ML methods in predicting treatment and out-
come, respectively, is indicative of the accuracy with which they can recover the causal effect.
The underlying assumption is that a method which models the relationships between the con-
founders and treatment/outcome well will also be able to eliminate more of the confounding
influence and thus deliver a less biased effect estimate compared to an estimator that is less
accurate in predicting treatment and outcome. The cross-fitting procedure allows us to directly
extract the predictive accuracy by averaging the errors across the respective folds that we held
out from training. We use our baseline simulation to calculate the MSE for the prediction of
treatment and outcome and the respective bias in the causal estimate.

The results indicate a clear pattern: Low values for the MSE(W) and the MSE(Y) are
associated with yellow colors, i.e., small bias (Figure 2.17). In other words, when the prediction
of Y and W is good (small MSE), the bias in the causal estimate is small. Consequently, the
scatterplot shows that the points in the bottom left corner have mostly small bias since both
predictions are accurate, points in the upper right corner have mostly high bias because of
inaccurate predictions. Hence, under the assumption that we observe and adjust for all relevant
confounders, we can use the predictive accuracy of the first stage as a guide for which estimate
to trust more. If DML with two different ML methods gives very different results in terms of the
estimated treatment effect, it seems reasonable to rely more on the one with smaller MSEs in
the treatment and outcome predictions. Importantly, this comparison is only reasonable when
the unconfoundedness assumption holds and when the models that we compare do not include

any bad controls.
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Figure 2.17: The relationship between the predictive accuracy of the first stage and the bias in the effect
estimation. The horizontal axis shows the test MSE of the treatment prediction, the vertical axis the test
MSE of the outcome prediction. The color scheme indicates the degree of bias, i.e., yellow represents a
very small bias in the estimated causal effect, blue is relatively large bias. The histograms in the margins
display the frequency distribution across the respective MSEs. We excluded the 2% largest outliers in
terms of MSE.

2.5 Application to real-world data

In this section, we use DML for an application that estimates the effect of one determinant of
house prices. Building on Rosen’s (1974) theory of hedonic prices, a variety of studies have
applied hedonic price regressions to estimate the effects of particular attributes of goods or
services (e.g., Agrawal and Kamakura, 1999; Nelson, 1978). We replicate and extend the central
regression model of Harrison and Rubinfeld (1978), who use housing market data to measure
the effect of air pollution on housing prices. As part of their analysis, they employ a rich
cross-sectional dataset from the Boston area (506 observations, 14 variables). They state that
potential buyers know about the damages of air pollution and consequently are willing to pay
more for a house in an area with low air pollution levels compared to an identical house in
an area with high air pollution levels, and this higher willingness-to-pay would be reflected in
a negative estimate for the effect of air pollution. Harrison and Rubinfeld (1978) argue that
identification of this effect is possible with variation in air pollution over space after adjusting

for a large number of observed neighborhood variables.
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The authors assume that some covariates influence both air pollution and house prices, while
others only affect house prices (Figure 2.18). Additionally, they argue for nonlinear relationships
between housing attributes and house prices, thus transforming some of the variables accordingly.
In their preferred specification (Equation 2.5), mv is the median value of homes in a specific
tract, nox (concentration of nitrogen oxides’) is the measure of air pollution, and 3 is the

coefficient of interest:

log(mv) = o + Bnox? + y1rm? + yeage + y3log(dis) 4+ v4log(rad) + vystax
+ ~eptratio + 7 (B — 0.63)% 4 ~glog(Istat) + yocrim (2.5)

+ 102N + Yy11indus + yiachas + €.

The other variables refer to the covariates in Figure 2.18 and are included with varying functional
forms. The authors give theoretical justification for some of these functional forms, but choose
others simply because they provide good fit. Given the large number of covariates and the
authors’ emphasis on the importance of specifying the correct functional forms, this application
is an ideal example to demonstrate the strengths and flexibility of DML, which offers a data-
driven way to flexibly learn functional forms and appropriately adjust for the covariates. Variable
descriptions are available in Table IV of Harrison and Rubinfeld (1978), which we replicate in

our Appendix (Table A.2), where we also provide descriptive statistics (Table A.3).

% lower status pupil-teacher ratio
river property-tax rate

highways % blacks
crime rate rooms
% industry age

zoned large lots

distance employment
air pollution house price

Figure 2.18: The causal structure Harrison and Rubinfeld (1978) argue for when estimating the effect
of air pollution on house prices. Some variables influence both treatment and outcome, others only affect
outcome. The authors include all variables in a regression model of the outcome. We include the same
variables in DML to predict both treatment and outcome and finally estimate the effect.

When we first applied DML with 5-fold cross-fitting to this dataset, we observed that re-
peated runs of the standard algorithm led to substantially different coefficient estimates, espe-

cially for the most flexible DML methods. Since this could be a consequence of the random

"measured in parts per hundred million (pphm)
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sample splitting in the first step, we systematically experimented with different numbers of rep-
etitions S to be more robust to this kind of randomness. For each number of repetitions, we
run the full algorithm (including S repetitions) 100 times and report the distribution of median
estimates for each algorithm. For example, for the number of repetitions S = 5, we estimate the
model 5 times, compute the median estimate, and repeat this procedure 100 times. The results
indicate a clear pattern: the larger the number of repetitions S, the more stable the median

coefficient estimates (Figure 2.19). This pattern is considerably more pronounced in this real-
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Figure 2.19: Varying the number of algorithm repetitions S in DML when estimating the effect of
air pollution on house prices. Each boxplot shows the distribution of estimated coefficients across 100
repeated runs when using DML with S algorithm repetitions. The black dashed line indicates the original
estimate of Harrison and Rubinfeld (1978), —0.0064.

world dataset compared to our previously simulated data (Figure 2.16). One explanation is that
not all variables in this real-world data neatly follow a symmetric distribution like the normal
distribution in our simulations. As a consequence, the random sample splitting can lead to very
heterogeneous samples for different runs. However, this is in essence an empirical question and
therefore researchers should try different numbers of sample splits for their applications and
choose a number at which the results become stable. For example, since we observed stable
results for relatively large numbers of repetitions in this application, we use S = 199 for our
final estimation and report the median for the effect estimates and standard errors.

Table 2.5 presents the estimation results from applying DML to this real-world dataset.

In the first three columns, we report the method, the effect estimate and the standard error,
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respectively. Since the air pollution variable is specified as nonlinear by the authors (nox?), the
estimated effect depends on the air pollution level at which it is evaluated. Thus, in column
four, we display the percentage effect of a one-unit change in air pollution (noz) evaluated at the
mean level of nox (5.547 pphm). Columns five and six contain the mean squared error (MSE)
of the respective ML, method when predicting outcome and treatment in the first stage of DML.
Under the assumption that the causal structure is correctly specified, we can use this as an

indicator for which effect estimate to trust most, as we previously discussed in Section 2.4.4.

Table 2.5: Results for the effect of air pollution on housing prices

Method Effect estimate Std. error Effect at mean (%) MSE(Y) MSE(W)
OLS (H&R) -0.0064 0.0011 -7.08 - -
Simple OLS -0.0146 0.0011 -16.17 - -
XGBoost (naive) -0.0137 0.0013 -15.14 - -
OLS (raw) -0.0058 0.0011 -6.47 - -
OLS (flex) -0.0071 0.0013 -7.88 - -
OLS (DML, flex) -0.0093 0.0006 -10.30 0.5571 1437.38
OLS (DML, raw) -0.0059 0.0012 -6.58 0.0402 58.91
OLS (DML, H&R) -0.0064 0.0012 -7.14 0.0375 54.88
GAMs (DML) -0.0087 0.0015 -9.63 0.0346 42.71
Neural nets (DML) -0.0081 0.0016 -9.00 0.0349 34.46
Lasso (DML, flex) -0.0071 0.0015 -7.86 0.0316 33.89
XGBoost (DML) -0.0070 0.0019 -7.73 0.0295 20.85
Random forests (DML) -0.0075 0.0018 -8.27 0.0266 19.03

Note: MSE: mean squared error. H&R: covariate specification by Harrison and Rubinfeld (1978). raw: only using
untransformed variables. flex: including squares and first-order interactions of all variables.

The first row replicates the original regression model specification of Harrison and Rubinfeld
(1978) with an OLS regression, resulting in an effect estimate of -0.0064. Row two shows the
results when not adjusting for any covariates, which leads to an absolutely larger effect estimate
(-0.0146). The naive XGBoost implementation leads to a similarly large estimate, suggesting a
similar inability to adjust for confounding. OLS without any transformed variables leads to an
effect estimate that is smaller in absolute terms than the authors’ nonlinear specification. The
more flexible specification “OLS (flex)” — including squares and first-order interactions of all
variables — leads to a larger estimate of -0.0071. For all of these methods we do not observe a
predictive accuracy on unseen data in the last two columns. However, when we implement DML
with different predictive algorithms, we observe the predictive accuracy in the first stage. The
DML results are sorted in descending order by the MSE of the first-stage prediction. As the
first DML implementation, we use an OLS regression in the first stage, while including squares
and interactions of all variables. The results illustrate the problems with this approach: Since
the number of parameters becomes large relative to the number of observations in each sample,

the regression overfits significantly, as evident in the extremely poor predictive accuracy of the
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first stage. Also, the estimated effect is relatively large, in addition to varying heavily across
repetitions of the algorithm. The next two methods again use OLS regression in DML, but now
either use all variables linearly (“OLS (DML, raw)”) or use the specification by Harrison and
Rubinfeld (1978) (“OLS (DML, H&R)”). This should give results similar to using the same
specifications directly within an OLS regression. Within DML, however, we can also observe
the predictive accuracy. The effect estimates are indeed very similar, and in addition, the MSEs
for outcome and treatment indicate the merit of the authors’ nonlinear specification: Their
specification leads to a higher predictive accuracy compared to the purely linear model. The
final five rows show results from using DML with different flexible predictive algorithms. All
flexible ML methods perform better than the OLS regression in the prediction tasks. Under the
assumption that the identification strategy is valid, we can thus expect the effect estimates of
the flexible methods to be more precise than those of the OLS regression. There is also some
variance in the flexible DML estimates, but they all agree in being more negative than the
coefficient estimated in the authors’ specification, suggesting that the authors in the original
publication somewhat underestimate the true effect of air pollution. It is also worth discussing
the relationship between the estimated effect and the directions of the confounding influence.
The largest estimate in absolute terms comes from not adjusting at all (“Simple OLS”), while
the smallest estimate comes from adjusting only linearly (“OLS (raw)”). The more flexible and
more credible specifications result in estimates substantially smaller than the naive approaches,
but larger than the ones from linear adjustment. We can explain this observation by different
confounders biasing the estimated effect in distinct directions. The linear specification might
adjust well for confounders biasing the effect downwards, but poorly for confounders biasing the
effect upwards. This heterogeneity in confounding direction is also supported by Harrison and
Rubinfeld (1978), who argue for a upward bias of some variables (e.g., distance to highways,
distance to employment centers) and a downward bias of others (e.g., percentage lower status,

crime rate, industry proportion) (see Figure A.2 in the Appendix).

2.6 DML beyond the partially linear model

So far, we have introduced and assessed DML for the partially linear model with one continuous
treatment in a cross-sectional setting under the assumption of unconfoundedness. However,

the general statistical theory translates to various other settings as well. In this section, we
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briefly mention further situations that differ in terms of the treatment, the data structure or the

identification strategy.

2.6.1 DML in the interactive model

The partially linear regression (PLR) model assumes the treatment to have a homogeneous,
additively separable effect on the outcome. We can apply DML with the PLR for both continu-
ous and binary treatments. However, for binary treatments, another version of DML allows for
arbitrary effect heterogeneity by letting the treatment fully interact with the confounders (Cher-
nozhukov et al., 2018). Contrary to Equation 2.1 for the PLR, the function go() in Equation 2.6

contains both the treatment and the confounders:
Y = go(W, X.) + V. (2.6)

In this setting, we can use a slightly different estimator for the average treatment effect (ATE)
without having to assume homogeneous treatment effects. In what follows, we briefly describe
the intuition behind this estimator by first starting with two “naive” ML estimators, which we
then combine to form the estimator we can use for DML in the interactive model. The first
“naive” estimator for the ATE uses regression adjustment in the outcome model, that is:

n

Thnaive = %Z (ﬂ(l) (Xz) - la(O) (X’L)) (27)

i=1
Here, fi(1) (X;) is the predicted outcome when we only use the treated observations for prediction;
fi(0)(X;) is the predicted outcome only using control observations. These predictions can come
from any predictive method, including ML: methods. However, as we discussed for the PLR, this
estimator is biased if we do not specify the parametric model correctly, because we only consider
the outcome model (Chernozhukov et al., 2018). The second “naive” estimator in this setting
relies on the estimated propensity score. When predicting a binary treatment from confounding
variables, we can interpret the prediction as the (estimated) probability of receiving treatment
(or the estimated “propensity score”, see Imbens and Rubin, 2015, Chapter 12). We can then
use this estimated propensity score é(X;) to weight observations by their probability of being
treated, by which we make treatment and control group more comparable. This procedure
is called “inverse probability weighting” (IPW, or inverse propensity weighting, or Horvitz-

Thompson estimator) and results in the estimator in Equation 2.8 (see, e.g., Herndn and Robins,
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2020; Rosenbaum and Rubin, 1983). Here, we weight the treated units by the inverse of the
estimated propensity score (first term), while we weight the control units (second term) by the
inverse of one minus the estimated propensity score:

n

. 1 WY, (1-WyY;
W = Z; (é(Xi) 1o e(x) ) (2.8)

We can estimate the propensity score for this method using any predictive method, including
ML methods. However, the estimator can again be biased if we did not correctly specify the
treatment (or propensity) model, because it does not consider the outcome model (Imbens and
Rubin, 2015, Chapter 12).

Nevertheless, similar to the PLR, we can construct an unbiased estimator considering both
the treatment and the outcome model simultaneously in a “doubly robust” way. One name for
this estimator is “Augmented Inverse Propensity Weighting” (AIPW), because it augments the
IPW estimator with the predictions from the outcome model (Robins et al., 1994; Robins and
Rotnitzky, 1995). Thus, we can understand the ATPW estimator as a combination of the naive
estimator Tpgive and the IPW estimator 77pyy. The innovation of Chernozhukov et al. (2018) is
using ML methods for both the propensity and the outcome model in combination with cross-
fitting, which allows for flexible weighting and adjustment. The intuition for the estimator in

Equation 2.9 is very similar to the DML estimator in the PLR:

n Regression adjustment using ML estimators
7\

TAIPW = %Z( 1) (Xi) = fr0)(Xi)
h Wi 1— W, (2.9)
N é()(%) w_?@ (Y; — ﬂ(O)(Xi))>~

residual treated residual control

The first term is exactly the naive estimator from before. The second term is similar to the
IPW estimator, but instead of weighting the outcome variable Y;, we weight the residual of the
outcome variable. The outcome residual is the observed outcome Y; minus the prediction in
the outcome model for treated (fi(1)(X;)) or control (fi)(X;)) units, respectively. The general
structure of the DML algorithm remains. The cross-fitting procedure is still necessary, but
here, we need to train two outcome models and use them for prediction, one for the treated
observations (fi(1)(X;)), one for the control observations (fig)(X;)). The treatment model is

now the propensity model, so we should make sure that the predictive/ML method returns a
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probability measure. With these three models, we can estimate 74;pyy for each fold and average
the estimates across the folds to obtain the final estimate (Chernozhukov et al., 2018).

Like other estimators relying on the estimated propensity score, this estimator is sensitive
to propensity score estimates that are too close to 0 or 1. In these cases, weighting by an
extremely small number can inflate the residual and thus lead to a disproportionate impact of
some units. There are multiple approaches for dealing with this issue in traditional methods
(see, e.g., Imbens and Rubin, 2015). Chernozhukov et al. (2018) use trimming in one of their
applications, where they trim the propensity score at extreme values. For this, one defines a
trimming threshold (e.g., .01), and excludes all observations with propensity scores smaller than
that threshold or larger than one minus that threshold (e.g., < .01 or > .99). In our experiments
with DML in this setting, we observed that these extreme values for the propensity score occur
more often for MLL methods compared to traditional methods. While this could be a consequence
of overfitting in poorly trained models, it could also indicate violations of the overlap assumption

in these applications (Imbens and Rubin, 2015, Chapter 14).

2.6.2 DML for instrumental variables models

In some applications, the unconfoundedness assumption might not be plausible. However, there
could be an instrumental variable which we consider exogenous after adjusting for observed
covariates. In these cases, DML can make the conditional exogeneity assumption of the in-
strument more plausible by flexibly adjusting for the observed covariates. The respective DML
procedure is very similar to the unconfoundedness setting, though it now involves an additional
prediction model for the instrumental variable (Chernozhukov et al., 2018). For example, in
the partially linear instrumental variables model, we make predictions and compute residuals
for the treatment, outcome, and instrument. Then, instead of using the residuals in a linear
regression, we plug them into the standard IV estimator in place of the respective variables.
For a binary treatment and a binary instrument, Chernozhukov et al. (2018) demonstrate the
estimation of local average treatment effects (LATE, Imbens and Angrist (1994)), which allows

the instrument to interact arbitrarily with the covariates.

2.6.3 DML in further settings

Here, we briefly mention other settings in which researchers might want to apply DML. First,

like Chernozhukov et al. (2018) in their first application, we can also use DML in experimental
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settings. There, the goal is not necessarily to adjust for observed confounding, which we can
largely rule out if the random assignment was properly executed. Nevertheless, adjusting flexibly
for covariates might help to increase the statistical precision of the estimates. Due to random
assignment, we typically know the treatment or propensity model and do not need to estimate
it, but using ML in the outcome model could be advantageous. Second, in some cases, we
are interested in the effects of more than one treatment variable. If the effects of multiple
variables are causally identified, we can simply compute the residual for each treatment and
regress the outcome residual on all of the multiple treatment residuals (Chernozhukov et al.,
2018). Similarly, DML translates to settings with multi-valued treatments or multiple binary
treatment versions (see, e.g., Farrell, 2015; Knaus, 2022). Fourth, there is currently a lack of
clear guidance about whether or how DML extends to settings with panel or longitudinal data.
Chernozhukov et al. (2018) focus on a cross-sectional setting, and adaptations to panel settings
do not seem trivial for two reasons: First, the time dimension complicates the cross-fitting
procedure; and second, the elimination of unobserved heterogeneity is not straightforward in
complex nonlinear models. In Chapter 3, we further explore these issues and consider various

potential solutions.

2.7 Discussion

Our simulations and the application have demonstrated the capability of DML to adjust for
various forms of confounding influences, as long as flexible ML methods are used (e.g., boosted
trees, neural nets, or random forests), and the sample size is reasonably large relative to the
number of confounders. Also, a sound choice of parameters within the DML algorithm can
improve the accuracy (e.g., number of folds) and robustness (e.g., number of repetitions) of
the estimates. Furthermore, we have illustrated that accuracy in predicting treatment and
outcome is indicative of accuracy of the effect estimation. Additionally, we have highlighted that
assumptions about causal structure are still required, as DML cannot account for unobserved
confounding or recognize a bad control. Based on these findings, in what follows we derive

recommendations for applied researchers about when and how to apply DML (see Table 2.6).
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Table 2.6: Problems and recommendations for the application of DML

Decision problem

Recommended decision

Is the effect causally identified?

Which variables should we include?
Which ML algorithm should we use?

How many folds K should we use for
cross-fitting?

How many repetitions S should we
use?

What if we have a very small sample
size (e.g., n < 100)?

What if we are confident in our
parametric model?

Determine identification independently of DML. If the effect is identified based on
observables, use DML to flexibly adjust for covariates.

Confounders, outcome influencers, (noise variables), no instruments, no bad controls.

Use flexible ML methods like random forests, XGBoost, or neural networks, ideally
with some parameter tuning. Choose between ML algorithms based on the predictive
accuracy in the first stage.

Small samples: K =5 — 10; larger samples: K =2 — 5.
Test different sizes of S, choose the lowest S that still leads to stable estimates.

Even though the sample size limits DML’s flexibility, it can still outperform OLS. Still,
run a plausible parametric model in addition to DML and compare the estimates.

You can still use DML as a robustness check to rule out functional form misspecifica-
tions.

2.7.1 When should we (not) use DML?

First, while we have shown DML to be a useful estimation method, it is not a novel strategy for
causal identification. That is, if unobserved confounding is a problem in a specific application,
DML is not a cure for it. Instead, DML can serve as a way of estimating the effect from the
data after one has decided for a plausible identification strategy. Then, DML can estimate the
effect more flexibly than traditional methods by modeling potentially complex functional forms
in a data-driven way. In our study, we have focused on using DML for settings with the iden-
tification strategy “adjusting for observed confounders”. However, DML is also applicable for
strategies like randomized experiments (where it can potentially increase precision) and instru-
mental variables, with researchers continuously exploring extensions to further strategies (e.g.,
difference-in-differences (Chang, 2020)). For strategies that depend on adjusting for covariates
well, DML may provide a solution that does not rely on correctly prespecified functional forms.
In summary, DML does not help to relax identification assumptions, but it can relax estimation
assumptions. For any application, we should first use theory and domain knowledge to outline
a plausible causal structure (which we can represent, e.g., with a DAG). If one of the men-
tioned identification strategies is feasible in this causal structure, researchers can use DML to
estimate the effect without making strong parametric assumptions. Second, if researchers find
themselves in a situation with cross-sectional data, where identification is possible, and there
is no strong theoretical basis for choosing specific functional forms, DML offers a promising
alternative to arbitrarily specifying a parametric model. Even in cases where theory suggests
functional relationships for some confounders, we recommend using DML as it might help to

assess the robustness of the specification to different functional forms learned from the data.
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Third, DML’s ability to flexibly adjust for covariates is especially pronounced for sample sizes
significantly larger than the number of important raw covariates. The method’s benefit over
parametric methods will likely be less pronounced for very small samples, so we particularly
recommend using DML when the number of observations significantly exceeds the number of
important raw covariates. Finally, at this point, we can give no recommendation for the use of
DML with panel data. The original paper of Chernozhukov et al. (2018) focuses on establishing
DML for settings with cross-sectional data. While there is gradual process for understanding
DML in panel settings and the value it can add there, at the time of writing, there are no
theoretical guarantees available that are comparable to the cross sectional setting. However, we

will explore the challenges of panel data and potentially feasible DML approaches in Chapter 3.

2.7.2 How should we use DML?

Once we have decided that using DML is appropriate in our application, we still have a plethora
of decisions to make in the process of applying DML. The first decision is which variables to
include in the estimation. This is related to the question of identification, but goes further.
For identification, we must adjust for all confounders (X.), meaning variables influencing both
the treatment (or instrument in instrumental variables settings) and the outcome. Secondly,
we must not include any bad controls such as colliders (X.o;) (see, e.g., Angrist and Pischke,
2009; Cinelli et al., 2024). These two criteria ensure identification, but other types of variables
also can influence the precision of the estimates. We should include variables only influencing
the outcome (X)), should not include variables only influencing the treatment (or instrument)
(X.), and can, but do not have to, include noise variables (E). We recommend using DAGs to
systematically consider to which of these categories each covariate belongs.

The second decision is which ML algorithm to use within DML. The literature overview in
Section 2.2 has shown that most published applications of DML rely on lasso regressions. In
contrast, based on our simulation analyses, we caution against the use of lasso because DML
using lasso with raw covariates produces biased estimates as soon as the confounding is not
only linear. We rather recommend flexible methods with the ability to fit any functional forms,
like random forests, boosted trees, or neural networks. Ideally, researchers should tune these
methods to achieve high quality predictions and avoid overfitting. If the computational resources
allow it, running DML with different ML algorithms can help to assess the robustness of the

estimates. Also, estimating a traditional parametric model is a helpful reference point. If all
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methods agree, we can have confidence that the estimates are robust to different functional
forms. If the DML methods agree, but are very different from the parametric model, we might
want to question the plausibility of the parametric model. If different DML methods lead to very
different estimates, we can proceed in three different ways: (1) We could return to the causal
structure and question whether our identification strategy is valid. If we are confident that it is,
we could (2) use the results as as form of sensitivity analysis and report the results as a range
of plausible estimates. (3) If we want to obtain a most plausible point estimate, we could use
the predictive accuracy of each ML algorithm in the first stage to determine which parameter
estimate we trust most. If we have entered the correct variables, methods performing better at
predicting treatment and outcome should also adjust more completely for confounding and thus
deliver more accurate causal estimates. If we observe different algorithms performing best for
outcome and treatment, respectively, it is also possible to use the best-performing method for
the respective prediction task. If we had to pick the one single ML method that performs best,
we would recommend the use of boosted trees in the XGBoost implementation. The reason is
that XGBoost performs very well across a very broad range of settings, and we could rarely
identify any setting in which XGBoost is clearly dominated by a different method.

