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2 ldentification Mechanics and Theoretical Principles

2.1 Instrumental Variables, 2SLS, and GMM Frameworks

Endogeneity occurs when an explanatory variable X is correlated with the error term w:

Cov(X,u) # 0.

This correlation renders Ordinary Least Squares (OLS) biased and inconsistent. An instrumental
variable Z isolates exogenous variation in X.

¢ Relevance:
Cov(Z,X) #0.

This condition is commonly assessed using the first-stage F'-statistic.

* Exogeneity or exclusion restriction:
Cov(Z,u) = 0.

This condition is generally justified using institutional knowledge and research design rather
than established solely by statistical tests.

2.1.1 Two-Stage Least Squares

The two stages of 2SLS are

Xi =7 +mZi +v;, (1)
Xi =0 + 1%, 2)
Y; = Bo+ A Xi + . 3)

2SLS is a special case of linear instrumental-variables GMM.
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2.1.2 Generalized Method of Moments

GMM generalizes IV estimation through the moment restriction

E[Z (Y; - X!8)] = 0. (4)

With more instruments than coefficients, the model is overidentified and GMM combines the
moment conditions using a weighting matrix.

2.1.3 Control Function Approach

The control-function approach estimates a first-stage residual and includes it in the structural
equation. This explicitly controls for the endogenous component of the regressor.

2.2 Panel Data Econometrics and Fixed Effects

Panel data follow unitsi = 1, ..., N over time periods ¢t = 1,...,T. A standard panel model is

Yie = BXi + o + Mg + €t 5)

where «; represents unit-specific effects and \; represents time effects.

2.2.1 Fixed-Effects Estimator
The within transformation subtracts the unit-specific mean:

Yi — Y = B(Xi — Xi) + (et — &1)- (6)
This removes the time-invariant effect «;.

2.2.2 Hausman Specification Test

The Hausman test evaluates whether the random-effects estimator is consistent under
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Hy : Cov(ay, Xit) = 0. (7)

Rejection of the null generally supports the use of fixed effects rather than random effects.

2.2.3 Dynamic Panel GMM

Dynamic panel GMM addresses models containing lagged dependent variables:

Yie = oY 11 + BXir + i + st (8)

Difference GMM and system GMM use lagged levels and differences as internal instruments
under appropriate moment restrictions.

2.3 Difference-in-Differences and Event-Study Designs

Difference-in-Differences compares treated and control units before and after an intervention:

Yii = o + B Treat; +v Post; +dpip(Treat; x Posty) + ;. 9)

The parameter ép;p is interpreted causally under the parallel-trends assumption.

2.3.1 Parallel Trends

In the absence of treatment, the average outcome change for the treatment group should equal
the average outcome change for the control group.

2.3.2 Synthetic Control Method

The synthetic-control method constructs a weighted combination of untreated units to approx-
imate the counterfactual outcome path of a treated unit.
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2.3.3 Staggered Difference-in-Differences

When units adopt treatment at different times, conventional two-way fixed effects may be diffi-
cult to interpret under heterogeneous treatment effects. Group-time average treatment effects
and event-study approaches can be used instead.

2.4 Regression Discontinuity Designs

Regression discontinuity designs exploit treatment assignment based on whether a running
variable R; crosses a cutoff c.

2.4.1 Sharp Regression Discontinuity

Treatment changes deterministically at the cutoff:

D; =1(R; > o). (10)

The local treatment effect is
TSRDD:hmED/i ’Rzzr]—hmE[E ’RIZT’] (11)
rlc rtc

2.4.2 Fuzzy Regression Discontinuity

In a fuzzy RDD, crossing the cutoff changes the probability of treatment but does not determine

treatment perfectly. The cutoff indicator functions as an instrument for treatment.

2.4.3 Nonparametric Local Linear RDD

Local linear regression estimates the discontinuity using observations close to the cutoff and a
data-driven bandwidth.

2.5 Selection Models and Matching Algorithms
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2.5.1 Heckman Selection Model

The Heckman model corrects for non-random sample selection. A selection equation is first
estimated, and the inverse Mills ratio is then included in the outcome equation.

2.5.2 Propensity Score Matching

The propensity score is

Matching treated and control units with similar propensity scores requires an unconfounded-
ness assumption conditional on observed covariates.

2.5.3 Coarsened Exact Matching

Coarsened exact matching temporarily groups continuous covariates into substantively mean-
ingful intervals and then performs exact matching within the resulting strata.
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3 Identification Assumptions and Research Design

The econometric method should follow the source of identification. Instrumental variables re-
quire credible relevance and exclusion restrictions. Fixed effects require sufficient within-unit
variation and address time-invariant omitted variables. Difference-in-Differences requires a
credible parallel-trends design. Regression discontinuity requires continuity of potential out-
comes around the cutoff. Matching methods require selection on observables.

No estimator eliminates all forms of bias automatically. The credibility of an empirical result de-
pends primarily on whether the assumptions generating the identifying variation are plausible
in the institutional setting.
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