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Introduction



Causal Machine Learning

Causal
) ) Machine ( < °
Learning

CAUSAL MODELING Al/ MACHINE LEARNING

= Learning causal relationships
= Going beyond correlations

= Pij : Pearl, Rubin, Imbens . o
(I\Il%rgee?rsrizee 2621; | = Good at forecasting / prediction

= Learning complex patterns in data
= Correlation based
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Causal Machine Learning

An Al Pioneer Wants His Algorithms to Understand the "Why'

Deep learning is good at finding patterns in reams of data, but can't explain how they're connected. Turing Award winner Yoshua Bengio wants to change that.
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O E] https://www.microsoft.com/en-us/research/grou
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= Microsoft | Research Qur research - Programs & events . Blogs & podcasts

Causality and Machine Learning

Double ML
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Publications Downloads Videos

Overview People

doubleml.org

At Microsoft Research, our causality research spans a broad array of tg

aucal mathodc o lavaraoe lar, la and hioh_dimancional datacatc

Judea Pearl

& Dana Mackenzie

The
Book

The New Science
of Cause and Effect




Predictive vs. Causal ML

Predictive ML Causal ML

How can we build a good prediction
rule, f(X), that uses features X to
predict?

What is the causal effect of a
treatment D on an outcome Y?

Example: treatment evaluation
“Is a new drug better than an old
one?"

Example: mortality prediction
“How large it the risk that a patient
will die in hospital?"
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Methods

Randomized Control Trial Observational Data / RWD

“Gold standard” in medicine and science Learning causal effects from RWD
Additional assumptions required

Toolbox for causal inference in such
situations

Innovation: ML / Al for complex data

Widely used and well established
But also non-standard situations
Innovations: heterogenous TE, precision

Hybrid Methods: Instrumental Variables

Invented in economics but has become popular more broadly

Used in settings when Randomized Trials are not feasible and/or new
policies / policy predictions are needed

Can handle large dimensions with solid statistical properties
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Motivation

We consider the linear regression model in a high-dimensional
setting (potentially p >>n)

Y = Do+ XiB1 + ... XpBp +2, E[e| X,D] =0,

e Y - outcome variable

e D - policy/treatment variable

e (o - parameter of interest

e 5= (51,...,08p) - nuisance parameter

o X =(Xi,...,X,) is a vector of other covariates, called

“controls” or “confounders” in the sense that

D=+~'X+v, E[pX]=0.
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Partially Linear Regression

Partially linear regression (PLR) model

D = mo(X)+V, E[V|X] = 0,

with

* Qutcome variable Y

« Policy or treatment variable of interest D

* High-dimensional vector of confounding covariates X = (Xj, ..., Xp,)
« Stochastic errors { and V

Problem of simple "plug-in" approaches: Regularization bias:

If we use an ML model to estimate g and simply plug in the

predictions g, the final estimate on 6, will not be unbiased
and neither be asymptotically normal

UH

i'ti i ey

L2 ) Universitdit Hamburg
DER FORSCHUNG | DER L

ER LEHRE | DER BILDUNG




,Naive“ or Prediction-Based ML Approach is Bad

Naive/Textbook Inference:

1. Select controls terms by running Lasso (or variants) of Y; on
X;'
2. Estimate 6y by least squares of Y; on D; and selected

controls, apply standard inference

The distribution of @0 — Og looks like this:

Non-Orthogonal (n = 100,p = 20) with centered normal dist.
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The Double Machine Learning Approach
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1. Predict Y and D using X by E[Y|X] and E[D|X], obtained

using Lasso, Random Forest or other “best performing” ML

tools.
2. Residualize W =Y — E[Y|X] and V = D — E[D|X]
3. Regress W on V to get g

Frisch-Waugh-Lovell (1930s) style with ML methods
The distribution of @0 — 6o looks like this:

Orthegonal (n= 100,p = 20) with centered normal dist.