Third, we must decide about the number of folds K into which we split the dataset in DML.
One important factor for this decision is the sample size. For small samples, we should choose
moderate to large numbers of folds (5-10 folds), because they provide more observations to the
prediction task, which increases the flexibility of the ML methods. However, K should not be
so large that very few observations remain in the fold we use for estimating the effect. In larger
samples, the choice of K is less influential. Since large values for K quickly increase computation
times, a choice of K = 2 is reasonable for very large samples. However, we still recommend a
moderate number of folds (e.g., K = 5) if computational resources allow it.

Finally, we have to choose the number of DML repetitions .S for achieving robust estimates.
We recommend treating this as an empirical question: For any specific application, researchers
can run DML with different S and observe whether the estimates of repeated runs are stable.
As we illustrated in Section 2.5, we should finally choose the smallest S with stable estimates

because larger numbers of S significantly increase computation times.
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2.7.3 Limitations of our study

Our study evaluates the DML method in a variety of settings, but there are interesting settings
and implementations we did not consider. First, in our simulations, we focus on the partially
linear model under unconfoundedness with a continuous and homogeneous treatment. It would
be interesting to see how our conclusions translate to settings with binary treatments, treatment
heterogeneity and unobserved confounding with instrumental variables. Second, Chernozhukov
et al. (2018) describe two different score functions for employing DML in the partially linear
model. We only use the “partialling-out” score function and do not contrast it with the “IV-type”
score function, since we did not see significant differences in a few initial simulations. Third,
one could compare additional ML algorithms within DML, implement DML with distinct ML
methods for the treatment and the outcome model, respectively, and compare DML to further
traditional or ML-based statistical methods. Fourth, in most simulations, we are changing
one or two factors of the DGP while holding all others constant. This is a practical strategy,
but might not uncover all nuances of how different characteristics of the data are interrelated.
Lastly, we assess DML in a cross-sectional setting without a time dimension. However, many
disciplines regularly deal with repeated observations over time in panel or longitudinal data. In
these settings, methods like fixed effects estimation can eliminate the influence of time-constant,
unobserved variables (Wooldridge, 2010, Chapter 10). The feasibility of DML in these settings
is not yet well understood, since the time-dimension complicates the cross-fitting procedure and
nonlinear relationships might hinder the elimination of the unobserved effects. Exploring if and
how we can adapt DML to allow estimation under weaker assumptions in these settings is an

important avenue for further research. We address this challenge in the following Chapter 3.
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Abstract

Estimating causal effect using machine learning algorithms can help to relax
functional form assumptions if used within appropriate estimation frameworks. How-
ever, most of these frameworks assume settings with cross-sectional data, whereas
researchers often have access to panel data, which in traditional methods helps to
deal with unobserved heterogeneity between units. In this paper, we explore how
we can adapt double/debiased machine learning (DML) (Chernozhukov et al., 2018)
for panel data in the presence of unobserved heterogeneity. This adaptation is chal-
lenging because DML’s cross-fitting procedure assumes independent data and the
unobserved heterogeneity is not necessarily additively separable in settings with
nonlinear observed confounding. We assess the performance of several intuitively
appealing estimators in a variety of simulations. While we find violations of the
cross-fitting assumptions to be largely inconsequential for the accuracy of the effect
estimates, many of the considered methods fail to adequately account for the pres-
ence of unobserved heterogeneity. However, we find that using predictive models
based on the correlated random effects approach (Mundlak, 1978) within DML leads
to accurate coefficient estimates across settings, given a sample size that is large
relative to the number of observed confounders. We also show that the influence of
the unobserved heterogeneity on the observed confounders plays a significant role for

the performance of most alternative methods.
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3.1 Introduction

Across multiple quantitative disciplines, recent years have seen an explosion of research on
methodologies that try to use machine learning (ML) to help estimate causal effects (e.g., Athey
et al., 2019; Chernozhukov et al., 2018). These methods aim to relax assumptions in the causal
estimation process by using modern ML methods to learn certain properties of the data. Ar-
guably one of the most popular of these methods is the double/debiased machine learning (DML)
framework by Chernozhukov et al. (2018), which we already introduced in Chapter 2. DML can
help relax assumptions about how to adjust for observed confounders by modeling the confound-
ing relationships with flexible ML methods. That is, in the case of a large number of potentially
important confounders, or in cases where the functional forms of the confounding influences are
unknown, DML uses flexible ML methods to pick the most important confounders and to adjust
for them flexibly. This framework has seen applications in a variety of disciplines (e.g., Felderer
et al., 2023; Gordon et al., 2022; Parpouchi et al., 2021), as well as further developments and
extensions to settings beyond the original ones (e.g., Bodory et al., 2022; Chiang et al., 2022;
Liu et al., 2021).

At the same time, many more traditional methods from statistics and econometrics are still
the default approaches for credible causal effect estimation. This is mostly because they aim
to relax assumptions that are stronger than the estimation assumptions DML can relax. These
methods address assumptions about causal identification, e.g., how to estimate causal effects
in the presence of unobserved confounding. Examples are panel data methods, difference-in-
differences, synthetic control, instrumental variables, and regression discontinuity designs (e.g.,
Cunningham, 2021; Huntington-Klein, 2022). While there has been progress in using some of
these methods in combination with the DML framework (see, e.g., Chernozhukov et al., 2024),
very little research has explored how to adapt DML to settings with panel data, which will be
the focus of our paper.

In many applications, we observe the same units (e.g., individuals, firms, cities, etc.) re-
peatedly over time. This kind of data structure — panel data — can be very beneficial for the
identification and estimation of causal effects, since it can help to eliminate any time-constant
source of unobserved confounding or heterogeneity between units (Wooldridge, 2010). However,
even when using panel data in this way, we could still benefit from methods that flexibly adjust

for the observed and time-varying confounders. Hence, combining a method like DML with
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panel data methods could enable us to relax both assumptions about unobserved confounding
and about functional forms in the observed confounding. For example, we might be interested
in estimating the effect of price on demand for a product repeatedly sold across various stores.
Our data might contain information about advertising and promotions, which act as covari-
ates we would want to flexibly adjust for with a method such as DML. However, time-constant
unobserved store characteristics might also influence both the price and the demand (e.g., the
management quality), which we could potentially eliminate by exploiting the panel structure.

Unfortunately, it does not yet seem obvious how we can use DML for panel data in the pres-
ence of unobserved heterogeneity. Chernozhukov et al. (2018) developed the original method
and its statistical guarantees in a cross-sectional setting under the assumption of unconfounded-
ness (or with instrumental variables). Panel data poses two major problems for DML: (1) DML
uses a form of sample splitting called “cross-fitting”, which relies on i.i.d. data and becomes
complicated if another dimension (e.g., time) is present. (2) In linear panel data models, we
can use fixed effects to eliminate time-constant confounding (e.g., Wooldridge, 2010), but only if
the parametric model is correctly specified. By contrast, it is not straightforward where we can
similarly handle unobserved heterogeneity within the DML algorithm, especially in the settings
with nonlinear confounding influences, in which the original DML excels.

In this paper, our goal is to explore the potentials and problems that using DML for panel
data can pose. We state the challenges, consider different potential solutions, evaluate them in
a variety of simulations, clarify and discuss the necessary assumptions, and finally give recom-
mendations for applied researchers when using DML in panel data settings. Our focus is on
whether different point estimators can reliably recover a known true causal effect from panel
data, potentially in the presence of unobserved heterogeneity (as opposed to deriving asymptotic
properties and constructing variance estimators).

To preview our results, we find that violations of the independence assumption within the
cross-fitting procedure are less consequential for the estimated coefficients than expected. How-
ever, many of the considered estimation methods struggle to remove the unobserved hetero-
geneity in settings with nonlinear observed confounding. For example, a seemingly natural
approach of conducting DML on the time-demeaned variables (similar to fixed effects estima-
tion) is strongly biased in settings with nonlinear confounding. We also show that the influence
of the unobserved heterogeneity on the observed confounders has an impact on the accuracy of

several methods. Nevertheless, an alternative approach that explicitly models the unobserved
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heterogeneity in the ML models within DML, based on the correlated random effects approach
(Mundlak, 1978), performs well across a variety of settings. Since explicitly modeling the unob-
served heterogeneity involves the introduction of additional predictors in the ML models, this
approach requires the sample size being large relative to the number of observed confounders.
The remainder of our paper proceeds as follows: Section 2 briefly reviews DML and tra-
ditional panel data methods, before discussing literature at the intersection of these research
streams. Section 3 states the challenges when using DML for panel data and considers several
solutions for each challenge. In Section 4, we assess these potential solutions on simulated data,
generated from a variety of data-generating processes, and point out advantages and drawbacks
of each method. Section 5 concludes with a discussion of the results and derives recommenda-

tions for using DML with panel data in practice.

3.2 Literature review

Our paper contributes to the literature by drawing together research around DML and the
classic econometric literature around panel data, seeking to explore how these research streams
can be mutually beneficial. We therefore first review the original DML method and textbook
panel data methods. Then, we survey work that aims to use general ML, methods with panel
data, extends DML to similar settings, or directly tries to adapt DML to work with panel data.

DML (Chernozhukov et al., 2018) is a general estimation framework that allows using modern
ML methods to flexibly adjust for observed confounding influences. Using flexible ML methods
instead of a predetermined (e.g., linear) model helps to relax assumptions about variable selection
and functional forms in settings where we observe all important confounders. DML does not
directly address the problem of unobserved confounding (though it can help in instrumental
variables settings to make the (conditional) exogeneity assumption of instruments more credible).
We illustrate the intuition behind the DML algorithm for a data-generating process (DGP) based
on the causal graph in Figure 3.1. Here, we want to estimate the causal effect of a treatment
W; on an outcome Y;. However, confounders X; influence both treatment and outcome and
therefore bias the estimation if we do not adequately adjust for them. In practice, researchers
often attempt to adjust for such confounders by including the corresponding variables linearly
(or with another prespecified functional form) in a regression model. Yet the true way the

confounders influence treatment and outcome (the functions mg() and go()) might be unknown
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and potentially complex. This is where DML suggests modeling these influences with flexible
ML methods, which are potentially capable of learning these relationships from the data. For
this, the DML algorithm proceeds in five steps (here, illustrated for the partially linear model):
(1) Randomly split the dataset into K folds, (2) hold out one fold, train two ML models on
the remaining K — 1 folds: first, predict treatment W; from confounders X;; second, predict
outcome Y; from confounders X;, (3) make predictions for treatment and outcome from the
estimated models, using the held out fold, and subtract them from the true values to obtain
residuals, (4) use OLS to regress the outcome residual on the treatment residual and obtain the
coefficient, (5) repeat steps (2)-(4) for each of the K folds, and average the resulting coefficients

to get the final estimate.

X;

moKXi\ 2(%;)
Wi o Y;

Figure 3.1: Causal graph for the assumed causal structure “unconfoundedness”. W;: treatment variable,
Y;: outcome variable, X;: observed confounding variables. The relationships between X; and W (my()),
and X; and Y; (go()), are potentially complex and nonlinear.

Chernozhukov et al. (2018) coin the term “cross-fitting” for the technique of splitting the
data, doing training and effect estimation on separate samples, and repeating the procedure for
all samples. The random splitting in the cross-fitting procedure relies on the observations being
independent and identically distributed (i.i.d.) (Chernozhukov et al., 2018), which is one of the
challenges arising for applications with clustered or panel data. We will further elaborate on
this issue when we describe potential ways of combining DML with panel data.

On the other hand, a major emphasis in econometric research is finding methods that can
estimate causal effects even in the presence of unobserved confounding. We can overcome one
particular type of such omitted variable bias by exploiting the special structure of panel data
— observing the same units repeatedly over time (e.g., Wooldridge, 2010). This type of data
is very prevalent in many research fields, where the units could represent individuals, firms,
products, cities, etc. If some unobserved confounders vary only between units, but not over
time for the same unit, we can use panel data estimators (e.g., the fixed effects estimator) to
eliminate any such time-constant unobserved heterogeneity (Wooldridge, 2010). By eliminating
any time-constant confounding, we can relax the assumption of “no unobserved confounding”
to “no time-variant unobserved confounding”, which is considerably more plausible in many

applications.
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The fixed effects (FE) estimator works by either time-demeaning the data or by using a
dummy variable regression (Wooldridge, 2012). In the time-demeaning approach, we subtract

“within-transformation”,

the time mean of each variable from the variable itself. Through this
we eliminate any (even unobserved) time-constant variables, since they are identical to their
time means (Wooldridge, 2012). In the equivalent dummy variable approach, we simply include
a binary/dummy variable for each unit in the regression. While this leads to a large number
of explanatory variables (which can be problematic with small samples and many units), it
gives the identical effect estimates as the time-demeaning approach in two-dimensional panels
(Wooldridge, 2012). Transferring either approach to the DML framework is not trivial. One
challenge is the decision at which step of the DML algorithm the time-demeaning or the inclusion
of dummy variables should occur. The first option is “early”, meaning we demean all variables
before training the two ML models or include the dummy variables already in the training of the
ML models. The alternative is “late”, meaning that after computing the residuals in step (3),
we time-demean the residuals before running the residual-on-residual regression, or we include
the dummy variables directly in the final regression without demeaning first. We will discuss
potential benefits and drawbacks of each of these approaches in Sections 3.3 and 3.4, but also
present another option that mostly overcomes these challenges.

One lesser known alternative to the fixed effects estimator is the correlated random effects
(CRE) approach (e.g., Wooldridge, 2010). Whereas on the one hand, a classical random effects
approach assumes no correlation between the unobserved heterogeneity and the covariates, and
on the other hand, the fixed effects approach does not restrict this relationship at all, the CRE
framework unifies these approaches by explicitly modeling this correlation (Wooldridge, 2012).
The initial suggestion by Mundlak (1978) was to let the unobserved heterogeneity be correlated
with the average level of the covariates over time, which amounts to including the time means of
each covariate in a pooled OLS or random effects regression (in addition to the original variables
which vary by both time and unit). Later approaches by Chamberlain (1982, 1984) instead model
the unobserved heterogeneity with a linear model of the covariates’ time history. The attractive
feature of these CRE approaches in our setting is that at least in the linear case, they give
coefficient estimates identical to the FE approach (Wooldridge, 2012), while more explicitly
modeling the unobserved heterogeneity instead of removing it, which could prove useful for the

ML prediction steps.
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In Table 3.1, we summarize some features of the standard DML, the fixed-effects estimator,
and further developments related to DML that have explored panel data or similar settings.
The first two rows show the previously described original DML framework and the traditional
fixed effects estimator. The DML framework uses cross-fitting and allows for usage of any
well-performing ML algorithm, but assumes a cross-sectional setting and does not consider any
unobserved heterogeneity. On the other hand, the traditional fixed effects estimator and the
correlated random effects approach can handle time-constant unobserved heterogeneity in panel
data, whereas they do not use any ML algorithms (and no sample splitting) to make adjustment
for time-variant variables more flexible. We use these two methods as a starting point and
explore how the literature up to the time of writing this article (April 2024) has attempted to

harmonize ML-based effect estimation with panel data settings.

Table 3.1: Methods at the intersection of DML and panel data

ML Splitting Made for Considers

Method Reference algorithms procedure panel data unobs. het.
Chernozhukov Standard
DML et al. (2018) Any cross-fitting No No
. Wooldridge ‘
Fixed effects / CRE (2010) n.a. None Yes Yes
Belloni et al. Yes (early
Cluster-Lasso (2016) Only lasso None Yes demeaning)
Not really
DML for Diff-in-diff ~ Chang (2020)  Any Standard (only 2 No
cross-fitting .
periods)
. Chiang et al. Multiway No (but

Multiway DML (2022) Any cross-fitting clustered data) No
(Debiased) Semenova et al. . Neighbors-left-out . Yes (sparse
orthogonal lasso (2023) Only lasso cross-fitting Yes FEs)
Extensions of Lasso,
within-group, Clarke and regression Split by unit in Yes Yes
first-difference, and Polselli (2023) trees, random cross-fitting
CRE forests (any)

First, Belloni et al. (2016) published a method for effect estimation in panel data settings
with potentially high-dimensional time-varying confounders, even before the publication of DML
in Chernozhukov et al. (2018). They treat the unobserved heterogeneity as fixed effects and
remove them through demeaning all variables in a first step. Then, they use a variant of lasso
that accounts for the clustering of units (Cluster-Lasso) to select important predictors in the
treatment and in the outcome model, and use the selected variables as controls in a final OLS
regression of the outcome on the treatment (Belloni et al., 2016). While lasso can learn the

correct model under certain sparsity assumptions even without sample splitting, researchers
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must manually decide which variable transformations to include in the algorithm, since the
authors’ method does not facilitate the use of more flexible MLL methods such as random forests
or neural networks (Chernozhukov et al., 2018).

Second, Chang (2020) extends the DML framework to the semiparametric difference-in-
differences estimator, for situations where the parallel trends assumption only holds after ad-
justing flexibly for controls. While this setting does have a time dimension, the author only
uses it to derive a time indicator for post-treatment, which indicates whether an observation
comes from before or after reception of the (binary) treatment. The derived DML estimator
for the average treatment effect on the treated (ATT) is very similar to the ATT estimator in
Chernozhukov et al. (2018), but uses the difference in observed outcomes instead of the outcome
itself (see also Chernozhukov et al., 2024). Moreover, Chang (2020) only considers time-constant
confounders and therefore does not deal with unobserved unit-level heterogeneity. This setting
is thus closer to the classical cross-sectional setting and does not encounter the problems we face
when dealing with panel data in DML.

The third method also does not directly consider panel data but instead extends DML to
multiway clustered data (Chiang et al., 2022). This setting is related to panel data in that the
data is also double indexed, but instead of a time dimension there are two distinct unit/cluster
dimensions (e.g., markets and products). To account for the clustered structure, Chiang et al.
(2022) develop a novel multiway (K2-fold) cross-fitting procedure that enables DML with any
ML algorithm, even if the data is not i.i.d. but clustered along multiple dimensions. However,
the authors’ main goal is valid inference in the multiway clustered setting, they do not address
identification by accounting for cluster-specific unobserved heterogeneity. Also, their method
does not need to consider the unique challenges of the time dimension in cross-fitting.

Fourth, Semenova et al. (2023) develop methods for conditional average treatment effects
in high-dimensional dynamic panel data settings. They build on the correlated random effects
approach (Mundlak, 1978) and assume approximate sparse fixed effects (i.e., only few fixed effects
are important/nonzero). Their “neighbors-left-out” splitting procedure adapts cross-fitting to
support weakly dependent (panel) data. However, the authors rely on a version of lasso as the
only possible ML algorithm for panel data and only hint at the potential of other ML methods
in such a setting.

Finally, in an independent development parallel to ours, Clarke and Polselli (2023) develop

DML estimators for panel data that account for unobserved individual heterogeneity in the par-
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tially linear model. They implement their approaches with lasso, regression trees, and random
forests, but can in principle incorporate any ML algorithm. For the cross-fitting, they split the
data by unit, such that the full time series of each unit ends up in the same fold. Their first
approach is an “approximation approach”, where they first transform the raw data to remove
the unobserved heterogeneity, and then use DML on the transformed data. The alternative
approaches integrate the correlated random effects model by Mundlak (1978) in a DML frame-
work. In simulations with nonlinear and discontinuous settings, Clarke and Polselli (2023) find
superior performance of the latter methods built on CRE compared to standard linear methods
or the approximation approach. However, they also demonstrate that DML with tree-based ML
algorithms does not lead to valid inference in their settings.

Our study contributes to this literature in general and Clarke and Polselli (2023) specifi-
cally in four ways: (1) In addition to estimators similar to those in Clarke and Polselli (2023),
we consider further intuitively appealing approaches for dealing with unobserved heterogeneity
within DML; (2) we assess these approaches in a substantially wider variety of simulation set-
tings that differ with respect to the true DGP, revealing, e.g., the particular sensitivity of the
most promising approach to an increasing number of observed confounders; (3) we explicitly
demonstrate and discuss the consequences of DGPs where the unobserved heterogeneity also
influences the observed confounding, which is likely to occur in many applications, and (4) we
investigate the impact of various distinct splitting strategies in the cross-fitting procedure on

the estimated effects.

3.3 Possible methods for DML with panel data

In this section, we provide a detailed description of the problems that emerge when using DML
for settings with panel data, and consider adaptations of DML to address these issues. We
identify two problems: (1) the sample-splitting/cross-fitting procedure of DML with dependent
data, and (2) accounting for potential unobserved heterogeneity in DML. For both problems,

we explore a variety of possible solution approaches in the following.

3.3.1 Different splitting strategies for DML with panel data

One essential component of the original DML framework (Chernozhukov et al., 2018) is the

cross-fitting procedure. This kind of sample splitting is important to remove overfitting bias
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that can arise if we use the same observations for training the ML models and estimating the
effects (Chernozhukov et al., 2018). To avoid this overfitting in DML, we train the ML methods
on a part of the data, but make predictions and estimate the effects on another part that we
did not use for training. In general, sample splitting leads to less efficient estimation, since we
use only part of the data for training and estimation, respectively. Nevertheless, DML regains
full efficiency by switching the roles of the training and estimation sample and averaging the
resulting estimates (“cross-fitting”) (Chernozhukov et al., 2018).

However, cross-fitting relies on the assumption that the observations are independent and
identically distributed (i.i.d.) (Chernozhukov et al., 2018). As soon as we enter settings with
panel data, this assumption is violated, because data points are dependent over time (i.e., serial
correlation/autocorrelation) and/or within a cluster, and can end up in the same or in different
samples when randomly splitting the data (Chiang et al., 2022). As a consequence, there is a
danger of overfitting the ML models to the hold-out data. While this certainly makes consistency
statements, asymptotic analysis, and valid confidence intervals difficult (e.g., Wooldridge, 2010),
it is unclear how severe the practical consequences for the estimated effect coefficients really are.
In our study, we will assess how different splitting strategies affect the finite-sample performance
of different DML estimators. We leave the analysis of asymptotic properties and the construction
of valid confidence intervals to future research.

When implementing cross-fitting for panel data, there are a variety of options for how to
split the sample (Table 3.2). First, we could do the standard random split as in the original
DML algorithm for the cross-sectional setting, ignoring the special panel structure. This can

potentially lead to the overfitting bias previously described.

Table 3.2: Different approaches to sample splitting when using DML with panel or clustered data

Splitting strategy  Description Problems

Random Random splitting as in classic DML, ig- Ignores panel structure and dependency
noring panel structure within units/across time
By unit All observations of the same unit end up ML methods cannot predict unit-specific

By time (period)

By time (folds)

By time (neighbors-
left-out)

in the same fold, otherwise random

All observations of the same period end up
in the same fold, otherwise random

T/K adjacent periods end up in the same
fold

T/K adjacent periods end up in the same
fold, folds adjacent to the prediction fold
are excluded from training

effects in the hold-out fold; time depen-
dence potentially still present

Time dependence of period-adjacent ob-
servations; cluster dependence potentially
still present

Time dependence at the splitting point of
adjacent folds; cluster dependence poten-
tially still present

Cluster
present

dependence potentially — still
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Secondly, we could split the data by the unit dimension and ensure that observations of each
unit (index 4) end up in only the training or the estimation sample at any point (as done in,
e.g., Clarke and Polselli (2023)). While this ensures independence between the training and
estimation folds in the unit dimension, it becomes problematic if we expect the ML methods to
also model unit-specific effects (Semenova et al., 2023). That is, we cannot model unit-specific
unobserved heterogeneity by, e.g., including unit dummies as predictors in the ML algorithm,
since the units in the hold-out sample (used for prediction and estimation of effects) are not
present in the training sample. Thus, when splitting by unit, we cannot remove the unobserved
heterogeneity with such an approach.

Alternatively to splitting by unit, we could split along the other dimension, i.e., by time.
Here we consider three different options. These options have in common that they do not
address the potential cluster dependence along the unit dimension. First, we can ensure that all
observations of the same period (index t) end up in the same sample. However, this does not
help in the case of serial correlation, since the adjacent observations in the time dimension can
still end up in the other sample and thus induce a dependence.

