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A.I Additional data sources

Annual income per capita and total population data are from the Bureau of Economic
Analysis (2022). Unemployment rates are from the Bureau of Labor Statistics (2022a),
and wages and employment by industry are from Bureau of Labor Statistics (2022b).
County population data by age and race are from the Census Bureau (2022b). Educa-
tional attainment (percent of people 25 years or older who have a bachelor degree or
higher) is from the Census Bureau (2010a). And urban population data in 1990 and
2010 are from the Census Bureau (2010b).

We obtain quarterly aggregate earnings from the Bureau of Labor Statistics (2020b)
and unemployment data from the Bureau of Labor Statistics (2020c), real GDP from
the Bureau of Economic Analysis (2020), federal funds rates from Board of Governors
of the Federal Reserve System (2020) and the credit spread defined as the difference be-
tween the Moody’s Baa and Aaa bond yields from Moody’s (2020). Monthly consumer
price index data are from the Bureau of Labor Statistics (2020a).

Zip code level tax return data are obtained from the IRS (2021). Daily stock return
data are from Center for Research in Security Prices (2021). Corporate headquarters
data are from S&P Global (2020). The NAICS and SIC crosswalk data are from the
Census Bureau (2022a). Zip code and county cross walk file is obtained from the HUD
(2022).

A.I1 Stock market participation

Figure A.T plots the county-level stock market participation, as measured by the ratio
of dividend income over total taxable income, in 1990 and 2016. Table A.I reports
the results of regressing the dividend income ratio on various county economic and
demographic characteristics, as well as the two instrumental variables discussed in
Section A.III.
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Figure A.I: Stock market participation in 1990 and 2016. This figure shows the decile of
the ratio of aggregate dividend income over aggregate taxable income for U.S. counties
in 1990 and 2016.



Table A.I: Determinants of stock market participation

The dependent variable is the dividend income ratio (total dividend income in a county relative to total adjusted gross income in that county),
measured in percentage points. Ipc and Pop are income per capita and total population. White, Black, and Hispanic are the fraction of
population that is non-Hispanic White, non-Hispanic Black, and Hispanic from Census Bureau’s Population Estimates Program. Under20 and
Over65 are the fraction of the population that is under 20, over 65 years old, respectively. Bacheloriggg is the fraction of population of age
25 or above with a bachelor’s degree or above in 1990. Headquarters is an indicator variable equal to one if the county is the headquarters of
any publicly traded company, and zero otherwise. Standard errors are clustered by state. P-values are reported in the parentheses.

(1) (2) (3) (4) () (6) (7) (8)
Div,ratiOlggg 0.743 0.716
(0.000)  (0.000)

Ln(Ipc) 1.765 1.739 0.782 0.921 1.700 1.696
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Ln(Pop) 0.063 0.076 0.024 0.022 0.038 0.058
(0.126) (0.063) (0.412) (0.481) (0.364) (0.160)
W hite -1.106  -0.989  -0.258 -0.395 -1.074  -0.957
(0.000) (0.000) (0.056) (0.017) (0.000) (0.000)
Hispanic -0.342  -0.141 0.202 0.360 -0.309  -0.127
(0.004) (0.070) (0.063) (0.008) (0.006) (0.100)
Black -0.694  -0.257 0.110 0.195 -0.670  -0.245
(0.002) (0.005) (0.398) (0.043) (0.003) (0.006)
Under20 -4.613  -4.851  -1.994  -1.542  -4.530 -4.727
(0.000) (0.000) (0.004) (0.008) (0.000) (0.000)
Over65 6.171 5.977 8.761 8.862 6.215 6.019
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Bacheloryggg 0.060 0.053
(0.000)  (0.000)
Headquarters 0.160 0.113
(0.001)  (0.001)
Year FE No No Yes Yes Yes Yes Yes Yes
State*year FE No Yes No Yes No Yes No Yes
R-squared 0.660 0.697 0.353 0.467 0.442 0.521 0.356 0.468

N 24856 24848 24871 24863 24862 24854 24871 24863




A.III IV estimation

In this section we present analysis related to the robustness of the main results pre-
sented in the manuscript. We conduct an instrumental variable analysis, instrumenting
for participation in two ways. Our first IV is county level education, measured as the
fraction of population of age 25 or above with a bachelor’s degree or above as of 1990.
Because the dependent variable is the change in vote shares, using education prior to
the beginning of the sample period helps minimize the possibility that the exclusion
condition is violated due to reverse causality or omitted time-varying county charac-
teristics. For example, while education levels could be correlated with voters’ party
affiliation (e.g., Marshall, 2019), it is much less likely to directly affect changes in
county vote shares. The exclusion condition, however, can be violated if education is
correlated with omitted county characteristics that cause counties to have a differen-
tial sensitivity to stock returns other than through stock market participation. For
example, education could be correlated with income levels and job types, which may in
turn be correlated with exposure to stock market performance through other channels
than stock market participation. We therefore continue to control for the interaction
of county variables including income levels with stock returns, and on top of that we
also further control for the interaction of (lagged) industry employment shares at the
country level and stock returns.

