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Overview

@ Problem: Model dependence (review)

@ Solution: Matching to preprocess data (review)

@ Problem: Many matching methods & specifications

@ Solution: The Space Graph helps us choose

@ Problem: The most commonly used method can increase imbalance!
@ Solution: Other methods do not share this problem

@ (Coarsened Exact Matching is simple, easy, and powerful)

@ ~~ Lots of insights revealed in the process
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Model Dependence Example

Replication: Doyle and Sambanis, APSR 2000

o Data: 124 Post-World War Il civil wars

@ Dependent variable: peacebuilding success

@ Treatment variable: multilateral UN peacekeeping intervention (0/1)
e Control vars: war type, severity, duration; development status; etc.
o Counterfactual question: UN intervention switched for each war

@ Data analysis: Logit model

@ The question: How model dependent are the results?
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Two Logit Models, Apparently Similar Results

Original “Interactive” Model Modified Model
Variables Coeff SE P-val Coeff SE P-val
Wartype —1.742 .609 .004 | —1.666 .606 .006
Logdead —.445 .126 .000 —.437 125 .000
Wardur .006 .006 .258 .006 .006 .342
Factnum —1.259 .703 .073 | —1.045 .899 .245
Factnum?2 .062 .065 .346 .032 .104 756
Trnsfcap .004 .002 .010 .004 .002 .017
Develop .001 .000 .065 .001 .000 .068
Exp —6.016 3.071 .050 | —6.215 3.065 .043
Decade —.299 .169 .077 | —0.284 .169 .093
Treaty 2.124 .821 .010 2.126 .802 .008
UNOP4 3.135 1.001 .004 .262 1.392 .851
Wardur*UNOP4 — — — .037 .011 .001
Constant 8.609 2.157 0.000 7.978 2.350 .000
N 122 122
Log-likelihood -45.649 -44.902
Pseudo R? 423 433
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Doyle and Sambanis: Model De
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@ Goal: reduce model dependence

@ A nonparametric, non-model-based approach

@ Makes parametric models work better rather than substitute for them
(i.e,. matching is not an estimator; its a preprocessing method)

@ Should have been called pruning (no bias is introduced if pruning is a
function of T and X, but not Y)

@ Apply model to preprocessed (pruned) rather than raw data

@ Violates the “more data is better” principle, but that only applies
when you know the DGP
@ Overall idea:

o If each treated unit exactly matches a control unit w.r.t. X, then: (1)
treated and control groups are identical, (2) X is no longer a
confounder, (3) no need to worry about the functional form (X7 — X¢
is good enough).

o If treated and control groups are better balanced than when you
started, due to pruning, model dependence is reduced
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@ Must remove data (selecting on X) to avoid extrapolation.
@ Options to find “common support” of p(X|T =1) and P(X|T = 0)
@ Exact match, so support is defined only at data points
@ Less but still conservative: convex hull approach
o let T* and X™ denote subsets of T and X s.t. {1 — T*, X"} falls
within the convex hull of {T, X}
@ use X™ as estimate of common support (deleting remaining
observations)
© Other approaches, based on distance metrics, pscores, etc.
@ Easiest: Coarsened Exact Matching, no separate step needed
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Matching within the Interpolation Region

(Ho, Imai, King, Stuart, 2007: fig.1, Political Analysis)

12 —

10

Outcome
()]
|

I I I I I I I I I
12 14 16 18 20 22 24 26 28

Education (years)

Gary King (Harvard, 1QSS) 9/ 66



Matching within the Interpolation Region

(Ho, Imai, King, Stuart, 2007: fig.1, Political Analysis)

12 T

— T
10 T T T T

Outcome
()]
|
_|

I I I I I I I I I
12 14 16 18 20 22 24 26 28

Education (years)

Gary King (Harvard, 1QSS) 10 / 66
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Matching within the Interpolation Region
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Matching within the Interpolation Region
(Ho, Imai, King, Stuart, 2007: fig.1, Political Analysis)
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Matching within the Interpolation Region

(Ho, Imai, King, Stuart, 2007: fig.1, Political Analysis)

Matching reduces model dependence, bias, and variance
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Empirical lllustration: Carpenter, AJPS, 2002

@ Hypothesis: Democratic senate majorities slow FDA drug approval
time

@ n =408 new drugs (262 approved, 146 pending).

@ lognormal survival model.

@ seven oversight variables (median adjusted ADA scores for House and
Senate Committees as well as for House and Senate floors,
Democratic Majority in House and Senate, and Democratic
Presidency).

@ 18 control variables (clinical factors, firm characteristics, media
variables, etc.)
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Evaluating Reduction in Model Dependence

@ Focus on the causal effect of a Democratic majority in the Senate
(identified by Carpenter as not robust).

omit post-treatment variables.

use one-to-one nearest neighbor propensity score matching.
discard 49 units (2 treated and 17 control units).

run 262,143 possible specifications and calculates ATE for each.

Look at variability in ATE estimate across specifications.

