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Motivation for Causal ML
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What is Double/Debiased Machine Learning (DML)?
DML is a general framework for causal inference and estimation of causal parameters
based on machine learning

Summarized in Chernozhukov et al. ( )

Combines the strengths of machine learning and econometrics

2018
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Motivating Example
Partially linear regression model (PLR)

with

Outcome variable 

Policy or treatment variable of interest 

High-dimensional vector of confounding
covariates 

Stochastic errors  and 

Y = D + (X) + ζ,θ0 g0

D = (X) + V ,m0

E[ζ|D, X] = 0,

E[V |X] = 0,

Y

D

X = ( , … , )X1 Xp

ζ V
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Motivating Example
Failure of naive approach

What if we simply plug-in ML predictions  for  into
?

See  based on Chernozhukov et al. ( )

(X)ĝ0 (X)g0

Y = D + (X) + ζθ0 g0

this example 2018
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Motivating Example
Solution to regularization bias: Orthogonalization

Remember the Frisch-Waugh-Lovell (FWL) Theorem in a linear regression model

 can be consistently estimated by partialling out , i.e,

1. OLS regression of  on :   Residuals 

2. OLS regression of  on :   Residuals 

3. Final OLS regression of  on 

Orthogonalization: The idea of the FWL Theorem can be generalized to using ML
estimators instead of OLS

Y = D + β + εθ0 X ′

θ0 X

Y X = ( X Yβ
~

X ′ )−1X ′ → ε̂

D X = ( X Dγ~ X ′ )−1X ′ → ζ̂

ε̂ ζ̂
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Motivating Example
Using an orthogonal score leads to an asymptotically normal estimator 

See  based on Chernozhukov et al. ( )

θ̂ 0

this example 2018
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Neyman Orthogonality
Naive approach

Regression adjustment score

FWL partialling out

Neyman-orthogonal score (Frisch-Waugh-
Lovell)

ψ(W , , η) =θ0 (Y − D − (X))Dθ0 g0

η

η0

= g(X),

= (X),g0

ψ(W , , ) =θ0 η0 ((Y − E[Y |X]) − (D − E[D

(D − E[D|X])

η

η0

= (ℓ(X), m(X)),

= ( (X), (X)) = (E[Y ∣ X],E[D ∣ Xℓ0 m0
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Introduction to Double
Machine Learning
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DML Key Ingredients
1. Neyman Orthogonality

Inference is based on a moment condition that satisfies the Neyman orthogonality
condition 

where  and with  being the unique solution that obeys the
Neyman orthogonality condition

 denotes the pathwise (Gateaux) derivative operator

ψ(W ; θ, η)

E[ψ(W ; , )] = 0,θ0 η0

W := (Y , D, X, Z) θ0

= 0.E[ψ(W ; , η)]|∂η θ0 η=η0

∂η
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DML Key Ingredients
1. Neyman Orthogonality

Neyman orthogonality ensures that the moment condition identifying  is insensitive
to small pertubations of the nuisance function  around 

Using a Neyman-orthogonal score eliminates the first order biases arising from the
replacement of  with a ML estimator 

PLR example: Partialling-out score function

θ0

η η0

η0 η̂0

ψ(⋅) = (Y − E[Y |X] − θ(D − E[D|X]))(D − E[D|X])
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DML Key Ingredients
2. High-Quality Machine Learning Estimators

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

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

Rate requirements depend on the causal model and orthogonal score, e.g. (see
Chernozhukov et al. ( )),

PLR, partialling out:

IRM/DR score, ATE: 

η0

η0 2018

2018

∥ − × (∥ − + ∥ − ) ≤m̂0 m0∥P,2 m̂0 m0∥P,2 ℓ̂ 0 ℓ0∥P,2 δN N −1/2

∥ − × ∥ − ≤m̂0 m0∥P,2 ℓ̂ 0 ℓ0∥P,2 δN N −1/2
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DML Key Ingredients
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 .

Efficiency gains by using cross-fitting (swapping roles of samples for train / hold-out)

Cross-Fitting AnimationCross-Fitting Animation

θ0
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DML Key Ingredients
Main result in Chernozhukov et al. ( )

See  based on Chernozhukov et al. ( )

2018

There exist regularity conditions, such that the DML estimator  concentrates in a
-neighborhood of  and the sampling error is approximately

with

θ
~

0

1/ N
−−√ θ0

( − ) ∼ N(0, ),N
−−√ θ

~
0 θ0 σ2

:= E( (W ; , )),σ2 J −2
0 ψ2 θ0 η0

= E( (W ; )).J0 ψa η0

this example 2018
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DoubleML - Implementation
in Python and R
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Main Dependencies
Python

ML Learners

scikit-learn and similar
interfaces, for example XGBoost,
LightGBM, custom learners

