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Model Dependence Example

Replication of Doyle and Sambanis, APSR 2000
(From: King and Zeng, 2007)

Data: 124 Post-World War |1 civil wars
Dependent var: peacebuilding success
Treatment: multilateral UN peacekeeping intervention (0/1)

Control vars: war type, severity, duration; development
status,. ..

Counterfactual question: Switch UN intervention 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

Effect of Multilateral UN Intervention on Peacebuilding Success

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 1.091 .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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Model Dependence: Same Fit,

Probabilities from original model
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® Prune any stratum with O treated or O control units

(C) Pass on original (uncoarsened) units except those pruned
2. Analyze as without matching (adding weights for stratum-size)

(Or apply other matching methods within CEM strata
& they inherert CEM’s properties)

~ A version of CEM: Last studied 45 years ago by Cochran
~> First used many decades before that
~» We prove: many new properties, uses, & extensions,

and show how it resolves many problems in the literature
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e CEM: ¢; is set using each variable's units
e 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 PSM MDM  Genetic
% Common Units 965 70.2  80.9 80.0

Fast and memory-efficient even for large n; can be fully
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Simple to teach: coarsen, then exact match
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~~ CEM works well in non-EPBR data too
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2. Put missing observation in stratum where plurality of
imputations fall
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4. Use the usual M| combining rules to analyze
Multicategory treatments: No modification necessary; keep all
strata with > 1 unit having each value of T

Blocking in Randomized Experiments: no modification
needed; randomly assign T within CEM strata

Automating user choices Histogram bin size calculations,
Estimated SATT error bound, Progressive Coarsening

Detecting Extreme Counterfactuals
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1. Quantity of interest: SATT (prune Cs only) or FSATT
2. Fixed- or variable-ratio matching

e Result:

e Algorithm finds the whole frontier

Simple to use (free easy software available)

No need to choose or use a matching method

All solutions are optimal

No iteration or diagnostics required

No cherry picking possible; you see everything optimal
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Job Training Data: Frontier and Causal Estimates
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185 Ts; pruning most 16,252 Cs won't increase variance much

Huge bias-variance trade-off after pruning most Cs

Estimates converge to experiment after removing bias

No mysteries: basis of inference clearly revealed
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e Helps reduce: imbalance, model dependence, researcher
discretion, bias
Propensity Score Matching: low standards, dangerous in
practice; DNR

Most other methods of matching: excellent

Coarsened Exact Matching: especially powerful; simple to
understand and use

Matching Frontier: Automates what's left to automate

In applications, focus on the substance:

All observational methods must assume ignorability

e Automated methods to choose variables: Insufficient

e Claims of invariance: Always fail

e Trying to be invariant to the substance: be wary of methods
claiming to be invariant to what you know!
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