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The Causal effect defined by an experiment where individuals with given
W characteristics are randomly assigned to treatment and control groups,
and the causal effect is the expected value of the outcome.

The Differences-in-Differences Estimator
With panel-data, the causal effect can be estimated using the differences-
in -differences estimator, which is the average change is y in the treatment
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group over the course of the experiment, minus the average change is y in
the control group over the same time.

Causality Analysis (1)

Counterfactual causality Probability theory
Probabilistic causality

eg FRAEJ|H LA B
Partial equilibrium
General equilibrium

without memory

with memory
individual treatment effect: y1; — yo:

mean (average) effect: E(y1 — yo) = E(1) — E(o)

median effect: Med(y, — yo) # Med(y1) — Med(yo)

mean effect is easier to handle.

marginal mean effect: E(y; — yo) = E(y1 — %o | = = 2o)

the strongest version of no effect: y1; — yo:V;

y1and yoare exchangeable: P(yo < to,—31 < t1) = P(y1 < to,—yo <
L)Vto -ty

Temporal causality

Causality Analysis (2)

Rubin’s Model

ye(u) — ye(v)

= t causes the effect y:(u) — yo(w)

Fundamental Problem of Causal Inference: It is impossible to observe the
value of y;(u)and y.(u) on the same unit and, therefore, it is impossible to
observe the effect of fon u. )

The statistical solution: The average causal effect T of £ over U is the
expected value of the difference

E('!/t - yc) =T=T= E(yt) - E(yc)

The statistical solution replaces the impossible-to-observe causal effect of
t on a specific unit with the possible-to-estimate average causal effect of ¢

over a population of units.
Causality Analysis (4)

(2) unit homogeneity Z1FIZBAZER L,
ye(u1) = ye(u2) and y.(u1) = ye(ug) for two units ul and v2. the causal
effect of t is taken to be the value of y;(u1) = yc(u2).
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(3) Independence .

Cause (£ or ¢) u is exposed to be regarded as statistically independent of
all other variables, including y; and y.. This means if the physical random-
ization is carried out correctly, then it is plausible that s is independent of
y: and y. and other variables over u.

E(y)=E(y | s=1)
E(ye) = E(yc|s=0)
S>T=E(ys|s=t)~E(ss | s=¢)

The data (s,y,) is used to estimate T by taking the difference between
the average value of the observed response y; for the units with s = ¢ and
s=c.

(4) Constant effect
The assumption of constant effect is that the effect of ¢ on every unit is
the same.

T = y(u) — ye(w) V. isU.

This assumption is also called additivity in statistical models for exper-
iments because the treatment ¢ adds a constant amount T to be control
response for each unit.

Philosopher’s idea on cousality.

material

formal
@ Aristotle . cause
, efficient

final

He is concerned with the causes of a thing rather than the effects of causes.

@® Hume emphasized that causationis a relation between experiences rather
tahn one between facts three criteria (a) spatial/temporal contiguing,
(b) succession, (c) constant conjunction.

® Mill
(1) the method of concomitant variation
(2) the method of difference: caused effect

(3) the method of residues: y,5(u) — ya(u)
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(4) the method of agreement: rule out possible causes BZ 27T & D

S bE—DENERDITS
@ Suppes Probablistic theory of causality

aprima facie cause
spurious cause

a generine cause (a prima facie not spurous)
notion of a genuine cause is simply a correlation betwéen a cause and

effect that will not go away by artially and legitimate competing causes.
What can be a cause?

(A) She did well on the exam because she is a woman.
(B) She did well on the exam because she studied for it.

(C) She did well on the exam because she was coached by her teacher.

(A) cause is an attributed she possesses (/&)

(B) #HE&oOREMETSH. (C) AEMIZEXLNIITHIZL S,

(A) RROBBITIMEDIE) BBEHLVBRNZ LEERLTVER, =
NREEH TR,

(C) =a—FROIRTIIERGITE»-7ES I,

(B) ZRBE AL WI L THEIN, BALTHRBOEIoTADWN
5, NAMMBEIERRBREZEZZXS > A TELLY,

Fisher's attach on those who used the association between smoking and
lung cancer as evidence of causal link between them as an example of the
difficulty in deciding whether or not smoking is an attribute or a cause.

= Fisher I smoking & cancer DIZE{EFHIFEEL (certain genetic dif-
ferences) ZEMT HHEEBV I,

Granger

a “cause” ought to improve our ability to predict an effectin a probabilistic

system.

cause
= temporal .
succession

X is not a granger cause of Y (relative to the information iZ) if X and
Y are conditionally independent given Z.

= Granger noncausality is similar to Suppes’s notion of a spurious cause.

