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1 Introduction

Intergenerational conflicts are a long-standing regularity in politics. For example, turnout behavior,

party identification, and policy preferences (e.g. liberal vs conservative) vary across generations.1 At

the same time, population aging is a pressing issue in the developed world. The two facts raise the

concern that in the aging developed countries, voting and policy-making may become biased toward

the elderly. This concern induces policy and media discussions about electoral reforms to better

reflect the youth’s voice. Such electoral reforms can take many possible forms:2

• Giving proxy votes to parents of minor children (Demeny, 1986)3

• Creating generational electoral districts that accommodate only particular generations (Ihori

and Doi, 1998)

• Weighting votes by voters’ life expectancy4

This paper studies the effects of these intergenerational electoral reforms on electoral outcomes.

Specifically, I focus on weighting-votes-by-life-expectancy and study its counterfactual effect on the

2016 U.S. presidential election.5

My analysis proceeds as follows. Imagine the 2016 presidential election weighted votes by voters’

life expectancy. For each state, I simulate the life-expectancy-weighted popular vote shares of real

candidates, especially Hillary Clinton and Donald Trump, as follows:

counterfactual weighted # popular votes for each candidate

=
∑

a(real # popular votes among voters of age a)× (life expectancy of age a),

where the real number of popular votes among voters of age a comes from the American National

Election Studies (ANES) data. The life expectancy of age a is based on the “United States Life

1For such evidence, see Wolfinger and Rosenstone (1980); Leighley and Nagler (2013); Pew Research Center (2018).
There is no shortage of stories about intergenerational conflicts in the media. To name a few for different continents,
see “In 20 years, British politics went from being about class to being about age” Washington Post (June 14, 2017),
“India’s New Voters: We are connected” Economist (April 8, 2014), “Brazil’s angry millennials are forming their
own Tea Party and Occupy movements” Washington Post (March 4, 2018), and “Better off than their parents: Why
Russia’s youth are backing Putin” Wall Street Journal (March 17, 2018). The consequences of intergenerational
conflicts are also a subject of many studies (Alesina and Tabellini, 1988; Tabellini, 1991; Poterba, 1998; Bassetto and
Sargent, 2006; Song et al., 2012; Halac and Yared, 2014; Bisin et al., 2015).

2A common policy response is to try to increase young voter turnout. However, in countries where a large proportion
of the electorate is the elderly, increasing young voter turnout may not sufficiently increase the youth’s influence. More
radical electoral reforms may be a palatable response in such a case.

3Phillips, Leigh, “Hungarian mothers may get extra votes for their children in election.” Guardian, April 2011.
https://www.theguardian.com/world/2011/apr/17/hungary-mothers-get-extra-votes

4Založnik, Maja, “Here’s what would have happened if Brexit was weighted by age.” Independent,
July 2016. https://www.independent.co.uk/news/uk/here-s-what-would-have-happened-if-brexit-vote-was-
weighted-by-age-a7120536.html

5Kamijo et al. (2015) provide a laboratory experiment on the effect of giving proxy votes to parents of minor
children.
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Tables, 2014,” published by the U.S. Department of Health and Human Service’s National Vital

Statistics Reports. Aggregating these state-level weighted votes predicts a president under hypothet-

ical generational vote weighting.6

This counterfactual simulation suggests that Hillary Clinton would have won the 2016 presidential

election if votes were weighted by life expectancy. Clinton’s national electoral college vote share would

have been over 63% (336 votes) under generational vote weighting, as opposed to the real 42.7% (227

votes). Given that the ANES data are collected from survey samples of the entire voter population,

I also quantify statistical confidence in my result: Clinton’s counterfactual victory is statistically

significant at the 95% level.

A few caveats are in order. First, my analysis assumes that voters’ locations, turnout, and voting

behavior do not change in response to generational vote weighting. Perhaps more importantly, the

ANES data are of limited quantity and quality, as pointed out by recent political science studies

(Enamorado et al., 2018; Enamorado and Imai, 2018). To investigate this data issue, again for

the 2016 presidential election, I compare the ANES data’s prediction for each state-level electoral

outcome with its real outcome. The ANES data turn out to correctly predict the winning party in

most states (40 out of 50 states + Washington D.C.), but it does not very closely capture the exact

vote shares. This data-quality concern motivates me to sketch a plan to improve the analysis using

a larger and higher quality proprietary data set.