Columns (5) and (6) of Table A.I show that county-level stock market participation
increases significantly with the education level in 1990. The first two columns of Table
ALIT report the results where we use the 1990 education as an instrument for dividend
income ratio and its interaction with stock returns as an instrument for the interaction
between dividend income ratio and stock returns. The point estimates are similar with
year effects and with statexyear fixed effects and both are much larger than the OLS
estimate.

Our second IV is an indicator for whether there are publicly traded firms headquar-
tered within the county, motivated by evidence that investors tend disproportionately

to invest in stocks of the companies headquartered in their local communities (Brown,

'The ten industries in the QCEW data include natural resources and mining, construction, manu-
facturing, trade and transportation, information, financial services, professional and business services,
education and health services, leisure and hospitality, and other services.
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Ivkovic, Smith, and Weisbenner, 2008).? The last two columns of Table A.I shows the
indicator variable is positively related to stock participation after controlling for local
income, population, and demographics, and statexyear fixed effects. Columns (3) and
(4) of Table A.II show that using headquarters as an IV produces an estimate of 6.64
and 2.79 without and with statexyear fixed effects, respectively.?

While the substantially larger point estimates of the IV estimation might indicate
that the OLS estimate is downward biased, it is also possible that the average effect
across all counties is substantially smaller than the effect for counties whose stock
market participation is affected by education and headquarters location of publicly
traded companies (local average treatment effect). Overall, these IV results support
the view that the effect of the stock market is through stock market participation and

not some other omitted county characteristics.

2We obtain the most recent zip codes of headquarters from Compustat, and historical states of
headquarters extracted from the SEC’s EDGAR database and from Professor Scott Dyreng. Whenever
a company moves its headquarters across state or there is discrepancy in the headquarters states
between Compustat and Scott Dyreng’s data, we manually collect zip codes of a company’s business
address. In total, we collected around 3,500 headquarter locations from EDGAR. We then construct
an indicator variable at the county year level, which is equal to 1 if a county is the headquarters of
any publicly traded company in that year, and zero otherwise.

3We obtain similar estimates if we exclude investment companies, which are likely to choose
endogenously to locate in areas with high stock participation.



Table A.II: IV estimation

The dependent variable is the change in incumbent vote shares, defined in Table 2 of the manuscript.
In the first two columns, the instrument for dividend income ratio is the fraction of population of
age 25 or above with a bachelor’s degree or above in 1990. In the last two columns, the instrument
is an indicator variable for whether a county is the headquarters of any publicly traded company.
The instrument for the interaction of dividend income ratio and stock returns is the interaction
of the instrument with stock returns. ret is the cumulative stock market return from November
of the previous election year to October before the current election. DemlIncum is an indicator
variable equal to 1 if the incumbent party is Democratic, and 0 otherwise. AControls denotes the
difference in the county economic and demographic variables shown in Table 2 of the manuscript.
Controls % ret is the interaction between the level of the control variables as of the previous election
and ret. Occupation xret is the interaction between county-level industry employment share as of the
previous election and ret. The levels of these controls are also included. Standard errors are clustered

by year. P-values are reported in the parentheses.

FEducation Headquarter

(1) (2) (3) (4)
Div_ratioxret 4.29 4.20 6.64 2.79

(0.012) (0.007) (0.014) (0.030)
Div_ratio —2.07 —-2.10 —2.57 —0.80

(0.018) (0.017) (0.002) (0.142)
Year FE Yes No Yes No
AControls Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes
Controls*ret Yes Yes Yes Yes
Occupation*ret Yes Yes Yes Yes
State*year FE No Yes No Yes
R-squared 0.125 0.114 0.070 0.145

N 24862 24854 24871 24863




A.IV Alternative measures of market participation

In this section, we address concerns about measurement error in county stock partic-
ipation discussed in the data section of the manuscript. We adopt three alternative
measures of stock participation. First, to address concerns that a county’s total divi-
dends can be largely driven by a handful of residents with very high amounts of dividend
income, we use a similar measure of dividend income ratio but exclude tax returns from
people in the highest income group in a county. Specifically, since 2006, the IRS reports
income data by adjusted gross income (AGI) groups, with the top group being those
whose AGI exceeds $200,000. Because AGI includes dividend income, by excluding
this group of people, the dividend income ratio at the county level will not be driven
by a few returns in the far right tail of dividend income. Column (1) of Table A.III
reports the results, which show a larger point estimate on the main interaction term
than that reported in column (3) of Table 2 of the manuscript.?

Second, we measure a county’s participation by the fraction of tax returns that
report dividend income. Such a measure treats all people with exposure to the stock
market equally regardless of their actual investment in the stock market. Column (2)
reports the results, which are consistent with what we find when using dividend income
ratio to proxy for stock market participation.

Third, we measure a county’s participation by its per-capita dividend income. Using
this measure assumes that two counties with the same per-capita dividend income have
the same sensitivity to stock returns, irrespective of the county’s total income levels.
Column (3) shows that the interaction between this measure and stock returns is

positive and significant.

4Dividend income ratio in 2006 is used for the 2008 and prior elections in this regression.



