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Introduction
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Causal Machine Learning
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Causal

Machine 

Learning

Why? AI

▪ Learning causal relationships

▪ Going beyond correlations

▪ Pioneers: Pearl, Rubin, Imbens
(Nobel Prize 2021)

CAUSAL MODELING

▪ Learning complex patterns in data

▪ Correlation based

▪ Good at forecasting / prediction

AI/ MACHINE LEARNING
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Causal Machine Learning



Predictive vs. Causal ML

Predictive ML

How can we build a good prediction 

rule, 𝒇(𝑿), that uses features 𝑿 to 

predict?

Example: mortality prediction

“How large it the risk that a patient 

will die in hospital?"

Causal ML

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?“



Methods
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▪ “Gold standard” in medicine and science

▪ Widely used and well established

▪ But also non-standard situations

▪ Innovations: heterogenous TE, precision

Randomized Control Trial

▪ Learning causal effects from RWD

▪ Additional assumptions required

▪ Toolbox for causal inference in such 
situations

▪ Innovation: ML / AI for complex data

Observational Data / RWD

▪ 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

Hybrid Methods: Instrumental Variables



Double Machine Learning



Motivation

We consider the linear regression model in a high-dimensional 

setting (potentially p >> n)

X

YDV



Partially Linear Regression

Partially linear regression (PLR) model

with 

• Outcome variable 𝒀
• Policy or treatment variable of interest 𝑫
• High-dimensional vector of confounding covariates 𝑿 = (𝑿𝟏, … , 𝐗𝐩)

• Stochastic errors 𝜻 and 𝑽

X

YDV

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 𝜽𝟎 will not be unbiased 

and neither be asymptotically normal 



„Naive“ or Prediction-Based ML Approach is Bad



The Double Machine Learning Approach



The Key Ingredients of DML

The inference is based on a score function 𝝍 𝑾; 𝜽, 𝜼 that satisfies

𝔼 𝝍 𝑾; 𝜽𝟎, 𝜼𝟎 = 𝟎

Where 𝑾 ≔ (𝒀, 𝑫, 𝑿, 𝒁) and with 𝜽𝟎 being the unique solution that obeys the Neyman

orthogonality condition            

𝝏𝜼 ቚ𝔼 𝝍 𝑾; 𝜽𝟎, 𝜼
𝜼=𝜼𝟎

= 𝟎

1. Neyman Orthogonality

• For many models the Neyman orthogonal 

score functions are linear in 𝜽 

• The estimator ෩𝜽𝟎 then takes the form

Orthogonal score function 

PLR example: Orthogonality by including the first-stage regression, i.e., the regression relationship of the 

treatment variable 𝑫 and the regressors 𝑿



Neyman Orthogonality

The two strategies rely on very different moment conditions for identifying and estimating 𝜽𝟎

Regression adjustment score
Neyman-orthogonal score (Frisch-Waugh-Lovell) 

Both estimators solve the empirical analog of the moment conditions:

where instead of unknown nuisance functions we plug-in their ML-based (hold-out) estimators

Naive approach FWL partialling out



The Key Ingredients of DML

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

methods. 

2. High-Quality Machine Learning Estimators

• Different structural assumptions on 𝜼𝟎 lead to the use of different machine-learning tools for 

estimating 𝜼𝟎 (Chernozhukov et al., 2018, Chapter 3)

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 𝜽𝟎.

3. Sample Splitting

• Cross-fitting performs well empirically (efficiency gain by switching roles) 



Heterogenous Treatment effects

• Treatment effect depending on convariates

• 𝜃(𝑋)
• Key for personalized medicine and targeted policies

• In the last years lot of progress on estimation of HTE with ML /AI

• Double Machine Learning also allows for valid inference

 of complex objects



DoubleMLDeep

in collaboration with 



X

YD

Causal Infernece with text and images



Causal Infernece with text and images

Outcome
Treatment

(Multimodal) Confounder 

/ Control Variables



Causal Infernece with text and images



Causal Infernece with text and images

Outcome
Treatment

(Multimodal) Confounder 

/ Control Variables
Looking for collaboration partner 

and beta user!





Resources



Online Resources



Online Resources





Webinar



Thank You for Your Attention

Prof. Dr. Martin Spindler

spindler@economicai.com

martin.spindler@uni-hamburg.de

linkedin.com/in/martin-spindler

mailto:spindler@economicai.com


Appendix



Randomized Control 

Trials



Randomize Control Trial: Evaluating Causal Effects 
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Sample

population

Group 1

Group 2

Outcome

New 

treatment

Control

treatment Outcome



Application: Randomized Experiments

1. No (pure) A/B-testing / experiments 

possible → observational data

2. A/B test suffers from low power

3. Heterogenous treatment effects

Challenges in practice:

• 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) 

1. Observational study: Include control variables 𝑿 

which may also impact the variables 𝒀 or 𝑫

2. Include covariates 𝑿 that help to predict the 

outcome 𝒀 using ML methods

3. Detection of complex treatment effect patterns 

Solution with DoubleML



RCTs powered by AI
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More precise estimation with ML & AI

Adaptive Experiments & Reinforcement Learning

Heterogenous treatment 

effects & policy optimization
▪ „Personalized medicine“



Observational Data / 

Real World Data



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

Illustration of the cross-fitting algorithm 
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