2 Data

My analysis requires three types of data. First, I need data on each individual voter’s turnout,

vote choice, age, and state in which the voter is registered to vote. Second, I need data on the life

expectancy of U.S. citizens at different ages, in order to construct the weights for the generational

vote weighting scheme. I use these pieces of information to construct counterfactual voting outcomes.

Finally, I need data on actual election outcomes for evaluating the quality of the above voter data.

Below, I describe the data sets I use.

Vote Choice and Age Data: I use self-reported voting data from the American National Elec-

tion Studies (ANES) Time Series Study. ANES survey individuals who are U.S. citizens aged 18 or

above. Their surveys have been conducted before and after presidential elections since 1948, and after

most non-presidential elections since 1956. The interviews include questions on partisanship, election

candidates and incumbents, government performance, political participation, media use, ideologies,

values, and support for specific issues. The survey also collects personal and demographic data.

ANES select a sample of 1200 to 2500 individuals for each survey. The sampling process includes

6This aggregation of state-level weighted votes into a counterfactual president assumes the electoral college keeps
using the same voting system. That is, in Maine and Nebraska, one electoral college vote is allocated to the plurality
candidate in each congressional district, and two electoral college votes are allocated to the state-wide plurality
candidate. The remaining 48 states use the winner-take-all system, where all electoral college votes go to the state-wide
plurality candidate. As the ANES data do not provide information on the congressional districts in which individuals
are registered to vote, my analysis excludes the district-level electoral votes for Maine (2 votes) and Nebraska (3 votes).
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oversampling racial/ethnic minorities, geographically-stratified cluster sampling, and randomly se-

lecting a member of each household. I use self-reported information on voter registration, turnout,

and vote choice from the 2016 ANES data. I limit the data to individuals 18 years old or above, who

report that they registered to vote and voted in the 2016 election. Since age is a key variable in my

analysis, I also focus on individuals who correctly report their age. The resulting sample size is 4271,

with 1181 individuals surveyed through face-to-face interviews and 3090 through online interviews.

Life Expectancy Data: To construct generational vote weights, I use the life expectancy data

from the “United States Life Tables, 2014” published by the U.S. Department of Health and Human

Service’s National Vital Statistics Reports in August 2017. The report includes life expectancy

estimates based on 2014 census and Medicare data for U.S. citizens at different ages (Aris et al.,

2017).

Actual Election Outcome Data: For evaluating the quality of the ANES data, I use the

Congressional Quarterly Voting and Elections Collection (CQ) as a benchmark for actual election

outcomes. The CQ Voting and Elections Collection is a database that collects data on U.S. elections,

parties, and campaigns.

3 Method

To construct the counterfactual 2016 presidential election under generational vote weighting, I weight

votes by votes’ life expectancy as follows. I first calculate each party’s vote share by voter age within

each state or district. Let

y(a,p)j =

1 if j-th individual is of age a and votes for party p

0 otherwise,

where j indexes individuals (survey respondents) in the data.7 The vote count for a given party p

within a given age group a for state or district s is

N̂asp =
∑
j

Is(j)wjy(s,p)j,

where Is(j) is 1 if the j-th individual in state or district s, and 0 if not. wj is the j-th individual’s

sampling weight, which ANES and the STATA package “svy” provide for making the data more

representative of the national population (DeBell, 2010). (Recall that the ANES study sample was

not a simple, random sample from the U.S. population.) As a result, the within-state or within-

7ANES collects self-reported information on vote choices in two phases, once prior to Election Day and once after
Election Day. The pre-election vote choice captures individuals who submitted their ballot through early voting or
absentee voting. If individuals indicated their vote choices in the pre-election survey, they would not be asked about
their vote choices in the post-election survey. I construct a variable that indicates each respondent’s vote choice,
either from the pre-election or post-election survey. If an individual reported that they did not vote in both pre- and
post-election surveys, I exclude the individual from the analysis.
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district vote share for each party and age group is given by X̂asp =
N̂asp

N̂s

, where N̂s =
∑

p

∑
a N̂asp.

