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LBCF: A Large-Scale Budget-Constrained Causal Forest
Algorithm
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Recursive Partitioning for Heterogeneous Causal Effects - arXiv

[Submitted on 5 Apr 2015 (v1), last revised 30 Dec 2015 (this version, v3)]

Estimation and Inference of Heterogeneous Treatment Effects ...

[Submitted on 14 Oct 2015 (v1), last revised 10 Jul 2017 (this version, v4)]

Generalized Random Forests - arXiv

[Submitted on 5 Oct 2016 (v1), last revised 5 Apr 2018 (this version, v4)]

Machine Learning Methods Economists Should Know About

[Submitted on 24 Mar 2019]


https://www.pnas.org/content/113/27/7353
https://arxiv.org/abs/1504.01132v1
https://arxiv.org/abs/1510.04342
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Estimator for Conditional average treatment effect

7(z) = E[Yi(1) - Yi(0)|X; = z]
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Quasi-oracle estimation of heterogeneous treatment effects
y=uw- T{XJJ + b{Xe) + €

X; ~ N(O, Lixa), e(X;) = 0.5
b(X,) = max{X; + X;2, X;3,0) + max{ X,y + X;5,0}
(X)) = X;y +log(1 + e*i1)

import pandas as pd

import CTL

from CTL.causal tree_ learn import CausalTree

from sklearn.model selection import train test split
import numpy as np

from causalml.metries.visualize import =

n, d = 1000, 10

%X = np.random.randn(n, d)

w = np.random.binemial(l, 0.5, n)

eps = np.random.randni{n, 1)

b = [max([x[1][0]+x[1][1),x[1][2],0]) + max([x[1][3]+x[1][4],0]) for i in range(x.shape[(])]
tao x = np.array([x[1i][0] + np.log(l+ np.exp(x[i][0])) for i in range(x.shape[0])])

Yy = wrtao x + b

X train, x test, y train, y test, treat train, treat test = train test split(x, y, W)

# CTLREFE

ct = CausalTree(honest=True)

ct.fit(x train, y_train, treat train)
ct.prune()

def eval uplift ranking(uplift model, train data, test data, features=None):«s
def numpy to dataframe(x train, y train, treat train, cols=None):+s

train data = numpy to dataframe(x train, y train, treat train)
test data = numpy to dataframe(x test, y test, treat test)
eval uplift ranking(ect, train data, test data)

Buuc of train is 0.9001237265458116, and test is 0.8428228466526692
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*Rzepakowski and Jaroszewicz (2012) 49 3% 35 AEAE A 69 Bk X FE 3B M T B BAHE A

&gm’n = Dafter_spiit (PT, Pf:) — Dbﬂfm*e_gp{-;'; (PT, PU)

Kullback, Euclidean and Chi-Squared, defined as:

KLP:Q) = ), pilogx
k=Left,Right £

EP:Q)= >  (x—a)’

k=Left,Right

XZ(P Q) = Z (P — fi‘k)2
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F & Bk A the "honest" approach



The Honest Approach &4+ A7

© B R A B ANAZ S ] AR

* 1) defT 45 B 4FAE R

Iq]

© 2) deATAE R L ag E RN

; ~COT Ly —
A 1 #c!%ren %2 T (X»,,) = EJ G, W, /e(X )
#children . K
i | xen YU (1= Wi)/(1 - (X))
Zj;xjexl (1—=Wi)/(1 - é(X.))
— F09EE KA TATRG AR, —FA9AE KA THEG T

¥ 25 R

ZJX €X, Yoo - Wi/é(Xi)

effect = 0.746
samples = 188
att_0>=-0.313

effect = 1.944
samples = 16

I J
l \(Sm:vv atree
Estimate ‘
leaf-specific [¢——
effect




The Honest Approach vs. The Adaptive Approach

train data P
1% & ﬁr% effect =0.746
estimation data ) [P samples = 188

2) estimates

att_0 >=-0.313
QH(’TI') = —Este,sest,str [MSE#(Ste,SBSt,’]T(StT)]

train data

53 Hik
train data 1) patution effect = 1.944
2) estimates samples = 16

Q€ (7) = —Ege o« [MSE, (8", S¥, z(S™))].

cannot be used directly for constructing confidence intervals because the methods are "adaptive™:

"honest" 7] VA FAE —#F cross validdation (FRJA FI=HIAZR G 2 m) a9, JLHE L arxiv v2



A1 4+ L honesty instead of cross-validation?