Table A.III: Alternative measures of stock participation

The dependent variable is the change in the incumbent vote share, defined in Table 2 of the manuscript.
Div_ratio_exctop is the dividend income ratio of residents whose total adjusted gross income is below
$200,000. ret is the cumulative stock market return from November of the previous election year
to October before the current election. Participation is the fraction of income tax returns that
report dividend income in a county during the last election year. Div_pop is the amount of dividends
divided by a county’s population. DemlIncum is an indicator variable equal to 1 if the incumbent
party is Democratic, and 0 otherwise. AControls denotes the difference in the county economic and
demographic variables shown in Table 2 of the manuscript. Controls x ret is the interaction between
the level of the control variables as of the previous election and ret. The levels of these controls are
also included. Standard errors are clustered by year. P-values are reported in the parentheses.

(1) (2) (3)

Div_ratio_exctopxret 2.00
(0.001)
Participationxret 0.47
(0.003)
Div_popxret 0.03
(0.039)
Div_ratio_exctop —1.11
(0.001)
Participation —0.22
(0.009)
Div_pop —-0.01
(0.089)
Year FE Yes Yes Yes
AControls Yes Yes Yes
AControls*DemIncum Yes Yes Yes
Controls*ret Yes Yes Yes
R-squared 0.739 0.744 0.736
N 24866 24866 24871




A.V Permutation tests

To examine whether the small number of clusters remains a concern about over-
rejection (Cameron, Gelbach, and Miller, 2008), we conduct permutation tests in the
spirit of randomization inference commonly used in experimental studies (e.g., Young,
2019, MacKinnon and Webb, 2020).> We randomly reassign the eight stock returns to
eight elections, while fixing county-level voting, dividend income ratio, and controls.
For each permutation of returns, we re-estimate the same models as before and store
the estimated coefficients and t-statistics. Taking the specification in column (3) of Ta-
ble 2 of the manuscript as an example, out of the 10,000 permutations, 134 produce a
t-statistic greater than the actual t-statistic of 4.03. The permutation based one-sided
p-value is therefore 0.013. This is slightly larger than the p-value 0.005 reported in the
table.

A.VI What returns matter to voters?

In this section we extend the analysis of the market’s impact on voting by exploring
the impact of returns in more detail. We ask whether voters distinguish local stock
returns from the nationwide market return. We then examine the timing of returns
— the returns early in the incumbent’s term versus the returns leading up to the next

election at the end of the incumbent’s term.

A.VI.1 Local vs. market returns

We explore whether a county’s vote is also sensitive to the return of industries or
companies that the county is mostly exposed to, which we call “local returns”, after
controlling for aggregate stock returns. It is not clear ex ante whether and how local
returns could affect voting outcomes above and beyond aggregate returns. On the one
hand, to the extent that investors exhibit local bias in investing or have greater exposure
to local companies’ stock performance for other reasons, their stock market wealth
would be sensitive to local returns even controlling for overall market performance. On

the other hand, if voters that participate in the stock market are better diversified,

SThese include both field experiments and studies relying on natural experiments (Hsiang and
Jina, 2014, Cunningham and Shah, 2018, Gagliarducci, Onorato, Sobbrio, and Tabellini, 2020).



counties with high participation might be less sensitive to the performance of local
industries because they have greater national exposure.

We measure local returns in two ways. First, as in Di Maggio, Kermani, Ram-
charan, Yao, and Yu (2022), we calculate industry returns at the 4-digit NAICS level
by the value-weighted returns of companies in each industry. We then use data from
QCEW to calculate a county’s employment share at the 4-digit NAICS level and calcu-
late an employment-share-weighted industry return. Second, we measure local returns
using the value-weighted return of companies headquartered in the same state. The
correlations between the aggregate return and both local returns are around 0.5.

Table A.IV presents the results. Column (1) shows that the interaction between
stock participation and local industry returns is not significantly different from zero.
Column (2) shows that the interaction between stock participation and returns of
locally headquartered public companies is positive and significant at the 10% level,
controlling for the effect of aggregate returns. One interpretation of the result is that
stock investors have a larger relative exposure to the performance of public companies

headquartered locally.%”

A.VI1.2 The timing of stock returns

We examine eight returns measured over shorter windows to see if they have additional
explanatory power above and beyond the total four-year returns: returns during the
first week, month, quarter, and year of the four-year period (returns during and imme-
diately following the election in which the incumbent was elected), and returns during
the last week, month, quarter, and year of the four-year period (the returns immedi-
ately preceding the election of interest in our tests). Table A.V presents results where
we include the interaction between dividend ratio and the four-year total return, as

well as the interaction between dividend ratio and one of the shorter-window returns.

6Seasholes and Zhu (2010) reports that roughly 30% of the portfolio of the average U.S. household
is invested in stocks headquartered within 250 miles of the family’s home.

"Chodorow-Reich, Nenov, and Simsek (2021) attempts to get more accurate county level exposure
to stock returns by using county demographic information and variation in betas across the age
distribution. We do not implement this exercise for two reasons. First, Chodorow-Reich et al. (2021)
acknowledge that the effect of this adjustment is likely to be small because the county level betas all
lie between 0.97 and 1.03. Second, in our estimation we allow voters of different age group to have
differential sensitivity to stock returns by directly controlling for the interaction between age and stock
returns.
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Table A.IV: Presidential elections and local stock returns

The dependent variable is the change in incumbent vote shares, defined in Table 2 of the manuscript.
Div_ratio is the county dividend income ratio (total dividend income in a county relative to total
adjusted gross income in that county) during the last election year. ret is the cumulative stock
market return from November of the previous election year to October before the current election.
In column (1), local return is the county-level employment-share-weighted industry returns, where
industry returns at the 4-digit NAICS level are the value-weighted returns of companies in each
industry. In column (2), local return is the value-weighted return of companies headquartered in the
same state. DemlIncum is an indicator variable equal to 1 if the incumbent party is Democratic, and
0 otherwise. AControls denotes the difference in the county economic and demographic variables
shown in Table 2 of the manuscript. Controls x ret is the interaction between the level of the control
variables as of the previous election and ret. The levels of these controls are also included. Standard
errors are clustered by year. P-values are reported in the parentheses.