To find the counterfactual vote share of each party in each state or district, I multiply X̂asp by the

age-specific weights wa, the expected life years for an average American citizen at age a. I sum the

weighted vote shares across ages, and then normalize it to obtain

X̂CF
sp =

∑
a

waX̂asp∑
p

∑
a

waX̂asp

.

I use this formula to find the counterfactual for each party’s vote share in each state or district.

For major party vote shares, I only include Democrats and Republicans. For the all party vote shares,

I include independent candidates and other parties under one category of “Other” since each other

party gets only a small number of votes. I also calculate the standard error of each counterfactual

vote share estimate, as detailed in Appendix A.1.

I determine the counterfactual president under generational vote weighting as follows. The elec-

toral college determines the final outcome for U.S. presidential elections. There are a total of 538

electoral college votes. For each state, the number of Senate and House of Representative delegates

corresponds to the number of electors. In addition, Washington D.C. or the District of Columbia

has 3 electoral college votes. Electoral college votes are awarded based on the results of the general

elections, in which citizens cast votes for the presidential candidate and vice presidential candidate of

their choice, in the state where they are registered as voters. In 48 states and Washington D.C., the

electoral votes are awarded to candidates who receive the most popular votes, i.e., plurality. In Maine

and Nebraska, one electoral college vote is allocated to the plurality candidate in each district, and

then two electoral college votes are allocated to the state-wide plurality candidate. The presidential

and vice presidential candidates must have 270 votes out of 538 votes to win the election.

My counterfactual simulation follows the same procedure in allocating electoral college votes,

except the following two assumptions. First, I exclude the district-level electoral votes for Maine (2

votes) and Nebraska (3 votes), as the ANES does not provide information on individuals’ district

of voter registration. Second, I assume that there are no faithless electors. A faithless elector

is a member of the electoral college who does not vote for the plurality winner in their given state.

Typically, electors follow the “winner-takes-all” rule and all electoral college votes go to the candidate

who wins the plurality in a state. In the 2016 election, however, 7 electors did not follow the rules.8

Importantly, the 5 excluded votes and 7 potential faithless electoral votes fall far short of changing

the final counterfactual president below.

8Schmidt, Kiersten and Wilson, Andrews, ”A historic number of electors defected, and most were supposed to vote
for Clinton.” New York Times, December 2016. https://nyti.ms/2jWW5CY
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4 Results: Counterfactual President

I find that Hilary Clinton would win the 2016 presidential election using generationally weighted

votes. As summarized in Figure 1, Hilary Clinton would receive 63% of the electoral college votes

(336 votes), while Donald Trump would receive 36% (194 votes). Given that the ANES data are

collected from survey samples of the entire voter population, I also quantify statistical confidence

in my result: Clinton’s counterfactual victory is statistically significant at the 95% level, when I

estimate the standard error of the final distribution of electoral college votes, following the method

in Appendix A.2.

Heterogeneity across States. I provide further details of my prediction by visualizing the

electoral outcomes by state and congressional district in Figures 2 and 3. Figure 3 describes the

states in which the winning parties would be changed by generational vote weighting. Several of

the key Rust-Belt states, such as Michigan, Ohio, Pennsylvania, and Wisconsin, are predicted to be

flipped to Hilary Clinton by generational vote weighting. At the same time, there are also states

that are predicted to be flipped to Donald Trump by generational vote weighting. Minnesota and

Virginia are such examples.

I further investigate this inter-state heterogeneity in Figure 4. Here, I plot the differences between

the counterfactual and actual vote shares of Democrats and Republicans. As shown by its horizontal

bars, on average across states, generational vote weighting results in an increase in the vote shares of

Democrats. However, there are large variations in the magnitude of change across states, a pattern

consistent with Figure 3. More detailed state-level statistics are available in Tables 3 and 4 in the

appendix.

