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1. Introduction

Election outcomes have various financial and economic effects.
Aside from a possible impact on the overall market or on cer-
tain asset classes, election outcomes produce relative winners and
losers in the cross-section of stocks. This is because the policies of
the winning party or candidate may be favorable for certain sec-
tors, industries, or particular companies and unfavorable for oth-
ers. Market participants analyze these potential consequences of
different election outcomes, resulting in stock prices that reflect
this information. Reacting to corresponding client requests, finan-
cial institutions even create “candidate baskets” in the run-up to
elections, i.e. bundles of investments that are designed to benefit
from certain election outcomes (Kelly, 2019).

A substantial number of studies have analyzed the possible
links between politics and the returns of stock markets and in-
dustries, both in general and around elections. Most of these stud-
ies have attempted to find variables linking industries and sin-
gle stocks to political parties, e.g., via campaign contribution data
(Jayachandran, 2006) or based on a longer-term analysis of per-
formance differences depending on which political party was in
power (Addoum and Kumar, 2016).
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While approaches based on economic variables such as cam-
paign contributions or firm characteristics allow for an analysis of
the potential causes of the existence of relative winners and losers
in the cross-section of stocks, the necessary data may be difficult
for investors to obtain. The data may only be available for a rel-
atively small subset of stocks and advanced econometric method-
ology may be required. For an investor who is not interested in
the underlying economic causes but only in predicting relative per-
formance around election events, a simple approach that classifies
stocks into expected winners and losers, conditional on the elec-
tion outcome, might be preferable. In this paper, we present an
approach, which is based on observable prices only and relies on
market expectations being quickly and (on average) correctly re-
flected in these prices. Two types of market expectations are im-
portant in this regard. First, election outcome probabilities are as-
sumed to be reflected in betting odds or prices from political pre-
diction markets. Second, the expected effects of different election
outcomes, weighted by the changes in the outcome probabilities,
are assumed to be reflected in stock returns. The magnitude of po-
tential effects can then be estimated using only the observed stock
returns and risk-neutral event outcome probabilities implied in the
betting odds.

Information on risk-neutral probabilities from either betting
odds or prediction markets has been used before to forecast con-
ditional returns for different possible outcomes of political events.
While Wolfers and Zitzewitz (2018) attempt to predict conditional
returns in a broad stock index (a similar approach has also been
used by Snowberg et al., 2007), Hanke et al. (2018) focus on condi-
tional exchange rate movements around political events using the
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2016 UK Brexit referendum and the 2016 US presidential election
as showcases. Knight (2006) uses data from political prediction
markets to relate the probability of Bush winning against Gore in
the 2000 US presidential election to the returns of 70 companies.
In his regressions, he uses indicator variables for stocks being pos-
itively influenced by either a potential Bush or Gore victory based
on financial analyst coverage. Combining these indicator variables
with changes in winning probabilities for the two candidates, he
finds significant differences in returns between the two groups of
stocks.

In various aspects, our approach described in this paper differs
from those in the literature. We focus on a single political event for
which the date and possible outcomes are known ex ante. Based
on a simple model, which requires only stock returns and risk-
neutral election outcome probabilities implied from betting (pre-
diction) markets, we classify stocks into expected relative winners
and losers, conditional on the election outcome. This allows us
to systematically analyze a large cross-section of stocks without
any prior knowledge regarding the possible effects of event out-
comes on companies or additional proxies such as campaign con-
tributions, yet with less data and econometric complexity com-
pared to some existing studies. The approach is agnostic regarding
the causes for the event effect. It only assumes that stock returns
at least partly reflect the corresponding available information, i.e.
capture the net effect across possible causes, as expected by mar-
ket participants at the time. We illustrate the approach using data
from two recent political events, the 2016 US presidential election
and the 2016 UK Brexit referendum.

There is already some literature on these events, but our pa-
per provides additional insights. The potential impact of the 2016
US presidential election on American stock markets has been dis-
cussed at length, both in the press (Strain, 2016) and in scien-
tific publications (e.g., Wolfers and Zitzewitz, 2018). Wagner et al.
(2018a,c) and Ramelli et al. (2019) empirically investigate indi-
vidual stock price reactions to the 2016 US presidential election.
They explain the differences in reaction by different levels of ex-
posure to major policy changes expected by the markets as a re-
sult of Trump’s victory, particularly regarding taxes and foreign
trade. Initially, they find an overall underreaction, leading to a pos-
itive return momentum in the days after the election for stocks
that reacted positively to Trump’s win. Individual paths to conver-
gence and explanations via firm characteristics are investigated by
Wagner et al. (2018b) who also document a positive short-term
momentum effect after the election and attribute this effect to
the slow but predictable diffusion of information into stock prices.
Aiming at constructing an index of policy implementation success,
Fisman and Zitzewitz (2019) analyze the relation between (indi-
vidual) stock returns on election day and in subsequent periods. In
light of the observed return momentum after the election event,
this implies that positive returns could be achieved even by in-
vestors who did not want to place a bet on a particular election
outcome via candidate baskets but who classified stocks into win-
ners and losers based on their returns observed on the first day
after the election. Hill et al., 2019 search for the drivers of stock
returns around the 2016 Brexit referendum. They separately ana-
lyze the dependence of both stock returns and a sensitivity mea-
sure based on betting odds on a number of firm characteristics.
Although they find that both dependent variables show similar re-
lations to these drivers, they do not take the additional step of
using the betting odds observed prior to the event to predict the
conditional returns after the event, which is the main topic of the
present paper.

The remainder of this paper is organized as follows. Our
methodology is presented in Section 2. Section 3 describes the data
used for the empirical analysis. Section 4 discusses our results, and
Section 5 concludes the paper.

2. Methodology

We use the 2016 US presidential election to present our ap-
proach, with ex ante possible outcomes of R, the Republican (Don-
ald Trump), or D, the Democratic candidate (Hillary Clinton) win-
ning. The analogous outcomes for the 2016 UK Brexit referendum
are Leave and Remain. When we use the term “election,” this is
meant to include similar political events such as referendums. In
the absence of any election, daily returns on stock i, ri;, are as-
sumed to follow the standard single-index model (Sharpe, 1963).
Time is measured in days, and the one-day risk-free interest rate is
set to zero for simplicity of exposition. In the run-up to elections
that are expected to have an impact on individual stock prices,
there is an additional driver of stock returns. This event-related
driver may have a systematic component, which affects stock re-
turns indirectly via their dependence on the index, and an idiosyn-
cratic component. We start by deriving this idiosyncratic compo-
nent. Extending the index model for this idiosyncratic component
leads to our main regression equation.