County industry  State headquarter

Div_ratioxret 1.59 1.35
(0.005) (0.010)
Div_ratio —0.84 —0.93
(0.014) (0.005)
Div_ratiox Local ret 0.02 0.50
(0.886) (0.056)
Local ret 0.00 —0.01
(0.908) (0.122)
Year FE Yes Yes
AControls Yes Yes
AControls*DemIncum Yes Yes
Controls*ret Yes Yes
R-squared 0.730 0.740
N 23385 24863

None of the other return interactions is statistically significant after controlling for the

total four-year return.
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Table A.V: Presidential elections and sub-period stock returns

The dependent variable is the change in incumbent vote shares, defined in Table 2 of the manuscript. Div_ratio is the county dividend income
ratio (total dividend income in a county relative to total adjusted gross income in that county) during the last election year. retsyeq, is the
cumulative stock market return from November of the previous election year to October before the current election. ret,¢pe, refers to returns
indicated in the table header. For returns at the beginning of the four-year period, the first year return is the cumulative return between
November of the previous election year to December of the following year; the first quarter return is cumulative return between November of
the previous year to January of the following year; the first month return is the return in November of the previous election year; and the first
week return is the weekly return during the week of the previous election. For returns at the end of the four-year period, the last year return
is the cumulative return between January and October of the election year; the last quarter return is cumulative return between August and
October; the last month return is the return in October; and the last week return is the weekly return during the week right before the election.
DemIncum is an indicator variable equal to 1 if the incumbent party is Democratic, and 0 otherwise. AControls denotes the difference in the
county economic and demographic variables shown in Table 2 of the manuscript. Standard errors are clustered by year. P-values are reported
in the parentheses.

Tetother

First year  First quarter First month  First week Last year  Last quarter Last month  Last week

Div_ratioxretiycar 1.89 2.11 2.12 2.11 2.00 1.95 2.02 2.24
(0.020) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Div_ratioxretoiper 0.59 0.04 —0.11 0.09 0.49 2.19 1.23 —4.47
(0.772) (0.997) (0.917) (0.986) (0.519) (0.226) (0.616) (0.452)
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
AControls Yes Yes Yes Yes Yes Yes Yes Yes
AControls x DemIncum Yes Yes Yes Yes Yes Yes Yes Yes
R-squared 0.715 0.715 0.716 0.716 0.716 0.716 0.716 0.716

N 24871 24871 24871 24871 24871 24871 24871 24871




A. V1.3 1Is the effect of stock returns linear?

Our model specification in the manuscript assumes that stock holders’ propensity to
vote for the incumbent party increases linearly with stock returns. In this section,
we perform some simple analyses to examine to what extent the results are driven by
very positive or very negative returns. Specifically, we create two indicator variables,
one for the two elections with the highest preceding 4-year real returns (1996 and
2000), and the other for the two elections with the lowest preceding 4-year real returns
(2004 and 2008). We then create interactions between dividend ratios and these two
indicators. The first two columns of Table A.VI show that in elections with high
(low) returns, high stock participation counties are more (less) likely to vote for the
incumbent party. Column (3) shows, when both interaction terms are included, both
terms are statistically significant and it cannot be rejected that the two terms have the
same (absolute) magnitude. Thus it does not appear that voters react more strongly

to positive or negative returns.

A.VII Voter turnout

The increase in incumbent vote share in high participation counties following good
stock market performance could be due to voters switching to the incumbent party, or
the incumbent party attracting voters who would have otherwise not voted at all. To
distinguish these explanations, we examine the effect on voter turnout.® In addition,
turnout may be an interesting outcome variable in its own right, as it reflects citizens’
political and civil engagement and affects societal welfare (Mueller and Stratmann,
2003, Krishna and Morgan, 2011).° Prior literature on economic voting produces mixed
predictions on turnout, as it has been argued that economic downturns may induce
people to mobilize to participate in elections, but it may also lead them to withdraw
from the political process (Rosenstone, 1982, Radcliff, 1992).1°

8Turnout is only observed at the aggregate level. Because we do not observe which individuals
vote in each election, it is difficult to completely rule out voter composition changes that do not result
in large differences in the number of votes.

9Additional studies of turnout include, among others, Rosenstone (1982), Gentzkow (2006),
Gentzkow, Shapiro, and Sinkinson (2011), and Charles and Stephens (2013).

10Recent evidence supports the view that a reduction in wealth due to housing price declines leads
to a reduction in voter turnout (McCartney, 2021).
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Table A.VI: Is the effect of stock returns on voting linear?