The fourth splitting strategy improves upon the previous one by splitting the time-ordered
data into K folds. That is, observations with indices from ¢ =1 to t = T'/K end up in the first
fold, from ¢t = T/K + 1 to t = 2T'/K in the second fold, etc. This procedure reduces the time
dependence to only be substantial at the splitting point of adjacent folds: The last observation
of the first fold and the first observation of the second fold might be correlated, but the further
one moves from the splitting point, the smaller the correlation gets.

To also eliminate the correlations around the splitting points, Semenova et al. (2023) propose
a strategy they call “neighbors-left-out cross-fitting”. They suggest dividing the data into a
relatively large number of time-adjacent folds (K > 10), of which we hold out not only the fold
used for prediction and estimation, but also the folds in its immediate neighborhood. By this,
the training and the estimation samples should be approximately independent, even in weakly
dependent time series or panel data. See Appendix B.1.1 for a graphical illustration of this and

the previous cross-fitting approach.

3.3.2 Accounting for unobserved heterogeneity in DML

The second challenge when using DML with panel data is accounting for unobserved hetero-

geneity. One of the main motivations for using panel data in the first place is to account for
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unobserved influences that only vary along one dimension and are constant in the other (e.g.,
Wooldridge, 2010, Chapter 10). This can, for example, be a unit-specific but time-constant
unobserved variable such as U; in Figure 3.2 or in the partially linear model of Equations 3.1
and 3.2. If this variable influences both treatment and outcome, it acts as an unobserved con-
founder and leads to an omitted variables bias if we employ standard cross-sectional methods
(Wooldridge, 2010). We will later consider three different DGPs that differ with respect to which
variables the unobserved heterogeneity influences (see Figure 3.2). However, since we typically
do not know the true DGP in practice, the ideal method should perform well in each of these

settings.

o &

Wit Y;

(A) (B) (©)

Figure 3.2: Possible DGPs for panel data settings. Wy (treatment), Y;; (outcome), and X;; (observed
confounders) vary across both units and time. U; is unobserved unit-specific and time-constant hetero-
geneity. We consider three causal structures: (A) U; does not influence any other variables (or does not
exist), (B) U; only influences W;; and Y;;, (C) U; additionally influences X;.

Yie = o1 + Wit + v90(Xie) + 6U; + pie (3.1)

Wit = ag + ymo(Xit) + 0U; + i (3.2)

In traditional econometrics, the most common way of dealing with unobserved heterogeneity
in panel data is fixed effects estimation (e.g., Wooldridge, 2010, Chapter 10). If there is un-
observed confounding which varies only along one cluster dimension, using fixed effects can
eliminate its biasing influence (Wooldridge, 2012, Chapter 14). Traditionally, we implement
fixed effects estimation by time-demeaning all variables and running OLS on the transformed
variables. Since the unobserved heterogeneity is fixed over time, it disappears from the de-
meaned equation (Wooldridge, 2012). Alternatively, we can run an OLS regression where we
include a dummy /binary variable for each unit, which leads to the same estimates as fixed effects
estimation in the standard setting (Wooldridge, 2012).

However, if we want to use DML to flexibly adjust for observed confounding in the presence
of unobserved heterogeneity, it is not obvious where and how in the algorithm we can consider

fixed effects (or alternative ways of accounting for unobserved heterogeneity). Should we demean
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the variables before the ML predictions or demean the residuals afterwards? Can we consider the
fixed effects directly within the ML step? How? In the following, we discuss several conceivable
approaches for this setting (Table 3.3).

First, we could ignore the potential for unobserved cluster-level confounding and simply use
the original DML algorithm on the pooled data (“Pooled DML”). This is only appropriate if

there is no unobserved heterogeneity; if this assumption is violated, the estimates will be biased.

Table 3.3: Different approaches to fixed effects within DML

Approach Description

Pooled DML Ignores the panel dimension and unobserved heterogeneity, does standard DML on
full data

Early demeaning First demeans all variables, then runs standard DML on the demeaned data

Late demeaning First runs steps (1)-(3) of DML on original data, then demeans the residuals before

running OLS
DML with dummies  Runs standard DML, but adds a dummy for each unit in the prediction steps

DML with CRE Runs standard DML, but adds time means for treatment and confounders in the
prediction steps as in correlated random effects

The second and third approach are inspired by the traditional fixed effects estimation and
deal with the unobserved heterogeneity by introducing an additional step in the DML algorithm.
In what we call “early demeaning”, we try to eliminate the unobserved heterogeneity before
DML. That is, we demean all variables first, then perform DML on the demeaned variables. If we
fully eliminate the unobserved heterogeneity by this fixed effects transformation, the prediction
tasks in DML should be easier, since the ML methods only need to model observed variation.
The “within-transformed” outcome and treatment equations for the ML training are

Yit — Ui = v90(Tit — Ti) + it — [
(3.3)

wit — Wi = dmo(Tit — T;) + Mit — iy
where w; is the mean treatment over time (% Zthl wj¢). This early demeaning is only appropriate
if the time mean is additively separable in the true DGP, which holds in the linear case, but not
necessarily if go() or mg() are nonlinear, as we will show below. This approach is similar to the
“approximate approach” in Clarke and Polselli (2023).
In the third approach, we deal with the fixed effects later in the DML algorithm (“late

demeaning”). Here, we run steps (1)-(3) of DML first (ML and residualization), before we
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demean the residuals in the final DML step and regress the demeaned outcome residual on the

demeaned treatment residual:

Yy W w KT =
Uy — Uy = Uy — U+ € — 6. (3.4)

This late demeaning increases the difficulty for the ML prediction tasks early in the algorithm,
since the unobserved heterogeneity is still present and acts as additional noise. However, if
the ML method still manages to successfully model the observed confounding, the remaining
unobserved heterogeneity may be additively separable afterwards.

In contrast to the previous two approaches, the final two strategies try to directly model the
unobserved heterogeneity within the two ML models in DML. Instead of an additional step in
the algorithm, these approaches change the predictors/features supplied to the ML methods.
Approach four (“DML with dummies”) includes unit dummies in the prediction steps of DML,
inspired by the equivalence of the dummy variable regression to fixed effects estimation in the
standard linear setting (Wooldridge, 2012). That is, the outcome and treatment equations for
the ML training are

Yit = v90(Tit, 21iy .o 2IN;) + pi
(3.5)

wit = 0mo(Tit, 21;, .oy 2N;) + it

where z1; to zN; are dummy variables for each unit, which are 1 if the observation belongs to
that unit and 0 if it does not. This should work well in settings where there are relatively few
units, or in settings with high-dimensional fixed effects (i.e., many units), if we can assume that
only few of these are important (“sparse” fixed effects). This sparsity assumption is common
in the literature, but often not realistic in settings with unit-specific unobserved heterogeneity
(e.g., Belloni et al., 2016). If the assumption is violated, the prediction tasks will likely become
too complex if the number of observations is not significantly larger than the number of relevant
fixed effects.

The final approach (“DML with CRE”) avoids this sparsity assumption about the fixed effects
by explicitly modeling the relationship between the unobserved heterogeneity and the covariates
as proposed in the correlated random effects approach (e.g., Mundlak, 1978). Chernozhukov
et al. (2022b) mention a similar DML approach for panel data in the application of their novel
automatic debiased ML framework, and Clarke and Polselli (2023) also introduce a related CRE

estimator. In the context of DML, using Mundlak-type correlated random effects amounts to
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including the treatment and covariate time means in addition to the time-varying covariates into
the ML predictions for both the outcome and the treatment:

Yit = v90(Tit, Ti, Wi) + it
(3.6)

wit = 0mo(Tit, Ti, Wi) + Nit-
This way, we can model the time-constant unobserved heterogeneity without introducing a
large number of additional variables. However, if J is the number of covariates, the number
of predictors in the ML models using the CRE approach increases by a factor of 2 % J, since
we introduce the time mean for each additional variable as well. By comparison, all other

approaches only scale by the factor J.

3.4 Simulations

We now explore how the suggested methods perform on simulated data. First, we give an
overview of how we implemented the considered DML methods and introduce alternative tra-
ditional statistical methods as benchmarks. Then, we describe our baseline DGPs, which we
subsequently use to compare different cross-fitting techniques, as well as different estimation
methods. Finally, we extend our baseline simulations and change different characteristics of the

DGPs to investigate the methods’ sensitivity to these modified situations.!

3.4.1 Method implementations

In addition to the various DML approaches described in the previous section, we also imple-
mented several traditional statistical methods as comparison baselines (Table 3.4). The first
method is a naive simple OLS regression, where we regress the outcome on the treatment but
adjust neither for observed covariates nor for unobserved heterogeneity. As the second method,
we also use an OLS regression of the outcome on the treatment, but now include all observed
covariates linearly, i.e., pooled OLS (POLS) (Wooldridge, 2010). This method will be biased and
inconsistent if there is any unobserved heterogeneity and/or if the confounding influence is not
linear. Thirdly, we use the standard fixed effects estimator, where we adjust for all covariates

linearly and try to adjust for the unobserved heterogeneity by including fixed effects.

L All code for method implementation, data generation, and estimation is available on OSF: https://osf.io/
8skxu/?view_on1y=1d56c1e412084ee399cd9a3fdcb39c02.
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Table 3.4: Description of implemented methods

Label Description

Simple OLS Linear regression ignoring all covariates and unobserved heterogeneity

POLS Pooled OLS: linear regression with all covariates but not dealing with unobserved
heterogeneity

Fixed effects Linear regression with all covariates and accounting for unobserved heterogeneity
with fixed effects

PDML Pooled DML: ignoring panel dimension and unobserved heterogeneity, using
XGBoost as predictive algorithm

DML (early FE) Early demeaning: using standard DML with XGBoost as predictive algorithm on
demeaned data

DML (late FE) Late demeaning: running steps (1)-(3) of standard DML with XGBoost as predictive
algorithm first, then demeaning residuals in step (4) before OLS

DML (dummies) Standard DML with XGBoost as predictive algorithm, but adding a dummy for each
unit in the prediction models

DML (CRE) DML with correlated random effects, adding time means for treatment and con-
founders in the prediction models

Oracle FE Standard fixed effects estimation, always knowing the true form of the confounding
(infeasible)

Approaches 4-8 are the various DML implementations for panel data discussed in Table 3.3.
As the predictive ML algorithm(s) in step (3) of DML, we use boosted trees as implemented
in XGBoost. In our implementation, we use default values for the learning rate eta (0.3) and
the maximum tree depth (6), and employ early stopping if the validation set performance does
not improve for 10 rounds. We tune the optimal maximum number of boosting iterations by
choosing from up to 200 rounds with 5-fold cross-validation. We experimented with using other
flexible MLL methods within DML, which lead to very similar results. We choose XGBoost as
representative of flexible ML algorithms due to its strong performance within DML in cross-
sectional settings (see Chapter 2), as well as its computational efficiency compared to other
flexible methods (Chen et al., 2023). One noticeable feature of the “DML (dummies)” method
is that generating unit dummies potentially leads to a very large number of variables. In settings
with many units, this not only complicates the prediction task, but also substantially increases
the computation time for this approach compared to alternatives. In Appendix B.2, we show
timing results for various combinations of numbers of units and periods. In our baseline simula-
tion with 500 units and 10 periods, computing DML with dummies for one dataset takes about
330 seconds, whereas the second slowest method (DML with CRE) is computed within less than
8 seconds.

Finally, we include an infeasible “oracle FE” method as an additional benchmark. Here we

use the standard fixed effects framework, but always in combination with a parametric model
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that uses the correct (in practice unknown) functional form of the covariates. This method
indicates whether researchers could in theory estimate the true effect from the data if they knew

the true functional form of the confounding, i.e., specified the correct parametric model.

3.4.2 Baseline data generation

For all simulations, we follow one of the causal graphs in Figure 3.2. We are interested in
the effect of a treatment variable Wj; (e.g., price) on an outcome variable Yj; (e.g., demand),
so we need to adjust for the observed confounder(s) X;; (e.g., advertising), which influence
both treatment and outcome. We assume and simulate a constant and homogeneous treatment
effect throughout. Observed confounders, treatment and outcome can vary across multiple
dimensions (e.g., both unit and time) and are therefore double-indexed. Furthermore, there
can exist some form of unobserved heterogeneity (e.g., store characteristics such as management
quality) between different units. We model this as an unobserved variable U;, which varies
across only one dimension (here, the unit dimension). In our baseline simulation settings, we
differentiate between three causal structures that differ in how U; influences the other variables:
(A) U; does not exist, or at least exerts no influence on the other variables. In this setting, we
have no unobserved heterogeneity, hence flexibly adjusting for X;; should suffice. (B) U; does
exist, but influences only the treatment and the outcome directly, not the observed confounders
Xit. (C) In addition to treatment and outcome, U; also influences the observed confounders X,
and thus impacts treatment and outcome via multiple pathways. In our example, we consider
structure (C) to be the most plausible, since the unobserved management quality certainly also
influences decisions on advertising and promotions.

In the baseline simulation, we only consider a single variable for each of U;, X;;, W, and
Yi:. In all simulations, we draw single exogenous variables from a standard normal distribution
(N(0,1)). If the variable is clustered and time-constant like U;, we draw the values on the
unit-level and replicate the same value across all time periods for a given unit. We generate
all other variables according to Equations 3.7-3.9, where the inclusion of U; in each equation
depends on whether we simulate the causal structure (A), (B), or (C). Intercepts and noise
terms follow a standard normal distribution («, €, Mit, it ~ N(0,1)). go() and mg() indicate
the functional form of the observed confounding. In our baseline simulations, we use either a
linear functional form (go(Xit) = mo(Xit) = Xit), for which linear methods are appropriate,

or a nonlinear u-shaped functional form (go(X;) = mo(Xit) = X?), for which linear methods
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are misspecified, but for which flexible ML methods might be capable of learning the correct
functional form.?2 We draw the coefficients for the influence of the observed confounders ()
and for the unobserved confounders () for each simulation from a standard normal distribution
(7,0 ~ N(0,1)). We set the true causal effect of interest to 1 (8 = 1). The main goal of the
simulations is to investigate how well different methods can recover this coefficient across various
settings. We specify the number of units N and the number of periods T' in each of the following

result sections.

Xit = g+ 0U; + €4 (3.7)
Wit = a1 + vg0(Xit) + 6U; + n3t (3.8)
Yie = ag + Wi + ymo(Xit) + 6U; + it (3.9)

3.4.3 Comparison of cross-fitting techniques

Before we compare the performance of the considered estimators, we investigate how the different
cross-fitting techniques introduced in Section 3.3.1 affect the coefficient estimates. For this, we
simulate data according to the baseline DGP with the most complex causal structure (C) and
u-shaped confounding influences. The dataset is a balanced panel with N = 100 units across
T = 50 periods. We choose this relatively large number of periods to still have multiple periods in
the hold-out fold when splitting the data into time-adjacent folds. We violate the original cross-
fitting assumption of i.i.d. data both with the presence of unobserved unit heterogeneity and
with a relatively large degree of autocorrelation. We introduce autocorrelation by changing the
DGP of the outcome model (Equation 3.9) to include serially correlated errors: Now, we simulate
it as a weakly dependent time series according to an AR(1) model, i.e., p; = pit—1 + €it, with
the ar-coefficient p = 0.9. If the cross-fitting procedure affects the coefficient estimates, it should
be especially visible when violating the independence assumption. For each considered DML
estimator, we implement all of the cross-fitting techniques from Table 3.2.

In describing the results, we only compare the performance of different cross-fitting tech-
niques within the same DML estimator. In the next section, we will further describe and in-
terpret the differences in performance between the different estimators. Our simulation results

display a surprisingly small influence of the choice of cross-fitting technique on the estimated

*We experimented with other nonlinear functional forms (e.g., a discontinuous step function), which led to
very similar results.
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coefficients (Figure 3.3), except for some special cases. Within most estimation methods, the
different splitting strategies lead to very similar estimated effects. One notable exception is
cross-fitting when splitting by unit: As anticipated by Semenova et al. (2023), this results in
substantial bias if we expect the ML methods to model the unobserved heterogeneity in the hold-
out fold, while only observing the units present in the training folds. For this splitting strategy,
using unit dummies within DML (Figure 3.3B) leads to heavily biased effect estimates, because
the dummy variables in the hold-out data belong to different units than the dummy variables
used for training. To a (much) weaker degree, we make similar observations for DML with CRE
(Figure 3.3A) and pooled DML (Figure 3.3D), though the issues become more pronounced in
settings with very few units and many periods (e.g., N = 10 and 7" = 500, see Figure B.3 in
Appendix B.1.2).

DML (CRE) DML (dummies) DML (late FE) PDML DML (early FE)
A B C D E
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Figure 3.3: Results for utilizing different cross-fitting techniques (Table 3.2) within various DML esti-
mators. The vertical axis depicts the estimated coefficient. The dashed line marks the true causal effect
(8 = 1). The boxplots show the distribution of estimated coefficients across 100 simulated datasets for
each method. Data is generated according to DGP (C), with one observed confounder, u-shaped func-
tional forms and a large degree of autocorrelation (p = 0.9). NLO: neighbors-left-out cross-fitting.

From these observations, we conclude that we should not split by unit when cross-fitting, at
least if unobserved heterogeneity could be plausibly present in our specific application. While
there is theoretical basis for ensuring independence of clustered data, especially for constructing
valid confidence intervals (e.g., Chiang et al., 2022), failing to adequately model the unobserved
heterogeneity will likely lead to a more substantial bias in the estimated effects. Besides splitting

by unit, the results of the other cross-fitting techniques are hardly distinguishable. Therefore,
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in the absence of a strong argument for a specific cross-fitting technique, we will proceed with

the rest of our simulations using the “random” sample splitting method.

3.4.4 Comparison of estimation methods

We now compare the different estimation methods in six different baseline settings that differ
in the causal structure and the functional form of the observed confounding. In all baseline
simulations, we use N = 500 different units across T' = 10 different periods. For now, we assume
no autocorrelation of the error terms.

The plots in the first column (Figure 3.4A, C, and E) show results from simulations with
a linear influence of the observed confounders X;;, whereas the results in the second column
(Figure 3.4B, D, and F) originate from a nonlinear, u-shaped functional form. The DGPs of
the first row follow the causal structure (A), where we simulate no unobserved heterogeneity.
By contrast, in the second row simulations, the unobserved heterogeneity U; influences only
the treatment Wy and the outcome Yj;, but not the observed confounders X;; (causal structure
(B)). The third row contains results from causal structure (C), where the unobserved hetero-
geneity additionally influences X;;. In terms of complexity, the simulation settings become more
challenging from the top left to the bottom right panel.

Across simulation settings, the naive simple linear regression performs worst, since it nei-
ther adjusts for potential unobserved heterogeneity nor for observed confounding. By contrast,
the (infeasible) fixed effects regression with the oracle for the functional form always delivers
unbiased and precise estimates.

In the simplest setting with no unobserved heterogeneity and linear confounding influence
(Figure 3.4A), all methods except for the naive regression perform well and give unbiased es-
timates. If we instead simulate u-shaped confounding relationships of the observed covariates
Xit (Figure 3.4B), several methods become strongly biased. While this is not surprising for
the linear methods (with and without fixed effects), the DML variant with early demeaning also
incurs substantial bias. This is because W;; and Yj; are nonlinear in Xj;, not in X;; = (Xt —X5),
and the time means are not additively separable (i.e., go(X;: — Xi) # go(Xit) — Xi). Hence,
after demeaning, X;; might not be sufficient to predict the treatment and outcome, respectively.
This is especially problematic in a large N, small T setting like our baseline: After removing
the between-variation along the unit dimension (NN), there is only little variation left along the

time dimension (7") to model the nonlinear functional form of the observed confounding.
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Figure 3.4: Results for our baseline simulation with N = 500 units and T" = 10 periods. The horizontal
axis displays the different methods from Table 3.4. The vertical axis depicts the estimated coefficient.
The dashed line marks the true causal effect (5 = 1). The boxplots show the distribution of estimated
coefficients across 100 simulated datasets for each method. The three rows contain three different DGPs:
“noU” indicates no unobserved heterogeneity, “U | X” means the unobserved heterogeneity influences
treatment and outcome, but not confounders, and “U — X” means the unobserved heterogeneity also
influences the confounders.

In the case of unobserved heterogeneity influencing treatment and outcome in addition to
linear observed confounding (Figure 3.4C), we see the importance of using some sort of fixed
effects estimator. Now methods such as the linear regression and pooled DML are biased, since
they only adjust for the observed confounding and not for the unobserved heterogeneity. While
DML with dummies performs much better, it is also not quite unbiased, because the large
number of non-sparse unit dummies (21, ..., 2500;) makes the predictions challenging, and likely
leads to variable selection mistakes. All other methods deliver precise and unbiased estimates.
Moving to nonlinear confounding within the same causal structure (Figure 3.4D), the linear
fixed effects estimator and DML with early demeaning become biased as well. DML with
dummies is similarly biased as in the previous setting. Of the feasible methods, only DML with

correlated random effects and DML with late demeaning are close to unbiased, with the latter

80



CHAPTER 3. DOUBLE MACHINE LEARNING MEETS PANEL DATA

being slightly more precise. Since U; does not influence Xj;;, the unobserved heterogeneity is
additively separable after modeling the observed nonlinear confounding influence, which is how
the late demeaning method operates.

In the most complex causal structure considered, the unobserved heterogeneity also influences
the observed confounders X;;, and thus the treatment and outcome via this second indirect path
as well. In this setting with linear confounding influences, the extent of the bias for pooled
OLS and pooled DML is somewhat attenuated (Figure 3.4E). While these methods had no
information at all about the unobserved confounding in the causal structure (B), they now can
learn something about U;, since it is part of X;; via the path U; — X;;. For these methods,
the influence of U; on Xj;; is beneficial, since they can to some extent exploit that observed
confounders now contain information about the unobserved heterogeneity. On the other hand,
compared to the previous causal structure (no influence U; — Xj;), the late demeaning method
now incurs bias. In the U; — X, setting, this method “overfits” treatment and outcome
by modeling their relationship with U; twice. First, by predicting these variables from X,
which now also contains information about U;. Second, by demeaning the residuals after the
predictions. Both residualization and demeaning try to remove the same confounding variation
induced by U;. Although they only remove this variation imperfectly (see, e.g., pooled OLS and
pooled DML), trying to remove it twice leads to unintentionally removing exogenous variation
that we need for estimating the effect of W on Y from the residuals, hence causing a biased
estimate.

The final and most challenging setting follows the same causal structure, but uses a nonlinear
influence of the observed confounders (Figure 3.4F). As in Panel E, the late demeaning method
again cannot deliver unbiased estimates. The only feasible method without substantial bias is
DML with correlated random effects, followed by DML with dummies, which incurs a similar
bias as in the previous three settings. Compared to Panel D, pooled DML is less biased, since
it (partially) learns about U; through Xj;.

Across settings, only DML with correlated random effects consistently delivers estimates
that are close to the true effect. If the influence of the observed confounders is linear, standard
fixed effects estimation is appropriate and sufficient, but it fails if that influence is different from
the one specified in the fixed effects model (e.g., nonlinear instead of linear). If we can rule
out an influence of the unobserved heterogeneity on the observed confounders, DML with late

demeaning gives very accurate estimates. However, since we rarely can rule out that influence
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with certainty in practice (or instead have reason to believe that it exists, like in our example),
our simulations suggest that DML with correlated random effects is most robust to any of the

considered baseline settings.

3.4.5 Simulation extensions

From the initial baseline, we vary different characteristics of the DGP to explore how the con-

sidered methods perform in a variety of settings.

Changing the panel dimensions N/ T

First, we vary the ratio of the number of units (N) to the number of time periods (7'), while
keeping the overall number of observations constant. In addition to the baseline setting [N =
500, T = 10|, we also consider the combinations [N = 100, T" = 50|, [N = 50, T' = 100], and
[N = 10, T = 500]. Since we currently only simulate unobserved heterogeneity on the unit
dimension and not on the time dimension, we expect the smaller numbers of units (and thus
decreased dimensionality) to benefit the DML with dummies method most of all.