We assume that some of the stocks in our sample will be pos-
itively (negatively) affected if the Democratic (Republican) candi-
date wins and vice versa for others, while other stocks may not
react at all to the election outcome. There are many potential rea-
sons for this, e.g., policies announced by candidates that may af-
fect the entire cross-section of stocks to varying degrees, or the
political proximity of board members, which may be expected to
have a positive effect on individual firm values via additional busi-
ness from public procurement. For each stock, the mix of rele-
vant factors will vary and so will the expected impact of each fac-
tor. Instead of trying to identify and aggregate individual factors
that are cross-sectionally relevant, such as the effects of announced
changes in tax policy (see, e.g., Wagner et al., 2018a), we rely on
the market’s ability to correctly anticipate the net effect on the re-
sulting postevent returns when pricing individual stocks.

The election outcome becomes publicly known between times
T and t + 1. Suppose that the market expects election outcome D
(R) to lead to an idiosyncratic stock return of D; (R;) when compar-
ing the stock price at time 7 + 1 to the hypothetical stock price at
this time in the absence of the election. Once the market has con-
verged on estimates regarding D; and R;, these values are assumed
to be constant over time and correct.! The conditional event re-
turns are anticipated in stock prices observed before the election,
in accordance with the market’'s assessment of the election out-
come probabilities. This is in line with views of practitioners in
the field. As stated by an investment strategist responsible for so-
called candidate baskets in the run-up to the 2020 US presidential
elections, “...the market will price in the probabilities around these
outcomes” (Kelly, 2019). Our approach is based on standard no-
arbitrage pricing which requires risk-neutral event outcome prob-
abilities R (qP = 1 — gF) that can be inferred from betting odds or
from political prediction markets.?

Denote the range of the conditional returns by 6; :=R; —D;.
Since their risk-neutral expectation, gFR; +¢PD; = D; + qF6;, is al-
ready priced in at time t, the conditional returns remaining for
the time interval [t,7 +1] are rf, | = (1-gf)6; conditional on
an outcome of R, and rP, = —qf6; for an outcome of D. The
market’s assessment of risk-neutral probabilities changes over time
as new information becomes available. These changes imply an id-

1 Our model can be viewed as a restricted version of the mixture of normal den-
sities model used in Hanke et al. (2018) for currency returns, in which the means of
the component densities are constant in time and the volatilities of the component
densities are equal to zero.

2 In contrast, we could not use poll data for our purpose, as these provide ex-
pected vote shares rather than winning probabilities (this important distinction is
discussed, e.g., by Knight, 2006, p. 755).



M. Hanke, S. Stockl and A. Weissensteiner /Journal of Banking and Finance 118 (2020) 105883 3

iosyncratic component of 6;(qR ; — qf) = 6;AqR, | in daily stock re-
turns, together with corresponding changes in conditional returns
remaining for the time interval [t + 1, T 4+ 1].> The risk-neutral ex-
pectation of the idiosyncratic return is zero:

EQriecil=af(1 =)0 —q?(1 - q?); =0 Vt<t. (1)

We illustrate this by using a simple example. E.g., for qf =P =
1/2, the conditional idiosyncratic event returns for the remain-
ing time interval [t,7 + 1] are rf = —rP _ =6;/2. If on the
next day, qfﬂ increases to 2/3, this change implies an election-
induced component of GiAqu =06;/6 in the daily return rj, ;.
Consequently, the remaining conditional returns for the time in-
terval [t + 1,7 + 1] decrease to erLH] =0;/2-6;/6 =6;/3 and
rEPrl,TJrl = 79,‘/2 - 91/6 = 7201/3

Extending the standard index model for this idiosyncratic com-
ponent of the event-related return, we obtain the following:

Tie =+ Birme + 0;Aqf + €y, t<T+1, (2)

where rm; is the index return, €;, is a random variable with mean
0 and variance aiz, and es are pairwise uncorrelated across assets.*
o; captures any empirically observed abnormal stock return i.

If we were able to forecast the direction of changes in risk-
neutral election outcome probabilities, ie. the sign of AgR, the
knowledge of the corresponding sensitivities 6; for each stock
would allow us to form portfolios at time t — 1 with positive ex-
pected returns. For the special case of portfolios formed at time
7, this would require a correct forecast for the election outcome.
To estimate 6; prior to the event, the regression in Eq. (2) can be
applied for each stock and t < t. Stocks with a large positive 6;
are expected to benefit from a Republican victory and/or to suffer
from a Democratic victory (over and above any systematic election
effect on the index), while the opposite interpretation holds true
for stocks with a large negative 6;. Stocks with 6; ~ 0 should not
show any idiosyncratic reactions to the election outcome according
to market expectations.

Eq. (2) corresponds to the “empirical model” used by Knight
(2006, equation (3)). As previously mentioned, our derivation is ag-
nostic regarding the reasons for election-induced returns (which
may be neoclassical, behavioral, or a combination of both) and
only assumes that these returns are anticipated in market prices.
Our approach differs from Knight (2006) in several aspects. First,
whereas he directly establishes his equations as an “empirical
model,” we explicitly derive the idiosyncratic event-related return
component. Second, Knight (2006) starts from a subset of stocks
that have been identified by others (i.e. analysts) as being expected
to benefit from either of the two candidates, whereas we take all
stocks contained in the respective indices as our starting point. Fi-
nally, he uses changes in event probabilities mainly to “validate”
his preselection, whereas we use them as the sole basis for select-
ing stocks for portfolios, which allows us to systematically analyze
the entire cross-sections of stocks.

