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What is Causality?

Causality refers to the relationship between an event (the cause) and a second
event (the effect), where the second event is understood as a consequence of
the first. In other words, causality is the relationship between cause and effect,
where the cause is the reason why something happens, and the effect is the

result of that cause.

Causality is a fundamental concept in many fields, including philosophy,
physics, psychology, and economics. It is often used to explain and predict the
behavior of systems, to test theories, and to establish the basis for scientific
knowledge. In order to establish causality, researchers must use methods that
allow them to rule out alternative explanations for the relationship between two

events, such as spurious correlations or coincidence.
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What is causal inference

Causal inference is the process of drawing a conclusion about causality based
on the evidence available, which may include observations, experiments, and
statistical analysis. In other words, it is the process of making inferences or
conclusions about the causal relationship between two variables, based on data

or other types of evidence.

Causal inference is a critical aspect of scientific inquiry, as it allows us to
establish whether there is a causal relationship between variables of interest,
and to understand how changes in one variable may affect another. This is
important in a wide range of fields, including medicine, epidemiology,

economics, and public policy, among others.

However, establishing causal inference is not always straightforward, as there

may be confounding variables or other factors that can affect the relationship
between the variables of interest. To address these challenges, researchers use
various statistical and experimental methods, including randomized controlled
trials, natural experiments, and observational studies with rigorous adjustment

for confounding variables.
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Randomization (=3} ==): Randomized Clinical Test
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Randomization G123} £2): Muli-Armed Bandit (MAB)
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Causal Graphical Models (@12t T12HZ 23): Directed Acyclic Graphs (DAG)

*  Randomization2 Hx&Q| 1t SMAS 2f0Iet 4= UZ (0T MESOA O SAPHRIX| MIEAO1 HE 2101 0{24=)
Al > ks Ol MREEA| TRt 7t

o Ol TJ2HT P2 Ol HAHIE Directed Acyclic Graphs (DAG) 2h= TI2iEE Hoioh= Al | - HES!

Ol

Causal Graphical Models2 Bayesian Network2f! 22

HH-E0| ISt skE HII= DAGE LIERH R3O Z2 HaLlu 22| X745 2E0| EHo | 222 “White-Box Model”

Bayesian Network B =< G,0 > 2> 5 71| @42 JEE|H QS

G = Directed Acyclic Graphs (DAG)
O|A EGif?!

O = X2 =E (conditional probability)2| £iet

_I

Data Mining
-19 - .‘:\ Quality Analytics



 HiEH?

Causal Graphical Models (@12t T12HZ 23): Directed Acyclic Graphs (DAG)

* G = Directed Acyclic Graphs (DAG), © =
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Causal Graphical Models Q12 121 23d): Directed Acyclic Graphs (DAG)
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Potential Outcome (RIXHA Zap):
o QU= RE AUE 2SS 4 Qe 22MOI SHHI7H &1 (BANIME ARE 22 £ 218)
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Potential Outcome (RIXHES Z21}): YKim (@)

* Jl2l0] Chet 2tE F7ol= Uit B= ARQ| 4= Hlwlol! BrHS ~Lolkt
* Average Treatment Effect (ATE)

4

TK im _— YK Lm(l) _ Ykim (0)
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4 31 0 6000 ? oy G000 6300 < BMD-K0O)
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Tare = E[Y(1)] — E[Y(0)]

Data Mining
- 23 - .‘.\ Quality Analytics



B ©/2F2A 2 B3

Potential Outcome (RIXHA Z4}):
*  Simpson’s Paradox: 2} i8S 112{6}A| 410 TX| S| ZUE {50l 2iMlioi= @F
«  Confounder( 2t tHi4s)= X2|(Treatment)2t ZIKY)H| B5 FoFS = HA0
Confounder(WZt HM)E 12430S [ X2 |§1k=?

@—’@ Symptom ——— Confounder (W ZHH2=7) |

Mild Severe Mild Severe Causal
Death Rate Sympion Symton: Total Death Rate Symaton Symptom Total Effect

15% 30% 16.1% 15% 30% 16.1% .
Treatment A | 195/1300) | 30/100) | (225/1400) Treatment A | 195/1300) | (30/100) | (225/1400) | 19-5%

10% 20% 18.3% 10% 20% 18.3% E P(Y|T,S)P(S)
TreatmentB | (44/100) (100/500) | (110/600) TreatmentB | 10/100) | (100/500) | (110/600) 13.0%

P(Y|T,S = mild) P(Y|T,S = severe) P(Y|T)
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Potential Outcome (RIXHA Zap):

*  Confounder(w2t 4= 7)E 112342 I X2|§ k= - Conditional Average Treatment Effect (CATE)

