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3. Empirical example
Modeling the Damage Period
Dependent Variable
MHA Annualized average monthly production per cow
Breaking Regressors
Constant
Trend Deterministic time trend
Non-breaking Regressors
L1 Percent of heard that has had only on calf
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Three objections to structural break analysis
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Post hoc ergo propter hoc fallacy

2

Nearly simultaneous causal events

3

Causal lag
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Young v. Hickory Business Furniture 2000).
Structural break analysis allows for control of
Major explanatory factors
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