Based on the 6;s estimated individually from Eq. (2), we will
sort stocks into quantile portfolios. These quantile portfolios can
then be used to form long-short portfolios, which are expected to
show positive absolute returns around the election day, conditional
on correctly predicting the election outcome. Given that perfect
predictions of the outcome are not possible, these portfolios can
then be used to bet on a particular outcome. Using stock portfo-
lios for this purpose may be desirable for investors who are not

3 At any point in time before the election, the difference between the remaining
conditional returns is ¥, —1P =6,

4 In light of the small weighting of each index component in broad stock indices,
the impact of D; and R; on the index itself is ignored in the index model; i.e. the

index is treated as an exogenous factor.

allowed to bet directly on the outcome in betting markets (e.g.,
US investors, who are legally prohibited from political betting, or
those who are confined to investing only in financial securities)
or for financial institutions designing “candidate baskets” in the
run-up to elections. Following the logic of Eq. (2), the approach
could also be used to bet on changes in betting odds prior to the
election, e.g., as a result of political debates or similar events. This
strategy provides a recipe to test the approach prior to the event.

Based on our approach, investors can quantify the sensitivity of
their portfolios to the potential outcomes (and prior to the elec-
tion to changes in outcome probabilities).> If their portfolio 0 dif-
fers from zero, knowing the 6;s of all stocks in their investment
universe allows them to make their portfolios “f-neutral,” i.e. to
remove any undesired sensitivity to the election outcome.

3. Data

The estimation of regression (2) requires stock returns, index
returns, and risk-neutral election outcome probabilities. In what
follows, we describe our data separately for the two events we an-
alyze in Section 4.

3.1. US Presidential election

Risk-neutral election outcome probabilities are proxied by data
from the 2016 US Presidential Election Winner-Takes-All Market
(lowa Electronic Markets, IEM). Data from prediction markets have
been used previously in similar contexts, see, e.g., Herron et al.
(1999) and Knight (2006). Compared to data from real betting mar-
kets, our data have some drawbacks. In particular, participants in
the IEM may only wager between 5 and 500 dollars. This restric-
tion reflects the nature of these markets as being primarily for
academic and educational purposes, which allows these markets
to remain unregulated. In the US, unlike in Europe, political bets
are illegal. However, we prefer the IEM data to the alternative
of using betting odds from European bookmakers or betting ex-
changes for two reasons. First, due to the time difference between
Europe and the US, liquidity in European odds is markedly lower
around the closing time of US stock exchanges (late evening in
Europe), making risk-neutral probabilities potentially less respon-
sive and informative. Second, information in the IEM data comes
mainly from US citizens that are active in this market, whereas US
citizens are legally prohibited from political betting outside of sci-
entific markets such as the IEM. Assuming that US-based investors
are (at least) not worse at estimating outcome probabilities for US
elections than people living in other parts of the world, IEM data
should more accurately reflect the election outcome expectations
of the US electorate. The risk-neutral election outcome probabili-
ties implied by the IEM data are shown in Fig. 1. Similar to the
effects we see in some derivatives markets close to the maturity of
contracts, these probabilities become very volatile shortly before
the election. For this reason, we exclude the election day itself and
the immediately preceding business day from all our estimations.
Hence, we use all data from Jan. 1, 2016, to Nov. 4, 2016, for esti-
mating Eq. (2).

Stock returns are computed from daily closing prices of the
stocks in the S&P 500 index. We include all stocks that are part
of the index as of Nov. 8, 2016 (the election day), and the index
itself. Stock prices come from Datastream and are adjusted for div-
idends, stock splits, etc., to make them comparable on a day-to-day
basis. In line with risk-neutral outcome probabilities, stock returns
until Nov. 4 are used for estimation, and stock returns from Nov. 9
onward are used for our postevent analysis.

5 “The goal for investors, of course, is to make money off their wagers - or at
least to avoid losing it due to some unforeseen political outcome.” (Kelly, 2019).
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US Presidential Election
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Fig. 1. Risk-neutral probabilities of Trump winning the US presidential election held on Nov. 8, 2016, obtained from Iowa Electronic Markets. We use data until Nov. 4, 2016
(two business days before the election), in the estimation. For a few days in January and July, data are missing.

To show that the stock sensitivities 6; contain incremental in-
formation relative to variables that have been used successfully in
the previous literature to explain cross-sectional returns around
the 2016 US presidential election (Wagner et al., 2018a), we use
various firm characteristics, e.g., proxies for sensitivity to tax and
foreign trade policies. The required data are retrieved from Datas-
tream/Worldscope, and we follow Wagner et al. (2018a) for calcu-
lating these variables for the fiscal year 2016.° Some of these data
are not available for all the stocks in our sample, which eliminates
some stocks contained in the S&P 500 from these analyses.

In Section 4.2, we provide a test of our approach on data
prior to the election and show that portfolios sorted on ;s show
positive alphas relative to Fama-French factor portfolios. The fac-
tor returns for the US come from Kenneth French’s data library
(French, 2020).

3.2. Brexit referendum

Risk-neutral election outcome probabilities are derived from
betting odds quoted on Betfair, a large internet betting platform.
These data have also been used by Hanke et al. (2018) in the con-
text of FX forecasting. Ex ante possible outcomes were either Leave
or Remain, and the risk-neutral Leave probabilities extracted from
Betfair odds are shown in Fig. 2. Similar to the US election case,
we drop the referendum day itself and the immediately preceding
business day from our sample, leaving all data from Feb. 26, 2016
(the first day for which we have betting odds data), to June 21,
2016, for our estimations.

Stock returns are computed from the daily closing prices of all
stocks that are part of the FTSE 350 index as of June 23, 2016 (the
day of the referendum), plus the index itself. Data from June 24
onward are used for the analysis of postevent returns. As for the
US data, we work with adjusted prices from Datastream.

To show that our stock sensitivities contain incremental infor-
mation relative to variables that have been used successfully in
the previous literature to explain cross-sectional returns around
the 2016 Brexit referendum (Hill et al., 2019), we use various firm-
specific variables, e.g., return on equity or capital expenditure. The

6 Contrary to Wagner et al. (2018a), we do not use values from previous years
for cases for which 2016 values are not available. Avoiding such “backfilling,” which
they found necessary because many 2016 observations were missing at the time
they downloaded the data (February 2017), yields better results for portfolios based
on firm characteristics.

required data are retrieved from Datastream/Worldscope, and we
follow Hill et al., 2019 for calculating these variables for the fiscal
year 2015. Some of the data are not available for all the stocks in
our sample, which eliminates some stocks from these analyses.

