Appendix

To illustrate the difficulties in detecting voter ID law impact from aggregate data, we examined the change in turnout in presidential election years 2008 to 2012 and 2012 to 2016, and in the midterms in years 2010 to 2014 using data from the National Conference of State Legislatures (2017) and the United States Election Project (McDonald 2017). We restricted our sample to states that had no changes in their voter ID laws in the years between the elections. We also excluded states whose legislature had passed or amended such a law during the period, even if it was never enacted, to eliminate the possibility that turnout might have been affected by discussion of election matters in the media. We used the voter eligible population (VEP) turnout rate for the highest office contested in the election. Summary statistics for the change in the VEP turnout for the three election cycles are shown in Table 4. 

Table 4: Summary statistics for the difference in turnout for VEP for states with no change in voter ID laws for 3 election periods.

	
	Change in turnout for VEP

	
	Presidential elections
	Midterm election

	
	2008-2012
	2012-2016
	2010-2014

	Mean change
	-3.4%
	1.0%
	-4.4%

	SD of change
	2.2%
	1.5%
	5.6%

	R2 (*)
	3%
	12%
	35%

	# of states
	36   
	39
	34

	* R2 is for the model which regresses these 4 state-level variables on change in turnout: % high school graduate, % non-white, Median household income (all from American Community Survey 2011-15 state profiles (U.S. Census Bureau, 2015)), and % unemployed for the year at the end of the period (from Bureau of Labor Statistics annual state averages)


In a difference-of-differences study, changes in turnout rates for states like those summarized in Table 4 are compared with changes in states with new or strengthened voter ID laws. What is the chance that a mean effect of 0.5%, say, would be detected by such a study?  Table 4 shows that the variability of turnout is substantial among states even with no ID law changes, especially in the midterms. Careful studies try to reduce the variability by restricting the set of control states to those most similar to the focal states, as the GAO study did, or by using regression to statistically control for demographic characteristics believed to affect turnout. To illustrate the effect of the latter, we fit models containing the same four demographic variables (% high school graduate, % non-white, Median household income, and % unemployed) as used for this purpose in Alvarez et al. (2011). Table 4 displays the R2 values for this regression model explaining change in turnout for each election period. The R2 for these models ranged from 3% to 35%. For the purposes of our numerical illustration, we assumed the maximum observed reduction in residual variance of 35%. This would reduce the unexplained standard deviations to [image: image2.png]
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4.5%, for the three time periods summarized in Table 4. 

Suppose that voter ID laws reduce the state mean VEP turnout by % with no change in variability. We examined the power of a one-sided test with size 0.05 to detect a range of values. We considered “small” and “large” sample size scenarios, where small was 2 focal and 20 control states and large was 4 and 36, respectively. The small sample scenario was meant to mimic the case where the ID laws of the focal states were nearly identical, as in the GAO study. Twenty control states were selected on the premise that 20 is the maximum number of states that might be considered reasonably similar to the focal states (this is 5 times as many as the GAO study found similar to their two focal states). The large sample scenario assumes that all states with no ID law changes could be used as controls (Table 4 shows that a typical number is 36), and supposes that 4 focal states could be considered to have similar new laws. 

The results of this power analysis are shown in Figure 2. The figure shows that a difference-of-differences analysis with these assumptions would rarely produce a detectable voter ID law effect from midterm election data, even if it were as large as 3%. On the other hand, the power to detect an effect of this size is reasonable (≥ 70%) for all our presidential election example scenarios. However, if the actual effect were 0.5%, the probability of detection in even the most optimistic scenario considered (large sample and state-to-state variability similar to that of the 2012-2016 cycle) would not exceed about 20%. Voter ID effects of 1% would be detected in the presidential election years less than half the time. This analysis emphasizes the point that absence of significant results from even careful analyses of aggregate voting data would not be unusual, even if real voter ID effects exist. Effects in the small single digits are consistent with the mixed findings in such studies. 

Figure 2: Power to detect effect of voter ID laws for typical difference-of-differences studies 
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