We report results for the setting with N = 10 units and 7' = 500 periods (Figure 3.5). In
comparison to our baseline (Figure 3.4), the estimates of two particular methods change sub-
stantially. First, using DML with dummy variables now results in virtually unbiased estimates.
The ML algorithm only has to handle 10 dummy variables (one for each unit) instead of the 500
dummies in the baseline scenario. This easier task does not result in variable selection mistakes,
and thus the method estimates the effect almost as precisely as DML with correlated random
effects. Second, DML with early demeaning now also delivers precise estimates in the less com-
plex nonlinear settings (Figure 3.5B and D), but still not for the complex setting in Panel F. As
mentioned above, the early demeaning removes unit-specific between-variation, which the ML
method subsequently cannot use for the prediction task. However, in the absence of U; — X,
this is only consequential if the between-variation is crucial for modeling the confounding re-
lationships. In the current small N, large T setting, the within-variation still consists of 500
observations per unit, which is sufficient for modeling the nonlinear functional forms. In the
more complex setting (Panel F), the early demeaning still cannot fully remove the unobserved
heterogeneity, since the time means are not additively separable due to the nonlinear function:
g0(Xit — X;) # go(Xit) — X;. The performance of the remaining methods is very similar to the

baseline setting.
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Figure 3.5: Results for the setting with N = 10 units and 7" = 500 periods. The dashed line marks
the true causal effect (8 = 1). The boxplots show the distribution of estimated coefficients across 100
simulated datasets for each method. The three rows contain three different DGPs: “noU” indicates no
unobserved heterogeneity, “U | X” means the unobserved heterogeneity influences treatment and outcome,
but not confounders, and “U — X” means the unobserved heterogeneity also influences the confounders.

The settings with [N = 100, T = 50] and [N = 50, 7' = 100] lead to results between the
baseline and the [N = 10, T' = 500] setting, such that DML with dummies and DML with early

demeaning decline in accuracy as N increases and T decreases (see Appendix B.3.1).

Increasing the number of observed confounders

In the second extension, we test how the different methods scale for larger numbers of observed
confounders X;;. We focus on causal structure (C) with nonlinear confounding and generate X
for j = 1,...,J confounders according to Equation 3.10, where we draw €;;; from a multivariate
normal distribution with a mean of zero and a randomly generated covariance matrix (i.e.,

€jit ™~ N(O, E), Y= A,A, with A ~ N(O, 1))

int = oj + oU; + €jit- (3.10)
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Also, we now draw separate confounding coefficients 7; for each confounder and divide each by
the overall number of confounders J (Equations 3.11 and 3.12). In doing so, we ensure that
on average, the overall strength of the confounding influence is similar to the baseline scenario,

such that we are only varying the number of confounders.

J
Wit =a1+ ) ljjgo(int) + 6U; + mit (3.11)
=1
I
Yit = ao + Wi + Z ;mo(int) +0U; + it (3.12)
j=1

For this setting and the next, we introduce two new methods as baselines to facilitate the
interpretation of the results. First, the method “FE only” does not adjust for the observed
confounding (X;;) at all, but only aims to account for unobserved heterogeneity by using fixed
effects. This method allows us to determine how important directly adjusting for the unobserved
heterogeneity is. Second, the (infeasible) method “Oracle w/o FE” adjusts for the observed
confounding by knowing the “true” functional form, but does not account for the unobserved
heterogeneity, thereby demonstrating the significance of adjusting for the X;; only. Finally,
the additional benefit of also adjusting for the unobserved heterogeneity becomes visible in the
previously described “Oracle FE” method.

We display the resulting mean absolute error (MAE) in the causal coefficient for each method
for between 1 and 10 observed confounders (Figure 3.6). We first observe that the (infeasible)

oracle methods are barely affected by changing the number of confounders: The full oracle
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Figure 3.6: Mean absolute error in the estimated coefficient across 100 simulations by number of

observed confounders. The simulated influence of the observed confounders is u-shaped, the causal
structure is (C), i.e., U; — Xy N =500, T = 10.
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(“Oracle FE”) perfectly adjusts for both observed and unobserved confounding and remains un-
biased for all numbers of confounders, whereas only adjusting perfectly for observed confounding
(“Oracle w/o FE”) leads to an almost constant bias around 30%.

Contrary to the oracle methods, virtually all other approaches increase in MAE as the number
of confounders increases. Also, the gap between methods explicitly accounting for unobserved
heterogeneity and their counterpart that does not becomes smaller or vanishes for larger numbers
of confounders. For example, “FE only” incurs a similar degree of bias as “Simple OLS” after
5 confounders. Comparing the DML methods (excluding early demeaning) to the functional
form oracle, we observe that they all are substantially more accurate. This indicates that these
methods do not only adjust for the observed confounding well (as “Oracle w/o FE” does), but
also capture parts of the unobserved heterogeneity. Interestingly, the pooled DML approach
outperforms the functional form oracle as well, even though it has no explicit way of adjusting
for the unobserved heterogeneity. This is because PDML can indirectly adjust for part of the
unobserved heterogeneity, as Xj;; contains variation caused by U; (U; — X;¢), which facilitates
the prediction of treatment and outcome. However, as the number of confounders and thus the
dimensionality increases at a constant sample size, all DML methods after some point struggle
to still adjust effectively. The pooled DML and “late” fixed effects approaches improve from one
to two confounders, before increasing in bias similar to the others methods for more confounders.
These approaches initially benefit from multiple Xj;;: As the dimensionality of Xj;; increases,
the direct influence of the unobserved U; becomes less important, while the indirect influence is
blocked by adjusting for the Xj;;. This benefit of having multiple observed confounders in the
U; — X case becomes even more evident when the prediction tasks are simpler, e.g., for linear
confounding or larger sample sizes (see Figures B.7 and B.8, respectively, Appendix B.3.2). At
the same time, adjustment for further Xj;; becomes more challenging in our baseline setting,
hence the negative effects of additional confounders quickly dominate and the bias increases.

Using fixed effects late in DML and using dummies behave relatively similarly, with the
dummy approach scaling slightly worse with the number of confounders. While DML with the
CRE approach is almost unbiased for one confounder, its bias increases with the number of
confounders more quickly than that of the other methods. From seven confounders on, it incurs
bias similar to the late fixed effects method; for ten confounders, it is similar to the pooled DML.
This is likely because the dimensionality in the CRE approach increases by a factor of 2 x J, as

for each observed confounder we have to adjust both for the time-varying variable and its time
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mean. By contrast, the other methods only have to handle J variables, making the adjustment
process less complex. While this appears to be a downside of the DML with CRE method, in
the next set of simulations we investigate whether the method can handle larger numbers of

confounders, provided a sufficiently large sample size.

Varying the sample size

We now assess how the sample size influences the estimates of the different methods. Is the
bias in the estimates only a consequence of finite samples or is there some systematic issue with
the estimators that prevents them from getting closer to the true effect? The results show that
while most feasible methods are not guaranteed to substantially improve with sample size, DML
with CRE can recover the true effect as long as the number of observations is large relative to
the number and strength of the observed confounders.

First, we vary the number of units IV in the baseline setting with causal structure (C) and
one observed confounder with a u-shaped functional form (Figure 3.7). DML with CRE is the
only feasible method that is close to the oracle method, and it gets more precise as the number
of observations increases. None of the other DML-based methods substantially improve in larger

samples, since they systematically lack the ability to model the unobserved heterogeneity.
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Figure 3.7: Mean absolute error in the estimated coefficient across 100 simulations for 1 observed
confounder by the number of units. The number of periods is fixed at T = 10. The simulated influence
of the observed confounder is u-shaped, the causal structure is (C), i.e., U; — X;;. We computed DML
(dummies) only for up to N = 1,000, as it becomes computationally too costly for larger values.

This behavior changes when we look at a setting with more observed confounders (Figure 3.8;
5 confounders). Now the other DML-based methods (except for the early demeaning) substan-

tially improve as the sample size increases, since the additional observed confounders contain
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more information about the unobserved heterogeneity. However, DML with CRE remains dom-
inant at every sample size, even extends its advantage for very large samples, and converges to

the oracle method for N = 5,000.
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Figure 3.8: Mean absolute error in the estimated coefficient across 100 simulations for 5 observed
confounders by the number of units. The number of periods is fixed at T'= 10. The simulated influence
of the observed confounders is u-shaped, the causal structure is (C), i.e., U; = X;;. We computed DML
(dummies) only for up to N = 1,000, as it becomes computationally too costly for larger values.

We observe similar results for settings where we vary the number of periods T while keeping
the number of units constant at N = 500 (see Figures B.9 and B.10, Appendix B.3.3). As the
only noticeable difference, DML with early demeaning there also improves as the number of
periods (i.e., the amount of within-variation) increases, although it is still heavily biased even

at T = 400.

Two-way fixed effects

Here, we augment the unit-specific unobserved heterogeneity by also including time-specific
unobserved heterogeneity. Hence, the DGP in Equations 3.13-3.15 now also contains the unob-

served variable U;, which varies only over time:

X = ag+0U; + 06U + ¢4 (313)
Wit = a1 + v90(Xit) + 6U; 4 6U; + mit (3.14)
Yii = a9 + BWit + ’)/mo(Xit) + 6U; + 6Uy + it (3.15)

In the estimation process, methods using fixed effects now employ both unit and time fixed effects,

while the correlated random effects approach includes both unit and time means for treatment
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and covariates, in addition to the original covariates. Compared to the baseline setting, no
method performs substantially different under two-way fixed effects (Figure 3.9). All methods
that cannot fully account for the unobserved heterogeneity in the baseline now perform slightly
worse, since there is additional time-varying heterogeneity they can also not account for. DML

with correlated random effects seem virtually unaffected by the added dimension.
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Figure 3.9: Results for DGPs with unobserved heterogeneity in both the unit and the time dimension
with N = 500 units and 7' = 10 periods. The dashed line marks the true causal effect (8 = 1). The
boxplots show the distribution of estimated coefficients across 100 simulated datasets for each method.
The three rows contain three different DGPs: “noU” indicates no unobserved heterogeneity, “U | X”
means the unobserved heterogeneity influences treatment and outcome, but not confounders, and “U —
X7 means the unobserved heterogeneity also influences the confounders.

Autocorrelation

One relevant difference between cross-sectional and panel data is the potential for autocorrelation
(or serial correlation) in the latter, i.e., the error terms of the outcome model could be correlated
across time (Wooldridge, 2012, Chapter 10). Serial correlation does not prevent consistency and

unbiasedness in OLS under strict exogeneity (Wooldridge, 2012, Chapter 12), but invalidates
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the usual OLS standard errors (even though cluster robust standard errors are available for
traditional methods). While standard errors are not the focus of our analysis, we want to explore
whether serial correlation can also become problematic for the estimated coefficients in DML,
where it violates the i.i.d. assumption in the cross-fitting procedure. We already explored the
impact of different cross-fitting procedures on the estimates in the presence of autocorrelation in
Section 3.4.3. Now, we investigate how different degrees of autocorrelation affect the estimates
in our baseline setting with causal structure (C) and nonlinear observed confounding.

To test the methods’ sensitivity to autocorrelation, we change the DGP of the outcome
model (Equation 3.9) to include serially correlated errors: Now, we simulate pu;; according to an
AR(1) model, i.e., j = ppiz—1 + €4, with the ar-coefficient p equal to 0, 0.5, or 0.9, implying no,
medium, and substantial autocorrelation, respectively. We allow for a longer time series than in

our baseline by returning to the setting with N = 100 observations and T' = 50 periods.
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Figure 3.10: Results for different degrees of autocorrelation with N = 100 units and 7" = 50 periods.
Panel A, B: no autocorrelation; Panel C, D: medium degree of autocorrelation; Panel E, F: strong
autocorrelation. The dashed line marks the true causal effect (8 = 1). The boxplots show the distribution
of estimated coefficients across 100 simulated datasets for each method. The simulated influence of the
observed confounders is u-shaped, the causal structure is (C), i.e., U; = X;s.
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We find that even larger degrees of autocorrelation do not substantially alter our conclusions
about the estimated coefficients (Figure 3.10). Only the distribution of the estimates of the
well-performing method becomes slightly wider, while still being centered around very similar
values. We conclude that in DML, the degree of autocorrelation is not critical for the accuracy of
the estimated coefficients, and will probably only complicate the construction of valid standard

CITrors.

3.5 Discussion

In this article, we explored how we can adapt the double/debiased machine learning framework
to deal with unobserved heterogeneity in panel data settings. For this purpose, we considered
several intuitive methods to account for unit-specific heterogeneity within DML. If DML can
thereby adjust for time-constant unobserved confounding, similarly to the traditional fixed ef-
fects estimator, we can relax two assumptions when estimating causal effects: (1) the estimation
assumption that we have chosen the correct functional forms in a parametric model, since a flex-
ible ML method can in principle learn these within DML, and (2) the identification assumption
that there is no unobserved confounding, since accounting for unobserved heterogeneity allows
us to rely on the weaker assumption of no time-varying unobserved confounding. However,
adaptations of DML to panel data settings are not straightforward due to two issues. First,
the dependence of observations within the same cluster and/or across time violates assumptions
underlying the cross-fitting procedure of DML. Secondly, nonlinear confounding relationships
complicate the elimination of unobserved heterogeneity.

While our results show that the choice of cross-fitting procedure is not crucial for the accuracy
of the estimated effects, we also find that many of the intuitive methods fail to recover the true
effect in simulated data with nonlinear influences of the observed confounders. Although most
DML-based methods are superior to estimating a misspecified (i.e., linear) fixed effects model in
such settings, most of them cannot fully remove the confounding bias. We demonstrate that the
influence of the unobserved unit-specific confounding on the observed time-varying confounders
(Ui — X4) plays a critical role in the viability of some methods: Due to the nonlinear influence
of the observed confounders, the unobserved heterogeneity is no longer additively separable and
most approaches cannot easily eliminate it. The only DML estimator delivering good estimates

across settings is the one using the Mundlak-type correlated random effects approach within
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DML: By using the time-means of the treatment and the covariates as additional predictors
within DML, this approach can explicitly model the unobserved heterogeneity, even in cases
with nonlinear observed confounding. One caveat of this estimator is the need for a sample size
that is large relative to the number of observed confounders, which however is not unreasonable
in many applications.

We next discuss whether it is warranted to stress the importance of the influence of the
unobserved heterogeneity on the observed confounding (U; — Xj;) like we do in this article. Is
this path likely to be present in typical applications? We consider two classical causal questions
as examples: the evaluation of job programs, and the estimation of the price elasticity of demand
for consumer goods. First, one standard problem in econometric textbooks is estimating the
effect of a job program (W;;) on future earnings of the participants (Yj;) (e.g., Wooldridge, 2010,
Chapter 10). Important unobserved, but (relatively) time-constant confounders (U;) could be
the ability or motivation of individuals, which could influence both whether they participate
in the training and their future earnings. Observed confounders typically consist of individual
characteristics like age, sex, years of schooling, marital status, number of hours worked before the
training, etc. While some of these are certainly not influenced by the unobserved heterogeneity
(age, sex) and would drop out of a fixed effects regression anyway, others can vary over time
(schooling, marital status, hours worked) and are plausibly influenced by the ability and/or
motivation (U; — X;). Secondly, we return to our example from the introduction. Because
pricing decisions are very consequential for many products, retailing firms want to know the
effect of price (W;;) on demand (Yi;) (e.g., Bijmolt et al., 2005). However, if the available panel
data consists of different stores over time, there could be unobserved heterogeneity (U;), e.g., due
to management quality, the attractiveness of the store location, or demographic characteristics
of residents nearby (e.g., Papies et al., 2017; Wooldridge, 2010). At the same time, observed
factors like advertising, sales promotions, or prices of competitor products could function as
time-varying confounding variables (Xj;), and are likely also influenced by the unobserved time-
constant factors (U; — Xj;). In sum, these two examples illustrate that the influence of Uj;
on X;; is arguably common in practice. As a consequence, researchers should ensure that the
estimators they use are capable of dealing with this setting, like we show for DML with CRE.

From our results, we derive the following recommendations: (1) In applications where re-
searchers currently use the traditional fixed effects regression, we recommend additionally using

DML with correlated random effects and comparing the estimated coefficients. This robustness
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check can indicate potential for functional form misspecification if the estimated effects are very
different. (2) When comparing the results, we recommend making the confidence in the DML
estimate dependent on the sample size. We encourage a higher confidence in the accuracy of
the estimated effect if the sample size is large and the number of observed confounders is small.
(3) We recommend not splitting by unit within cross-fitting, at least if the goal is to model
the unobserved heterogeneity within the ML prediction steps. (4) We discourage interpreting
standard errors or confidence intervals stemming from our considered DML estimators. There
is still a lack of clarity about how to obtain valid variance estimators in these settings with both
cluster and time dependence, especially in combination with the cross-fitting procedure.

Our final recommendation already ties in with the limitations of our study. We focus only
on whether the suggested estimators are capable of retrieving the true causal effect in a variety
of simulated settings. We do not provide any asymptotic properties of these estimators and
are thus not able to construct valid confidence intervals. Also, our considered estimators are
motivated by intuitively appealing adaptations of existing panel data methods and not built on
Neyman-orthogonal scores like the ones in Chernozhukov et al. (2018). By contrast, Clarke and
Polselli (2023) derive a Neyman-orthogonal score for a similar setting, but also show inference to
be problematic in a number of situations. Further exploration of the possibilities and limitations
of statistical inference in these settings will be crucial for a more widespread adoption of these
methods in practical applications. Finally, we are assuming the absence of dynamic effects and
effect heterogeneity, and only consider additive fixed effects. Future research could study the
consequences of violating these assumptions and propose alternative DML adaptations for these

situations.
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Abstract

Traditional causal inference methods in economics and social science assume
knowledge about the underlying causal structure of a problem, which researchers
subsequently utilize to identify and estimate causal effects. However, recent research
in computer science and philosophy has explored under which conditions the causal
structure itself is discoverable from observational data. In this paper, I explore the
potential of causal discovery for typical questions in the social sciences, where the
final goal is the estimation of causal effects. For this purpose, I review the funda-
mental methodology of the field, before focusing on two methods that provide a full
pipeline from causal discovery to causal effect estimation. I evaluate the methods on
simulated data and apply them to the classical dataset about 401(k) eligibility and
net financial assets. My results indicate that discovery of causal structure and subse-
quent effect estimation is in principle possible, but only with very large sample sizes
and under rather restrictive assumptions, which will rarely be justifiable in social sci-
ence applications. Finally, I discuss the general applicability of causal discovery in
social science, concluding that the methods cannot replace theory and domain knowl-
edge, but might be useful for exploratory purposes and initial hypotheses generation

in fields with very little prior causal knowledge.
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4.1 Introduction

Causal questions of various kinds are at the heart of scientific inquiry: “What is the effect of the
minimum wage?”, “Do vaccines reduce mortality?”, “What is the cause of Alzheimer’s disease?”,
“How will targeted advertising affect demand?”, etc. Much of the methodological research
around such questions has been concerned with the identification and estimation of causal effects,
given data and a causal model (e.g., Herndan and Robins, 2020; Imbens and Rubin, 2015). This
approach assumes prior causal information: Researchers derive a (hopefully) plausible causal
structure from theory and domain knowledge, either encoded in functional equations or a causal
graph. If the assumptions of this causal structure are correct, it contains information about how
to identify the causal effect from observed data by indicating sources of exogenous information,
variables to adjust for, etc. Given valid identification, researchers can estimate the causal effects
of interest from the data using a variety of sophisticated techniques (Angrist and Pischke, 2009).

While the fields of statistics and econometrics have made much progress regarding issues
of identification and estimation, another research field has emerged in computer science (e.g.,
Pearl, 2009; Peters et al., 2017) and philosophy (e.g., Spirtes et al., 2001) that asks an even
more ambitious question: Can we actually start earlier in the causal inference workflow and
learn something about the causal structure itself directly from the data? If possible, this could
prove especially useful if there is a lack of theory about a problem with many components and /or
if the theory is ambiguous and conflicting. Additionally, causal reasoning is a key aspect missing
in current artificial intelligence applications, which is why the machine learning community ded-
icates a great amount of resources to learning about and from causal structure (e.g., Scholkopf,
2022).

Methods in this field of causal discovery or causal structure learning try to learn as much as
possible about causal relationships between variables from observational (or experimental) data
(e.g., Eberhardt, 2017). The output is typically a causal graph or a set of possible causal graphs
that could have generated the observed data. The intuition behind these methods is that the
data-generating process under certain conditions leaves a footprint on the observed data, which
algorithms in principle can (partly) discover (Glymour et al., 2019).

Since data alone only allows conclusions about correlations and not directions of effects,
all causal discovery algorithms rely on additional assumptions (Eberhardt, 2017). Different

algorithms impose different assumptions, which might be more or less reasonable, depending on
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the application. Whether these assumptions are plausible for realistic applications is subject
to an intense debate. Gelman (2011) is “extremely skeptical” of the goal of learning causal
structure, especially in social science. His main argument is that in real-world applications,
there is a non-zero effect between virtually every pair of variables, which makes methods that
rely on conditional independencies infeasible. Imbens (2020) emphasizes that causal discovery
asks very different questions than traditional causal inference in economics. Although he states
the potential relevance of these questions, he concludes that the methods are currently not
feasible for real-world application. On the other hand, Shalizi (2021) argues that assumptions in
causal discovery are “comparable to or weaker than assumptions for causal estimation problems”,
pointing out the strong identification and estimation assumptions necessary for, e.g., propensity
score matching. Similarly, Malinsky and Spirtes (2017) propose a causal discovery method as an
alternative to propensity score techniques that assume unconfoundedness, an assumption their
method does not rely on.

These opposing views warrant a deeper investigation into the relevance and applicability
of these methods for real-world causal questions in the social sciences. While there has been
plenty of foundational research and theoretical development in causal discovery, it is still not
obvious to many applied researchers whether and how these developments can contribute to the
typical causal questions in their field. In contrast to standard identification assumptions, it may
be more difficult to assess the plausibility of assumptions in causal discovery in the respective
domain. So far, a majority of applications of causal discovery algorithms have been in biology,
genetics, or related fields (see Glymour et al., 2019). In social science, credible applications are
currently very rare. Therefore, the goal of this paper is to explore the usefulness of current
causal discovery methods when the final goal is not only the discovery of causal structure, but
also the estimation of specific causal effects, which are typically of key interest in social science.
While this article does not aim to be a comprehensive treatment of all developments in the field,
it reviews, assesses, and applies popular discovery methods that could potentially aid in the
process of going from data to causal effects.

To this end, I first provide a basic overview of the main terminology, assumptions, and
algorithms in causal discovery (Section 4.2). Then, I focus in more detail on two methods that
aim to provide a full pipeline from causal structure discovery to effect estimation. The first is
called “intervention-calculus when the DAG is absent” (IDA; Maathuis et al., 2009), for settings

where all variables are observable (Section 4.3). The second one is “latent variable IDA” (LV-
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IDA; Malinsky and Spirtes, 2017), which allows for unobservable variables (Section 4.4). I assess
the performance of the two methods on simulated data, where both the true graph and the true
effects are known. In Section 4.5, I demonstrate and evaluate the application of both methods
to the classical dataset about 401(k) eligibility and net financial assets (Poterba et al., 1994).
Finally, based on my findings, I critically discuss the general applicability of causal discovery
methods for typical causal questions in social science (Section 4.6). I focus on the plausibility

of assumptions and give my perspective on the future potential of algorithms from this field.

4.2 A brief overview of causal discovery

In this section, I provide a non-comprehensive overview of the concepts, assumptions, and algo-
rithms from causal discovery that are relevant for this article. For more extensive reviews and
introductions see Eberhardt (2017), Glymour et al. (2019) (includes applications and practical
guidance), Heinze-Deml et al. (2018a) (includes a simulation study comparing different meth-
ods), Squires and Uhler (2023) (from a combinatorial perspective), and Vowels et al. (2022)

(focuses on continuous optimization methods).

4.2.1 General concepts and terminology

Most causal structure learning methods are based on causal graphs, with the most informative
version of a causal graph being a Directed Acyclic Graph (DAG). A DAG consists of nodes,
representing variables, and directed edges, representing the flow of causation or the direction of
effects. The absence of an arrow indicates that there is no direct causal relationship between
two variables. Most causal discovery methods assume acyclicity, i.e., the graph cannot contain
any cycles, where a path of edges pointing in the same direction ends up at the starting node
(e.g., Eberhardt, 2017). In a causal graph, the direct causes of a variable are called its parents,
while its direct effects are called its children. Furthermore, ancestors are all variables occurring
before a variable on a directed path, and all variables occurring after it are its descendants. In
Figure 4.1, nodes A and B are parents of X, while W and Y are children of X. A node with two
incoming arrows is called a collider, e.g., X is a collider on the path from A to B. If additionally
(as in Figure 4.1), A and B do not have any direct causal relationship, this part of the graph is

a v-structure or X is an unshielded collider. This special structure is crucial for orienting edges
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in many causal discovery algorithms (e.g., Kalisch and Biithlmann, 2014). On the other hand,

in relation to W and Y, X is a common cause or a confounder.