In Section 4.2, we provide a test of our approach on data
prior to the election and show that portfolios sorted on ;s show
positive alphas relative to Fama-French factor portfolios. The fac-
tor returns for the UK come from the University of Exeter (see
Gregory, 2020); details on the construction of factors can be found
in Gregory et al.,, 2013.

4. Results

For both events analyzed in this paper, we start in
Section 4.1 by showing that in line with our model stock
sensitivity-based portfolios formed before the election indeed
show significant returns after the event day. As robustness checks,
we use different weighting schemes and investment universes (in-
dices) and demonstrate that hedging out market risk would have
had only a very small impact on the returns of these portfolios.
To assess the predictive power of the stock sensitivities estimated
from Eq. (2), we show that the long-short portfolios based on our
0;s perform better than those based on firm characteristics—which
were used successfully in previous literature—for the two events
analyzed here. Furthermore, sorting on both firm characteristics
and 6;s always improves the results achievable from sorting based
on firm characteristics alone. Together with very low correlations
of the 6;s with these firm characteristics, this approach shows
that our stock sensitivities indeed contain incremental information
over and above these firm characteristics.

In Section 4.2, we present insights gained from testing our
model prior to the event day. They can be used to detect whether
or not the market actually expects outcome-dependent condi-
tional returns on the event day. Whereas the empirical results in
Section 4.1 focus on cumulative returns of long-short portfolios
in short time intervals immediately after the election, the pre-event
tests in Section 4.2 yield time series of similarly constructed port-
folios over several months prior to the election. These portfolios
show high Sharpe ratios and positive alphas relative not only to
the index model but also to the Fama-French 3-factor and 4-factor
models.

As an interesting side result of our analysis in Section 4.1, we
also find the postevent return drift documented by, e.g., Wagner
et al. (2018b) and Fisman and Zitzewitz (2019), in our datasets.
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UK Brexit Referendum
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Fig. 2. Risk-neutral probabilities of a majority voting for Leave in the Brexit referendum held on June 23, 2016, calculated from Betfair betting odds. We use data until

June 21, 2016 (two business days before the referendum), in the estimation.

This effect is outside the scope of our model and may be due to
initial underreaction. Its presence implies that even when invest-
ing only after the election result becomes known, based only on
returns observed on the first day after the event, investors could
still have achieved abnormal returns. This effect is analyzed in
Section 4.3, where we show that our 6;s have incremental explana-
tory power relative to first-day returns.

4.1. Postevent returns of portfolios formed before the election

We estimate the regression in Eq. (2) with OLS for each stock
separately.” Based on the results, we form portfolios that are ex-
pected to provide a positive absolute return conditional on cor-
rectly forecasting the election outcome. Most of the 6;s estimated
from Eq. (2) are insignificant. Appendix A provides the empirical
distribution of the estimates (Figures A.4 and A.5) together with
their significance levels (Tables A.1 and A.2). Restricting our sam-
ple to only those stocks with significant ;s would eliminate a
large number of observations. Instead, we follow a common ap-
proach in such situations, especially in the presence of large cross-
sections, which is to sort stocks based on their regression coeffi-
cients and then compare the performance of their quantile portfo-
lios. We form value-weighted median,® tercile and quintile portfo-
lios. To capture the event effect as purely as possible, we form the
portfolios at time t, i.e. just before any information on the event
outcome could have become known to the markets. Starting earlier
would only serve to contaminate our results with effects that are
unrelated to the event.

After sorting stocks on their 6;s from Eq. (2), we expect stocks
with higher coefficients to outperform around the election date
due to Trump’s victory. Given that stocks with high 6; reacted posi-
tively to (relatively small) increases in qf prior to the election, their
prices should also go up when gf increases to 1 after the election.
In short, stocks with high 6;s could be called “Trump stocks” for
the US presidential election and “Leave stocks” for the Brexit ref-
erendum. Later in this section, we will compare the performance
of portfolios sorted on 6; to portfolios sorted on firm character-

7 The potential endogeneity between the index and betting odds is discussed in
Appendix B.

8 As an alternative to median portfolios, we also form portfolios based on the
sign of 6;. This yields portfolios with different numbers of assets but with simi-
lar performance. For comparison with tercile and quintile portfolios, we report the
results for median portfolios in this paper.

istics, the predictive power of which around the two events an-
alyzed here has been shown in the previous literature (Hill et
al., 2019; Wagner et al., 2018). Descriptive statistics are shown in
Table 1, which provides the means and medians of these firm char-
acteristics for the (equally weighted) upper/lower median portfo-
lios of each of the two datasets, sorted on 6;. Trump stocks tend to
have higher cash ETRs and revenue growth but lower foreign ex-
posure. Leave stocks tend to show lower sales growth and foreign
income but higher R&D. For profitability, market-to-book and cap-
ital expenditure, comparisons based on means and medians lead
to mixed results. Trump stocks are somewhat smaller firms, while
Leave stocks are larger firms.

Fig. 3 shows the performance of the value-weighted quantile
portfolios sorted on 6; for the S&P 500 (top) and the FTSE 350
(bottom). The upper part of each graph presents the cumulative
performance of each of the extreme quantile portfolios. In addi-
tion, Fig. 3 (lower part of each graph) shows the performance of
value-weighted long-short portfolios using the portfolios at the ex-
treme ends of the sort; e.g., long the highest quintile portfolio, and
short the lowest quintile portfolio. For both events, all long-short
portfolios deliver positive returns, and the ordering is as expected
throughout the three weeks following the Brexit referendum. A
similar pattern can be observed for the US presidential election,
with tercile and quintile portfolios alternating closely between first
and second rank.