Heterogeneity across Generations. Generational vote weighting has such big impacts because

of generational differences in voter preferences. I highlight the generational differences in Table 1,

which summarizes the vote shares of Democrats and Republicans for each generation. The Republican

vote share increases as age-level increases. The trend identified here is similar to the results of existing

studies (Pew Research Center, 2018).

5 Limitations

I should acknowledge a few limitations of the above analysis. First, I assume that voters’ locations,

turnout, and voting behavior do not change in response to generational vote weighting. Perhaps

more importantly, the ANES data are of limited quantity and quality due to the following factors.

Misreporting: A problem with the ANES data is that individuals self-report whether they

registered to vote, whether they voted, and their vote choice. Enamorado et al. (2018) and Enamorado

and Imai (2018) compare the ANES voting data against national voter registration data supplied

by L2, a non-partisan voter data collection firm. They found that 20 percent of ANES survey

respondents who indicated that they voted in the elections did not actually vote. Many previous

studies have explored why individuals would be likely to misreport when answering survey questions
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on voting. One prominent theory is social desirability bias. Another explanation is non-response

bias, the idea that those who respond to the survey differ in a meaningful way from those who do

not (Bernstein et al., 2001).

Sample Size: Another problem with the ANES data is sample size. While some states have

hundreds of observations, other states have only a handful of observations. I report the sample size

for each state of party registration in Table 2. The largest sample size is 302 (California) and the

smallest sample size is 2 (Alaska). When I restrict the sample to individuals who reportedly voted

in the 2016 elections, the sample size becomes even smaller for some states. As a result of the small

sample size, some of the ANES vote shares are prone to bias.

Validation of the ANES Data

To quantify how serious these data issues are, I gauge the accuracy of the ANES data by comparing

the ANES data’s predicted election outcomes against the CQ election outcome data. For each state,

I use the ANES data to calculate the vote shares of parties as well as their confidence intervals,

without any generational vote weighting. I find that the ANES vote shares correctly capture the

winning parties in 40 out of 50 states and the District of Columbia (about 78% accuracy). However,

ANES does not capture the exact vote shares very accurately. I show this point in Figure 5, which

reports the plots of the ANES and actual vote shares for Democrat and Republican candidates in the

2016 presidential election. The correlation between the ANES proportions and actual proportions

is modest. The root-mean-square error for Democrat and Republican vote shares are 14.15% and

14.25%, respectively.

6 Path Forward

I find that generational vote weighting could change the result of a critical election like the 2016 U.S.

presidential election. This analysis leads to a variety of avenues for future work. As already noted,

it is important to obtain a more credible prediction about the counterfactual presidential election by

using a larger and higher quality data set. Such potential data sets include Catalist data, L2 data,

and Cooperative Congressional Election Study (CCES) data. Catalist and L2 both provide national

voter files of hundreds of millions of individuals and contain data on voter registration, turnout, age,

and predicted partisanship. CCES surveys the opinions of over 50,000 individuals across the U.S.

during election years, through YouGov (a public opinion data company).

More conceptually, I plan to measure the effects of giving more votes to the young on a wider

range of outcomes. Especially intriguing are policy outcomes and the welfare of different generations.

I also plan to explore other weighting methods, such as generational electoral districts and giving

proxy votes to parents of minor children. I leave these challenging directions to future work.
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Figure 1: Counterfactual and Actual Electoral College Voting Outcomes

(a) Counterfactual Outcome

(b) Actual Outcome

Notes: The figures show the counterfactual and actual distributions of electoral college votes for the
2016 presidential election, between Democrat party candidate Hilary Clinton and Republican party
candidate Donald Trump. The yellow section represents the 3 votes for party candidates other than
the major parties. I allocate electoral college votes to each candidate based on the “winner-takes-all”
rule for 48 states and Washington D.C. I exclude the district-level electoral votes for Maine (2 votes)
and Nebraska (3 votes), as I cannot estimate the plurality winner at the granularity of congressional
districts using the ANES data. I also assume there are no “faithless electors,” who do not vote for the
candidate they pledged to vote for. I calculate the 95% confidence interval around the counterfactual
votes for Clinton based on the standard error as calculated in Appendix A.2.
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Figure 2: Counterfactual Plurality Party by State under Generational Vote Weighting