A o W

B oY

Figure 4.1: A simple DAG to illustrate graph concepts

The terms d-connectivity and d-separation are useful when thinking about the flow of causa-
tion in a causal graph. Two nodes/variables in a graph are said to be d-connected if there exists
a connecting path between them (e.g., A — Y), and d-separated if not (Pearl et al., 2016). We
say a path is blocked either if there is a collider, which s not conditioned on, or if there is a
mediator or confounder that is conditioned on. E.g., in Figure 4.1, the path A — B is blocked,
if we do not condition on the collider X. However, if we want to block the path A — Y, we
need to condition on X.

These rules lie at the core of Pearl’s do-calculus, which is a formal way to get from any
causal graph to an identification statement. That is, the do-calculus states whether a causal
effect of interest is identified from the observed variables in the graph, and if so, which variables
we need to adjust for, use as instruments, etc. (Pearl, 2009). One of the most important tools
of the do-calculus is the backdoor-criterion. Given a DAG, it determines which variables one
should condition on when estimating the effect of one variable on another (Pearl et al., 2016).
In causal discovery, the concept of d-separation helps to connect relationships between variables
in a causal graph to conditional independencies in data originating from this graph. Under
assumptions stated in the next subsection, this connection enables learning causal graphs from

data.

4.2.2 Assumptions

Like all causal inference methods, causal discovery algorithms rely on assumptions, which are
often strong and untestable (e.g., Eberhardt, 2017). Depending on the family of methods,
different assumptions are necessary, where some might be more plausible in certain applications

than others.
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Two of the most common assumptions, underlying virtually all constraint-based and score-
based structure learning methods, are the causal Markov and the causal faithfulness assumptions
(Figure 4.2). Together, they imply that we can get from d-separation statements in the causal
graph to (conditional) independence statements in the data and vice versa (Eberhardt, 2017).
The causal Markov assumption states that if two nodes in a causal graph are (conditionally) d-
separated, then the corresponding variables in the data are (conditionally) independent (Heinze-
Deml et al., 2018a). For example, in Figure 4.1, A is d-separated from Y by X. If the causal
Markov condition holds, then, in data generated by this graph, A will also be statistically
independent from Y conditional on X. More formally, the causal Markov condition states that
every variable in the causal graph is probabilistically independent of its non-descendants given
its parents (e.g., Eberhardt, 2017). This assumption is rather weak and difficult to violate
in standard settings (Eberhardt, 2017). If two or more graphs share the same d-separation
statements — therefore implying the same conditional independencies — they are called Markov
equivalent (Glymour et al., 2019). The set of DAGs that are Markov equivalent is a Markov
equivalence class (MEC). Many causal discovery algorithms discover a MEC of graphs that are

compatible with the observed data, rather than a singular unique DAG.

S S
/\ - L 1 - /\
[} [ ] [ ]
X Y X Y
(A) Causal Markov assumption: d-separation (B) Faithfulness assumption: (conditional) in-
in graph implies (conditional) independence in dependence in data implies d-separation in the
data. graph.

Figure 4.2: Causal Markov and faithfulness assumptions

The counterpart of the causal Markov assumption is the causal faithfulness assumption.
While the Markov assumption links the graph to the data, the faithfulness assumption links the
data to the graph and is therefore essential for causal discovery (Figure 4.2). We call a data
distribution faithful to a graph, if each (conditional) independence in the data corresponds to a
d-separation in the graph (e.g., Eberhardt, 2017). For example, if in Figure 4.1, a conditional
independence test on the data tells us that A and Y are independent conditional on X, we assume
that A and Y are d-separated by X in the causal graph. It is much easier to encounter a violation
of the faithfulness assumption: Two causally related variables will be statistically independent

if there are two causal pathways with coefficients that exactly cancel each other out (Eberhardt,
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2017). We will discuss potential violations of the faithfulness assumption throughout this paper
and in the final discussion.

The next two common assumptions are more familiar, since they are also common in dis-
cussions of causal identification. First, the assumption of acyclicity does not allow for cycles
or feedback loops in the discovered graph (Heinze-Deml et al., 2018a). This is a standard as-
sumption in DAGs (e.g., Pearl et al., 2016), and gets more plausible with increasingly granular
(i.e., less aggregated) data. The second assumption is called causal sufficiency and implies that
there are no unobserved, unmeasured, or latent confounders of any two variables in the causal
graph (e.g., Eberhardt, 2017). This assumption is similar to the standard unconfoundedness
assumption for causal identification (Imbens and Wooldridge, 2009), but more restrictive, since
it applies to any pair of variables, not just the treatment and outcome variable.

Finally, a particular class of causal discovery methods based on a functional causal model
makes specific assumptions about functional forms or noise distributions (e.g., Glymour et al.,
2019). I will mention these assumptions in the next subsection for the respective methods.

For most of the assumptions discussed, there are methods that try to relax them in some way,
albeit often at the cost of less informative results. When introducing different causal discovery

algorithms in the following, I point out which assumptions are necessary for each.

4.2.3 Methods

Here, I provide an overview of the most popular causal discovery algorithms in the literature.
Since I will use them in the following sections, I explain the PC and FCI algorithms in more
detail, while describing alternative methods only briefly. One can classify most causal structure
learning algorithms as being either constraint-based, score-based, or based on a functional causal
model.

First, constraint-based methods heavily rely on conditional independence tests and therefore
must assume Markov and faithfulness. One of the first popular causal discovery algorithms
was the PC' algorithm, short for Peter Spirtes and Clark Glymour, its inventors (Spirtes et al.,
2001). It starts with a complete undirected graph and uses conditional independence tests to
delete edges. Then, it determines the occurrence of v-structures, which helps to direct the in-
volved edges. Finally, it follows several additional rules that enable orientations of remaining
undirected edges. The final output is a Markov equivalence class of possible DAGs. This MEC

is often summarized in a CPDAG (Completed Partially Directed Acyclic Graph), which is a
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graph where undirected edges imply that different graphs in the MEC do not agree on the edge
orientation (e.g., there is at least one graph where X — Y and one graph where X + Y'). Fig-
ure 4.3 illustrates how CPDAGs summarize Markov equivalence classes. In addition to Markov
and faithfulness, the PC algorithm also assumes acyclicity and causal sufficiency. While the al-
gorithm itself does not make assumptions about specific functional forms and distributions, the
conditional independence tests are simplest for linear relationships and Gaussian distributions
(Heinze-Deml et al., 2018a). It is possible to use any conditional independence tests within the
PC algorithm, but the most flexible nonparametric tests often require very large sample sizes

and are computationally very expensive (e.g., Heinze-Deml et al., 2018b; Shah and Peters, 2020).
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Figure 4.3: How CPDAGSs can summarize Markov equivalence classes of DAGs: (A) The true, unknown
graph. (B) The CPDAG that summarizes all DAGs in the MEC. Directed edges imply that all DAGs
agree on the orientation, undirected edges represent disagreement. The v-structure X — Z < Y enables
the correct orientation of the respective edges in all graphs. (C)-(E) The three different DAGs in the
MEC described by the CPDAG, containing the true DAG (E).

Similarly to Glymour et al. (2019), I illustrate the PC algorithm with a simple example
in Figure 4.4. The first panel shows the true causal graph. Figure 4.4B is the starting point
of PC, the complete undirected graph. Subsequently, the algorithm deletes edges based on
(conditional) independencies. First (Figure 4.4C), it removes the edge Z — Y because Z 1L Y
(since the collider W blocks the path if not conditioned on). Conditioning on one variable does
not lead to any additional independencies. However, conditioning on W and Y simultaneously
shows the independence of Z and X (Figure 4.4D). Then, the v-structure Z —W —Y determines
the orientation of the two edges, since Z and Y become dependent when conditioning on W
(Figure 4.4E). Finally, we can orient further edges (Figure 4.4F): The edge W — X is directed

W — X, because otherwise we would not have found the independence Z 1 X|W,Y in Fig-
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ure 4.4D. Then, we orient Y — X as Y — X, since the other direction would lead to a cycle and

Z and Y would no longer be unconditionally independent.
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Figure 4.4: Illustration of the PC algorithm. (A) True graph. (B) Complete undirected graph.
(C) Z — Y removed because Z 1L Y. (D) Z — X removed because Z 1L X|W,Y. (E) v-structure
between Z —W —Y determines orientations. (F) Further orientations based on conditional independence
and acyclicity. Illustration based on Glymour et al. (2019).

Importantly, the PC algorithm depends on the faithfulness assumption being valid in this
example. Since there are two directed paths from ¥V to X (Y —» X and ¥ - W — X),
faithfulness requires that these paths do not cancel each other out. But there are also more
subtle ways how very specific parameter settings can lead to conditional independence tests
failing in this example (e.g., all coefficients equal to 1 and simultaneously a variance of 1 in
the noise terms of W and Y, see Appendix C.1 for details). Given that faithfulness holds, we
uniquely identify the true graph in this stylized example. In most more complex examples, some
edges will remain undirected, as no rule can determine the direction. Then, the output is a
MEC of multiple DAGs, often summarized as a CPDAG. Given the causal Markov, faithfulness,
acyclicity, and sufficiency assumptions and i.i.d. data, the PC algorithm is consistent, i.e., it
converges to the true MEC for infinite data (Glymour et al., 2019; Spirtes et al., 2001).

The FCI (“Fast Causal Inference”) algorithm is an alternative constraint-based discovery
method that drops the causal sufficiency assumption and thus allows for hidden variables (Spirtes
et al., 2001), while still being asymptotically consistent in sparse settings (i.e., if the true number
of edges is limited) (Colombo et al., 2012). The algorithm uses additional tests and orientation
rules and can thereby sometimes detect the presence of unobserved confounding when still
assuming causal Markov, faithfulness, and acyclicity. To represent a class of DAGs that can
include unobserved variables, FCI needs to makes use of a different graph type called Maximal

Ancestral Graphs (MAGs) (e.g., Heinze-Deml et al., 2018a). MAGs display the existence of
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one or multiple unobserved common cause(s) between two variables by a bidirected edge (e.g.,
X < Y). The edge marks in MAGs encode ancestral relationships between two variables (e.g.,
X and Y): Without knowing the edge mark on the other side, an arrowhead at X implies
that X s mot an ancestor of Y, while a tail mark at X indicates that it ¢s. Importantly, a
MAG can represent multiple DAGs that have the same ancestral relationships and d-separation
properties between the observed variables (Zhang, 2008). This implies that in some cases, an
edge X — Y (“X is an ancestor of Y”) in a MAG can represent a DAG with both X — Y and
X < Y (i.e., unobserved confounding in addition to a direct effect). However, there are other
cases where we can rule out the additional unobserved confounding by a condition called “edge
visibility” (Maathuis and Colombo, 2015; Zhang, 2008), which is crucial for the LV-IDA method
(see Section 4.4). Similar to DAGs and CPDAGs, there are typically multiple MAGs in the same
Markov equivalence class. Hence, the output of FCI is a Partial Ancestral Graph (PAG), which
is a MEC of MAGs. PAGs introduce a circle as an additional edge mark (e.g., X o— Y'), which
represents uncertainty about this edge mark in the different MAGs. I illustrate the concepts of
MAGs and PAGs and the difference between FCI and the PC algorithm with a simple example
in Figure 4.5, where FCI can detect an unobserved confounder. The additional steps of the FCI
algorithm make it substantially slower than the PC algorithm (Colombo et al., 2012), which is
why multiple faster, but slightly less informative versions are available (e.g., RFCI by Colombo
et al. (2012)).
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(A) True DAG (B) Discoverable PAG (C) Discoverable CPDAG
X w X w X w X w
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(D) MAG 1 of PAG  (E) MAG 2 of PAG  (F) MAG 3 of PAG  (G) MAG 4 of PAG

Figure 4.5: Illustration of the outputs of the FCI and PC algorithms in a setting with an unobserved
common cause. The example is based on Glymour et al. (2019). (A) The true causal graph, where U is
an unobserved confounder. (B) The PAG learned by FCI. The circles indicate uncertainty about the edge
orientation. The bidirected edge between Y and Z correctly posits the existence of a hidden variable.
FCI learns about this confounder because conditional independence tests indicate that both Y and Z
must function as colliders. (C) The CPDAG learned by PC, which falsely discovers an edge Y — Z. PC
assumes sufficiency, which is violated by the existence of U. (D)-(G) All MAGs in the MEC described
by the PAG in (B), containing the true MAG (G).
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Different from constraint-based algorithms, score-based discovery methods search for a graph
that maximizes a scoring function (e.g., the Bayesian Information Criterion, BIC) in relation
to the data. The most prominent of these algorithms is the Greedy Equivalence Search (GES),
which also operates under the assumptions of Markov, acyclicity, sufficiency, and an assumption
similar to faithfulness (Chickering, 2002). GES uses a greedy search over different MECs, con-
sisting of a forward phase, where it adds edges based on improvement in score, and a backward
phase, where it deletes edges to further improve the score. Even though it uses a very different
search method, GES often yields similar results to PC, converges to the same MEC in the large
sample limit and is also consistent under some assumptions (Chickering, 2002; Glymour et al.,
2019).

In addition to constraint-based and score-based algorithms, there are hybrid algorithms that
combine elements of the two. For example, Max-Min Hill Climbing (MMHC) uses constraint-
based methods to learn the undirected graph, before determining edge orientations based on a
score (Tsamardinos et al., 2006), while GFCI finds a larger graph using GES and then prunes
and orients edges with FCI (Ogarrio et al., 2016).

As the third larger category of methods, I discuss algorithms based on functional causal mod-
els. These methods start with structural equation models and impose additional assumptions
on functional forms or the distribution of the noise term. With these assumptions, they can
identify the causal direction even in the two-variable case and estimate unique DAGs instead
of a MEC, all without relying on the faithfulness assumption (e.g., Peters et al., 2017). For
example, the LINGAM method assumes “Linear Non-Gaussian Acyclic Models” (Shimizu et al.,
2006) and thus can infer the causal direction between two variables if the functional form is lin-
ear, the additive noise term is not normally distributed, and there is no unobserved confounder.
LiINGAM makes use of the fact that if the true model is Y = X + ¢, with € being non-Gaussian,
the residual of a regression of X on Y (the anti-causal direction) will not be independent of the
regressor, while it will be in a model with the causal direction (for a graphical illustration, see,
e.g., Glymour et al., 2019). Extensions of the LINGAM idea include nonlinear additive noise
models (Hoyer et al., 2008) as well as post-nonlinear models (Zhang and Hyvérinen, 2009). In
nonlinear additive noise models, the noise distribution is not restricted, but the causal relations
are assumed to be nonlinear with additive noise: Y = f(X) + ¢, with f being nonlinear. In this
case, the causal direction is identifiable under Markov, acyclicity and sufficiency in all but very

rare cases (Eberhardt, 2017). In the post-nonlinear model (PNL), there is an additional nonlin-

104



CHAPTER 4. CAUSAL DISCOVERY IN SOCIAL SCIENCES

ear transformation: Y = fo(f1(X)+¢€), where f; and f2 are nonlinear functions. The function f;
denotes sensor or measurement distortion, which occurs frequently in practice (Glymour et al.,
2019), and its inclusion has led to good performance of the PNL in causality challenges (Zhang
and Hyvérinen, 2009). The PNL has a very general form, of which LINGAM and the nonlin-
ear additive noise models are special cases (Glymour et al., 2019). While these FCM-based
methods do not rely on the faithfulness assumption and can determine unique models, their
functional form assumptions are difficult to assess, and they typically require very large sample
sizes (Malinsky and Danks, 2018).

In addition to these three larger categories of methods, there are several other algorithms and
developments in the field of causal structure learning. First, since learning causal structure from
purely observational data is very hard, some methods leverage interventional/experimental data
to get closer to the true causal graph. For example, the Greedy Interventional Equivalence Search
(GIES) is an adaption of GES that uses known interventions (Hauser and Bithlmann, 2012); and
backShift (Rothenh&usler et al., 2015) uses unknown shift interventions to learn invariances.
Second, another category of score-based methods views the search for the causal graph as a
continuous optimization problem and tries to solve it using deep learning techniques (for an
overview, see Vowels et al., 2022). Also, several algorithms allow the inclusion of background
knowledge as constraints for the algorithm (see, e.g., Eberhardt, 2017).

In the next two sections, I introduce two methods that build on the PC and FCI algorithms,

respectively, and use their outputs to estimate bounds on causal effects from the learned graphs.

4.3 Discovery and effect estimation under sufficiency

4.3.1 The IDA algorithm

Traditionally, much of the causal inference literature in economics and social science has focused
on the identification and estimation of causal effects (e.g., Imbens and Rubin, 2015). In other
words: Given assumptions about the causal structure of a specific application, is it possible to
estimate the effect from observable data (identification) and if yes, which statistical methods
should we use to compute the effect (estimation)? In these disciplines, researchers typically
derive the causal structure and related assumptions from domain knowledge and established

theory. On the other hand, much of the literature on causal discovery focuses on finding the
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causal structure represented by a graph, but is less interested in the strength of the discovered
causal relationships.

Therefore, a natural development is the combination of causal discovery, identification, and
estimation in one consistent pipeline. For this purpose, Maathuis et al. (2009) developed the
IDA method, where IDA stands for “intervention-calculus when the DAG is absent” (see also
Maathuis et al., 2010). The IDA method consists of three steps. First, it uses the PC algorithm
to learn the Markov equivalence class of possible causal graphs, typically summarized in a
CPDAG. Then, it enumerates all possible DAGs and applies do-calculus to each graph to identify
and estimate the total causal effect of one variable on another. In the original IDA method,
estimation occurs by computing a linear regression, where all parents of the treatment in the
respective graph enter as covariates (“backdoor-adjustment”). This results in one effect estimate
for each possible DAG in the CPDAG. Finally, one can summarize this multiset of effects, e.g.,
by computing lower or upper bounds on the size of the true effect. For settings with many
variables, the number of possible DAGs and thus regressions can be very large, making the
estimation computationally expensive. For these cases, Maathuis et al. (2009) introduce a “local”
algorithm, which only considers uncertainty about edges in the neighborhood of the treatment
variable for determining the parents, and is thus much faster than the “global” version.

In terms of assumptions, the IDA method inherits the reliance on sufficiency, causal Markov,
faithfulness, and acyclicity from the PC algorithm. Additionally, it assumes that all variables
follow a multivariate normal distribution, which implies linear relationships between the variables
and enables the use of linear regression for estimating the effects (Maathuis et al., 2009). The
final assumption is equal variance of all regressors, which is only necessary if the goal is a direct
comparison of the effects of different variables. Given these assumptions, Maathuis et al. (2009)
prove that IDA is asymptotically consistent even in high-dimensional settings (more covariates
than observations), if the true number of edges between the variables is limited (“sparsity”).

Contrary to other methods in the field of causal discovery, Maathuis et al. (2009) motivate
their development of IDA with a specific application, and other applications, mainly in biol-
ogy, have followed with remarkable success. The authors’ initial goal was to infer the effects of
different genes on the vitamin production in a specific bacterium. In their setting, only obser-
vational, but very high-dimensional data (71 observations, 4088 covariates/genes) is available.
Here, experimental interventions on all genes are infeasible, but alternative purely associational

measures of variable importance lack a causal foundation. Therefore, Maathuis et al. (2009) aim
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to estimate the lower bound on the effect of each gene. Subsequently, researchers can experimen-
tally test the genes with the largest estimated effect. The authors compare their approach with
the results obtained by using lasso as an associational ML approach, and find a very different
set of genes with the largest effects. However, in the absence of a ground truth, they are unable
to evaluate which of the approaches performs better. To deal with this limitation, in a follow-
up study, Maathuis et al. (2010) present an experimental validation of IDA in an application
where they estimate the effect of different genes in a species of yeast. They have access to a
large number of “true” effects from interventional data, and assess whether IDA can identify
the strongest of these effects from observational data. Their results show that IDA substantially
outperforms random guessing, but also associational ML approaches such as lasso and elastic
net. When further developing IDA and estimating the effects of genes on the time to flowering
of a specific plant, Stekhoven et al. (2012) also find very positive results of evaluating IDA with
interventional data: New experiments, based on the IDA results, confirmed previously unknown
effects of four genes, and validation on previously conducted experiments again demonstrated
superior performance compared to lasso and elastic net. Beyond these early applications and
validations, researchers have applied IDA in various further settings, mostly in disciplines related
to biology or medicine. Although some of these applications also work with genetic data and
are therefore very high-dimensional, others operate in settings where the number of observations
is much larger than the number of variables (e.g., Ehrmann et al., 2019; Kalisch et al., 2010).
These “low-dimensional” settings are also more common in social science applications, where
we typically have access to much more observations than variables. Generally, causal discovery
methods and conditional independence tests only benefit from larger sample sizes (e.g., Glymour
et al., 2019), although it might be more difficult to argue for the sufficiency assumption when
only few variables are considered.

Since the assumptions underlying IDA are strong, several papers have proposed extensions
of IDA that relax some of these assumptions. Some try relaxing the assumption of normally
distributed variables (e.g., Nandy et al., 2017; Teramoto et al., 2014), others the assumption
of causal sufficiency (e.g., Frot et al., 2019; Malinsky and Spirtes, 2017). Additionally, further
extensions allow adding background knowledge to IDA, which can help to decrease the number
of DAGs in the equivalence class (e.g., Fang and He, 2020; Perkovic et al., 2017). Lastly,
Stekhoven et al. (2012) and Taruttis et al. (2015) propose variations of IDA that make the

results more stable in high-dimensional settings. In Section 4.4, I will introduce the LV-IDA
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method (Malinsky and Spirtes, 2017), which drops the sufficiency assumption, in more detail.
However, in this section, I continue by assessing the standard IDA method in two steps: First,
I evaluate how causal discovery methods like the PC algorithm used in IDA can recover causal
structure from simulated data; then, I examine how accurately IDA can estimate effects from

data originating from randomly generated causal graphs.

4.3.2 Discovering structure from simulated data

Since IDA relies on the PC algorithm discovering the causal structure in the first step, I initially
assess how close the learned graphs are to the true DAG in a variety of simulation settings. While
Maathuis et al. (2009) use the PC algorithm, in principle one can apply any causal discovery
method that returns a CPDAG. Hence, I compare three of the most popular algorithms: PC,
GES, and MMHC (e.g., Heinze-Deml et al., 2018a). Also, I include two naive baselines: one
approach based on random guessing, the other based on marginal correlation.

For data generation and the implementation of most algorithms, I rely on the pcalg package
in R (Kalisch et al., 2023). First, I generate the true random DAG with J nodes, where each node
is connected to a subsequent node with probability p (the density parameter). For each edge,
I draw the edge weight/coefficient randomly from a uniform distribution U(0.1,1). From this
DAG and using linear relationships, I generate data with N observations following a multivariate
normal distribution. Finally, I randomly shuffle the order of the variables in the data to ensure
that the variable ordering does not contain information about the causal ordering.

In the next step, the causal discovery algorithms use this data to learn about the causal
structure. In the PC algorithm, I test for zero partial correlation using a conditional indepen-
dence test for normally distributed random variables with the significance level = .01. This
value is common in the literature (e.g., Maathuis et al., 2009), and in my simulations, other
values did not lead to substantially different results. For the score-based Greedy Equivalence
Search (GES), I use the BIC score and the recommended defaults for other settings. For the
hybrid method MMHC, I use the implementation from the bnlearn package with default options.
I also implement two non-causal naive comparisons. The first is purely random guessing of a
DAG with the same number of nodes and an edge probability p = .5. The second alternative is
based on pairwise marginal correlation, which retains an edge if the correlation between a pair
of variables is significant at the 1% level. Since correlation is an non-directional measure, this

method always returns an undirected graph.
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I follow Heinze-Deml et al. (2018a) in the way I compare the output of the different methods:
For each pair of variables, I record whether one variable is the parent of the other (query
isParent) or a possible parent (query isPosParent) in the learned graph. The query isParent
is true if this relation holds in all DAGs of the CPDAG. If there are conflicting directions for
the edge in question, isParent is false, but the query isPosParent is true. If the variable is not
a parent in any of the DAGs, both isParent and isPosParent are false (for more details, see
Heinze-Deml et al., 2018a). For each of these queries, I compute a true positive rate (TPR) and
a false positive rate (FPR) and use those as the final evaluation metrics. Choosing this metric
over, e.g., the structural hamming distance, has two reasons: First, knowing the parents of a
particular node is crucial for our final goal of effect estimation, since the parents form a valid
adjustment set (e.g., Pearl et al., 2016). Given the other IDA assumptions, if the discovered
parents are correct, each effect estimate will be unbiased. If only the set of possible parents
is correct, IDA’s multiset will still at least contain one unbiased effect estimate. The second
benefit of using these queries for evaluation is that they enable the comparison of CPDAGs with
PAGs arising from settings where we do not assume sufficiency (see Section 4.4).