Tables 2 and 3 provide numerical results corresponding to
Fig. 3. Panel A reports results for median portfolios, Panel B for
tercile portfolios, and Panel C for quintile portfolios based on a
ranking according to 6;. The numbered rows contain results for the
quantile portfolios themselves, followed by results for long-short
portfolios constructed by going long (short) on the highest (low-
est) quantile portfolio in each panel. Column (1) shows the value-
weighted average 0; of stocks in the respective quantile portfolio.
Column (2) provides the portfolio betas, indicating that the ob-
served performance differences between quantile portfolios are not
driven by systematic risk (this will be discussed later in this sec-
tion). Column (3) shows the total market capitalization of all com-
panies in the respective portfolios. Column (4) provides the num-
ber of stocks in each portfolio, and column (5) shows the return of
the respective portfolios on the day immediately after the event.
The maximum returns of long-short portfolios can be observed for
an interval of 4 (8) days after the event for the US presidential
election (the UK Brexit referendum). Columns (6)-(9) in these ta-



6 M. Hanke, S. Stockl and A. Weissensteiner /Journal of Banking and Finance 118 (2020) 105883

Table 1

Descriptive statistics: Means and medians of 6; and selected firm characteristics, calculated for upper-/lower-6; median portfolios. The predictive power of these firm
characteristics has been demonstrated in previous studies. Panel A: Following Wagner et al. (2018a), cash effective tax rate (cash ETR), revenue growth, profitability, and
foreign income are based on 2016 accounting data from Datastream/WorldScope. Cash ETR is calculated as cash taxes paid relative to current year pretax income (adjusted
for special items), revenue growth is computed as the relative growth rate of sales, profitability is pretax income relative to total assets, and foreign income is equal to
international operating income relative to operating income (all values in percent). Panel B: Following Hill et al., 2019, sales growth, return on equity, market-to-book
ratio, foreign income, capital expenditure, and a dummy for R&D expenses are based on 2015 accounting data from Datastream/WorldScope. Sales growth is the 3-year
moving average of relative growth in sales (corresponding to revenue growth in Table 5), CAPEX is capital expenditure relative to total assets, and foreign income is equal
to international operating income relative to operating income (Hill et al. use different proxies for foreign exposure, which are partly hand-collected and can therefore not
be easily replicated; all values are in percent). R&D is a dummy variable indicating whether or not a firm reports positive R&D expenses. For both panels, In(market value
of equity) is based on the market capitalization at the time of the respective event (7).

Panel A (S&P 500)

No. of Stocks 0; Cash ETR Revenue Profitability Foreign In (Market Value
Growth Income of Equity)
Mean
Lower Median (6;) 253 —0.0281 26.8480 3.2285 9.2757 9.9125 10.0550
Upper Median (6;) 252 0.0361 28.7230 3.6188 8.9685 8.0149 9.9265
Median
Lower Median (6;) 253 —0.0204 28.3408 2.3492 7.0761 0.0000 9.9918
Upper Median (6;) 252 0.0292 30.0950 2.8956 7.2632 0.0000 9.7899
Panel B (FTSE 350)
No. of Stocks 6;  Sales Growth ROE MB Ratio Foreign CAPEX R&D In(Market Value
Income of Equity)
Mean
Lower Median (6;) 176 —0.1068 0.6514 39.5018 2.6368 22.6624 0.0580 0.2292 7.5362
Upper Median (6;) 175 0.0303 0.2045 35.5864 1.4842 19.1950 0.0468 0.4621 8.0569
Median
Lower Median (6;) 176 —0.0908 0.0701 16.4950 2.0800 0.0000 0.0320 0.0000 7.2937
Upper Median (6;) 175 0.0209 0.0270 13.9800 2.6000 0.0000 0.0412 0.0000 7.8302

bles show the aggregate buy-and-hold returns for time intervals
around this maximum (2-5 days for the US data and 7-10 days
for the UK data). Columns (10)-(11) in both tables show the cu-
mulative returns of the quantile and long-short portfolios for time
windows after the initial reaction to the events (i.e. after T + 5 for
the US presidential election and after v + 10 for the Brexit ref-
erendum). The returns of long-short portfolios are tested for sig-
nificance using both a two-sample t-test and corresponding two-
sample bootstrapping (with 10,000 resamplings).” While the t-test
assumes normal distributions with equal variances for upper and
lower quantile portfolios, the bootstrapping method does not re-
quire these assumptions. The returns in columns (5)-(9) are highly
significant, except for the quintile portfolios for the US presidential
elections, which show significance levels of around 7%. In contrast,
the returns in columns (10)-(11) are statistically indistinguishable
from zero.

As a robustness check, we provide the results for alterna-
tive portfolio weighting schemes. The results for equally weighted
quantile portfolios are shown in Appendix C (Tables C.1 and C.2).
Returns are lower compared to the value-weighted case but still
highly statistically significant. An alternative weighting scheme
employs weights that are proportional to the product of each
stock’s market capitalization and its stock price sensitivity, 6;.1°
The results are shown in Tables C.3 and C.4. For the US presiden-
tial election, this weighting scheme does not improve our results
(the highest return, r; ;,4, is essentially the same for the median
long-short portfolios but lower for the tercile and quintile long-
short portfolios when comparing Table C.3 to Table 2). For the

9 A nonparametric Wilcoxon test shows similar p-values. The results are available
upon request.

10 This is inspired by Fisman and Zitzewitz (2019) who weight stocks by the prod-
uct of their market capitalization and their return.

Brexit referendum, this alternative weighting scheme improves the
results for all long-short quantile portfolios by up to four percent-
age points, with the highest improvement for median portfolios,
but only a smaller difference of less than one percentage point
for quintile portfolios (compare r; ;g in Table C.4 to Table 3). We
attribute this difference in results to the relatively high noise in
the estimated 6;s (see Appendix A) combined with a more favor-
able signal-to-noise ratio in the Brexit referendum case. Finally, to
investigate any possible dependence on the investment universe
used we also conducted our analysis with the smaller index port-
folios of the S&P 100 and the FTSE 100, yielding similar results to
those shown here (available upon request).