* Crucially, we anticipate that second-stage estimates of treatment etfects will be

unbiased in each leat, because they will be performed on an independent sample.

* Through a simulation study, we show that for our preferredmethod honest estimation
results in nominal coverage for 90% con-fidence intervals, whereas coverage ranges

between 74% and 84%for nonhonest approaches.
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To our knowledge, this is the first set of results that allows any type of

random forest, including classification and regression forests, to be used
for provably valid statistical inference.

fin () — ()

= N (0, 1) for a sequence ,(x) — 0.
on ()
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* The statistics community has by and large accepted the Machine Learning (ML)

revolution that Breiman ...
‘ANA T FMEFINEER, REMEHRFT, BB ELETH
WLEF 3] VS it

* ML literature has focused heavily on out-of-samnle performance

. 2
* cross-validation (YN“ _YN“) |
* The ability to do inference fin () (—SL(w) = N(0, 1) for a sequence o, (z) — 0.
on(T

* e.g. Consitenc
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http://www.sohu.com/a/329858474_314987

FEeverything Starts with a research problem
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We argue that in the future, as ML tools are more widely adopted, researchers should articulate
clearly the goals of their analysis and why certain properties of algorithms and estimators may or
may not be important. --- Susan Athey
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Often the ML techniques require careful tuning and adaptation to
etfectively address the specific problems economists are interested in.
Perhaps the most important type of adaptation is to exploit the structure
ot the problems, e.g. the causal nature ot many estimands, the endogeneity
of variables, the contiguration of data such as panel data, the nature ot
discrete choice among a set of substitutable products, or the presence ot
credible restrictions motivated by economic theory, such as monotonicity
of demand in prices or other shape restrictions

J L ALARAK: Statistics 427 AL 5 3 Fik
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* honest estimation
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: procedure GENERALIZEDRANDOMFOREST(set of examples S, test point z)

weight vector o <~ ZEROS(|S|)
for b = 1 to total number of trees B do
set of examples Z + SUBSAMPLE(S s)
sets of examplesae SPLITSAMPLE(Z)

tree T + GRADIENTTREE, X) > See Algorithm 2.
N «NEIGHBORS(z, T, > Returns those elements of 7> that fall into

the same leaf as z in the tree 7.
for all example e € N do

ale] +=1/|N]
output §(z), the solution to (2) with weights o/ B
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1: procedure GENERALIZEDRANDOMFOREST(set of examples S, test point x)
2 weight vector a + ZEROS(|S|)

3 for b =1 to total number of trees B do

4 set of examples Z < SUBSAMPLE(S, s)

5: sets of examples J1, J2 +— SPLITSAMPLE(Z)
6 tree 7 + GRADIENTTREE(J:, X)

7

8

9

> See Algorithm 2.
|V «NEiGHBORS(z, T, J2)

> Returns those elements of 7> that fall into
the same leaf as z in the tree 7.

} (2)

for all example e € A do
- ale] +=1/ |N|
10: output 6(z), the solution to (2) with weights a/B

(é(m), 1’)(:1':)) € argmin, , { () e, (O:)

Kt T

« E[Y,(W; =1)|X; = z] — E[Y;(W; = 0)|X; = 7]

— u(z)),Y; — Wit(z) — p(z))
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https://mp.weixin.qq.com/s/VHKSiQO1u_nJbSDo49jiVg

Learning Triggers for Heterogeneous Treatment
Effects

1: Sample size (samples)
2: Average causal effect (ACE)
3: t-test p-value (p)
4: ACE treatment threshold
5: Splitting feature

Tran C, Zheleva E. Learning triggers for heterogeneous treatment effects[C]//Proceedings of the AAAI Conference on Artificial Intelligence. 2019,
33(01): 5183-5190.
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*Evidence-Based Policy Learning (CLeaR 2022 Oral)