Notes: The map shows the counterfactual 2016 presidential election outcomes for each state or
district with generational vote weighting. The “Others” category includes any Independent or other
party candidate choice.
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Figure 3: States where the Winner is “Flipped” by Generational Vote Weighting

Notes: The map shows the counterfactual 2016 presidential election outcomes, highlighting only the
states in which the plurality party is changed by generational vote weighting. There are 11 states that
flipped from Republican to Democrat plurality, including: Utah, Nebraska, Oklahoma, Wisconsin,
Michigan, Mississippi, Georgia, Florida, South Carolina, North Carolina, and Pennsylvania. There
are 4 states that flipped to Republican from Democrat plurality, including: Nevada, Minnesota,
Virginia, and Maine. The “Others” category includes any Independent or other party candidate
choice.
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Figure 4: Difference between Weighted and Actual Vote Percentage by State

(a) Democrats

(b) Republicans

(c) Others

Notes: The figure shows the percentage point difference between the counterfactual (generationally
weighted) and actual vote shares for Democrats, Republicans, and others. The “Others” category
includes any Independent or other party candidate choice. The horizontal red line indicates the
average difference across all states.
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Table 1: Voting Behavior by Generations

Generations Democrats Republicans Others

18-29 49.13 43.75 7.12
30-39 47.93 45.62 6.45
40-49 46.06 48.79 5.15
50-59 45.39 49.95 4.66
60-69 45.27 51.91 2.81
70-79 38.66 58.66 2.68
80-90 36.9 62.62 .48

Notes: The table shows the vote proportion for each party by age group. The “Others” category
includes any Independent or other party candidate choice. I estimate the vote proportions using
vote counts from the ANES 2016 Time Series data set. I drop respondents who did not register to
vote, cast a ballot, or correctly report their age. I also drop those who had inappropriate or missing
answers for vote choice.
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Figure 5: ANES Vote Shares vs. Actual Vote Shares

(a) Democrats (b) Republicans

(c) Others

Notes: The data points represent vote shares for all parties, including Democrats, Republicans, and
Others (all Independent and other parties). Each vertical bar represents the 95% confidence interval
for an estimated vote share, as detailed in Appendix A.1. Some estimates (data points) are missing
the 95% confidence interval, as the ANES counted no votes for a party in certain states. All 50 states
and Washington D.C. are represented in the three figures above. I exclude any ANES individual who
said they did not register to vote, did not vote in the presidential election, or did not correctly report
their age.
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Table 2: Sample Sizes for Each State of Party Registration

State of Party Registration No. %
Alabama 36 1.1
Alaska 2 0.1
Arizona 76 2.3
Arkansas 38 1.1
California 327 9.8
Colorado 75 2.2
Connecticut 46 1.4
Delaware 8 0.2
Florida 166 5.0
Georgia 95 2.8
Hawaii 8 0.2
Idaho 46 1.4
Illinois 161 4.8
Indiana 75 2.2
Iowa 26 0.8
Kansas 68 2.0
Kentucky 52 1.6
Louisiana 46 1.4
Maine 10 0.3
Maryland 86 2.6
Massachusetts 94 2.8
Michigan 111 3.3
Minnesota 68 2.0
Mississippi 37 1.1
Missouri 51 1.5
Montana 10 0.3

State of Party Registration No. %
Nebraska 17 0.5
Nevada 23 0.7
New Hampshire 28 0.8
New Jersey 89 2.7
New Mexico 32 1.0
New York 131 3.9
North Carolina 135 4.0
North Dakota 5 0.1
Ohio 135 4.0
Oklahoma 44 1.3
Oregon 34 1.0
Pennsylvania 143 4.3
Rhode Island 6 0.2
South Carolina 50 1.5
South Dakota 9 0.3
Tennessee 119 3.6
Texas 235 7.0
Utah 21 0.6
Vermont 9 0.3
Virginia 72 2.2
Washington 72 2.2
Washington DC 22 0.7
West Virginia 14 0.4
Wisconsin 73 2.2
Wyoming 4 0.1
Total 3340 100.0