The dependent variable is the change in the incumbent vote share, defined in Table 2 of the manuscript.
Div_ratio is the county dividend income ratio (total dividend income in a county relative to total
adjusted gross income in that county) during the last election year. high_ret is an indicator variable
for the two elections with the highest preceding 4-year real returns (1996 and 2000). low_ret is an
indicator variable for the two elections with the lowest preceding 4-year real returns (2004 and 2008).
DemIncum is an indicator variable equal to 1 if the incumbent party is Democratic, and 0 otherwise.
AControls denotes the difference in the county economic and demographic variables shown in Table
2 of the manuscript. Standard errors are clustered by year. P-values are reported in the parentheses.

(1) (2) (3)
Div_ratioxhigh_ret 1.14 0.78
(0.018) (0.086)
Div_ratioxlow_ret -1.51 -1.27
(0.001) (0.015)
Div_ratio -0.42 0.17 -0.06

(0.314)  (0.593) (0.882)

Year FE Yes Yes Yes
AControls Yes Yes Yes
AControls*DemIncum Yes Yes Yes
R-squared 0.712 0.714 0.716
N 24871 24871 24871

We estimate a model specification similar to Eq. (1) in the manuscript, where the
dependent variable is now the change in turnout defined as the number of votes in a
county divided by the county population aged 20 or above, as in Charles and Stephens
(2013). Column (1) of Table A.VII shows that recent stock market performance has
a negative and marginally statistically insignificant effect on turnout. In column (2),
when we further control for statexyear fixed effects, the effect on turnout becomes
smaller and remains statistically insignificant. Therefore, there is some weak evidence
that turnout in high participation counties declines following good stock returns, rela-
tive to low participation counties.!!

We next examine whether the stock market’s effect on vote share varies with changes

" Charles and Stephens (2013) find that higher local wages and employment lower turnout in almost
all other elections but the presidential elections. The authors view their findings being consistent with
information-based models of voting. Specifically, better labor market conditions raise the time costs of
voters, which is much higher for local and congressional elections since the information for presidential
candidates is more ubiquitous.
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in turnout. The triple interaction term is negative and statistically significant in column
(3), and is close to zero and insignificant in column (4) when statexyear fixed effects
are included in the estimation. The point estimates of the main interaction terms,
measuring the effect when there is no change in turnout (which is close to the sample
mean), are close to those reported in Table 2 of the manuscript. Overall, we conclude
that while returns have a small effect on turnout, this appears to be distinct from
the effect on incumbent vote share, suggesting that returns affect vote share mostly

through the intensive margin.
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Table A.VII: Stock returns and voter turnout

The dependent variable is the change in voter turnout in the first two columns, defined as the number
of total votes divided by the population aged 20 or older in a county. The dependent variable in
columns (3) and (4) is the change in incumbent vote share. Div_ratio is the county dividend income
ratio (total dividend income in a county relative to total adjusted gross income in that county) during
the last election year. ret is the cumulative stock market return from November of the previous
election year to October before the current election. DemlIncum is an indicator variable equal to
1 if the incumbent party is Democratic, and 0 otherwise. AControls denotes the difference in the
county economic and demographic variables shown in Table 2 of the manuscript. Controlsxret is the
interaction between the level of the control variables as of the previous election and ret. The levels of
these controls are also included. Standard errors are clustered by year. P-values are reported in the
parentheses.

ATurnout Alncumbent vote share
(1) (2) (3) (4)
Div_ratioxret —0.38 —0.18 1.88 1.01
(0.162) (0.210) (0.004) (0.004)
Div_ratio 0.06 —0.01 —0.98 —0.47
(0.638) (0.870) (0.004) (0.070)
Div_ratioxret x Aturnout —12.97 —0.75
(0.045) (0.854)
Div_ratiox Aturnout 3.30 —0.50
(0.303) (0.827)
retx Aturnout 0.45 0.27
(0.008) (0.012)
Year FE Yes No Yes No
AControls Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes
Controls*ret Yes Yes Yes Yes
State*year FE No Yes No Yes
R-squared 0.600 0.738 0.737 0.865
N 24871 24863 24871 24863

A.VIII County characteristics

Because the overall effect of the interaction between market returns and participation
on voting outcomes is largely driven by party switching, one might expect the magni-
tude of the effect to be directly related to factors that determine how likely voters are

to switch parties. We begin by examining whether the effect of stock returns varies