(Normal applications would only do one or a small number of
specifications.)
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Reducing Model Dependence
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ther Example: Jeffrey Koch, AJPS,
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X; Pre-treatment covariates

@ Treatment Effect for treated (T; = 1) observation i:
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e Temporarily coarsen X as much as you're willing

@ e.g., Education (grade school, high school, college, graduate)
o Easy to understand, or can be automated as for a histogram

e Apply exact matching to the coarsened X, C(X)

@ Sort observations into strata, each with unique values of C(X)
@ Prune any stratum with O treated or 0 control units

o Pass on original (uncoarsened) units except those pruned

@ Estimation Difference in means or a model

o Need to weight controls in each stratum to equal treateds
o Can apply other matching methods within CEM strata (inherit CEM's
properties)

Gary King (Harvard, 1QSS) 40 / 66



Coarsened Exact Matching

Gary King (Harvard, 1QSS) 41 / 66



Coarsened Exact Matching

80 —
04 ©C ¢ C
C T C
60 4 C Cc T
CC CCC E C C c c‘C C
Age 50 ¢ Cc Cr ‘CCTC;T c c
C C cC 1T C
40 T T
CT ¢ TCC
T T
30 —
TT
20 — | | | | | | | I

Education
Gary King (Harvard, 1QSS) 42 / 66



Coarsened Exact Matching

Old —
C
Retirement — % c C ¢ 1T
C E CCcC Tc¢
Senior Discounts — CC::C C 'F&(:: CC CC
Cc C !
T TT ; C
_ C C C T C
The Big 40 — T
CT C T
C TC
Don't trust anyone _| T T
over 30 TT
Drinking age — i I I T I
HS BA MA PhD 2nd PhD
Education

Gary King (Harvard, 1QSS)

43 / 66



Coarsened Exact Matching

! " Lo
! O G " D
R A A R A
! ! ! o
! (NS S S
1 1 1 1 _T 1
| | | | = |
R T Pk
" D =
o OG e
1 1 C 1 — CC 1 1
! ARCITCI R
! 0O e
(Tt NS S A
1 1 1 _C 1 1
1 1 1 GI 1 1 1
O 570 R
1 1 m C_C 1 1
Lol O o
1 1 C 1 C_ 1 1
& g S
oo & PO R ]
I I I I I I
g 5 £ 2 g8 %
© £ 3 o Sp ¢
3] 8 m £> 2
= R () @ O <
e 9 E g £
Re) = [a)
g =
Z 3

PhD 2nd PhD

BA MA

HS

Education

44 / 66

Gary King (Harvard, 1QSS)



Coarsened Exact Matching

fmmm--- Fe---- Fmmmm--- -——-- -
| | | O, | |
! = 0
R RS B N T_TJ ..... R
1 1 T 1 1 1
1 1 _T 1 1 1
! . OoF Lo
1 1 1 — CC 1 1
] ] C ] | C ] ]
1 1 C_ 1 1 1
1 _CC _ﬁ —I_T 1 1
PR A R —_— ——--- —---ab
| | Vo " | |
1 1 1 C 1 1 1
T oo . =TT
" " " o
[ I I I I [
= 5 ¢ g 28 %
o m 5 > O= ®
o = 29 o
() O m c > c
= 2 () © o Z

= -
x e =R £
ks 5 a

5 :

» a

PhD 2nd PhD

BA MA

HS

Education

45 / 66

Gary King (Harvard, 1QSS)



Coarsened Exact Matching

" " " " ]
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
F==-=-=-=- r==-=-=-- r-=-==-=-=-- [ D [ I
! ! ! O S
1 1 1 1 1 1
1 1 1 1 1

(@)
! =P ! S
1 1 1 1 1 1
1 1 1 1 1 1
R Lo Q T_TJ ..... R
1 1 1 1 1
| A
! ! "CT C"cc " !
1 1 1 1 1 1
! v He=
1 1 1 1 1 1
r==—=-=-=-= r=-=-=--= r=-=—=--=-=-- ==-=== [ N
1 1 1 1 1 1
T
! ! Lo S
1 1 1 1 1 1
" r r e
1 1 1 _C 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
t=====- - Fr=-====-- == === =-===-"p—
I I I I I I
= 5 £ 3 28 %
O Q S sC &
IS = =i S
o 8 m % o2
= 0 [} © O Z
[} c k)
x o = 3 £
o =] [a)
5 z
Z 8

PhD 2nd PhD

BA MA

HS

Education

46 / 66

Gary King (Harvard, 1QSS)



Coarsened Exact Matching

80 —
70
60 —

Age

TC T'fr C
CT c

20 -,
12

Gary King (Harvard, 1QSS)

I I I I I I
14 16 18 20 22 24

Education

26

I
28

47 / 66



The Bias-Variance Trade Off in Matching

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

e Variance = f(matched sample size, estimator)
~~ we measure matched sample size instead

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

e Variance = f(matched sample size, estimator)
~~ we measure matched sample size instead