For each combination of simulation parameters, I generate 500 datasets and report the
average rates across all results. In the main simulation setting, I hold the number of variables
(J =T7) and the density parameter (p = .4) constant, while varying the number of observations
between 100 and 1,000,000. The results show that GES and PC are indeed capable of learning
the true MEC as the sample size grows, but the naive methods fail to learn causal structure
(Figure 4.6). More specifically, for the query isParent, GES and PC find more correct parents as
the sample size increases, ending up with around 63% true positives (Figure 4.6A) and close to
0% false positives in large samples (Figure 4.6C). MMHC performs similarly in terms of TPR,
but incurs more false positives. The reason is that in this implementation of MMHC, the method
returns a DAG instead of a CPDAG, and thus must direct all edges, while PC and GES can
leave edges undirected if the MEC contains DAGs with conflicting directions. This is also why
MMHC has identical rates for the query isPosParent, but PC and GES get close to a TPR of
1 for very large sample sizes (Figure 4.6B), which means that the discovered CPDAG contains
the true DAG. However, we also see that the methods do not discover a unique DAG, since the
TPR for the isParent query is far from 1 (Figure 4.6A) and the FPR for isPosParent indicates
that other DAGs in the MEC contain wrongly directed edges (Figure 4.6D). Finally, the naive

methods do not deliver useful information about the correct graph: On the one hand, random
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guessing always leads to rates around 25%, on the other hand, the undirected correlation can

only answer the query isPosParent, but generates far too many false positives.
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Figure 4.6: Results for the discovery of parents (query isParent, directed edge in CPDAG) and possible
parents (query isPosParent, undirected edge in CPDAG) for different sample sizes. The dashed lines
indicate the optimal values: a true positive rate of 1 and a false negative rate of 0. The number of
variables is fixed at J = 7 and the density of the true graph at p = .4. Each point is the average rate
across 500 simulated graphs and datasets.

In two additional settings reported in Appendix C.2, I hold the number of observations
constant at 10,000 and vary the number of variables and the density of the graph, respectively.
The performance of the causal discovery methods for the isPosParent query decreases as the
number of variables increase (Figure C.2, Appendix C.2). For the query isParent, PC and GES
perform best for graphs with 5-13 nodes. For settings with more variables, GES predicts more
causal relationships compared to PC, which leads to more true, but also substantially more false
positives, while the FPR is relatively constant for PC. In terms of density of the true graph, PC
and GES again seem to work best for the isParent query for medium values (i.e., p = .3 —.7)
(Figure C.3, Appendix C.2). For isPosParent, the performance of all methods decreases for
denser graphs. In both queries, the causal discovery methods become more susceptible for false

positives as the density increases, with GES again incurring larger FPRs compared to PC.

110



CHAPTER 4. CAUSAL DISCOVERY IN SOCIAL SCIENCES

Overall, in my simulations, the score-based GES and the constraint-based PC algorithms
outperform the hybrid MMHC method. GES and PC perform very similarly, but PC seems
less prone to false positives. Both methods depend on the sample size being very large relative
to the number of variables. As the sample size increases, GES and PC are capable of finding
the correct set of possible parents and therefore the correct Markov equivalence class, which is
the decisive input for IDA. Since no other method clearly dominates the PC algorithm in my

simulations, I use it over the alternatives in my application of IDA.

4.3.3 Estimating effects from the discovered graphs

The goal of the IDA method is to estimate (bounds for) the total causal effect of one variable on
another from an initially unknown graph. In the following, I assess how well the set of possible
effects estimated by IDA can recover the true causal effect in various simulation settings. In my
applications, IDA uses the output of the PC algorithm (i.e., a CPDAG) and the local method to
estimate a multiset of possible total effects. For comparison, I also compute coefficient estimates
from two OLS regressions: First, only regressing the outcome on the treatment (“Simple OLS”),
and second, additionally adjusting for all other observed variables (“Full OLS”). Simple OLS
will be biased if any of the remaining variables acts as a confounder, i.e., is a parent of both
the treatment and the outcome. By contrast, OLS with all variables will be biased if any of the
other variables is a mediator or collider (“bad control”) on the path of treatment to outcome.

The data generation follows the same pattern as in the earlier simulations. Additionally, I
randomly draw the identity of treatment and outcome variables. Given the causal ordering of all
variables, I draw the treatment from the first J — 1 variables: X;Teat where j ~ U{1,...,J — 1},
and the outcome from all variables after the treatment: X?“ where i ~ U{j + 1,...,J}. IDA
returns a multiset of several possible causal effects, which I summarize in three different ways:
the minimum, i.e., the lower bound (“IDA (min)”), the mean, i.e., the average of possible
estimates (“IDA (mean)”), and the estimate in the set that is closest to the true effect (“IDA
(best)”). While the latter is unknown in practice, it demonstrates whether IDA recovers the
true effect within its multiset in my simulations. For each IDA summary measure and the two
OLS methods, I report the absolute deviation from the true total effect, i.e., the absolute error
or bias.

When holding the number of variables (J = 7) and the graph density (p = .4) constant

while varying the number of observations, I find that the best estimate within IDA successfully
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recovers the true effect for large sample sizes (Figure 4.7). Since the PC algorithm learns the
true equivalence class in large samples (see Figure 4.6), at least one graph will contain the
correct parents for adjustment, which IDA then uses (in addition to distributional assumptions)
to estimate an unbiased effect. This result also implies that bounds derived from the minimum
and maximum effect in the multiset will be correct. On the other end, the OLS methods have a
much wider distribution at all sample sizes, since they at times either miss a confounder (Simple
OLS) or adjust for a mediator/collider (Full OLS). However, deriving a feasible point estimate
from IDA is challenging as well. In large samples, the distributions of the minimum and mean
estimates seem to be concentrated closer to zero bias compared to the OLS estimates, especially
Simple OLS. Nevertheless, due to many true effects being (close to) zero, all distributions are
heavily left-skewed and some contain a large number of outliers (e.g., IDA (min)). Hence, a point
estimate derived from IDA is not always clearly superior to OLS, and the choice of summary
measure might depend on the application, e.g., the minimum is appropriate when the goal is

the comparison of variable importances (Maathuis et al., 2009).
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Figure 4.7: Results for causal effect estimation from unknown graphs for different sample sizes. The
dashed line indicates the optimal bias of 0. The number of variables is fixed at J = 7 and the density
of the true graph at p = .4. The boxplots show the distribution of the bias in the estimated coefficient
across 100 simulated graphs and datasets. The IDA versions differ in how I summarize the multiset of
effects: “best” (infeasible in practice) takes the effect closest to the true effect, “min” takes the minimum,
“mean” takes the average of the multiset. I excluded the 11 largest outliers in terms of bias for better
readability.

I report results for varying the number of variables and the density of the graph in Ap-
pendix C.3. In my simulations, IDA’s benefits over OLS are especially pronounced for medium
numbers of variables (e.g., J = 7—13, Figure C.4, Appendix C.3). For fewer variables, the prob-

ability of a confounder, mediator, or collider variable between treatment and outcome is low,
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making the OLS methods feasible. For larger numbers of variables, the PC algorithm struggles
to estimate the true Markov equivalence class, which leads to larger bias in the IDA estimates.
However, if more observations were available, PC and thus IDA could also handle larger num-
bers of variables, and the benefits over OLS would be more visible due to the larger likelihood
of missing or wrong adjustment variables. Similar observations hold when varying the density
of the true graph (Figure C.5, Appendix C.3): IDA’s advantage is largest for medium densities
(i.e., p = .4—.6), since low densities lead to few mistakes in OLS, and larger densities complicate
the discovery of the CPDAG with the PC algorithm in limited sample sizes. However, even for
large densities, IDA is not outperformed by these versions of OLS.

In sum, if the IDA assumptions hold and the number of observations is large relative to the
number of variables and the graph density, the method can estimate reliable bounds on causal
effects without knowing the underlying DAG. In several settings, IDA substantially outperforms
OLS with no or all variables included, but is rarely outperformed by these alternatives. However,
there are two concerns to consider when interpreting these results. First, in many applications,
researchers will have some knowledge about the underlying graph and select their variables
accordingly, avoiding blindly using all or no variables within OLS. This more realistic benchmark
could outperform IDA, but IDA might be a valuable alternative if researchers know very little
about the true graph. Secondly, the assumptions underlying this version of IDA are very strong
(e.g., causal sufficiency and multivariate Gaussianity) and most likely do not hold in many
applications. Thus, in the next section, I explore the consequences of violating the arguably

strongest assumption, causal sufficiency, for both causal discovery and IDA.

4.4 Discovery and effect estimation without sufficiency

4.4.1 The LV-IDA algorithm

Malinsky and Spirtes (2017) propose an alternative to IDA that relaxes the causal sufficiency
assumption, called “latent variable IDA” (LV-IDA). They argue that sufficiency is often not
plausible in applications in social science and biomedicine, where some important confounding
variables could be unobservable or unmeasured. LV-IDA retains the remaining assumptions
of IDA, but allows for latent confounders by building on FCI instead of the PC algorithm for
causal discovery. That is, it uses FCI to learn the PAG, cleverly enumerates the MAGs in the

equivalence class, and tries to estimate the effect for each of the MAGs. Since MAGs learned by
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FCI can contain bidirected edges and edges that are not visible (indicating potential unobserved
confounding between two variables), some of the effects may not be causally identifiable via (gen-
eralized) backdoor adjustment. In these cases, LV-IDA will return a set of possible effects that
includes “NA”, denoting an unidentifiable effect. Malinsky and Spirtes (2017) state asymptotic
consistency of LV-IDA, which here means that the estimated multiset contains either the true
effect or “NA”, if the true effect is not identifiable in the MAG. Similarly to IDA, the authors
develop a faster “local” version of the algorithm that prioritizes finding the (possible) parents
over enumerating all possible MAGs.

In a recent application, Lee et al. (2023) use LV-IDA to estimate effects of several variables
on postoperative length of stay for patients undergoing cardiac surgery. Their data consists of
2,610 observations and 27 potential causes of the outcome of interest. Their results quantify
effects of variables expected to be causes, suggest specific mediation mechanisms for further
exploration, and demonstrate differences in results when using standard OLS instead of LV-
IDA. This application is closer to many problems in social science in terms of dimensionality
and assumptions and is a good example for how researchers can use causal discovery and sub-
sequent effect estimation in practice. Also, throughout their article, the authors acknowledge
assumptions and limitations like linearity, unidentifiable effects, and potential selection bias.

In the remainder of this section, I demonstrate and evaluate causal discovery methods and
(LV-)IDA for cases where the sufficiency assumption does not hold. First, I illustrate the advan-
tages of FCI and LV-IDA in a stylized setting where they can outperform alternative methods.
Then, I introduce more randomness in the DGPs and evaluate how often settings like the first

occur, or whether alternative methods are superior in other settings.

4.4.2 Discovery and estimation in a stylized setting

I begin by introducing a stylized example of a causal structure with latent variables where FCI
and LV-IDA outperform PC and IDA (Figure 4.8). In this example, the goal is to learn the
causal structure in order to estimate the effect of W on Y. X, X5, and X3 are further variables
potentially relevant for adjustment. Given the true causal structure (Figure 4.8A), we know
that we should adjust for Xs, which is a confounder; can, but do not have to, adjust for Xj;
and should not adjust for X3, which acts as a collider and would thus open a biasing path.
The structure in the lower half of the graph is called an “M-bias” and implies that X3 is a

bad control, even though it could be a pre-treatment variable (e.g., Cinelli et al., 2024). X; is
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not important for identification via the backdoor-criterion, but is crucial for causal discovery:
It introduces additional v-structures, which helps to orient further edges. Additionally, the
relationship X; — W makes the edge W — Y “visible” (Zhang, 2008), meaning that there
cannot exist an unobserved confounder between W and Y, which enables identification via the

generalized backdoor criterion (Maathuis and Colombo, 2015).

X1 X2 X1 X2 Xl X2
TN, e
W Y W ¥ By W Y
\\\ X3 /// \\\\ ////
AR o0 A N7
v’ "9 s
U1 U2 X3 X3
(A) True DAG (B) Discoverable PAG (C) Discoverable CPDAG

Figure 4.8: Stylized example of a causal graph where FCI and LV-IDA can outperform PC and IDA.
The example is inspired by Cheng et al. (2024). The final goal is estimation of the effect of W on Y when
the true DAG is unknown. (A) The true causal graph, where U; and Us are unobserved confounders, Xo
is an observed confounder, X3 is a bad control. (B) The PAG learned by FCI in large samples. The circles
indicate uncertainty about the edge orientation. The bidirected and dashed edges posit the existence of
hidden variables. (C) The CPDAG learned by PC, which cannot detect unobserved confounders.

If the true causal structure is unknown, we first must learn it from the data before we can
estimate the effect of W on Y. Given enough data, FCI learns the most important features of
the true graph (Figure 4.8B). It correctly infers the unobserved confounders between X3 and
W /Y, respectively, and only indicates uncertainty about the edge marks between W and X3 /X,
respectively. For the next step of effect estimation, it is crucial that the discovered structure
implies the proper adjustment sets, which it does: All MAGs in the PAG correctly agree that
X> is a good control and X3 is a collider.

By contrast, the CPDAG discovered by the PC algorithm in large samples does not correctly
identify X3 as a bad control, because the underlying sufficiency assumption does not hold (Fig-
ure 4.8C). As a consequence, effects estimated based on this graph will be biased. Even though
the number of wrongly inferred (possible) parents is small, the two false positives are enough to
influence the adjustment set and thus bias the effect estimates (for a comparison of the causal
discovery performance of these two methods, see Figure C.6 in Appendix C.4).

To demonstrate how the discovered causal structure affects the finally estimated coefficients,
I generate data according to the causal structure of Figure 4.8A and compare the performance

of LV-IDA, IDA, and OLS. All variables are jointly Gaussian, the true effect is 1, and I draw
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all other coefficients randomly from a uniform distribution U(0.1, 3). The relatively large upper
limit of the distribution increases the average strength of the relationships and thereby facilitates
the structure discovery. Except for the unobservable U; and Us, all variables serve as input to the
discovery and estimation methods. I apply IDA as in the previous section. For FCI, I choose
«a = .01 as significance level for the conditional independence tests. Finally, I use the local
LV-IDA algorithm! to estimate the effect of W on Y, given the FCI output. I summarize the
multisets of IDA and LV-IDA by taking the mean; if the latter multiset contains an unidentifiable
effect, the summary is also “NA”.

For large sample sizes, LV-IDA successfully recovers the true causal effect in this setting
(Figure 4.9). For smaller samples, FCI is unable to consistently discover the appropriate causal
structure, which leads to biased or unidentifiable (“NA”) effects in LV-IDA. The different ver-
sions of OLS are biased in different directions: Simple OLS incurs an upward bias, because it
misses the confounder Xo; OLS with all variables is downwardly biased because it adjusts for the
bad control X3. As the sample size increases, IDA judges all variables to be good controls and
thus performs similarly to Full OLS. In summary, in this special setting and if sufficient data is
available, only LV-IDA can recover the true causal effect by both adjusting for the confounder

and not adjusting for the bad control.
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Figure 4.9: Results for causal effect estimation from an unknown graph with unobserved confounders
for different sample sizes. The dashed line indicates the true causal effect of 1. The boxplots show
the distribution of the estimated coefficients across 100 simulated datasets generated from the graph in
Figure 4.8A. The number of “NA” values shows how many of the multisets of LV-IDA contained an
unidentifiable effect. For all multisets without “NA” values (in both LV-IDA and IDA), the estimated
coefficient is the average value.

T use the R implementation of LV-IDA by Daniel Malinsky: https://github.com/dmalinsk/lv-ida (Re-
trieved June 18, 2024).
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4.4.3 Estimating effects from randomly simulated graphs

In practice, the previous stylized setting might just be one special case, and other causal struc-
tures could prove to be more challenging for FCI and LV-IDA. Thus, in the following, I assess
the performance of causal discovery and estimation methods on randomly generated graphs with
unobserved confounding. For the data generation, I build upon the simulations of Section 4.3,
but make the following adaptations: In the main simulations, I generate the initial graphs with
9 instead of 7 variables, which increases the probability of confounders between variable pairs.
Then, I select the identity of unobserved confounders by randomly drawing with probability .5
from all variables that have at least two children and no parents (following Colombo et al., 2012),
before I exclude the selected variables from the observed dataset. As a result, in most settings,
there exist between one and three confounders in each graph, half of which are unobservable
for the discovery and estimation methods. Finally, I draw the identity of the treatment and
outcome variables from all observable variables as before.

For the analysis, I first assess the performance of different causal discovery methods in
these settings with (potentially) unobserved confounders. I compare the PC algorithm, which
assumes causal sufficiency, with the FCI algorithm, which does not make this assumption. As
a third (infeasible) method, I include an oracle version of PC that has access to the unobserved
confounder(s).2 The results show that the unobserved confounding negatively influences the
performance of PC using only the observable data compared to the oracle version, as it incurs
fewer true positives and more false positives for both queries (Figure 4.10). On the other hand,
FCI is more conservative than the feasible PC method: It detects substantially fewer true
positives, but is also less prone to falsely detect possible parents. How consequential missed true
parents or falsely found parents are for the subsequent causal effect estimation depends on the
exact structure of the graph: A missed parent only introduces bias if it lies on a backdoor path
from the treatment to the outcome, whereas a wrongly detected parent only biases the total
effect if it functions as a mediator or bad control between treatment and outcome. Hence, in
the second step, I assess the performance of effect estimation methods based on PC and FCI.

For causal effect estimation from unknown graphs, I use the same methods as in the stylized

example, but add another summary measure for IDA and LV-IDA: In addition to the mean

2I can only evaluate FCI with the isPosParent query, since edges in PAGs only imply ancestral and not parental
relationships (see also Heinze-Deml et al., 2018a).
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Figure 4.10: Results for the discovery of parents (query isParent, directed edge in CPDAG) and possible
parents (query isPosParent, undirected (directed or circle) edge in CPDAG (PAQG)) for different sample
sizes under causal insufficiency. The dashed lines indicate the optimal values: a true positive rate of 1
and a false negative rate of 0. The number of variables is fixed at J =9 (which may contain unobserved
confounders) and the density of the true graph at p = .4. Each point is the average rate across 100
simulated graphs and datasets. “oracle” means PC has access to all variables; “obs” is the version of PC
using only observable variables. PAGs only imply ancestral relationships, hence FCI cannot answer the
isParent query.

effect of the multiset, I also report the accuracy of the best effect estimate within the multi-
set (Figure 4.11). I display the overall number of unidentifiable effects across simulation runs
separately below the graph. The number in brackets indicates how many of these effects are
indeed unidentifiable in the true DAG, i.e., in how many cases a variable necessary for backdoor
adjustment is unobserved. For LV-IDA, I compute the “mean” measure after removing any
“NA” values from the multiset, whereas I only plot a numeric “best” estimate if the multiset
does not already contain a true “NA” value.

The results show that LV-IDA struggles to accurately estimate the effects from randomly
generated DAGs (Figure 4.11). Across sample sizes, a large number of multisets include an
unidentifiable effect, even though just a relatively small number of these (~22-52%) are in fact
unidentifiable with the observed data, given the true DAG. With respect to the identifiable ef-

fects, even the distribution of the best LV-IDA estimates is wide for most sample sizes, although
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Figure 4.11: Results for causal effect estimation from unknown graphs for different sample sizes under
causal insufficiency. The dashed lines indicates the optimal bias of 0. The number of variables is fixed
at J = 9 and the density of the true graph at p = .4. The boxplots show the distribution of the bias
in the estimated coefficient across 100 simulated graphs and datasets. The (LV-)IDA versions differ in
how I summarize the multiset of effects: “best” takes the effect closest to the true effect, “mean” takes
the average of the multiset. The number of “NA” values shows how many of the multisets of LV-IDA
contained an unidentifiable effect, with the number in brackets indicating how many of these effects were
truly unidentifiable with the observed data. I excluded the largest outlier in terms of bias for better
readability.

the median bias is close to 0. Only for the largest sample size, the median bias of both LV-IDA
measures is close to zero and the distribution of the best estimate is relatively narrow, indicating
substantially more accurate estimates than the OLS methods. Nevertheless, even at this large
sample size, many of the multisets incorrectly include an unidentifiable effect (presumably be-
cause of invisible edges). Despite the fact that the simulated settings often violate the sufficiency
assumption, the standard IDA method often performs comparably to LV-IDA. The best IDA
estimate improves as the sample size increases and is similar to the best LV-IDA estimate at the
largest sample size, even though the results of both methods display various outliers with larger
degrees of bias.

These findings suggest that the implemented sufficiency violations are not more consequential
for IDA than for the other methods. Some of the unobserved confounders will not be on paths
between treatment and outcome. Other unobserved confounders between treatment and outcome
will bias the effects estimated with IDA, but also those of other methods, or might lead to an
unidentifiable effect (in LV-IDA). Additionally, the risk of IDA including a collider or mediator
is small, since false positives for PC are relatively rare, and a wrongly detected parent would
in fact need to be a child and have a relationship to the outcome to cause any bias. A more
complex setting of a bad control like the M-bias in our stylized example is rather unlikely to occur

randomly. Hence, the inferior performance of FCI in the true positives outweighs the lower false-
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positive rates, taking away most of the theoretical advantages of LV-IDA in random settings.
Similarly to our results, Malinsky and Spirtes (2017) find that in higher-dimensional data, LV-
IDA does not outperform IDA in randomly simulated graphs with unobserved confounders.
They explain this by confounded variable pairs having weaker covariances in most simulations,
making it both harder for FCI to detect the confounding and less consequential for IDA to miss

a confounder.

4.5 Application

One classical social science application for causal inference methods is the question of the effect
of 401(k) pension plan eligibility on net financial assets (Poterba et al., 1994, 1995). In much of
the literature, the identification argument is that we can take 401 (k) eligibility as exogenous after
conditioning on a number of observable variables, among which income is the most important
one (see also Chernozhukov et al., 2018).

When researchers use this identification strategy, they typically include all other observed
variables for adjustment in their estimation model. By contrast, I take an alternative approach,
where I use causal discovery methods to learn the underlying causal structure, before I employ
(LV-)IDA to find the appropriate adjustment sets and estimate a set of possible effects. In the
process, I evaluate the plausibility of the learned causal structure and compare how the effect
estimates relate to the ones obtained by alternative estimation methods.

In addition to the variables for 401(k) eligibility and net financial assets, the data (made
available by Chernozhukov et al. (2018)) contains measures for age, income, family size, and
education, as well as indicators for marriage, two-earners status, defined benefit pension, IRA
participation, and home ownership. The dataset thus consists of 11 variables and has 9,915
observations. A naive simple OLS regression, not adjusting for any covariates, results in an
average treatment effect estimate of $19,599. By contrast, adjusting for all observed covariates
linearly within OLS attenuates the effect estimate to $5,896. Instead of linear adjustment
via OLS, Chernozhukov et al. (2018) use double/debiased machine learning (DML) for flexible
confounding adjustment, which results in estimates from $6,830 to $9,247, depending on the
model and ML method employed. In the following, I retain the linearity assumption of OLS,
but start without any knowledge of the underlying causal structure, try to discover the graph,

and subsequently estimate the effects.
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4.5.1 401(k): Discovery and estimation under causal sufficiency

In a first step, I make the — admittedly strong — assumption of causal sufficiency, thereby ruling
out unobserved confounding between any two variables in the underlying graph. This enables
the use of the PC algorithm for causal discovery and of IDA for estimation. My first observation
is that the results are highly dependent on the ordering of the variables in the dataset. This is
a known issue of the PC algorithm, which is why Colombo and Maathuis (2014) developed a
fully order-independent version of PC, which I use for my analysis. Applying the PC algorithm
with the parameter a = .01 leads to a CPDAG where 401 (k) eligibility < net financial assets
(see Figure C.7, Appendix C.6), which is the reverse direction from what we would expect, and
implausible, because net financial assets are measured later. Naturally, this would also imply
an effect size of 0, since 401 (k) eligibility is no cause of net financial assets in this graph. When
setting a = .05, the PC algorithm becomes more uncertain about this edge direction and leaves
it undirected, allowing for both directions within its Markov equivalence class (Figure 4.12).