Other dependencies

pandas, NumPy, SciPy,
statsmodels, joblib

R

ML Learners

mlr3, mlr3learners and similar
interfaces, for example
mlr3extralearners, custom learners

Other dependencies

R6, data.table, mlr3tuning,
extensions1 of mlr3 (mlr3pipelines,

)…
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Installation
Python

Latest 

Latest 

Development version from 

R

Latest 

Development version from 

PyPi release

pip install -U DoubleML1

conda-forge release

conda install -c conda-forge doubleml1

GitHub

git clone git@github.com:DoubleML/doubleml-for-1
cd doubleml-for-py2
pip install –editable .3

CRAN release

install.packages("DoubleML")1

GitHub

remotes::install_github("DoubleML/doubleml-for-1
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Papers, User Guide, Resources
Papers

R package- with a nontechnical introduction to DML: Bach et al.
( )

Python package: Bach et al. ( )

Software implementation:

Docu, user guide and examples:  and 

2021

2022

https://github.com/DoubleML/doubleml-for-py

https://github.com/DoubleML/doubleml-for-r

docs.doubleml.org example
gallery
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Class Structure and Causal Models
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Advantages of Object Orientation
DoubleML gives the user a high flexibility with regard to specifications of DML models

Choice of ML learners for approximation of nuisance parameters

Different resampling schemes

DML algorithms (DML1, DML2)

Different Neyman-orthogonal score functions

DoubleML can be easily extended

New model classes with appropriate Neyman-orthogonal score functions can be
inherited from abstract base class DoubleML

Score functions can be provided as callables (functions in R)

Resampling schemes are customizable in a flexible way
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Getting Started with
DoubleML
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DoubleML Workflow Example
Workflow

0. Problem Formulation

1. Data-Backend

2. Causal Model

3. ML Methods

4. DML Specification

5. Estimation

6. Inference

0. Problem Formulation

401(k) Example1

Goal: Estimate ATE of eligibility in 401(k) pension plans on
employees’ net financial assets
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1. Data-Backend
Declare the roles for the treatment variable, the outcome variable and controls

 Python R

from doubleml import DoubleMLData1
from doubleml.datasets import fetch_401K2

3
data = fetch_401K(return_type='DataFrame')4

5
# Construct DoubleMLData object6
dml_data = DoubleMLData(data, 7
                        y_col='net_tfa',8
                        d_cols='e401',9
                        x_cols=['age', 'inc', 'educ', 'fsize', 'marr',10
                                'twoearn', 'db', 'pira', 'hown'])11
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2. Causal Model
Choose your DoubleML model
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3. ML Methods
Initialize the learners with hyperparameters

 Python R

# Random forest learners1
from sklearn.ensemble import RandomForestClassifier, RandomForestRegressor2

3
ml_l_rf = RandomForestRegressor(n_estimators = 500, max_depth = 7,4
                                max_features = 3, min_samples_leaf = 3)5

6
ml_m_rf = RandomForestClassifier(n_estimators = 500, max_depth = 5,7
                                max_features = 4, min_samples_leaf = 7)8

9
10

# Xgboost learners11
from xgboost import XGBClassifier, XGBRegressor12

13
ml_l_xgb = XGBRegressor(objective = "reg:squarederror", eta = 0.1,14
                        n_estimators =35)15

16
ml_m_xgb = XGBClassifier(objective = "binary:logistic", eta = 0.1, n_estimators = 34, 17
                         use_label_encoder = False ,eval_metric = "logloss")18
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4. DML Specifications
Initialize the model DoubleML object

 Python R

import numpy as np1
from doubleml import DoubleMLPLR2
import numpy as np3

4
np.random.seed(42)5
# Default values6
dml_plr_rf = DoubleMLPLR(dml_data,7
                         ml_l = ml_l_rf,8
                         ml_m = ml_m_rf)9

10
np.random.seed(42)11
# Parametrized by user12
dml_plr_rf = DoubleMLPLR(dml_data,13
                         ml_l = ml_l_rf,14
                         ml_m = ml_m_rf,15
                         n_folds = 3,16
                         n_rep = 1,17
                         score = 'partialling out',18
                         dml_procedure = 'dml2')19
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5. Estimation
Use the fit() method to estimate the model

 Python R

# Estimation1
dml_plr_rf.fit()2

# Coefficient estimate1
dml_plr_rf.coef2

# Standard error1
dml_plr_rf.se2

# Summary1
dml_plr_rf.summary2
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5. Estimation
For an overview on DoubleML objects use the  method

 

print()

Python R

# Estimation1
print(dml_plr_rf)2
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6. Inference
For confidence intervals use the  method

 

confint()