Controlled group & treated group REZNLUANDEE TIIEMN LN EWND
ZLAHE,

X1

W ODDEX LN DRHBER
non-randomness job training program OZMEELKBIDT I T 7Ry MME
DOEEFLTERTHITILT S, BFOTAT7 7Ry FEDHLOBAEDN
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BHd, ZOHE. PHROEEIZIZSA T APRA-TL B,

Failure of treatment protocal = partial compliancewith the treatment
protocol

BRENARBMUERST 0, BRENRD > AT CLEE S
T3ZERHNITBIRFIBITIT T LA THABEZZITENE INXTF A
TRBRBILERH B,

Attrition = drop out after being randomly -assignedto the treatment or
control group

REDEBHMNT L FATIIRLBEDOLDIZER LTI L4 TAR
EL3B,

Experimental effects: Hawthorne effect, General Electric Company’s pro-
ductivity study.

EBRLIZBWTLER S V— 7 Control group GHFEEE) IZA->TW5H
ITEAT, ZRMBARULOBRE LT RAEBENADH D, BETIIZES
# (double-blind experiment) #1T-> CEDZREZHI B, HLPETRE
BRARFETHY, TOBR. LEBUSOHRLEEN TS, (Vv ro
BB Tl ORBIZ SN T H ZEERETo TV 3) (placebo (43K
DiEROfaERE)

Small samples: ¥ 7 NADKE JIIFHEICHHF S B, small sample bias
Hdhdhb LhkvL, 2vdd Ly, BREFIEITEDICHEESNS,

EBROLERTOERSTIETRTOERBRERTE 5 LW IR TITD,
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BEHERBELEOHE AELRRHCBITIFEREL EOREDOAE
RREER EITIIRAIR 280

abiteZBIEFI L LR, aFERMICeZEI L, Tikbite DR
ETIERVENZEDHN?

—— e BB BIDDOYUE+ 35 %MB TS Third explanation many
need '

——a BRI BARTNIE e IIEZ 62, ThbbazMltThile 3R
LTEISRVWEWVWEDD, Causation by omission

Causation under probabilistic laws

RERAGE R

cieDRATHB LT,

cHRBEILARATNIZe BRI IERIIc BB Z o7& E LV IXBIE,

X3
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trumping preemption
4

causation by omission

FERHIHERE LT, BRBRITIIEER L H

Transitivity

c causes d, d causes c, then c causes e?

FRELERIZENRTNORT CHMILL TS, ANRKRITISHEEREENS &
WOIEERH DR, PRI SADFERFREEAND Z & T transitivity
DEFHRIZRALTVEIN, RELEROMICEEY BHEEDL 572
suprisous 2 FREENRA - TL B, : :

BEBEHOFRE XA ?
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FHIERxE 08N
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1. BEFOTEH (Mo TITBHNS B Shi=d) NEEELBELTE
BEOREEHT=HLE,

2 BEFHREERLE,
3. SHEBRREEZRLIL,
4. FREREORIEDRBNONTRENEAT,

BIRZRE VoI BRICBRE LS RADONL WS ZEHEE, RE (3
£&. BME) I L3, BROERITIIZ DABBRENTRTHR
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X5

Yi = Po + Brzi + u (5)
x; is the treatment level
Y = fo + B1%; + Po1i + - + ProrWri + Ui i=1,n (6)

wy; is additional regressors to control y;
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(2) is consistent under the conditional mean independence (i.e. u; depends
on wri, but not on ;)

(i) E(ui | zi, wi,---wri) =0

(ii) z; is randomly assigned,

(iii) treatment z; is assigned randomly, conditional on wy;

If w; is a set of indicator variables, conditional mean independence means
that z; is randomly assigned within each group or “block” (block random-
ization)

Under the conditional mean assumption, $; is the treatment effect.

E(yi | zi-wri, - - - wri) = Bo+P12i+Powii « - ~+Pr4rWri+E(u; | Tiy waiy - - Wei)
(7)

Evaluating the conditional expectation (3) at ; =1 and at z; =0, i.e.

E(yi |zi =0, wyi, - wri) =y (8)

Checking out covariate balance

S LEDORE Testing for Randamization

(0) KLEEHBIN—FOEEERFERELODOE 5 DERET S,

(1) LE%ET o FATTFTOD LTHIE, LE z; 12D w,; BIEITHK
FLRY, ThERETDICIE

T = o+ Pwyi + ywai + - + dwri

H:f=a=¢=---=0

F-test for Hy 232729 2z;: assignment

(2) WMEXRZFAICHEENT (assigned) W5 EThIE, z T w; &iX
AL TV,

zi = a+ fwyi + ywai + -+ + SWri + s

Hy:B=y=¢=---=0

F-test for Hy

—HERRICBIT I RRESWTOREL X
1. BEERMNHFERW
2. BRBRIEDT-HOETENVLNTVARN

3. BEOBRFETNVORSRIIZH Y, TNENOETNVE MBS
BIZRT—F B F+4 (KEFTREESBEE I W)

4. HEBOBVWIAHEBFBRICRREND ZLEZRLLTIEHENDH D

5. Sz 5 “f what” oﬁ&ﬁ?&ﬁ%*@wiﬁﬁiﬁniﬁbnﬂ\m\ (comter-
factual DHRERILER)
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Treated

A1 R (possible world)

* Counter factuals
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