Notes: The table displays the sample size, or the number of voters in each state, after I restrict
the ANES 2016 Time Series sample to individuals who said they registered to vote. Here, I do not
apply other sample restrictions that limit the sample to individuals who voted in specific elections
(presidential, House, Senate, or governor) and individuals who correctly reported their age. The
mean sample size is 62.27, with a standard deviation of 58.95.
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A Appendix

A.1 Estimating Standard Errors of State-level Vote Shares

To understand how confident I can be of the difference between the actual and counterfactual election

outcomes, I estimate the standard errors for the state-level vote shares. For each counterfactual vote

share for party p and voter age a within state or district s, recall that I denote the within-state or

within-district vote share for each party and age group by X̂asp =
N̂asp

N̂s

. I estimate the variance of

X̂asp by

V ar(X̂asp) =
1

N̂2
s

{
ˆV ar(N̂asp)− 2X̂asp

ˆCov(N̂s, N̂asp) + X̂2
asp

ˆV ar(N̂s)

}
. (1)

Equation (1) follows the formula for the variance of sample ratio discussed in Rice (2007). I describe

the steps to calculate N̂asp, N̂s, and X̂asp in Section 3.

Below, I describe how to calculate the remaining components of equation (1): ˆV ar(N̂asp), ˆCov(N̂s, N̂asp),

and ˆV ar(N̂s). I do so by incorporating ANES’s nonrandom, stratified sampling design into considera-

tion. The ANES organizers construct strata and their sampling weights within the sample that reflect

their original sampling design. Specifically, the ANES sample consists of 132 strata, or independent

subsamples. Each stratum contains several primary sampling units (PSUs), which are clusters of

individuals (survey respondents). Finally, ANES produces respondent-specific weights to reflect the

sampling probability of each individual, based on their geographical location and demographics. For

more details on how ANES constructs the strata and PSUs, see DeBell et al. (2018).

I calculate ˆV ar(N̂asp), the variance of the vote count for party p and age a within state or district

s as follows. For each stratum h = 1, · · · , L and each PSU i = 1, · · · , nh in stratum h,

ˆV ar(N̂asp) =
L∑
h=1

nh
nh − 1

{ nh∑
i=1

y(a,p)shi
2 −

(y(a,p)sh)
2

nh

}
, (2)

where y(a,p)shi is the vote count for party p and age a in each PSU i of stratum h:

y(a,p)shi =

mhi∑
j=1

wj × Is,hij × y(a,p)hij,

where each respondent j is indexed by j = 1, · · · ,mhi. y(a,p)hij is 1 if respondent j is age a and

voted for party p, and 0 otherwise. The value wj is the ANES sampling probability weight for each

respondent j. Is,hij is 1 if the j-th respondent in state or district s and 0 if not. I calculate y(a,p)sh,

the total vote count for a and p across all PSUs of stratum h by

y(a,p)sh =

nh∑
i=1

y(a,p)shi.
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Intuitively, equation (2) finds the variance of vote counts for each party p in age a across PSUs

contained in the same stratum, and then sums the within-stratum variance across all strata. For

a more in-depth discussion on variance estimation for survey subpopulation totals, see West et al.

(2008).

My estimation of ˆV ar(N̂s) is similar to equation (2). The key difference is, I replace y(a,p)shi in

equation (2) with yshi, the vote count for each PSU i of stratum h across parties and ages:

yshi =

mhi∑
j=1

wj × Is,hij × yshij,

where yhij is the vote count for each individual j in PSU i and stratum h. All respondents who said

they voted have yhij = 1, regardless of their age or vote choice. I also replace y(a,p)sh in equation (2)

with ysh =
∑nh

i=1 yshi, the vote count for each stratum h across parties and ages.