In fact, many of the edges remain undirected, leading to a relatively large equivalence class.

two earners ———— > age

DB pension

TIRA participation
/

401(k) eligibility net financial assets

Figure 4.12: CPDAG discovered by order-independent PC algorithm with o« = .05. The undirected
edges indicate uncertainty about the edge orientation.

However, even a cursory inspection of the resulting CPDAG reveals some implausible edges.
For instance, age is an effect of being a home owner and having two earners, whereas we would
not expect age to be caused by any other variables. Other edges, e.g., income — home owner are
more plausible. Additionally, the CPDAGs returned by the PC algorithm for this application

are “invalid”, since some of the graphs in the equivalence class contain cycles and are thus not
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“acyclic”. This can be the consequence of hidden variables or sampling errors in finite data
(Kalisch et al., 2023).

While the global IDA algorithm does not work on cyclic graphs, the local version does, since
it only uses the local information about (possible) parents and can thus ignore cycles. The
multiset returned by the local IDA algorithm for the effect of 401(k) eligibility on net financial
assets is {19,559; 4,697; 19,536; 16,151; 0; 19,534; 5,607; 4,210; 0; 5,561}, which contains 0 (when
401(k) eligibility < net financial assets), but also the OLS estimate without any adjustment
(19,559) and estimates close to OLS with adjustment for all variables (e.g., 5,607).

Overall, the implausible results in the discovered graph should lead us to critically question
the appropriateness and usefulness of PC and IDA for this causal question and dataset. Most
likely, the underlying assumptions, mainly causal sufficiency and linearity, are not valid for this
application. If this is the case, we would expect implausible results as output of PC. Even if the
discovered graph was plausible, the large multiset estimated by IDA is hardly informative, as it

covers a very large range of possible effects.

4.5.2 401(k): Discovery and estimation without causal sufficiency

We can address at least one of the limitations of PC and IDA by using FCI and LV-IDA instead.
That is, we no longer must assume that there is no unobserved confounder between any two
variables. When working with the 401(k) eligibility data, Chernozhukov et al. (2024) consider
various causal structures, all of which contain at least one latent cause somewhere in the graph.
As examples for potentially unobserved variables they mention firm characteristics, an employer
match amount, and other not further specified confounders. Depending on the exact position of
these latent variables in the causal graph, they may or may not hinder causal identification.
For learning the causal structure, I now use the order-independent version of FCI, first
with the parameter « set to .01. The resulting PAG (Figure 4.13) indicates the presence of
latent variables between multiple pairs of variables (bidirected edges), as well as uncertainty in
several edge directions (circles). For the focal relationship between 401(k) eligibility and net
financial assets, the PAG is uncertain of both edge marks, allowing for a directed edge in either
direction or a fully confounded relationship. Surprisingly, the relationship of both variables with
the income node is supposedly fully confounded, making income a bad control (similar to the
stylized example in Figure 4.8B). This is contrary to the original argument in Poterba et al.

(1994), which views income as the most important confounding variable. Other edge directions
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are more plausible compared to the previous CPDAG; e.g., married is now an ancestor of family

size, and having two earners no longer is a cause of age.

two earners age
O

v

RN
401(k) eligibility o———o net financial assets

Figure 4.13: PAG discovered by order-independent FCI algorithm with o = .01. The circles indicate
uncertainty about the edge orientation. The bidirected and dashed edges posit the existence of hidden
variables.

In the next step, estimating possible effects of 401(k) eligibility on net financial assets with
the local LV-IDA algorithm results in the multiset {0; 0; 0; 0; 19,559; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0;
19,559; 19,559; 19,559}. It does not contain any unidentifiable effects, since in every MAG, the
relationship is either fully confounded or the directed edge is visible. The many zero effects result
from MAGs with a bidirected edge between treatment and outcome, or a directed edge from
outcome to treatment. The other larger estimates are the same as for simple OLS, originating
from MAGs that suggest that there are no backdoor paths to block.

When setting o = .05, the PAG found by FCI contains a bidirected edge between 401 (k)
eligibility and net financial assets, which implies that this relation is fully confounded without
a directed path between the variables, leading to a single effect estimate of 0 in LV-IDA (see
Figure C.8, Appendix C.6).

While FCI and LV-IDA no longer rely on the sufficiency assumption, these results still raise
questions about the appropriateness of the methods and their assumptions for this application.
A substantially larger sample size might improve the discovery process, but there are likely
additional issues as well. For example, my implementation of the methods assumes linear re-
lationships between all variables. By contrast, Chernozhukov et al. (2018) use DML for effect
estimation in this application because they suspect some nonlinearities (although their final esti-

mates are broadly consistent with the original ones). Additionally, violations of the faithfulness
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assumption could lead to mistakes in the conditional independence tests, but are hard to assess
in this example. I will discuss these limitations and potential remedies in more detail in the

following discussion.

4.6 Discussion

4.6.1 Summary and limitations

This article has explored the use of causal discovery methods in the social sciences, when the
final goal is not only learning about causal structure, but also using the structure to estimate
causal effects. In my simulations, I found that given causal sufficiency, appropriate conditional
independence tests, and large sample sizes relative to the number of variables and the graph
density, discovery algorithms like PC or GES were able to find the correct Markov equivalence
class of DAGs. As a consequence, the multiset of possible effects estimated by IDA contained
— among others — the true effect. Also, in many settings, the bounds of the multiset were
more informative than estimates obtained from naive regression methods unaware of any causal
structure. If, however, the number of variables or graph density was high or the sample size
small, the methods became much less informative. Without causal sufficiency, the alternative
methods FCI (for discovery) and LV-IDA (for estimation) were less prone to detect erroneous
adjustment variables, but also missed some important ones. Additionally, effect estimation
with LV-IDA often led to unidentifiable effects, even if the effect was identifiable in the true
underlying DAG. When applying both pairs of methods to data about the effect of 401(k)
eligibility on net financial assets, I found a strong sensitivity to parameter choices, and several
suggested relationships that were counterintuitive. Also, the estimation results of (LV-)IDA were
largely implausible or uninformative compared to the original results obtained from models built
with domain knowledge.

These rather negative findings are based on a specific selection of simulation settings, meth-
ods, and implementations, which limits the ability to directly generalize from my results to
the field of causal discovery as a whole. First, throughout my simulations, I assume continu-
ous, Gaussian variables and linear relationships with homogeneous effects. Future studies could
assess how other variable types, distributions, and nonlinear relationships would influence the
accuracy of the results. For such settings, there is a variety of very flexible nonparametric con-

ditional independence tests (e.g., Heinze-Deml et al., 2018b; Shah and Peters, 2020), although
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they typically need many observations and significant computing resources. In fact, there are
extensions of IDA that try to relax the Gaussianity and linearity assumptions (e.g., Mahmoudi
and Wit, 2018; Nandy et al., 2017; Teramoto et al., 2014). Furthermore, given a causal discovery
method that uses nonparametric conditional independence tests, an interesting modification of
IDA could be to replace OLS as estimation method by a more flexible, ML-based estimation
approach. For example, one could use PC with nonparametric conditional independence tests
for causal discovery, then enumerate all possible graphs, derive the appropriate adjustment sets,
and flexibly adjust for these variables with DML (Chernozhukov et al., 2018, see Chapter 2 of
this thesis), resulting in a multiset of possible effects under substantially weakened assumptions
in discovery and estimation.

Second, in the 401(k) application above, the assumption of linear relationships could also
be one explanation for some of the implausible results. Further research could analyze how
using more flexible methods and (nonparametric) conditional independence tests for mixtures
of discrete and continuous data would alter the results, although the sample size might limit the
flexibility to some degree. Additionally, some implementations of causal discovery algorithms
allow a fine-grained inclusion of background knowledge, i.e., researchers can force or forbid
certain relationships between variables (e.g., edges going into a variable such as age), which
could further improve the performance and avoid some implausible results.

Finally, I limited my analysis to a selection of causal discovery and estimation methods.
For example, I did not apply any discovery methods based on functional causal models (e.g.,
Peters et al., 2017) or continuous optimization (e.g., Vowels et al., 2022). While the former
set of methods typically return a single DAG, they crucially rely on assumptions about specific
functional forms and/or distributions, which I deem hard to assess in practice. Additionally,
there are several alternative methods to (LV-)IDA, attempting to construct a full pipeline from
causal structure learning to effect estimation in various settings, often under even stronger or

more questionable assumptions (for a review, see Cheng et al., 2024).

4.6.2 Causal discovery as a tool for applications in the social sciences

Given my results and insights along the way, what do I conclude about causal discovery as
an instrument for real-world data in the social sciences? Is it right to be critical of attempts
to discover causal structure from purely observational data, or are the necessary assumptions

comparable to the ones made by traditional identification and estimation methods? In the
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following, I lay out my central observations from literature, simulations, and applications, before
I summarize my current perspective on the applicability of causal structure learning methods.

First, a focal theme — as for all causal inference methods — is the necessity of strong, typically
untestable assumptions. Although causal discovery methods in some sense relax the assumption
that researchers know the true causal structure before they estimate effects, they replace this
assumption with others that are not necessarily weaker. For example, the assumption of causal
sufficiency is much stronger than the traditional assumption of unconfoundedness, since it rules
out latent confounding between any pair of variables, not only between treatment and outcome.
The assumption of faithfulness seems very difficult to assess. While an exact canceling out of
causal pathways appears unlikely at first, finite samples might already prevent the detection of
small differences between the paths, which Uhler et al. (2013) argue can happen surprisingly
often. Alternative methods based on functional causal models have the advantage that they avoid
making a faithfulness assumption. However, they instead rely on assumptions about functional
forms and/or noise distributions, which seem difficult to assess with domain knowledge in the
social sciences. The assumptions discussed above are only a selection, and researchers must be
aware of the specific ones made by the method they want to employ. Then, in the context of
their particular application, they can reason whether these assumptions are plausible. I agree
with Peters et al. (2017, Preface) that this will only be the case in rather limited situations with
the currently available methods.

A second theme is the need for large sample sizes (very roughly: N > 10,000 observations
for J < 10 variables) for virtually all causal discovery methods. In general, methods based
on functional causal models require even more observations than constraint-based or score-
based methods (Malinsky and Danks, 2018), but the flexibility of nonparametric conditional
independence tests in constraint-based approaches also crucially depends on the sample size
(Shah and Peters, 2020).

Thirdly, the most established and applied causal discovery algorithms are developed for
settings with cross-sectional, i.i.d. data, whereas much of the data in social science has a time
series or panel structure (for a brief overview on causal discovery with time series, see, e.g.,
Spirtes and Zhang, 2016). While the time structure provides some benefits because of known
constraints (the future cannot cause the past), it also comes with unique challenges (Malinsky

and Danks, 2018).
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A fourth observation is that many causal discovery (and estimation) methods such as PC
and IDA have received attention and application success primarily in biology and the medical
domain (e.g., Cheng et al., 2024; Maathuis et al., 2009), but are largely unknown in the social
sciences. I presume this is due to the fact that in many biological systems, researchers can
measure many factors, but often do not have a clear notion of how these factors causally relate.
By contrast, in social science, some variables are inherently not measurable (making causal
sufficiency implausible), while at the same time, researchers can more confidently construct the
crucial parts of a causal model from theory and domain knowledge. Additionally, the scarcity
of true zero effects contradicts the usefulness of conditional independence tests (Gelman, 2011).

Finally, traditional causal discovery methods are typically not concerned with quantifying
statistical uncertainty in the structure learning process. This is even the case for methods
like IDA, which use the same data for discovery and estimation, which invalidates the usual
OLS standard errors (Witte et al., 2020). For this reason, the literature typically cautions
against interpreting the standard errors of standard procedures (e.g., Lee et al., 2023) or suggests
alternative approaches for valid post-discovery inference (e.g., Chang et al., 2024).

In summary, my current perspective on causal discovery methods is that they do not rep-
resent a fully data-driven alternative for theory and domain knowledge, since learning from
purely observational data has substantial limitations when it comes to causal questions. The
assumptions made by traditional identification and estimation methods often seem weaker, or
at least more straightforward to assess and discuss for specific applications. Nevertheless, causal
discovery algorithms might complement conventional causal inference methods in specific set-
tings. Their application might be most appropriate in new areas or fields where many factors are
measured, but there is little prior knowledge about causal relationships between these factors.
There, causal discovery could serve as a tool for building new hypotheses, which researchers can
subsequently validate with experiments or conventional causal methods (Dawid, 2010; Maathuis

et al., 2009).
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The availability of massive amounts of data and the development of increasingly power-
ful machine learning algorithms has influenced research in many scientific fields. Data-driven
methods can often find complex patterns in large and unstructured datasets, enabling accurate
predictions in settings where traditional statistical methods struggle. However, most ML meth-
ods are not intrinsically capable of answering causal questions, which is arguably the main goal
of many scientific disciplines, especially the social sciences. To draw accurate causal inferences
from observational data, researchers need to rely on assumptions about causal structure, iden-
tification, and estimation. They typically ground these assumptions in the theory and expert
knowledge from the respective field. Nevertheless, a recent literature has suggested that using
ML could relax some of the assumptions researchers conventionally make in causal inference.
If feasible, this has the potential to make causal research more credible by relying on weaker
assumptions compared to traditional methods.

The goal of this dissertation was to explore the promise and pitfalls of some of these new de-
velopments for applied research in the social sciences. For this purpose, I reviewed the methodol-
ogy, empirically evaluated the performance of various novel approaches, adapted them to relevant
new settings, and illustrated their application to datasets from social science. In the following,
I briefly summarize the findings of each of the previous three chapters, connect the common
insights in an overarching discussion, and give an outlook on potential future developments,

before finally concluding the thesis.

5.1 Summary

In Chapter 2, we reviewed and evaluated the “double/debiased machine learning” (DML) frame-
work by Chernozhukov et al. (2018), aiming to illustrate its potential and limitations and to guide
applied researchers in the many choices they face when applying it. In extensive simulations,
we compared different ML methods within DML and demonstrated how DML with flexible ML
algorithms like gradient boosting can appropriately adjust for a variety of (non-)linear confound-
ing relationships. This enables researchers to relax functional form assumptions often made in
the process of causal estimation. However, we also highlighted that the method still crucially
depends on standard assumptions in the steps of causal structure and causal identification. Fur-
thermore, we provided evidence for how the predictive accuracy in the treatment and outcome

models can help researchers to choose between ML algorithms. In our application, DML with
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flexible ML algorithms consistently estimated absolutely larger effects of air pollution on hous-
ing prices, suggesting the presence of nonlinear confounding not easily captured by a parametric
model. Lastly, we demonstrated the impact of further decisions in the implementation of DML
and derived actionable recommendations.

The goal of Chapter 3 was to adapt DML — originally developed for cross-sectional data —
to settings with panel data. We first discussed the challenges of adapting DML to this data
structure in the presence of nonlinear observed confounding in addition to unobserved hetero-
geneity. In our subsequent simulations, various adjustments of DML’s cross-fitting procedure
did not affect the accuracy of the point estimates. When we considered multiple intuitively
appealing adaptations of DML to remove the unobserved heterogeneity, we found that most
approaches failed in the more complex data-generating processes. However, we discovered that
an adaptation that uses predictors based on the correlated random effects approach within DML
performed well across settings. The advantage of this approach against others depended on the
sample size being large relative to the number of observed confounders. We also demonstrated
that the relationship between the unobserved heterogeneity and the observed confounding cru-
cially affects the estimates of alternative methods. Our suggested approach allows researchers
to relax two assumptions in the causal inference workflow. First, in the causal identification
step, we can relax the assumption of no unobserved confounding to no unobserved time-varying
confounding, as the panel structure allows the removal of unobserved time-constant heterogene-
ity. Secondly, similar to the original DML approach, we can relax assumptions in the estimation
process about the functional forms of the observed confounding.

Chapter 4 explored how much we can learn about causal structure from observational data
in social science. After surveying the foundational concepts of causal discovery, I reviewed,
evaluated, and applied two methods that aim to discover structure and subsequently estimate
causal effects. The results demonstrated that learning causal structure with such methods is a
very hard problem, only possible in very large samples and under rather restrictive assumptions.
I argued that in many social science applications, these assumptions will be stronger and less
plausible than alternative assumptions derived from theory, but might be a reasonable starting

point in fields with very little prior domain knowledge.
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5.2 Overarching themes

In the introduction of this thesis, I raised the question of whether data-driven ML methods can
contribute to solving not only correlational and predictive, but also causal research problems.
The subsequent three chapters set out to explore answers to this question by focusing on specific
methods that use ML at different points in the causal inference workflow. For the remainder
of this discussion, I will take a step back to address the question in the bigger picture, using
both my results and other insights from the recent literature. While the three studies of this
dissertation do not comprehensively cover all developments of the field, they contain at least four
common and interrelated themes, which I will discuss in the following. Table 5.1 summarizes

the core aspects of these themes.

Table 5.1: Characteristics of the causal inference workflow with respect to theory, ML, and assumptions

causal structure — causal identification — causal estimation

Need for theory high high low/moderate
Potential for ML .
contribution low low/moderate high
Strength of altern. strong strong weaker

assumptions

1. Great potential for ML to relax estimation assumptions

First, Chapters 2 and 3 have shown that if we use ML within appropriate frameworks, it can
help to relax estimation assumptions, e.g., assumptions about functional forms of confounding
relationships. In addition to DML, other approaches have also successfully relaxed estimation
assumptions by incorporating ML. For example, Wager and Athey (2018) proposed “causal
forests”, which enable the flexible estimation of heterogeneous effects without assuming and
modeling the specific heterogeneity beforehand. Given this potential of flexibly learning func-
tional relationships when estimating causal effects, some researchers have criticised the persisting
traditional practice of specifying fully parametric models, even in the absence of strong theoreti-
cal arguments for particular functional forms (e.g., Dang et al., 2023). Imposing these statistical
assumptions is often not necessary, and a misspecified parametric model can result in substan-

tially biased estimates (e.g., Wooldridge, 2012, Chapter 9). Indeed, our results in Chapter 2
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demonstrate both the consequences of functional form misspecifications, and the potential of
ML-based estimation approaches, even for small sample sizes. Hence, I would similarly rec-
ommend that applied researchers use data-driven estimation approaches for settings where we
can understand and show their feasibility, as discussed in Chapter 2. However, Chapter 3 has
demonstrated that it is not always straightforward to replace parametric models with ML-based
methods. There is active research for going beyond settings where covariate adjustment in cross-
sectional data is sufficient, with progress in the identification strategies of instrumental variables,

difference-in-differences, and regression discontinuity designs (see Chernozhukov et al., 2024).

2. Limited potential for ML to relax structure and identification assumptions

While using ML for estimation within other identification strategies is promising, there is ar-
guably limited potential of data-driven approaches to directly relax assumptions about causal
structure and identification. Chapter 2 showed that ML-based estimation approaches such as
DML still rely on causal structure and identification assumptions, e.g., the absence of unob-
served confounding and correct classification of good and bad controls. In the context of causal
identification, I currently see the main potential of ML in its incorporation within various exist-
ing identification strategies, as opposed to it enabling new identification results. We considered
adaptations of DML for settings where identification is possible with panel data (Chapter 3),
others have worked on the strategies mentioned above (see Chernozhukov et al., 2024).
However, researchers have also suggested more ambitious methods that directly attempt
to relax identification assumptions. One prominent example I spent some time exploring is the
“deconfounder” approach proposed by Wang and Blei (2019). This method attempts to relax the
unconfoundedness assumption in settings with many causes/treatment variables. The basic idea
is that an unobserved confounder influencing many causes leaves an imprint on these observed
variables, which factor models from unsupervised ML can recover. Subsequently, researchers
can adjust for this recovered substitute confounder and thereby relax the unconfoundedness
assumption, now merely assuming the absence of unobserved confounders that influence only a
single cause. While the approach sounds promising and would be valuable for many social science
applications, several researchers have criticized it for implicitly relying on assumptions that are
as strong or stronger than unconfoundedness (e.g., Ogburn et al., 2019), and have shown naive
regression-based approaches to perform similarly under weaker assumptions (Grimmer et al.,

2023). In another development, Burauel (2023) proposed a test to evaluate the validity of
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instrumental variables based on principles from the causal discovery literature. A feasible test
could support and facilitate theoretical arguments about instrument validity. The approach
relies on linearity, constant treatment effects, high-dimensional covariates, and more technical
assumptions. An independent assessment of the boundary conditions of this method is still
missing, but it is currently not obvious whether the additionally imposed assumptions are weaker
than arguments for instrument validity from theory. While there are certainly further approaches
that try to utilize ML for causal identification, I am currently not aware of any approaches that
can substantially relax identification assumptions to make applied causal research more credible.

Similarly, Chapter 4 has shown and discussed the difficulty of learning causal structure in
a mainly data-driven way. While causal discovery is in principle possible, it depends on strong
assumptions that will often be questionable or at least more difficult to assess than arguments
from theory.

To summarize, from my current perspective, using ML for the steps of causal structure or
causal identification will probably always rely on assumptions that are equally strong or stronger
than those imposed by traditional methods. Therefore, applied researchers should be hesitant
when facing new developments that claim data-driven causal identification or structure learning

under substantially weaker assumptions.

3. Exchanging and assessing different assumptions

The third theme emerges from the previous two: There is no “assumption-free” causal inference
from observational data. Every method relies on assumptions, but these assumptions might
differ between different approaches. In a sense, much methodological development in causal
inference is about “shifting around” assumptions or trading a set of assumptions for alternative
ones. Thus, the crucial question for applied researchers is how they can compare and assess the
different assumptions in the context of their application.

This is often simpler for estimation assumptions than for identification and structure assump-
tions, which are typically not testable from observational data. For example, in Chapter 2, we
proposed a simple test for evaluating functional form assumptions within DML: We could com-
pare the predictive accuracy of a parametric model within DML with the predictive accuracy of
a flexible ML method, ultimately choosing the one with smaller prediction error. Note, however,
that this relies on the identification assumptions being correct and is only a relative measure,

i.e., we can compare two alternative predictive methods but cannot easily judge how close each
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is to finding the correct functional form. Nevertheless, as years of research and applications in
ML have shown, we can consider the assumption that a flexible ML method fits an unknown
functional form to be substantially weaker than assuming a correctly specified parametric model
(e.g., Dang et al., 2023).

By contrast, assessing assumptions about causal structure or identification is much harder
and crucially relies on theory and expert knowledge. When applying methods with specific as-
sumptions, researchers need to explain why they consider these assumptions to be plausible in
the context of their particular application (e.g., Athey, 2019). This is most convincing when ar-
ticulating a consistent theory based on findings from previous literature, which other researchers
can subsequently challenge if necessary. Within a certain application, some assumptions might
be more plausible than others, and researchers should choose their approach such that they
can justify the underlying assumptions. While the classical approach of making, assessing, and
comparing assumptions based on theory is straightforward for some assumptions, it might be
more obscure for others. For example, in the 401(k) application of Chapter 4, theory (or rather
common sense) tells us that home ownership causing a person’s age is implausible. Also, in
many instrumental variable settings, it is much easier to argue for the (conditional) exogeneity
of the instrument than for that of the treatment variable. However, other assumptions seem
more difficult to assess even with significant domain knowledge. For example, when assessing the
faithfulness assumption in causal discovery, we could argue from theory whether there might be
both a positive and a negative path between two nodes, but it will be hard to make statements
about whether they might cancel each other out. Also, arguing about the various paths between
all pairs of nodes from domain knowledge — thereby essentially constructing a causal graph —
practically renders the whole enterprise of causal discovery superfluous. Similarly, assumptions
in functional model based causal discovery about specific underlying functional forms and noise
distributions seem difficult to assess from theory.