16



with county-level partisanship and ideology. One might expect economic conditions to
be less important in partisan counties because their voters are more likely to identify
strongly with one party and thus are less likely to switch parties as a result of economic
performance. The effect of economic conditions could also be weaker because partisan
voters tend to have biased assessments of current and expected future economic perfor-
mance (Gerber and Huber, 2009, Mian, Sufi, and Khoshkhou, 2021, Meeuwis, Parker,
Schoar, and Simester, 2022). There is also evidence that voter evaluation of govern-
ment policy varies with ideology (i.e., conservative vs liberal, see, e.g., Kriner and
Reeves, 2012). We test for heterogeneous effects by performing the estimation using
sub-samples of counties with varying levels of partisanship and political affiliation.
We start by estimating the effect of the main interaction term within subsets of
counties sorted by the average Democratic vote share. Figure A.Il plots the point
estimates of the main interaction term by decile of county Democratic vote share. It
appears that the effect is stronger among more Democratic leaning counties. But we
still see a significantly positive effect even among the most partisan counties (top and
bottom tercile). This visual evidence is consistent with the results shown in Panel A of
Table A.VIII, where we split counties by partisanship (identified as those in the top and
bottom decile of average Democratic share of the two-party vote), and the tendency
to vote for the Democratic party. The point estimates are very close between the most
partisan counties and other counties. On the other hand, the effect is substantially
larger in more Democratic-leaning counties.'?> These results suggest that Republican
voters are relatively less likely to be swayed at the ballot box by stock market returns.
We next examine whether the effect we document varies with political activeness.
Greater political engagement is generally associated with greater media consumption
and political knowledge, which could influence the impact of economic conditions on
voting (Alt, Lassen, and Marshall, 2016) or the informational value of stock market
performance. The sign or the intensity of the influence, however, is not a priori clear.
On the one hand, politically active voters maybe less influenced by economic issues
because there could be many other more important factors influencing their voting
decisions. On the other hand, in politically active areas, greater media consumption

and greater exposure to political campaigns could make economic issues more salient

12Untabulated test results show that the difference is statistically significant at the 1% level without
statexyear fixed effects, and is significant at the 10% level with statexyear fixed effects.
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Figure A.IL: Point estimate of dividend ratio-return interaction by decile of Democratic share of the
two-party vote. For each decile of Democratic share of the two-party vote, we estimate Eq. (1) from
the manuscript using the same controls as those in column (3) of Table 2 of the manuscript. The
90% confidence intervals are based on standard errors clustered by year and the T distribution with
7 degrees of freedom.

among voters and thus enhance the impact of stock market performance.

Political activeness is measured by whether a county is located in a swing state
and by voter turnout. In particular, counties are considered to be politically active
if they are located in swing states (Kriner and Reeves, 2012, Bonaparte and Kumar,
2013) or they had above-median voter turnout in the previous election (Powell, 1986,
Bonaparte and Kumar, 2013).1% Following Geruso, Spears, and Talesara (2022), our list
of swing states include Colorado, Florida, Iowa, Michigan, Minnesota, Ohio, Nevada,
New Hampshire, North Carolina, Pennsylvania, Virginia, and Wisconsin. Panel B
shows that the point estimate is not substantially different between swing states and

non-swing states, but is substantially smaller in counties with high turnout.'*

IBNote that here we use variation across counties in the level of turnout in the prior election.
In prior tests of the extensive margin impacts of the market, we tested for changes in turnout in a
given county. This within-county measure removes any persistent differences in turnout levels, which
controls for these differences in activism.

14The difference between high-turnout and low-turnout counties is statistically significant at the
1% level without statexyear fixed effects, and is significant at the 5% level with statexyear fixed
effects..
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Overall, the heterogeneity tests reveal that the effect of stock returns appears to
be stronger in Democratic-leaning counties and in areas that are less political active
as indicated by low voter turnout. But we do not find that the effect varies with
partisanship or swing state status. These results could have implications for how elected
officials might set policies to cater to certain constituents in an effort to mitigate or

accentuate the heterogeneous effects of market returns.
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Table A.VIII: Stock returns and presidential elections: differences across constituent characteristics

The dependent variable is the change in incumbent vote shares, defined in Table 2 of the manuscript. Div_ratio is the county dividend income
ratio (total dividend income in a county relative to total adjusted gross income in that county) during the last election year. ret is the cumulative
stock market return from November of the previous election year to October before the current election. Partisan counties are those in the
top and bottom decile of average Democratic share of the two-party vote. Democratic-leaning counties are those in the top half of average
Democratic share of the two-party vote. Swing states include Colorado, Florida, Iowa, Michigan, Minnesota, Ohio, Nevada, New Hampshire,
North Carolina, Pennsylvania, Virginia, and Wisconsin. Low and high turnout counties are those with voter turnout below and above the
median during the previous election. DemlIncum is an indicator variable equal to 1 if the incumbent party is Democratic, and 0 otherwise.
AControls denotes the difference in the county economic and demographic variables shown in Table 2 of the manuscript. Controls * ret is
the interaction between the level of the control variables as of the previous election and ret. The levels of these controls are also included.
Standard errors are clustered by year. P-values are reported in the parentheses.

Panel A: Ideology

Partisan Dem-leaning

Yes No Yes No Yes No Yes No
Div_ratioxret 1.63 1.61 1.14 1.06 2.06 1.07 1.29 0.66

(0.003) (0.010) (0.020) (0.004) (0.004) (0.009) (0.013) (0.037)
Div_ratio —0.92 —0.84 —0.50 —0.50 —0.86 —0.79 —0.48 —0.40

(0.002) (0.008) (0.080) (0.037) (0.016) (0.004) (0.106) (0.076)
R-squared 0.692 0.759 0.840 0.879 0.729 0.771 0.863 0.883
N 4973 19898 4941 19898 12432 12439 12424 12439
Panel B: Political activeness

Swing states Turnout

Yes No Yes No High Low High Low
Div_ratioxret 1.18 1.64 1.13 0.93 1.18 2.03 0.77 1.31