The Key Ingredients of DML

1. Neyman Orthogonality

The inference is based on a score function Y (W; 0, n) that satisfies

E[p(W; 6,,10)] = 0
Where W = (Y, D, X, Z) and with 8, being the unique solution that obeys the Neyman
orthogonality condition

3, E[p(W; 6, n)]|n=n0 ~-0
* For many models the Neyman orthogonal : _ . :
score functions are linear in 0 w(W’ 6’ 77) . ¢a(W, 77)9 + ?,bb(W, 77)
« The estimator 8, then takes the form 0y = —(En[ta(W; n)])_lﬁN[¢b(W; n)]

PLR example: Orthogonality by including the first-stage regression, i.e., the regression relationship of the
treatment variable D and the regressors X

Orthogonal score function Y(-)=(Y - E|Y|X]|—-0(D— E|D|X]))(D — E|D|X])
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Neyman Orthogonality

The two strategies rely on very different moment conditions for identifying and estimating 8,

E[y(W,680,m0)] =0

Naive approach FWL partialling out

H(W,00,1) =(Y — Dy — go(X))D P(W, 00, m) =((Y — E[Y|X]) — (D — E[D|X])bo)
e (D~ E[D| X))

gression adjustment score

B ( X) Neyman-orthogonal score (Frisch-Waugh-Lovell)
=9 X n = (9(X),m(X)),
0= 902 Mo = (90(X), mo(X)) = (EY | X],E[D | X])
1 « .
Both estimators solve the empirical analog of the moment conditions: n Z Y(Wi,0,10) =0,
i=1

; - where instead of unknown nuisance functions we plug-in their ML-based (hold-out) estimators
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The Key Ingredients of DML

2. High-Quality Machine Learning Estimators

The nuisance parameters are estimated with high-quality (fast-enough converging) machine learning
methods.

 Different structural assumptions on n, lead to the use of different machine-learning tools for
estimating n, (Chernozhukov et al., 2018, Chapter 3)

3. Sample Splitting

To avoid the biases arising from overfitting, a form of sample splitting is used at the stage of
producing the estimator of the main parameter 8,,.

« Cross-fitting performs well empirically (efficiency gain by switching roles)
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Heterogenous Treatment effects

Treatment effect depending on convariates

¢ 6(X)

« Key for personalized medicine and targeted policies

In the last years lot of progress on estimation of HTE with ML /Al
* Double Machine Learning also allows for valid inference

of complex objects
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Causal Infernece with text and images

ECONOMIC#:AI



Causal Infernece with text and images

Y = D6+ go(X) + ¢

v/ 5

Treatment
Outcome
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Causal Infernece with text and images

Tabular Data

Transformer Transformer

Text Image
Embedding Embedding

Model for
Tabular Data

Embedding

Network

Unstructured Tabular
Data Embedding Hg Embedding
| |
\\h >//’
e N —
Embedding
General Representation
/

Fusion Head
Treatment

Fusion Head

Outcome

Prediction Prediction
E[Y|X] E[D|X]
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Causal Infernece with text and images

Looking for collaboration partner  (Multimodal) Confounder
and beta user! / Control Variables
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[Submitted on 1 Feb 2024]

DoubleMLDeep: Estimation of Causal Effects with Multimodal Data
Sven Klaassen, Jan Teichert-Kluge, Philipp Bach, Victor Chernozhukov, Martin Spindler, Suhas Vijaykumar

This paper explores the use of unstructured, multimodal data, namely text and images, in causal inference and treatment effect estimation. We propose a neural network architecture that is adapted to
the double machine learning (DML) framework, specifically the partially linear model. An additional contribution of our paper is a new method to generate a semi-synthetic dataset which can be used
to evaluate the performance of causal effect estimation in the presence of text and images as confounders. The proposed methods and architectures are evaluated on the semi-synthetic dataset and
compared to standard approaches, highlighting the potential benefit of using text and images directly in causal studies. Our findings have implications for researchers and practitioners in economics,
marketing, finance, medicine and data science in general who are interested in estimating causal quantities using non-traditional data.

Subjects: Machine Learning (cs.LG); Artificial Intelligence (cs.Al); Econometrics (econ.EM); Methodology (stat. ME); Machine Learning (stat.ML)
MSC classes: 62, 91
ACMclasses: 1.2.0
Cite as: arXiv:2402.01785 [cs.LG]
(or arXiv:2402.01785v1 [cs.LG] for this version)

https://doi.org/10.48550/arXiv.2402.01785 0
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Online Resources

DoubleML

Double ML

Search the docs ...
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DoubleML Install Getting started User guide Workflow Python APl R APl Examples Release notes

DoubleML

The Python and R package DoubleML provide an implementation of the double / debiased machine learning
framework of Chernozhukov et al. (2018). The Python package is built on top of scikit-learn (Pedregosa et al.,

2011) and the R package on top of mir3 and the mlr3 ecosystem (Lang et al., 2019).