Since our goal is to generate positive absolute returns condi-
tional on forecasting the election outcome correctly, we do not
use the index itself as a benchmark. As shown in column (2)
of Tables 2 and 3, the betas of our long-short portfolios are
around 0.13 for the US presidential election and around -—0.22
for the Brexit referendum. Hence, the index exposure of the long-
short portfolios is low, including the exposure to any election ef-
fect on the index itself. To assess the impact of hedging out the
market risk from these long-short portfolios, we provide the cu-
mulative returns of the two stock indices around the respective
events in Table 4. The time intervals shown are the same as in
Tables 2 and 3. With the exception of the FTSE 350 return on the
day after the Brexit referendum, the magnitude of all returns is
relatively low. For an investor who formed the quintile long-short
portfolios at time 7, as described in Table 3, but did not want to
bear the market risk and therefore hedged it out based on the es-
timated beta of his portfolio, this hedge would have reduced his
return by 0.21 times the FTSE 350 return for the respective time
interval. For instance, when hedging all market risk from the long-
short portfolios in Table 3, the highest correction relative to the re-
sults for the quintile portfolios would occur for the first-day return,
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Table 2

US presidential election: value-weighted event-window returns for quantile portfolios based on S&P 500 stocks, formed at time t (shortly before information
on the event outcome is revealed), according to 6; estimated from Eq. (2) and weighted according to the market capitalization at this time. The table shows
the median portfolios (Panel A), tercile portfolios (Panel B), and quintile portfolios (Panel C). Column (1) provides the value-weighted average of 6; for the
respective portfolios, and column (2) provides the portfolio 8 relative to the index. Column (3) shows the sum of the market caps of the companies in the
respective portfolios in billion USD, and column (4) provides the number of stocks in each portfolio. Columns (5)-(11) show cumulative portfolio returns
15 for various time windows (from s to t). Long-short portfolios are formed by going long (short) on the highest (lowest) quantile portfolio. [p-val] depicts
one-sided significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (an
Portfolio 0; Bi Size  No. of Stocks el Trr42 143 Tro44 Trees  Tris5c410 Tr410.7415
1 (Short) —0.0224 0.91 10,739 253 0.0075 0.0034 —0.0019 —0.0065 0.0018 0.0106 0.0008
2 (Long) 0.0305 1.06 8433 252 0.0152 0.0242 0.0277 0.0333 0.0409 0.0122 0.0021
Long-Short 0.0529 0.15 0.0076 0.0209 0.0296 0.0398 0.0391 0.0016 0.0013
t-test [p-val] [0.0375] [0.0063] [0.0003] [0.0002] [0.0000] [0.3745] [0.2855]
Bootstrap [p-val] [0.0329] [0.0049] [0.0001] [0.0000] [0.0000] [0.3685] [0.2885]
Panel B (Tercile Portfolios)
Portfolio 91’ ﬁi Size No. of Stocks Tz r4+1 T r42 Tz 743 T r+4 Tz 145 T'z457410 Tr 10,7415
1 (Short) —0.0352 0.99 6831 169 0.0072 0.0025 —0.0035 —0.0080 0.0035 0.0114 —0.0015
2 0.0048 0.85 6727 168 0.0082 0.0070 0.0049 0.0014 0.0074 0.0130 0.0042
3 (Long) 0.0401 1.11 5614 168 0.0185 0.0313 0.0364 0.0457 0.0517 0.0093 0.0014
Long-Short 0.0752 0.13 0.0113 0.0288 0.0400 0.0537 0.0482 —0.0021 0.0029
t-test [p-val] [0.0230] [0.0049] [0.0003] [0.0003] [0.0003] [0.6210] [0.1795]
Bootstrap [p-val] [0.0197] [0.0020] [0.0001] [0.0001] [0.0001] [0.6004] [0.1842]
Panel C (Quintile Portfolios)
Portfolio 91’ /Si Size No. of Stocks Tt o4l Tt o2 Trr43 Tt ri4 Tt r4s Tr45,7410 Tr410,7415
1 (Short) —0.0493 1.05 3835 101 0.0096 0.0041 —0.0024 —0.0052 0.0065 0.0127 —0.0047
2 —0.0123 0.86 4745 101 0.0072 0.0039 —0.0017 —0.0078 —0.0005 0.0056 0.0039
3 0.0066 0.86 4276 101 0.0056 0.0031 0.0016 —0.0025 0.0054 0.0197 0.0037
4 0.0250 1.04 3445 101 0.0135 0.0224 0.0315 0.0362 0.0445 0.0115 0.0022
5 (Long) 0.0524 1.16 2871 101 0.0234 0.0403 0.0402 0.0540 0.0576 0.0063 0.0008
Long-Short 0.1017 0.11 0.0138 0.0362 0.0427 0.0592 0.0511 —0.0063 0.0055
t-test [p-val] [0.0704] [0.0242] [0.0089] [0.0066] [0.0089] [0.7373] [0.1427]
Bootstrap [p-val] [0.0650] [0.0159] [0.0028] [0.0014] [0.0028] [0.7310] [0.1451]

which would be adjusted downward by 0.21 x 0.0385 = 0.008. For
the quintile portfolios in the case of the US presidential election,
the corrections would be even smaller due to the lower beta val-
ues of long-short portfolios and lower S&P 500 returns, as shown
in Table 4. For both events, the return reduction arising from hedg-
ing out systematic risk (if desired by an investor) is small relative
to the magnitude of the long-short portfolio returns.

For the 2016 US presidential election, Wagner et al.
(2018a) identify the firm characteristics linked to expected
changes in economic policies as the major drivers behind the
cross-sectional differences in stock price reactions. For instance,
companies with a higher tax burden were expected by the market
to benefit more from the announced tax reductions. For the UK
Brexit referendum, Hill et al., 2019 classify stocks into expected
(relative) winners and losers based on firm characteristics. These
findings in the literature raise the question if our stock sensitivi-
ties 0; essentially capture the same information as some of these
variables or if they contain incremental information relative to
these firm characteristics. To investigate this question, we follow
two paths: (i) We provide a statistical analysis via regressions, as
in Wagner et al. (2018a) and Hill et al., 2019. (ii) We analyze the
economic significance of firm characteristics and the incremental
information contained in 6;s via long-short quantile portfolios. The
descriptive statistics of the firm characteristics used in this paper
are provided in Table 1.