Another important approach for assumption assessment is to quantify how severe violations
of the main assumptions would need to be to invalidate the conclusions of a particular study
via sensitivity analysis (e.g., Cinelli and Hazlett, 2020), which was recently also combined
with debiased ML methods (Chernozhukov et al., 2022a). Finally, the only way to really test
assumptions about causal structure or identification is to conduct randomized experiments,

which is unfortunately often not feasible (Athey, 2019).
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4. The need for transparency of assumptions in development and application

The final overarching theme is the importance of clear and transparent communication both
when developing and when applying causal inference methods. Since all causal research relies
on assumptions, researchers should explicitly point out the substantial assumptions underlying
their approach. This way, readers can independently judge whether they deem those assumptions
and the subsequent results to be credible. Transparency about assumptions is arguably much
more important in causal inference compared to (supervised) ML, where objective performance
measurements (e.g., test set error) are easier to obtain. Moreover, there is often a gap in
the communication between the researchers developing new methodology and the researchers
applying it. While some assumptions appear obvious to statisticians, applied researchers might
fail to realize their importance if they are not explicitly stated. For example, when using ML to
adjust for confounding, applied researchers might not be aware of the risk of adjusting for bad
controls or missing an unobserved confounder (Chapter 2). Similarly, they could naively apply
the original DML algorithm to panel data, unaware that it assumes cross-sectional data and
requires adaptation for panel data settings (Chapter 3). In their critiques of the deconfounder,
Ogburn et al. (2019), Grimmer et al. (2023), and others point out the strong assumptions
underlying the approach, many of which are not explicit in the original paper. Hence, researchers
developing new causal inference methods should explicitly state the underlying assumptions,
ideally with terminology accessible to applied researchers. Then, applied researchers should
transparently communicate what they assume by using a particular method for their application

and argue for the plausibility of those assumptions.

5.3 Outlook

Before I conclude, I briefly consider whether and how further developments in ML could alter
the conclusions of this thesis. I have argued that data-driven methods are currently valuable
for estimation, but limited in their ability to substantially assist in defining causal structure
and achieving causal identification. However, it is conceivable that the advent of large language
models (e.g., OpenAl et al., 2024) could also have an impact on these two steps (e.g., Kiciman
et al., 2024). The text corpora underlying these models could contain the theory and domain
knowledge necessary to substantiate causal inference assumptions. Researchers (or other al-

gorithms) could thus ask an LLM to summarize the current state of the literature around a
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particular problem, query it for specifics about the causal structure implied by previous theory,
and request an assessment of the plausibility of specific assumptions that would enable causal
identification. Such an approach would require the models to be trained on carefully curated
high-quality expert literature. Also, it would likely not replace the thorough thinking of an
expert researcher, who should still assess the output of the LLM, fill in potential gaps, and
maybe extend the current theory to the specific application under consideration. Thus, if we
define “observational data” to include text data generated by human authors, it seems more
feasible than ever to learn more than correlations from data. Such an approach still critically
relies on human input and domain knowledge, requires appropriate prompting, sometimes fails
unexpectedly (Kiciman et al., 2024), and will thus not constitute the end of theory, but it is an

interesting avenue of future research to consider.

5.4 Conclusion

In conclusion, purely data-driven approaches have clear limitations when it comes to answering
causal questions, there is still no “end of theory” (Anderson, 2008) in sight. However, principles
and algorithms from machine learning have become valuable tools to support traditional causal
inference approaches and make their estimation results more credible (e.g., Athey, 2019). Hence,
theory-based traditional causal inference and data-driven ML are not competing methodologies,
but should complement each other to deliver more robust answers to causal questions (Leavitt
et al., 2021). This thesis has demonstrated both the potential and the limitations of data-driven
approaches to causal inference, hopefully bringing clarity and guidance to applied researchers

for how to interact with these new developments.
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APPENDIX A. CHAPTER 2

A.1 Literature selection

For the literature review, we identified 46 papers published up to March 2023, which cite the
initial proposal of DML in Chernozhukov et al. (2018), and apply the method to real-world data.
From these, we excluded papers that contained too little information about the implementation
of DML or the data used, either because it was not reported or because we could not access the
full paper. At a minimum, the authors had to report which ML algorithm they used and their
sample size. We also excluded papers that use the double selection method by Belloni et al.
(2014), but call it DML, since it does not fit the definition of DML in Chernozhukov et al. (2018).
If the study contained multiple different specifications, we recorded the lowest sample size n and
the largest number of raw covariates p to get a conservative estimate of the dimensionality. If
the authors did not state number of covariates explicitly, we counted all covariates mentioned in
the text. Typically, the authors transformed categorical covariates into dummy variables. We
counted p after that transformation; in cases where the number of levels of a categorical variable
is unclear, we guessed it from the available information. The covariate dimension p always refers
to the raw covariates, before (some of) the authors added nonlinearities through polynomials,

interactions or other transformations.
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Table A.1: Published papers applying DML

Year Author Title Journal Discipline
2018 Chernozhukov et al. Double/debiased machine learning for treatment and structural parameters The Econometrics Journal Statistics / Econometrics
2019 McConnell and Lindner Estimating treatment effects with machine learning Health Services Research Healthcare / Medicine
2020 Chang Double/debiased machine learning for difference-in-differences models The Econometrics Journal Statistics / Econometrics
2020 Dube et al. Monopsony in Online Labor Markets American Economic Review: Economics
Insights
2020 Hansen The effectiveness of fiscal institutions: International financial flogging or domestic constraint? European Journal of Political Political Science
Economy
2020 Holtz et al. Interdependence and the cost of uncoordinated responses to COVID-19 Proceedings of the National Economics
Academy of Sciences
2020 Yang et al. Double machine learning with gradient boosting and its application to the Big N audit quality effect Journal of Econometrics Economics
2021 Azoulay et al. Long-term effects from early exposure to research: Evidence from the NIH ”Yellow Berets” Research Policy Healthcare / Medicine
2021 Chan and Meunier Behind the screen: Understanding national support for a foreign investment screening mechanism in the European The Review of International Political Science
Union Organizations
2021 Chen et al. Debiased/Double Machine Learning for Instrumental Variable Quantile Regressions Econometrics Statistics / Econometrics
2021 Chernozhukov et al. Causal impact of masks, policies, behavior on early covid-19 pandemic in the U.S. Journal of Econometrics Economics
2021 Knaus A double machine learning approach to estimate the effects of musical practice on student’s skills Journal of the Royal Statistical Economics
Society: Series A (Statistics in
Society)
2021 Kuppelwieser and Wozabal Liquidity costs on intraday power markets: Continuous trading versus auctions Energy Policy Economics
2021 Liu et al. Double/debiased machine learning for logistic partially linear model The Econometrics Journal Statistics / Econometrics
2021 Parpouchi et al. The association between experiencing homelessness in childhood or youth and adult housing stability in Housing First BMC Psychiatry Healthcare / Medicine
2021 Semenova and Debiased machine learning of conditional average treatment effects and other causal functions The Econometrics Journal Statistics / Econometrics
Chernozhukov
2021 Skoufias and Vinha Child stature, maternal education, and early childhood development in Nigeria PLOS ONE Interdisciplinary
2021 Yamane and Kaneko Is the younger generation a driving force toward achieving the sustainable development goals? Survey experiments Journal of Cleaner Production Sociology
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A.2 Notes for replication

In this appendix section, we note additional settings in our code not mentioned in the main text
that should ensure replicability of our results.

For all computations, we use the random seed 42 and compute in parallel on 50 cores on the
HPC bwUniCluster. For parallel computing, we use the package foreach (Daniel et al., 2022b) in
combination with the doParallel backend (Daniel et al., 2022a) and rely on the package doRNG

(Gaujoux, 2023) for replicable random number generation on multiple cores.

158



APPENDIX A. CHAPTER 2

A.3 Figures

Comparing baseline results for different numbers of simulation iterations

Figure A.1 shows results for the “baseline” simulation setting for 50 to 1,000 simulation iter-
ations. The overall results are very stable. As expected, adding more iterations creates more
outliers, especially for the methods not adjusting well for confounding. Based on these re-
sults, we choose 100 simulation iterations for the remainder of our simulations, as the resulting

distribution seems fairly representative, while using computing resources efficiently.
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Figure A.1: Comparing baseline results for different numbers of simulation iterations
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A.4 Application notes

+ % lower status — pupil-teacher ratio —
(—/7) river + property-tax rate —
+ highways + % blacks U
(+) crime rate — rooms —+

(+) % industry —

age (—)
(?) zoned large lots +
— distance employment — l

F
[ 4 >0

air pollution house price

Figure A.2: Causal structure argued for in Harrison and Rubinfeld (1978), including hypothesized
effect signs. +/— are explicitly stated, (+)/(—) are implicitly inferred. U refers to a U-shaped parabolic
relationship.

160



APPENDIX A. CHAPTER 2

Table A.2: Variable descriptions (replication of Table IV in Harrison and Rubinfeld (1978))

Variable Definition Source
MV Median value of owner-occupied homes. 1970 U. S. Census
RM Average number of rooms in owner units. RM represents 1970 U. S. Census

spaciousness and, in a certain sense, quantity of housing. It
should be positively related to housing value. The RM? form
was found to provide a better fit than either the linear or
logarithmic forms.

AGE Proportion of owner units built prior to 1940. Unit age is 1970 U. S. Census
generally related to structure quality.

B Black proportion of population. At low to moderate levels of 1970 U. S. Census
B, an increase in B should have a negative influence on hous-
ing value if Blacks are regarded as undesirable neighbors by
Whites. However, market discrimination means that hous-
ing values are higher at very high levels of B. One expects,
therefore, a parabolic relationship between proportion Black
in a neighborhood and housing values.!

LSTAT Proportion of population of that is lower status = % (pro- 1970 U. S. Census
portion of adults without some high school education and
proportion of male workers classified as laborers). The log-
arithmic specification implies that socioeconomic status dis-
tinctions mean more in the upper brackets of society than in
lower classes.

CRIM Crime rate by town. Since CRIM gauges the threat to well- FBI (1970)
being that households perceive in various neighborhoods of
the Boston metropolitan area (assuming that crime rates are
generally proportional to people’s perceptions of danger) it
should have a negative effect on housing values.

ZN Proportion of a town’s residential land zoned for lots greater ~Metropolitan Area
than 25,000 square feet. Since such zoning restricts construc- Planning Commis-
tion of small lot houses, we expect ZN to be positively related  sion (1972)
to housing values. A positive coefficient may also arise be-
cause zoning proxies the exclusivity, social class, and outdoor
amenities of a community.

INDUS Proportion non-retail business acres per town. INDUS Vogt, Ivers and
serves as a proxy for the externalities associated with Associates [33]
industry-noise, heavy traffic, and unpleasant visual effects,
and thus should affect housing values negatively.

!Comment by JF: This is a rather controversial variable (see, e.g., https://medium.com/@docintangible/racist-
data-destruction-113e3eff54a8). With the authors’ functional form, it is in a way modeling systemic racism. This
is problematic if the model were to be used to set prices for homes based on this variable. However, since the
original authors (and we) are interested in the effect of air pollution on housing prices, this variable is only included
to adjust for how past racism might bias this effect. In this sense, it describes and adjusts for the discrimination
at that time; we do not suggest to use it to predict prices, and its use is no endorsement of systemic racism.
An additional problem is that the available data does not contain the “black” variable in its raw form, that is,
the black proportion of the population. It only contains the parabolic transformation, which is a non-invertible
function, so we cannot transform it back to the original raw values. One can argue against this functional form,
but we expect using the variable with a wrong functional form (which the ML methods might even improve)
is still more informative than not using it at all. Because of this, we use the transformed variable (“B_trans”)
throughout our analysis.
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TAX Full value property tax rate ($/$10,000). Measures the cost ~Massachusetts
of public services in each community. Nominal tax rates were Taxpayers Foun-
corrected by local assessment ratios to yield the full value tax  dation (1970)
rate for each town. Intratown differences in the assessment
ratio were difficult to obtain and thus not used. The coeffi-
cient of this variable should be negative.

PTRATIO Pupil-Teacher ratio by town school district. Measures public Massachusetts
sector benefits in each town. The relation of the pupil-teacher Dept. of Educa-
ratio to school quality is not entirely clear, although a low tion (1971-1972)
ratio should imply each student receives more individual at-
tention. We expect the sign on PTRATIO to be negative.

CHAS Charles River dummy: =1 if tract bounds the Charles River; 1970 U. S. Census
=0 if otherwise. CHAS captures the amenities of a riverside Tract maps
location and thus the coefficient should be positive.

DIS Weighted distances to five employment centers in the Boston — Schanre [29]
region. According to traditional theories of urban land rent
gradients, housing values should be higher near employment
centers. DIS is entered in logarithm form; the expected sign
is negative.

RAD Index of accessibility to radial highways. The highway ac- MIT Boston
cess index was calculated on a town basis. Good road access Project
variables are needed so that auto pollution variables do not
capture the locational advantages of roadways. RAD cap-
tures other sorts of locational advantages besides nearness to
workplace. It is entered in logarithmic form; the expected
sign is positive.

NOX Nitrogen oxide concentrations in pphm (annual average con- TASSIM
centration in parts per hundred million).

PART Particulate concentrations in mg/hcm?® (annual average con-  TASSIM
centration in milligrams per hundred cubic meters)

Table A.3: Descriptive statistics of application
Variable Minimum Q1 Median Mean Q3 Maximum SD
medv 5000 17025 21200 22532 25000 50000 9197
nox 3.85 4.49 5.38 5.54 6.24 8.71 1.15
crim 0.006 0.082 0.256 3.613 3.677 88.976 8.601
zn 0.00 0.00 0.00 11.36 12.50 100.00 23.32
indus 0.46 5.19 9.69 11.13 18.10 27.74 6.86
chas 0.00 0.00 0.00 0.07 0.00 1.00 0.25
rm 3.56 5.88 6.20 6.28 6.62 8.78 0.70
age 2.90 45.02 77.50 68.57 94.07 100.00 28.14
dis 1.12 2.10 3.20 3.79 5.18 12.12 2.10
rad 1.00 4.000 5.00 9.54 24.00 24.00 8.70
tax 187.0 279.00 330.0 408.2 666.0 711.0 168.5
ptratio 12.60 17.40 19.05 18.45 20.20 22.00 2.16
B_trans 0.0003 0.3754 0.3914 0.3567  0.3962 0.3969 0.0913
Istat 0.0173 0.0695 0.1136 0.1265 0.1696 0.3797 0.0714
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B.1 Cross-fitting techniques illustrations and results

B.1.1 TIllustration of splitting procedures
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Figure B.1: Illustration of cross-fitting when splitting by time into folds with adjacent periods. Data
is split by time into K folds (here, K = 10). Each M is one fold of data. We train the two ML models

on the folds within the golden box. We make predictions with these models and estimate the effects on
the fold printed in bold within the gray box.
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Figure B.2: Illustration of “neighbors-left-out cross-fitting” (Semenova et al., 2023). Data is split by
time into K folds (here, K = 10). Each M is one fold of data. We train the two ML models on the
folds within the golden box. We make predictions with these models and estimate the effects on the fold
printed in bold. The other folds within the grey box are in the immediate neighborhood of the bold fold
and excluded from both training and estimation.
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B.1.2 Results for cross-fitting with different N and T
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Figure B.3: Results for utilizing different cross-fitting techniques (Table 3.2) within various DML
estimators for N = 10 and 7" = 500. The vertical axis depicts the estimated coefficient. The dashed line
marks the true causal effect (§ = 1). The boxplots show the distribution of estimated coefficients across
100 simulated datasets for each method. Data is generated according to DGP (C), with one observed
confounder, u-shaped functional forms and a large degree of autocorrelation (p = .9). NLO: neighbors-
left-out cross-fitting.
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Figure B.4: Results for utilizing different cross-fitting techniques (Table 3.2) within various DML
estimators for N = 250 and T = 20. The vertical axis depicts the estimated coefficient. The dashed line
marks the true causal effect (8 = 1). The boxplots show the distribution of estimated coefficients across
100 simulated datasets for each method. Data is generated according to DGP (C), with one observed
confounder, u-shaped functional forms and a large degree of autocorrelation (p = .9). NLO: neighbors-
left-out cross-fitting.
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B.2 Computational efficiency of different approaches

In addition to their varying estimation performance, the different considered estimation ap-
proaches also strongly differ in their computational efficiency (Table B.1). Most notably, DML
with dummies is computationally much more expensive than the alternatives, especially in set-
tings where the number of units and thus dummy variables gets large. In our baseline setting,
the estimation for a single dataset with N = 500 units and 7' = 10 periods, using 5-fold cross-
fitting, is approximately 42.8 times slower compared to the second slowest method (DML with

CRE). This effect is less pronounced in settings with fewer units (and thus fixed effects).

Table B.1: Computation times (in seconds) for different approaches and different data structures

Method N =500 /T=10 N =100 / T =50 N =50 /T =100 N =10 / T =500
DML (early FE) 4.56 5.10 4.54 5.61
PDML 6.38 6.78 6.56 6.72
DML (late FE) 6.40 6.71 6.63 6.89
DML (CRE) 7.69 8.22 7.79 7.89
DML (dummies) 329.43 47.67 23.56 13.09

Note: N: number of units, T: number of periods. Reported execution times are the averages of five iterations for each
method-dataset combination. We simulated the data according to DGP (C) of the baseline simulation setting. For this
simple comparison, we computed each method on a standard laptop with an Intel Core 15-8365U 4-core CPU with 1.60 GHz
and 16 GB of RAM.
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B.3.1 Results for intermediate numbers of N and T

Estimated coefficient
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Figure B.5: Results for the setting with N = 100 units and 7" = 50 periods. The horizontal axis displays
the different methods from Table 3.4. The vertical axis depicts the estimated coefficient. The dashed

line marks the true causal effect (8 = 1).

The boxplots show the distribution of estimated coefficients

across 100 simulated datasets for each method. The three rows contain three different DGPs: “noU”

indicates no unobserved heterogeneity, “U | X” means the unobserved heterogeneity influences treatment
and outcome, but not confounders, and “U — X” means the unobserved heterogeneity also influences
the confounders.
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Functional form of Xj; : linear Functional form of Xj; : u— shaped
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Figure B.6: Results for the setting with N = 50 units and 7" = 100 periods. The horizontal axis displays
the different methods from Table 3.4. The vertical axis depicts the estimated coefficient. The dashed
line marks the true causal effect (8 = 1). The boxplots show the distribution of estimated coefficients
across 100 simulated datasets for each method. The three rows contain three different DGPs: “noU”
indicates no unobserved heterogeneity, “U | X” means the unobserved heterogeneity influences treatment
and outcome, but not confounders, and “U — X” means the unobserved heterogeneity also influences
the confounders.
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B.3.2 Varying the number of observed confounders in linear settings or with

more periods
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Figure B.7: Mean absolute error in the estimated coefficient across 100 simulations by number of
observed confounders. The simulated confounding influence is linear, the causal structure is (C), i.e.,
U; - X N =500, T = 10.
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Figure B.8: Mean absolute error in the estimated coefficient across 100 simulations by number of
observed confounders. The simulated confounding influence is u-shaped, the causal structure is (C), i.e.,
U, — Xu. N =500, T =100. We computed DML (dummies) only for 1 and 5 confounders due to
unreasonably high computational costs for this data size.
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B.3.3 Increasing sample size by increasing the number of periods

Method

o— e — - Simple OLS
-~ POLS
-~ FE only
0.4 \\\ - Fixed effects

: -~ DML (early FE)
- Oracle w/o FE
- PDML

- DML (late FE)

DML (dummies)
. . . i . . DML (CRE)
Oracle FE

0.6

MAE

0.2 e

0.0

% S N AN D %@ S

Number of periods (logl0-scale, N = 500 constant)

Figure B.9: Mean absolute error in the estimated coefficient across 100 simulations for 1 observed con-
founder by the number of periods. The number of units is fixed at N = 500. The simulated confounding
influence is u-shaped, the causal structure is (C), i.e., U; — X;;. We computed DML (dummies) only for
up to 7' = 100, as it becomes computationally too costly for larger values.
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Figure B.10: Mean absolute error in the estimated coefficient across 100 simulations for 5 observed
confounders by the number of periods. The number of units is fixed at N = 500. The simulated
confounding influence is u-shaped, the causal structure is (C), i.e., U; — X;;. We computed DML
(dummies) only for up to T' = 100, as it becomes computationally too costly for larger values.
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C.1 Subtle violations of faithfulness

Y Y
N <
1 1
A w X A w X
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Figure C.1: How a subtle violation of faithfulness/specific parameter combinations can make the PC
algorithm fail. (A) True graph, where all edge weights are 1 and the noise term of each variable follows
a standard normal distribution. (B) The CPDAG estimated by the PC algorithm, which is missing the
edge between W and Y, and is unable to direct any edges. This is just one special case. As soon as the
edge weights take any value other than 1 (e.g., 1.1), the PC algorithm discovers the correct DAG. Also,
even if all edge weights remain at 1, slightly increasing or decreasing the variance of the noise term of
either W or Y (such that it is no longer exactly 1) also makes the graph discoverable.
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C.2 Causal discovery under sufficiency
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Figure C.2: Results for the discovery of parents (query isParent, directed edge in CPDAG) and possible
parents (query isPosParent, undirected edge in CPDAG) for different numbers of variables. The dashed
lines indicate the optimal values: a true positive rate of 1 and a false negative rate of 0. The sample size
is fixed at N = 10,000 and the density of the true graph at p = .4. Each point is the average rate across
500 simulated graphs and datasets.
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Figure C.3: Results for the discovery of parents (query isParent, directed edge in CPDAG) and possible
parents (query isPosParent, undirected edge in CPDAG) for different degrees of density in the true graph.
The dashed lines indicate the optimal values: a true positive rate of 1 and a false negative rate of 0. The
sample size is fixed at N = 10,000 and the number of variables at J = 7. Each point is the average rate
across 500 simulated graphs and datasets.
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C.3 Causal estimation from an unknown graph under sufficiency
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Figure C.4: Results for causal effect estimation from unknown graphs for different numbers of variables.
The dashed line indicates the optimal bias of 0. The sample size is fixed at N = 10,000 and the density
of the true graph at p = .4. The boxplots show the distribution of the bias in the estimated coefficient
across 100 simulated graphs and datasets. The IDA versions differ in how I summarize the multiset of
effects: “best” (infeasible in practice) takes the effect closest to the true effect, “min” takes the minimum,
“mean” takes the average of the multiset. I excluded the 15 largest outliers in terms of bias for better
readability.
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Figure C.5: Results for causal effect estimation from unknown graphs for different degrees of density in
the true graph. The dashed line indicates the optimal bias of 0. The sample size is fixed at N = 10,000
and the number of variables at J = 7. The boxplots show the distribution of the bias in the estimated
coefficient across 100 simulated graphs and datasets. The IDA versions differ in how I summarize the
multiset of effects: “best” (infeasible in practice) takes the effect closest to the true effect, “min” takes
the minimum, “mean” takes the average of the multiset. I excluded the 10 largest outliers in terms of
bias for better readability.
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C.4 Causal discovery under insufficiency
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Figure C.6: Results for the discovery of parents (query isParent, directed edge in CPDAG) and possible
parents (query isPosParent, undirected (directed or circle) edge in CPDAG (PAQG)) for different sample
sizes. The dashed lines indicate the optimal values: a true positive rate of 1 and a false negative rate of
0. The true causal structure is Figure 4.8A. Each point is the average rate across 100 simulated datasets.
PAGs only imply ancestral relationships, hence FCI cannot answer the isParent query.
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C.5 Notes on the implementation of LV-IDA

For LV-IDA, I use the implementation from https://github.com/dmalinsk/lv-ida. In rare
cases where FCI is only able to direct very few edges, the enumeration of all possible MAGs
in LV-IDA can take a very long time. The multiset of these cases typically contains many
NA values, but not necessarily exclusively. Nevertheless, if the LV-IDA computation has not
finished after 60 minutes, I stop the function execution and interpret the effect as unidentifiable
by setting the result to “NA”. Also, in even rarer cases, this implementation of LV-IDA gets
stuck in one of its recursive functions. My observations suggest that this is the result of FCI
returning a cyclic graph, for which LV-IDA does not work (see also the Github documentation).
In the main simulation, this occurs in less than 1% of the simulations. Hence, in my final
results, I remove these cases and report the first 100 simulations of each setting that successfully

computed.
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APPENDIX C. CHAPTER 4

C.6 Application results under different parameters

two earners age

married

.

family size

/

education

DB pension

IRA participation
/

401(k) eligibility <——— net financial assets

Figure C.7: CPDAG discovered by order-independent PC algorithm with o = .01. The undirected
edges indicate uncertainty about the edge orientation. The focal edge direction 401 (k) eligibility < net
financial assets seems implausible.

two earners age
O

401(k) eligibility < - - -+ net financial assets

Figure C.8: PAG discovered by order-independent FCI algorithm with o = .05. The circles indicate
uncertainty about the edge orientation. The bidirected and dashed edges posit the existence of hidden
variables. The focal edge between 401(k) eligibility and net financial assets is bidirected, implying a fully
confounded relationship and an effect of 0 in LV-IDA.
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