(0.008) (0.010) (0.007) (0.024) (0.009) (0.002) (0.048) (0.001)
Div_ratio —0.40 —-0.95 —0.42 —0.48 —0.77 —-0.95 -0.39 —0.57

(0.167) (0.003) (0.135) (0.057) (0.009) (0.004) (0.091) (0.020)
R-squared 0.799 0.731 0.878 0.859 0.742 0.751 0.868 0.870
N 7093 17778 7093 17770 12435 12436 12428 12409
Year FE Yes Yes No No Yes Yes No No
AControls Yes Yes Yes Yes Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes Yes Yes Yes Yes
Controls*ret Yes Yes Yes Yes Yes Yes Yes Yes

State*year FE No No Yes Yes No No Yes Yes




A.IX Election characteristics

In this subsection, we examine potential variation in the effect of the stock market
across elections. Because we have only eight elections in the sample, tests using sub-
samples of elections may have lower power, particularly when there is little variation in
returns within the subsamples. Nevertheless, we first examine whether the estimated
effects differ depending on whether an incumbent president is running for reelection.
One might expect the attribution effect and thus the economic voting channel to be
stronger when the incumbent president is up for reelection. The first two columns
of Table A.IX, Panel A show that the point estimate of the interaction term is sub-
stantially larger in the 1992, 1996, 2004, 2012, and 2020 elections during which the

> However, columns (3) and (4) show that

incumbent president ran for reelection.!
when we look at within state variation, the two point estimates are almost identical.
Second, we split the sample by whether the Democratic or the Republican party
won the election. This test aims to shed light on whether our results can be partially
explained by the theory of Péstor and Veronesi (2020), to the extent that their mecha-
nism of changing risk aversion is stronger for stock owners. For example, stock owners
might have become more risk averse in 2008 and thus were more likely to vote for
the Democratic party, as opposed to a case in which stock owners vote against the
incumbent party, which happened to be Republican. Of course, while this is plausi-
ble in theory, it does not explain the patterns we observe in other elections such as
2000 or 2016, where a Republican president was elected after good returns (consistent
with Pastor and Veronesi (2020)’s theory) but people who own more stocks were more
likely to vote for the Democratic candidate. In essence, this alternative explanation
would predict that stock market participants always vote more favorably for the win-
ning party, whereas our results show that stock market participants tend to vote more
favorably for the incumbent party that “delivers” good returns. Panel B shows that
stock returns impact voting even among the subsample of elections where the same

party wins, although the tests generally have low power.

15The difference, however, is not statistically significant, which may not be surprising given that
we generally have low power in the split-election tests.
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Table A.IX: Stock returns and presidential elections: differences across election char-
acteristics

The dependent variable is the change in incumbent vote shares, defined in Table 2 of the manuscript.
Div_ratio is the county dividend income ratio (total dividend income in a county relative to total
adjusted gross income in that county) during the last election year. ret is the cumulative stock
market return from November of the previous election year to October before the current election.
Columns (1) and (3) of Panel A use the subsample of elections of 1992, 1996, 2004, 2012, and 2020,
columns (2) and (4) of Panel A 2000, 2008, and 2016, columns (1) and (3) of Panel B 1992, 1996, 2008,
2012, and 2020, and columns (2) and (4) of Panel B 2000, 2004, and 2016. DemIncum is an indicator
variable equal to 1 if the incumbent party is Democratic, and 0 otherwise. AControls denotes the
difference in the county economic and demographic variables shown in Table 2 of the manuscript.
Controls x ret is the interaction between the level of the control variables as of the previous election
and ret. The levels of these controls are also included. Standard errors are clustered by year. P-values
are reported in the parentheses.

Panel A: Incumbent president running

Yes No Yes No
Div_ratioxret 2.18 1.35 1.04 1.06

(0.013) (0.283) (0.002) (0.256)
Div_ratio —1.32 —0.44 —0.83 —0.00

(0.003) (0.480) (0.000) (0.988)
Year FE Yes Yes No No
AControls Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes
Controls*ret Yes Yes Yes Yes
State*year FE No No Yes Yes
R-squared 0.833 0.316 0.905 0.693
N 15543 9328 15538 9325
Panel B: Democrat won

Yes No Yes No
Div_ratioxret 1.73 1.59 0.36 1.55

(0.032) (0.244) (0.142) (0.177)
Div_ratio —1.08 —0.64 —0.46 —0.38

(0.006) (0.387) (0.003) (0.373)
Year FE Yes Yes No No
AControls Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes
Controls*ret Yes Yes Yes Yes
State*year FE No No Yes Yes
R-squared 0.790 0.651 0.893 0.820
N 15542 9329 15537 9326
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A.X Stock returns and macroeconomic shocks.

Table A.X reports the coefficients of dividend income ratio interacted with stock returns
while controlling for dividend income ratio interacted with various aggregate shocks

between elections.

Table A.X: Stock participation and other aggregate shocks

This table reports the estimation results when controlling for dividend income ratio interacted with
other aggregate shocks between elections. These aggregate shocks, indicated in the table header,
include real GDP growth, real wage growth, change in unemployment rate, change in effective federal
funds rates, and change in credit spread. The dependent variable is the change in incumbent vote
shares, defined in Table 2 of the manuscript. Div_ratio is the county dividend income ratio (total
dividend income in a county relative to total adjusted gross income in that county) during the last
election year. ret is the cumulative stock market return from November of the previous election year
to October before the current election. DemlIncum is an indicator variable equal to 1 if the incumbent
party is Democratic, and 0 otherwise. AControls denotes the difference in the county economic and
demographic variables shown in Table 2 of the manuscript. Standard errors are clustered by year.
P-values are reported in the parentheses.