For the US presidential election, we start by applying a regres-
sion similar to Wagner et al. (2018a, Table 2), who use all Rus-
sell 3000 constituents, to our sample of S&P 500 companies. To
analyze the significance of both 6; and firm characteristics for ex-

plaining the cross-section of postelection stock returns, we run a
cross-sectional regression of stock returns on these variables. We
begin with 6; and In(market value of equity), which Wagner et al.
(2018a) use as a control variable, and we subsequently add firm
characteristics, such as the cash effective tax rate (cash ETR) and
foreign income, one at a time. The sample size changes when
adding more variables due to the fact that not all firm-specific
variables are available for all stocks. The results of this exercise
are shown in Table 5."" Odd-numbered columns cover the period
from t to T +4, which is the holding period with the highest re-
turns in Table 2, while even-numbered columns cover—for com-
parison with Table 2 in Wagner et al. (2018a)—the period from
the election day until Dec. 30, 2016. Column (9) in Table 5 shows
that the coefficient for 6 is highly significant, even in the pres-
ence of all firm characteristics. Furthermore, the stepwise addition
of firm characteristics does not materially change the magnitude of
its coefficient. Firm characteristics are also highly significant, with
the exception of profitability. The coefficient for 8 in column (10)
is not significant at the 5% level, which can be attributed to the
longer estimation period. Several coefficients for firm characteris-
tics in column (10), particularly that for cash ETR, are quite similar

1 We use estimated 6;s, which may cause issues related to errors in variables.
We have checked our results using an error-in-variables linear regression, specifying
a variety of different reliabilities for 6;. In line with the literature, we find that
setting lower reliabilities (starting at 0.966 = 1/(1 + var(f)) and decreasing until
0.5) increases our coefficient but does not substantially change its significance level
(results are available upon request). Additionally, the coefficients and significance
levels of the other predictors are hardly affected. For this reason, we are confident
that using estimated 6;s does not cause a problem.
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Table 3

UK Brexit referendum: value-weighted event-window returns for quantile portfolios based on FTSE 350 stocks, formed at time t (shortly before information
on the event outcome is revealed), according to ; estimated from Eq. (2) and weighted according to the market capitalization at this time. The table shows
the median portfolios (Panel A), tercile portfolios (Panel B), and quintile portfolios (Panel C). Column (1) provides the value-weighted average of 6; for the
respective portfolios, and column (2) provides the portfolio 8 relative to the index. Column (3) shows the sum of the market caps of the companies in the
respective portfolios in billion GBP, and column (4) provides the number of stocks in each portfolio. Columns (5)-(11) show cumulative portfolio returns s, for
various time windows (from s to t). Long-short portfolios are formed by going long (short) on the highest (lowest) quantile portfolio. [p-val] depicts one-sided

significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Portfolio 0; Bi Size No. of Stocks Tz 41 Tz 147 Tz 748 Tz 49 Tzr410 T7410,7415 Tr415,7420
1 (Short) -0.1007 1.18 514 176 —0.2048 -0.1677 —0.1882 —-0.1690 —0.1451 0.0499 0.0105
2 (Long) 0.0330 0.96 1581 175 —0.0209 0.0755 0.0687 0.0780 0.0831 0.0079 0.0093
Long-Short 0.1337 —0.22 0.1839 0.2432 0.2569 0.2470 0.2281 —0.0419 —0.0012
t-test [p-val] [0.0000]  [0.0000] [0.0000] [0.0000] [0.0000]  [1.0000]  [0.5685]
Bootstrap [p-val] [0.0000]  [0.0000]  [0.0000]  [0.0000] [0.0000]  [1.0000]  [0.5828]
Panel B (Tercile Portfolios)
Portfolio 0 Bi Size  No. of Stocks Tt Trr47 48 49 Trr410 Te100415  Tr415.0420
1 (Short) -0.1299 1.21 307 117 —0.2248 -0.1997 -0.2192 —0.1985 -0.1725 0.0535 0.0141
2 -0.0271 1.01 604 117 —0.0916 -0.0167 —0.0286 -0.0159 —0.0041 0.0242 0.0125
3 (Long) 0.0478 097 1183 117  -0.0118 0.0884 0.0815 0.0903 0.0948 0.0061 0.0069
Long-Short 0.1776 -0.24 0.2130 0.2881 0.3007 0.2888 0.2672 —0.0474 —0.0072
t-test [p-val] [0.0001] [0.0000] [0.0000]  [0.0000]  [0.0000] [0.9997] [0.8172]
Bootstrap [p-val] [0.0000]  [0.0000] [0.0000]  [0.0000] [0.0000]  [1.0000]  [0.8243]
Panel C (Quintile Portfolios)
Portfolio 91’ :Bi Size No. of Stocks Tz 41 Tt o7 Tz r48 Tt r49 Tz r410 Tr410,7415 Tr415,7420
1 (Short) —0.1586 1.34 187 71 -0.2518 -0.2391 —0.2648 —0.2434 —0.2146 0.0622 0.0081
2 -0.0768 1.03 211 70 —0.1783 -0.1271 —0.1445 -0.1270 -0.1079 0.0433 0.0118
3 —0.0416 1.10 195 70 —0.1606 —0.1069 —0.1237 -0.1074 —0.0863 0.0395 0.0098
4 0.0027 0.85 890 70 -0.0130 0.0813 0.0727 0.0815 0.0848 0.0030 0.0135
5 (Long) 0.0849 1.13 611 70 -0.0175 0.0871 0.0842 0.0935 0.0998 0.0115 0.0035
Long-Short 0.2436 -0.21 0.2343 0.3262 0.3489 0.3369 0.3144 —0.0507 —0.0046
t-test [p-val] [0.0036]  [0.0002] [0.0004] [0.0002] [0.0001]  [0.9907]  [0.6893]
Bootstrap [p-val] [0.0000]  [0.0000]  [0.0000]  [0.0000] [0.0000]  [0.9996]  [0.7082]

to the corresponding values in Wagner et al. (2018a, Table 2), de-
spite the different investment universe (Russell 3000 vs. S&P 500).

Table 6 conducts a similar analysis for the Brexit referendum.
Here the choice of variables is based on Hill et al., 2019, Table 2).
The structure follows that of Table 5, where we sequentially add
firm characteristics to the regression. The findings are similar to
those for the US election: Even in the presence of all firm char-
acteristics, & remains highly significant for the first few days after
the event (column 13). However, it becomes insignificant when ex-
tending this postevent interval until the end of 2016 (column 14).
Its coefficient changes only moderately when new variables are
added, with part of the changes being attributable to the change
in the sample (decrease in the number of observations). Most of
the firm characteristics are significant at the 5% level for both time
intervals shown in columns (13) and (14). Excepted are the market-

Table 4

Cumulative index returns for various time intervals around the 2016 US pres-
idential election and the 2016 Brexit referendum. For ease of comparison, the
time intervals shown are the same as in Tables 2 and 3.