CHSed ISRt A0 ChSt 13t 51 012) M2l 22Kz
l

K

remQ) Y1 (1) — Y1(0)

‘ Y,(1) — Y,(0) ‘

Yy () V5(1) — ¥3(0)

KLm — YKLm(l) thm(o) Y,(1) — Y,(0)
1 n
7; = Y;(1) — Y;(0) T = E[Y(1)] — E[Y(0)] TCATE = gZ{E[Yi(l)lzi)] — E1Y;(0)]Z;]3

HE =& XMeleit= #5271 ATE: Wi = 57} CATE: WA 25 71s
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Potential Outcome (RIXHA Z1}): Machine Leaming Based
*  Metaleamers for estimating heterogeneous treatment effects using machine leaming (6073] 2}
*  Machine Leaming2 7|HtOZ CATES FH6= it

«  Meta Leamers (T-Leamer, S—Leamer, X-Leamer)

t.')

Check for
updates

Metalearners for estimating heterogeneous treatment
effects using machine learning

Soren R. Kiinzel*", Jasjeet S. Sekhon®®, Peter J. Bickel®, and Bin Yu®“'

3Department of Statistics, University of California, Berkeley, CA 94720; "Department of Political Science, University of California, Berkeley, CA 94720;
and “Department of Electrical Engineering and Computer Science, University of California, Berkeley, CA 94720

Contributed by Bin Yu, December 18, 2018 (sent for review March 16, 2018; reviewed by Jake Bowers and Dylan Small)
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Potential Outcome (&KX Z1}): Machine Leaming Based
« T (Two Model) — Leamer
o 1. XTZ UK U2 TN QL M2IE HI2 JHHIE 12 CIE B8 ME AF25HM Sk

+ 2.0|=8|x[0|= CATE =8

Algorithm 1 T-learner Training Predicting
1: procedure T-LEARNER(X,Y, W) :
2: flo = ﬂ'f(](Yn ~ Xn) _ : hd A
3 jip=M(Y'~ X1 _ | X S mory
; T=0 N
4: 7(x) = fiy(x) — fip(x) X : '
My and M are here some, possibly different, machine-learning/regression algorithms. ' T : M) : M1(X) .-
[ | —= M) ' |
0 y0Y. X O HA o7 1 y1y. % O HA = L_T=t ~ [ yorr= e
(X7, Y°): Me K| o2 He2t EiS3f, (X, Y7): A &2 Bt BESAL : | ym=o (=T
fo: EY (O)1X = x]2| F=8&, f: E[Y (DX = x]°| =8l
CATE

CATE =T(x) = @ (x) — fip(x)
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Potential Outcome (RIXHA Z1}): Machine Leaming Based

« S(Singe I\/Iodel) — Leamer

- 1. YE USSR 11 Xe| (RS 20| 23 Bz 280l 2y Mok
« 2W =1L e FELUOMW = 0L 2| =E42| X0|= CATE =8
Algorithm 2 S—lOflrrlCr Training : Predicting )
I: procedure S-LEARNER(X,Y, W) ﬁ X X
= MY ~ (X)) | |
3 7(x) = plz,1) - fifz,0) . | T_._D | H
M(Y ~ (X, W)) is the notation for estimating (z,w) = E[Y|X = 2, W = w| while treating W as a 0,1-valued feature. * _ _.'/. MOX.T) | \. : v o |
1 ¥
y'iT=0 | yiT=1 |
CATE =T(x) = iz, 1) — A(x,0) S~

CATE
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Potential Outcome (RIXHA Z1}): Machine Leaming Based

« X (Cross) — Leamer

* 1. T—Leaner M@ X2|& 227Xt X2|S 2X| 242 HAIE L= [, i Akt > First Stage

« 2.0| 2RO K|=4r2 CIA| Counterfactual HIAADZ A2 X2t X0 k& - CATE 0, CATE 1
» 3. OX[HC=Z CATEN| 715 Bt g(x) = &ol0 CATE Final ALt

4. T-Leaner?} 7FK[T Ql= CHA, THE At0[] HO[E Q2| XI0|S oHz5t

Algorithm 3 X-learner
1: procedure X-LEARNER(X,Y, W, g)