AGDP AWage AUnemprate AFF rate ACre spread

(1) (2) (3) (4) (5)
Div_ratioxret 1.73 2.06 1.15 1.58 2.23

(0.000) (0.000) (0.000) (0.000) (0.000)
Div_ratio —1.47 —0.99 —0.62 —0.67 —1.03

(0.009) (0.001) (0.000) (0.049) (0.001)
Year FE Yes Yes Yes Yes Yes
AControls Yes Yes Yes Yes Yes
AControls*DemIncum Yes Yes Yes Yes Yes
Div_ratio*Header var Yes Yes Yes Yes Yes
R-squared 0.716 0.716 0.720 0.716 0.716
N 24871 24871 24871 24871 24871

A.XI Comprehensive specification analysis

In this section, we use a permutation-based approach following Simonsohn, Simmons,
and Nelson (2020) to examines the robustness of our main finding to a variety of

different empirical specifications and samples. We estimate the incumbent vote share
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as a function of market returns and stock market participation using a randomly chosen
sample and specification. We repeat this one thousand times, and analyze the resulting
series of coefficients of interest. The size of the sample in terms of elections used is
randomly determined. Specifically, we randomly drop elections from our sample, where
each election is equally likely to be dropped, and we randomly choose to drop either
two, one, or no elections. At each iteration, we also randomly select 75% of the counties.
The control variables included in each regression are also randomized. In particular,
we include a randomly chosen alternative interaction control variable, varying either
the macro variable (in addition to the market return) or the cross-sectional variable (in
addition to participation) with equal probability. The alternative macro variables are
the same as those considered in Table 3 of the manuscript: change in aggregate wages,
change in unemployment rate, change in federal funds rate, GDP growth, and change
in credit spread. The alternative cross-sectional variables are: income per capita,
population, county unemployment rate, fraction of population that is Caucasian, black
population fraction, Hispanic population fraction, fraction of population under 20 years
old, and fraction above 65 years old.

We then estimate the coefficient on Div_ratioxret for each of the one thousand
permutations and present the results in Figure A.III. The coefficients are sorted by
magnitude, and presented in order with the smallest estimated relationship on the left
to highest on the right. The median estimate is 2.07, which is similar to many estimates
throughout our paper. Out of all one thousand estimates, 997 are positive and only
three are negative.

To compare these findings to what is expected under the null, we randomly assign
stock market participation to counties and then repeat the permutation approach de-
scribed above which generates 1,000 estimates. Finally, we repeat this process 1,000
times, each time reshuffling stock market participation across counties and estimating
1,000 coefficients. Randomly assigning stock market participation constructs the dis-
tribution under the null, and requires no assumptions regarding dependence. Instead,
we only assume that participation is exchangeable, i.e., any county could have the
participation of any other county.

We can use these bootstrapped estimates constructed under the null to test the sig-
nificance of any given estimate, or of the estimates jointly. Regarding the significance

of individual estimates, all of our 1,000 coefficients estimated using the actual data are
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statistically significant (three negative and 997 positive). Regarding the joint signifi-
cance implied by the entire specification curve, we follow Simonsohn et al. (2020) and
compare the fraction of estimates with a positive sign among the actual data to that
in the bootstrapped samples. Among the 1,000 runs of 1,000 bootstrapped estimates,
none have at least 997 positive estimates, resulting in a p-value of 0.00 for the joint
significance test. In general, these results provide strong support for the view that our
findings are robust to various specification and sampling choices.

While our evidence overwhelmingly indicates that the effect is positive and sig-
nificant, it may still be useful to understand which, if any, choices affect estimated
magnitudes. At the bottom of Figure A.III we plot the characteristics of each specifi-
cation. The first eight rows report instances in which that year’s election was dropped
from the sample.'® There are no easily discernible patterns—results are not highly
sensitive to which elections are included in the sample. The bottom two rows indi-
cate instances in which certain interaction controls were included. Here it is clear
that including a control for the interaction between Div_ratio and a randomly selected
macro-economic variable produces estimates of lower magnitudes. However, these mag-
nitudes are still large, with an average estimate of 1.65 among this sample. Controlling
for an interaction between stock returns and a randomly selected county-level vari-
able tends to produce estimates of higher magnitudes, in particular higher than the
baseline specification. This suggests that important differences across counties may
actually be biasing the coefficients downward. No matter which additional interactions

are included, the main effect is statistically and economically important.

16 A more detailed presentation of these instances is presented in Figure A.IV.
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Figure A.III: Specification curve. The figure above plots point estimates and 95% confi-
dence intervals of the coefficient on Div_ratioxret for 1,000 permutations of randomly
selected regression samples and control variables. Each permutation is estimated over a

random subsample of elections and counties.

Controls are also selected randomly. The

resulting 1,000 estimates are plotted in the solid line in order from the smallest sized
effect to the largest. At the bottom we plot the characteristics of each specification.
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