@ Bias-Variance trade off ~» Imbalance-n Trade Off

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

e Variance = f(matched sample size, estimator)
~~ we measure matched sample size instead

@ Bias-Variance trade off ~» Imbalance-n Trade Off
@ Measuring Imbalance

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

e Variance = f(matched sample size, estimator)
~~ we measure matched sample size instead

@ Bias-Variance trade off ~» Imbalance-n Trade Off
@ Measuring Imbalance
o Classic measure: Difference of means (for each variable)

Gary King (Harvard, 1QSS) 48 / 66



The Bias-Variance Trade Off in Matching

@ Bias (& model dependence) = f(imbalance, importance, estimator)
~+ we measure imbalance instead

e Variance = f(matched sample size, estimator)

~~ we measure matched sample size instead
@ Bias-Variance trade off ~» Imbalance-n Trade Off
@ Measuring Imbalance

o Classic measure: Difference of means (for each variable)
o Better measure: Difference of multivariate histograms,

1
51(f,g; H) = 5 E |ff1<..gk — gfr--fkl
€1~~Zk€H(X)
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@ Standard approach

o MDM & PSM: Choose matched n, match, check imbalance

o CEM: Choose imbalance, match, check matched n

o Best practice: iterate (Ugh!)

o Choose matched solution & matching method becomes irrelevant
@ An alternative approach

e Compute lots of matching solutions,
o lIdentify the frontier of lowest imbalance for each given n, and
e Choose a matching solution among those on the frontier
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A Space Graph: Real Data

King, Nielsen, Coberley, Pope, and Wells (2011)
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Space Graphs: Different Imbalance Metrics
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PSM Approximates Random Matching in Balanced Data
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Destroying CEM with PSM'’s Two Step Approach
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@ Hard to use: Improving balance on 1 variable can reduce it on others
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o Actual practice: choose n, match, publish, STOP.
(Is balance even improved?)
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@ Convenient monotonicity property: Reducing maximum imbalance on
one X: no effect on others

@ We Prove: setting € bounds the treated-control group difference,
within strata and globally, for: means, variances, skewness,
covariances, comoments, coskewness, co-kurtosis, quantiles, and full
multivariate histogram.

— Setting € controls all multivariate treatment-control differences,
interactions, and nonlinearities, up to the chosen level (matched n is
determined ex post)

@ What if coarsening is set ...

e too coarse? ~- You're left modeling remaining imbalances
@ not coarse enough? ~» n may be too small
e as large as you're comfortable with, but n is still too small?
~» No magic method of matching can save you;
~> You're stuck modeling or collecting better data
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End of planned slides for today; others follow
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@ Meets the congruence principle

The principle: data space = analysis space

Estimators that violate it are nonrobust and counterintuitive

CEM: ¢; is set using each variable's units

E.g., calipers (strata centered on each unit): would bin college drop out
with 1st year grad student; and not bin Bill Gates & Warren Buffett

@ Approximate invariance to measurement error:
CEM pscore Mahalanobis  Genetic
% Common Units 96.5  70.2 80.9 80.0

e Fast and memory-efficient even for large n; can be fully automated

@ Simple to teach: coarsen, then exact match
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Variable-by-Variable Difference in Global Means

9 = XD X, =Lk

Multivariate Imbalance: difference in histograms (bins fixed ex ante)

ﬁl(f’g) = Z ‘fél"'ek - gél---ék‘
b1ty

Local Imbalance by Variable (given strata fixed by matching method)

S
0 _ 1 w0) _ w0) .
1§ _Sg‘xmgr—xmsc, =1,k
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Monte Carlo: X7 ~ N5(0,X) and X¢ ~ Ns(1,%). n= 2,000, reps=5,000
Allow MAH & PSC to match with replacement; use automated CEM

Difference in means (h):

X1 Xo X3 X4 Xs Seconds
initial  1.00 1.00 1.00 1.00 1.00

MAH 20 20 .20 .20 .20 .28
pPSC 11 06 .03 .06 .03 .16
CEM 04 02 .06 .06 .04 .08

Local (/) and multivariate £1 imbalance:

X1 Xo X3 X4 Xg L1
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PSC 238 125 .74 125 .74 1.18
MAH 56 36 29 36 .29 1.13
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~~» CEM dominates EPBR-methods in EPBR Data
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CEM in Practice: Non-EPBR Data

Monte Carlo: Exact replication of Diamond and Sekhon (2005), using data
from Dehejia and Wahba (1999). CEM coarsening automated.

BIAS SD RMSE Seconds L1

initial  —423.7 1566.5 1622.6 .00 1.28
MAH 784.8 7379 1077.2 .03 1.08
PSC 260.5 1025.8 1058.4 .02 1.23
GEN 78.3 4995 505.6 27.38 1.12
CEM 8 1114 1114 .03 .76

~» CEM works well in non-EPBR data too
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For papers, software (for R and Stata), tutorials, etc.

http://GKing.Harvard.edu/cem
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