First Stage Second Stage

v - vo ]
2 fig = My(Y? ~ XO© stimate response functi X an (O \:;’ N :
: jio = M1(YY ~ XY) > Estimate response function _ _ Teio , (Moo )  / . e
U 1 1 = \ . P
BH H1 = AIZ{Y ~X ) /f L= \\ // A Train / \
X Y0 X CATEOQ |— | MoO(X) o
. / | / k ‘\‘\
4 D! =Y — jio(X}) > Compute imputed treatment effects \ Fredicton i/ 5 \»_/ \\Q CATE
- DY = iy (X0) - Y0 T |\ /\: T | Final
- 1 —/ \ X [CATED ™= (g )}/
. = 1 . A Y X Train / " A ‘\ /
6: 71 = Ms( D'~ X ) > Estimate CATE in two ways ] - = meg ) | TN S—
7 ,.J".O _ ﬂ[4(D0 ~ XO) \\ T=1 \_______/ Va —
\ Y1 \ | vt |- | =0
8; 7(x) = g(x)To(x) + (1 — g(x))71(x) > Average the estimates N : \
AN : T
g(z) € [0,1] is a weighting function that is chosen to minimize the variance of 7(z). It is sometimes possible to estimate Cov(rg(z), T1(x)), AN
and compute the best g based on this estimate. However, we have made good experiences by choosing g to be an estimate of the propensity \x_‘___ : _
score. \»\‘
T | PS(X) |
//
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Potential Outcome (R{XHX Z1f): Neural Net Based
* Estimating individual treatment effect: generalization bounds and algorithms (PMLR 2017, 6903] 2l
*  TARNEet: Treatment-Agnostic Representation Network (7 = )
2702| Head” | representation layers &76HH Sk&E[11 control/treatment &IH2| A1IE O|=&t

*  CFRNet= TARNet0f| Regularization (PM) 2 37510 Treatment Group2t Control Group2| X0 |E =45}

(CFRNet)

_’._) We add an IPM as a loss in TARNET to more

explicitly encourage the representation layers

—@ to balance the covariate distribution of the
"." M treated group, and the covariate distribution of
the control group

/
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Potential Outcome (R{XHA Z1): Neural Net Based
¢ CausalML(Uber): https://github.com/uber/causalmli
*  EoonML(Microsoft): hitps://github.com/py-why/EconML

e Tree-based algorithms Estimation Methods

o Uplift tree/random forests on KL divergence, Euclidean Distance, and » Double Machine Learning (aka RLearner) (click to expand)
Chi-Square [2]

o Uplift tree/random forests on Contextual Treatment Selection [3]

» Dynamic Double Machine Learning (click to expand)

» Causal Forests (click to expand)
o Causal Tree [4] - Work-in-progress
. » Orthogonal Random Forests (click to expand)
¢ Meta-learner algorithms

o S-learner [5] » Meta-Learners (click to expand)

o T-learner [5] » Doubly Robust Learners (click to expand)

o X-learner [5] » Double Machine Learning with Instrumental Variables (click to expand)
© R-learner [©] » Doubly Robust Machine Learning with Instrumental Variables (click to
o Doubly Robust (DR) learner [7] expand)

o TMLE learner [8] » Deep Instrumental Variables (click to expand)

¢ [nstrumental variables algorithms
o 2-Stage Least Squares (25L5)

See the References section for meore details.

o Doubly Robust (DR) IV [9] Interpretability
& Neural-network-based algcri‘thms » Tree Interpreter of the CATE model (click to expand)
o CEVAE [10] » Palicy Interpreter of the CATE model (click to expand)

o DragonNet [11] - with causalml[tf] installation (see Installation) » SHAP values for the CATE model (click to expand)
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Conclusion
« AlIRES [O[EQ] IHEIS IIUSI0] MEHHIE Sk50k= task (IIF, 20 FHOH M2 HUE

e

Il

+ BIRIEHR) IR ZAP} LIZH=R| 2I0IS $i5H= IOl B2 OFX) 317} 23t
O QISHAIS AZH BV} OR Q1T IS 28 0[O} 3
+ E130j= ML/DLS 285101 Q11iS 2261 o7} S| KIE/ D US
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Thank you

= MIO|LtLEEZ0 Chet Z2IARI0] QLA H
Of=HO| O|HIY FeA= HAZFAIZ HIFLILE,

ol

E—mail: charlie17@korea.ac.kr
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*  Netfiix Tech Blog (https://netflixtechblog.com/what-is-an-a—b-test-b08ac1057962)

- QIRE e 0RE E2 (htips:/Avwww.youtube.com/watchA=WelCrmgjebA)

*  Causal Inference : Primer (https:/Awww.slideshare.net/lumiamitie/causal-inference—primer-20190601 ?from _action=save)

*  Korea Summer Session on Causal Inference 2021 (https://sites.google.com/view/causat-inference2021)
-« D2HE M0 24 HRLE| (tips://payinpap.githubio/maby/)

*  Be Geeky Blog (https://assaeunii.github.io/bayesian/2020-04-10-causal/)

*  ZZAEBOK's BLOG (https://zzaebok.github.io/ab_test/ab-testing/)
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