*An algorithm to find subgroups with statistically significant treatment effects in

randomized-trial data

*Generalized Causal Tree for Uplift Modeling

*A tree-based federated learning approach for personalized treatment effect estimation

from heterogeneous data sources

*Causal transfer random forest: Combining logged data and randomized experiments
for robust prediction



https://openreview.net/forum?id=83mo-LrHhR
https://arxiv.org/abs/2202.02416
https://arxiv.org/abs/2103.06261
https://dl.acm.org/doi/abs/10.1145/3437963.3441722
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e Causal Tree
* honest estimation: 3F )| ZrAF A AF AL A 69 By SR A% uL ()
e Causal Forest

* An estimator with provably valid statistical inference

fin () — 1 () - N

(0, 1) for a sequence g, (x) — O.
on(T)

e General Random Forest
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Remark of Susan&Imbens's Work

« RET ARG F/ B 208 (HTE) 5 2 304E +F 9] A

S RIKSBANK PRIZE

, @ Judea Pearl replied
“IENCES IN MEMORY

sachit gaudi @gaudi_sachit - 10h
This year Nobel in economics, makes me

think do we really need it. Causal inference
pioneer @yudapearl dont have a mention.

Q 2 Tl (P 7 a

Judea Pearl @ @yudapearl - 9h
No problem. | am sure Angrist and Imbens
will nominate me for next year award.
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Imbens: There have not been similar applications of the DAG framework, and more papers discussing
toy models will not be sufficient to convince economists to use this framework.

Imbens G W. Potential outcome and directed acyclic graph approaches to causality: Relevance for empirical practice in
economics[J]. Journal of Economic Literature, 2020, 58(4): 1129-79.



R R Z A 2540 B R A SO 7

*Pearl J. The seven tools of causal inference, with reflections on machine learningJ].

Communications of the ACM, 2019, 62(3): 54-60.

*Schélkopf B. Causality for machine learning[M]//Probabilistic and Causal Inference:
The Works of Judea Pearl. 2022: 765-804.

*On Pearl's Hierarchy and the Foundations of Causal Inference

*Bongers, Stephan, et al. "Foundations of structural causal models with cycles and

latent variables." The Annals of Statistics 49.5 (2021): 2885-2915.



What If ?

Theorem 1. [Causal Hierarchy Theorem (CHT), informal version] The PCH almost never
collapses. That is, for almost any SCM, the layers of the hierarchy remain distinct. H

What does almost-never mean? Here is an analogy. Suppose (fully specified) SCMs are
drawn at random from €. Then, the probability that we draw an SCM relative to which PCH
collapses is 0. This holds regardless of the distribution on SCMs, so long as it is smooth.

The CHT thus says in a general manner that there will typically be causal questions that
one cannot answer with knowledge and/or data restricted to a lower layer in the hierarchy.?’
In fact, this can be seen as the formal grounding for the intuition behind the PCH as discussed
in [Pearl and Mackenzie 2018, Ch. 1]:

Corollary 1. 7o answer questions at Layer i, one needs knowledge at Layer i or higher. W1

Layer Typical Typical Example Machine Learning
(Symbolic) Activity  Question
Ly Associational  Seeing What is? What does a symp- Supervised /
P(y|x) How would seeing tom tell us about the Unsupervised
X change my belief disease? Learning
inY?
Ly Interventional — Doing What if? What if I take aspirin, Reinforcement
P(y|do(x).c) What if I do X? will my headache be Learning
cured?
L3 Counterfactual Imagining Why? Was it the aspirin

POl y)

What if T had acted
differently?

that stopped my
headache?
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) Topics of submis|siun may include, but are not limited to:

Machine learning building on causal principles

Causal discovery in complex environments

Efficient causal discovery in large-scale datasets

Causal effect identification and estimation

Causal generative models for machine learning

Unsupervised and semi-supervised deep learning connected to causality

Machine learning with heterogeneous data sources

Benchmark for causal discovery and causal reasoning

Reinforcement learning

Fairness, accountability, transparency, explainability, trustworthiness, and recourse

Applications of any of the above to real-world problems

CLeaR 2022 will be held in Eureka, CA, USA from April 11 to 13, 2022


https://g289c5rl0u.feishu.cn/docs/doccneRXg9J8SJsaAOvT8JESyuh#s5uTUF