Finally, I estimate ˆCov(N̂s, N̂asp) as follows. For each stratum h = 1, · · · , L and each PSU

i = 1, · · · , nh,

ˆCov(N̂s, N̂asp) =
L∑
h=1

nh
nh − 1

nh∑
i=1

(y(a,p)shi − ȳ(a,p)sh)(yshi − ȳsh), (3)

where ȳ(a,p)sh is the average vote count for party p and age a across all PSUs in stratum h:

ȳ(a,p)sh =
1

nh

nh∑
i=1

y(a,p)shi.

ȳsh is the average vote count across all PSUs in stratum h:

ȳsh =
1

nh

nh∑
i=1

yshi.

Intuitively, equation (3) finds the covariance between y(a,p)shi and yshi across all PSUs i = 1, · · · , nh
in a given stratum h. It then sums the stratum-specific covariances across all strata. For further

details on estimating covariance for a stratified sample, see Heeringa et al. (2010).

I use ˆV ar(X̂asp) to calculate the standard error of state-level vote shares X̂CF
sp =

∑
a

waX̂asp∑
p

∑
a

waX̂asp

.

To do that, I multiply both the vote share estimate and standard error values by age-specific weights,

and sum across age-levels:

SE(X̂CF
sp ) =

1∑
p

X̂CF
sp

×
√∑

a

wa2 × ˆV ar(X̂asp).

I assume that if there is no vote share estimate for a given age (when the ANES sample size is 0 for

a given age), the standard error value is also 0. I also assume independence between the vote shares
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for a given party across different ages. To relax this assumption in the aforementioned step, I can

calculate SE(X̂CF
sp ) by

SE(X̂CF
sp ) =

1∑
p

X̂CF
sp

×
√∑

a

w2
a × ˆV ar(X̂asp) +

∑
a

∑
a′ 6=a

wawa′ × ˆCov(X̂asp, X̂a′sp),

which follows from this rule: V ar(aX + bY ) = a2V ar(X) + b2V ar(Y ) + 2abCov(X, Y ). See Heeringa

et al. (2010) for further details on the method.

Testing Significant Differences between Party Vote Shares

In Table 4, I use a one sample t-test to gauge at the significance of the differences between the

counterfactual Democrat and Republican vote shares. For Democrats p1 and Republicans p2, my

null hypothesis is X̂CF
sp1
− X̂CF

sp2
= 0 and my alternative hypothesis is X̂CF

sp1
− X̂CF

sp2
6= 0. Treating each

state as an individual sample, I calculate the standard error of the estimated difference between X̂CF
sp1

and X̂CF
sp2

by

SE(X̂CF
sp1
− X̂CF

sp2
) =

√
SE(X̂CF

sp1
)2 + SE(X̂CF

sp2
)2 + 2× Cov(X̂CF

sp1
, X̂CF

sp2
), (4)

where I estimate Cov(X̂CF
sp1
, X̂CF

sp2
) as follows. Note that for Y1 =

∑p
j=1 cjXj and Y2 =

∑p
k=1 dkXk, I

have

Cov(Y1, Y2) =

p∑
j=1

p∑
k=1

cjdkCov(Xj, Xk).

I apply this formula to estimate Cov(X̂CF
sp1
, X̂CF

sp2
). Given X̂CF

sp1
=
∑

awaX̂asp1 and X̂CF
sp2

=
∑

a′ wa′X̂a′sp2 ,

I calculate the covariance of the two linear combinations using

Cov(X̂CF
sp1
, X̂CF

sp2
) =

∑
a

∑
a′

wawa′Cov(X̂asp1 , X̂asp2).

I follow the same steps to calculate the covariance between counterfactual vote shares when all

parties are included (with all non-major parties grouped togther as “Other”). In some election levels

in the 2016 ANES Time Series data set, there were no reported votes for the “Other” category. In

those states, I assume a covariance value of 0 between the counterfactual “Other” vote share and the

counterfactual Democrat/Republican vote share.