3
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Getting started User guide Workflow
New to DoubleML? Then Want to learn everything The DoubleML workflow
check out how to get started! about DoubleML? Then you demonstrates the typical steps
should visit our extensive user to consider when using
guide with detailed DoubleML in applied analysis.

explanations and further

references.

Main Features
Source code and maintenance
Citation

References



Online Resources

O B https://causalml-book.org X 90% v  Q Suchen Y In @0 © € @ &) =

CausalML Chapters Packages

Causal ML Book

An introduction to the emerging fusion of machine learning

and causal inference.

The book introduces ideas from classical structural equation
models (SEMs) and their modern Al equivalent, directed
acyclical graphs (DAGs) and structural causal models (SCMs),
and presents Double/Debiased Machine Learning methods to

do inference in such models using modern predictive tools.
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202 5 Short Course
Causal Machine Learning with DoubleML

Register
13-14 18-19 now!

Trainings Contact

DoubleML

c Al GmbH, Nurnberger Str. 262 A,
9R egensburg, German
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Webinar

Timetable — July 21, 2026 2
Webinar: Causal Al for ECONOMIC=:Al

Industry it N ( Speaker

On July 2@ 2025, 16:00— 17:10 CET
16:00 - 16:05 CET i i
The new field of Causal Al combines Causal i 2T Prof. Dr. Martin Spindler

Inference and Machine Learning to tackle

complex, causal problems that conventional,
correlation-based Predictive/Generative Al 16:05 — 16:20 CET What's new in DoubleML? Dr. Philipp Bach
can't solve. What value does Causal Al offer

to industry? Join our webinar for a hands-on

introduction to Causal Al and discover its .
applications in targeted marketing, dynamic 16:20 — 16:40 CET C:ausa.-‘Af = C(.:)rpor:ate WDr. HT:!muht
pricing, product optimization, advanced A/B Finance: Credit Ratings asserbacher

testing, and many more.

Don’t miss the opportunity — Register now
to stay ahead. 16:40 — 16:50 CET  Upskilling for Causal Al Dr. Philipp Bach

Causal Al Projects & Closing Jan Rabenseifner

16:50 - 17-10CET 0 e Prof. Dr. Martin Spindler

Target Audience

Data Scientists, (Data Science) Managers,
Statisticians, Analysts, and anyone interested
in gaining a first understanding of Causal Al.
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Thank You for Your Attention
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Prof. Dr. Martin Spindler

spindler@economicai.com

martin.spindler@uni-hamburg.de

linkedin.com/in/martin-spindler
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Randomize Control Trial: Evaluating Causal Effects

000 Group 1 |-  outcome.

i N

Sample
population

Control

000
QQQ Group 2 treatment m
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Application: Randomized Experiments

« General: What is the effect of a certain
variable D on a relevant outcome variable Y?

 Randomized experiments are a direct way to
estimate such effects (assuming they are
conducted properly)

Challenges in practice: Solution with DoubleML

1. Observational study: Include control variables X

1. No (pure) A/B-testing / experiments which may also impact the variables Y or D

possible — observational data

2. Include covariates X that help to predict the

2. A/B test suffers from low power outcome Y using ML methods

e U3It_lﬁti£ogg enous treatment effects 3. Detection of complex treatment effect patterns

RSCHUMG | DER LEHRE | DER BI




RCTs powered by Al

More precise estimation with ML & Al

Heterogenous treatment
effects & policy optimization

= Personalized medicine®

Adaptive Experiments & Reinforcement Learning

32
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Observational Data /
Real World Data

* Universitat Hamburg
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Real World Evidence

Additional assumptions are required for causal inference

Important innovation: Heterogenous Treatment Effects

Combining CI tools with ML for complex settings

Multimodal data becoming more and more available

(e.g. EHR, medical images)




Real World Evidence

Toolbox for causal inderence:
» Unconfoundedness assumption
(propensity score matching, regression adjustment,
doubly robust estimation, ...)
More realistic with more data (e.g. EHR)
Instrumental Variables
Difference in Difference Estimation
Synthetic Controls
Regression Discontinuity
Panel Data




The Key Ingredients of DML

lllustration of the cross-fitting algorithm
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