Python R

# Summary1
dml_plr_rf.summary2

# Confidence intervals1
dml_plr_rf.confint(level=0.95)2

# Multiplier bootstrap (relevant in case with multiple treatment variables)1
_ = dml_plr_rf.bootstrap()2

3
dml_plr_rf.confint(joint = True)4
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Outlook: Extensions of DoubleML
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Implemented Extensions
Simultaneous Inference for Multiple Treatments

Clustered Standard Errors

Group Average Treatment Effects (GATEs)

Conditional Average Treatment Effects (CATEs)

(Local) Quantile Treatment Effects (QTEs)

Effects on Conditional Value at Risk (CVaR)

37DoubleML for Python and R



Cluster Robust DoubleML ( )
 

Code

Chiang et al. 2022
Python R

# initializion from pandas.DataFrame1
dml_cluster_data = DoubleMLClusterData(df, y_col='Y', d_cols='D',  z_cols='Z',2
                                       cluster_cols=['cluster_var_i', 'cluster_var_j'])3

4
dml_pliv_obj = DoubleMLPLIV(dml_cluster_data, ml_l=clone(learner), ml_m=clone(learner), ml_r=clone(le5
_ = dml_pliv_obj.fit()6
print(dml_pliv_obj)7
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GATEs and CATEs
Build GATEs and CATEs on basic IRM models

Estimation is based on the best linear predictor ( )Semenova and Chernozhukov 2021

from doubleml import DoubleMLIRM1
2

dml_irm = DoubleMLIRM(dml_data,3
                      ml_g = ml_l_rf,4
                      ml_m = ml_m_rf,5
                      n_folds = 3,6
                      n_rep = 1)7

8
_ = dml_irm.fit()9
dml_irm.summary10
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Group Average Treatment Effects (GATEs)
Estimate GATEs for different income groups (above and below income median)

import pandas as pd1
groups =  pd.DataFrame(columns=['Group'], index=range(dml_data.data["inc"].shape[0]), dtype=str)2
for i, x_i in enumerate(dml_data.data["inc"]):3
    if x_i <= dml_data.data["inc"].median():4
         groups['Group'][i] = '1'5
    else:6
         groups['Group'][i] = '2'7

8
gate = dml_irm.gate(groups=groups)9
ci_gate = gate.confint()10
print(ci_gate)11

ci_gate_joint = gate.confint(joint=True)1
print(ci_gate_joint)2
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Conditional Average Treatment Effects (CATEs)
Use e.g. a spline dictionary to estimate CATE for based on age

import pandas as pd1
import patsy2
age_data = dml_data.data["age"]3
design_matrix = patsy.dmatrix("bs(age, df=6, degree=3)", {"age":age_data})4
spline_basis = pd.DataFrame(design_matrix)5

6
cate = dml_irm.cate(spline_basis)7
print(cate)8
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Conditional Average Treatment Effects (CATEs)
Create confidence intervals based on a grid of values

# create a confidence band1
new_data = {"age": np.linspace(np.quantile(age_data, 0.2), np.quantile(age_data, 0.8), 50)}2
spline_grid = pd.DataFrame(patsy.build_design_matrices([design_matrix.design_info], new_data)[0])3
df_cate = cate.confint(spline_grid, level=0.95, joint=True, n_rep_boot=2000)4
print(df_cate.head(n=8))5
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Conditional Average Treatment Effects (CATEs)
Code
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Quantile Treatement Effects (QTEs)
QTEs ( ) are implemented via a separate classKallus, Mao, and Uehara 2019

from doubleml import DoubleMLQTE1
from lightgbm import LGBMClassifier, LGBMRegressor2
from sklearn.base import clone3

4
tau_vec = np.arange(0.1,0.95,0.2)5
n_folds = 56

7
# Learners8
class_learner = LGBMClassifier(n_estimators=300, learning_rate=0.05, num_leaves=10)9

10
np.random.seed(42)11
dml_QTE = DoubleMLQTE(dml_data, ml_g=clone(class_learner), ml_m=clone(class_learner),12
                      quantiles=tau_vec, score='PQ', normalize_ipw=True)13
_ = dml_QTE.fit()14
print(dml_QTE)15
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Quantile Treatement Effects (QTEs)
Create simultaneously valid confidence intervals

_ = dml_QTE.bootstrap(n_rep_boot=2000)1
ci_QTE = dml_QTE.confint(level=0.95, joint=True)2

3
print(ci_QTE)4
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Quantile Treatement Effects (QTEs)
Code

46DoubleML for Python and R



Call for Collaboration
Future Extensions

DoubleML for difference-in-differences
models

AutoDML

Sensitivity analysis for omitted variable
bias

Support for unstructured data

Copula models

Collaborators Welcome!

Please contact us if you are interested in
contributing to DoubleML

Issues,

Examples,

Extending model classes and learners

Contributing guidelines for  and 
available online

R Python
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Thank you!
Contact

In case you have questions or comments, feel free to contact us

Hexagon Stickers

👇 Order a free package sticker 👇
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