I also test if the winning party vote share is significantly different from the runner up party vote

share (i.e. received second most votes). For winning party p1 and runner up party p2, my null

hypothesis is X̂CF
sp1
− X̂CF

sp2
= 0 and my alternative hypothesis is X̂CF

sp1
− X̂CF

sp2
6= 0. I use equation (4)

to calculate the standard error of X̂CF
sp1
− X̂CF

sp2
.
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Confidence Intervals

I calculate confidence intervals in Figure 5 as follows. According to the “svy: tabulate twoway”

documentation, the confidence intervals are calculated as follows. I first find f(X̂sp), the logit trans-

formation of X̂sp by

f(X̂sp) = ln(
X̂sp

1− X̂sp

).

Applying the logit transformation means the values would be contained between 0 and 1. For

ŝ = SE(X̂sp), the standard error estimate is given by

ŜE{f(X̂sp)} = f ′(X̂sp)ŝ =
ŝ

X̂sp(1− X̂sp)
.

I then can find the 100(1− α)% confidence interval using

ln(
X̂sp

1− X̂sp

)±
t1−α/2,vŝ

X̂sp(1− X̂sp)
,

where t1−α/2,v is the critical value at the (1− α/2)th quantile of the t distribution with v degrees of

freedom. Finally, suppose that y = ln( X̂sp

1−X̂sp
)± t1−α/2,v ŝ

X̂sp(1−X̂sp)
, I use the formula below to find the inverse

of the logit transform and the final confidence interval values

f−1(y) =
ey

1 + ey
.

A.2 Estimating Standard Errors of Electoral College Vote Shares

In Figure 1, I assess the reliability of the final counterfactual electoral college outcome by estimating

its standard error. For each state s, I have estimated the counterfactual vote shares for Democrats,

p1, Republicans, p2, and Others, p3, denoted as X̂CF
sp1

, X̂CF
sp2

, and X̂CF
sp3

, respectively. As detailed in

Appendix A.1, I also estimated ŜE(X̂CF
sp1

), ŜE(X̂CF
sp2

), and ŜE(X̂CF
sp3

). I use them to compute the

standard error of the final counterfactual election college outcome as follows. For t = 1, · · · , 500

simulations,

(1) Draw vote shares: For states with 10 or more observations in the ANES sample, I draw

X̂CF
sp1

(t) from the normal distribution with mean X̂CF
sp1

and standard deviation ŜE(X̂CF
sp1

). I also

draw X̂CF
sp3

(t) from the normal distribution with mean X̂CF
sp3

and standard deviation ŜE(X̂CF
sp3

).

I define X̂CF
sp2

(t) ≡ 1− X̂CF
sp1

(t)− X̂CF
sp3

(t).

(2) Allocate electoral college votes: For states with less than 10 observations in the ANES

sample, I assign electoral college votes based on the actual outcomes. For the other states, I

allocate the electoral college votes based on the plurality winner. For each state s, I denote the

electoral college votes for Democrats and for Republicans by Dems(t) and Reps(t), respectively.
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(3) Sum electoral college votes: I sum the electoral college votes to find Dem(t) ≡
∑

sDems(t)

and Rep(t) ≡
∑

sReps(t).

Finally, I compute the standard deviation of electoral college votes for Democrats across 500 simu-

lations. I use this as the standard error of my counterfactual electoral college votes for Democrats

(Hilary Clinton).

Results. The standard error of the electoral college votes for Hilary Clinton turns out to be

33 votes. Using this standard error, I run a t-test to check whether the counterfactual electoral

college votes (336 votes found in Figure 1) is significantly different from the minimum threshold of

electoral college votes needed for a candidate to win the election (270 votes). My null hypothesis is

h0 : ˆDem = 270, and my alternate hypothesis is ha : ˆDem 6= 270. I find the counterfactual electoral

college votes to be significantly different from 270 at the 95% confidence level (p-value = 0.046). I also

test whether the estimated counterfactual electoral college votes for Democrats is significantly greater

than 270, with the null hypothesis h0 : ˆDem ≥ 270, and the alternate hypothesis, ha : ˆDem < 270.

I find the counterfactual electoral college votes for Democrats to be significantly greater than 270 at

the 95% confidence level (p-value = 0.023).
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