Panel A (S&P 500)

(1) (2) (3) (4) (5)

Trr41 Ttr42 Ttr43 Trria Trr45
Cumulative return 0.0111 0.0132  0.0118 0.0118  0.0196
Panel B (FTSE 350)

Tt o4t Tro47 Ttr48 Ttr49 It7410

Cumulative return —0.0385 0.0121 0.0113  0.0000 0.0118

to-book ratio (insignificant for both postevent intervals), foreign
income, and In(market value of equity), which are only signifi-
cant for the shorter postevent window. In line with our model,
R? values are higher for the shorter time intervals (odd-numbered
columns) compared to the longer time intervals (even-numbered
columns) shown in Tables 5 and 6. As expected, the differences
in R?s between these time intervals are markedly higher for the
Brexit referendum, where the longer time interval covers more
than half a year.

An analysis of the pairwise correlations among all explana-
tory variables in these regressions reveals relatively low values for
most of the pairs (results are shown in Tables 7 and 8). 6; cor-
relates most with the control variable In(market value of equity)
in both cases, with —13.76% for the US data and 22.56% for the
UK data: in line with the signs of the corresponding coefficients in
Tables 5 and 6, large companies were expected to be more nega-
tively affected by a Trump victory and to suffer comparatively less
from a Leave vote. The correlations of #; with cash ETR (9.62%) and
foreign income (—1.6%) are even lower. This shows that 6 does not
“just capture the same information” as one of these firm character-
istics, and it supports our interpretation in Section 2 of 8; being a
mix of many different event-related, company-specific effects. For
instance, when Table 6 shows that both sales growth and ROE have
a significant impact on returns around the Brexit referendum but
their correlation in Table 8 is only —1.54%, it should not come as a
surprise that 6;, which according to our model, captures the com-
bined effect of these two factors (and many other factors of influ-
ence), shows low correlations with both.
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Table 5

US presidential election: results of OLS regressions of cumulative postevent returns on stock sensitivities 6; and on firm characteristics selected based on
the previous literature. Following Wagner et al. (2018a, Table 2), we use In(market value of equity) as a control variable, and we add firm characteristics
(cash effective tax rate (cash ETR), revenue growth, profitability, and foreign income, all based on 2016 accounting data from Datastream/WorldScope) one
at a time. Cash ETR is calculated as cash taxes paid relative to current year pretax income (adjusted for special items), revenue growth is computed as the
relative growth rate of sales, profitability is pretax income relative to total assets, and foreign income is equal to international operating income relative
to operating income (all values in percent). Regressions account for the Fama-French 30 industry effects. The number of observations in each regression
depends on the availability of the data for all variables in the respective regressions. Odd-numbered columns cover the time period November 9, 2016, to
November 14, 2016, while even-numbered columns cover November 9, 2016, to December 30, 2016. p-values based on robust standard errors are shown in

parentheses.
Cumulative Return Since the Election
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Trr4a T'z,Dec30 Ttt+4 T'z,Dec30 Tt r44 T'z,Dec30 Tt r44 T'z,Dec30 Tt 44 T'z,Dec30
0 26.2250 24.1715 28.2776 31.6187 26.7099 30.6395 25.4575 28.8651 29.9751 34.1268
[0.0009] [0.0672] [0.0018] [0.0688] [0.0018]  [0.0765] [0.0029] [0.0966] [0.0020] [0.0932]
Cash ETR (in %) 0.1695 0.1660 0.1638 0.1624 0.1669 0.1668 0.1458 0.1198
[0.0000]  [0.0013] [0.0000] [0.0013] [0.0000] [0.0011] [0.0001] [0.0273]
Revenue Growth (in %) -0.1524  -0.0952 -0.1544 -0.0981 -0.1537  —0.0809
[0.0000] [0.0842] [0.0000] [0.0823] [0.0003] [0.2054]
Profitability (in %) -0.0836  -0.1185  -0.0626  —0.0541
[0.0901] [0.1041] [0.2802] [0.5356]
Foreign Income (in %) —0.0546 —0.0656
[0.0008] [0.0063]
In(Market Value of Equity) —1.1875 -0.0994  -0.6863 03613  -0.6733 03695  -0.6324 04274  -0.5585 0.5566
[0.0003] [0.8210]  [0.0483] [0.4609] [0.0436]  [0.4455] [0.0595] [0.3747] [0.1284]  [0.2935]
Constant 17.5439 8.1865 9.1734 0.2586 9.7397 0.6123 9.9775 0.9492 7.9187  —0.2650
[0.0002] [0.1804] [0.0642]  [0.9708] [0.0342]  [0.9294] [0.0311]  [0.8913] [0.2151]  [0.9784]
Observations 502 502 412 412 412 412 412 412 350 350
R? 0.3180 0.2545 0.4124 0.3120 0.4518 0.3208 0.4555 0.3252 0.4743 0.3476

Table 6

UK Brexit referendum: results of OLS regressions of cumulative postevent returns on stock sensitivities #; and on firm characteristics selected based on the previous
literature. The structure follows Table 5 for ease of comparison, with In(market value of equity) as a control variable. Based on Hill et al., 2019, we use sales growth,
return on equity, market-to-book ratio, foreign income, capital expenditure, and a dummy for R&D expenses as firm characteristics (all based on 2015 accounting data
from Datastream/WorldScope). Sales growth is the 3-year moving average of relative growth in sales (corresponding to revenue growth in Table 5), foreign income is equal
to international operating income relative to operating income, CAPEX is capital expenditure relative to total assets (all these values are given in percent), and R&D is a
dummy variable indicating whether or not a firm reports positive R&D expenses. For comparison with Hill et al., 2019, we do not include industry fixed effects here. The
number of observations in each regression depends on the availability of the data for all variables in the respective regressions and is reduced due to the exclusion of
financials for CAPEX and R&D expenses. Odd-numbered columns cover the time period June 24, to July 6, 2016, while even-numbered columns cover June 24, to December
30, 2016. p-values based on robust standard errors are shown in parentheses.

Cumulative Return Since the Referendum

1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)
It 7+8 T't,Dec30  Tt,7+8 Tz,Dec30  Tr,7+8 TtDec30  T't,7+8 Tz,Dec30  Tr,7+8 TtDec30  Tt,7+48 I'z,Dec30 I't7+8 I'z,Dec30
6 93.2002  58.5521 97.9280 614433 102.9498 61.6240 1044287 62.5547 108.5260 42.1820 100.9121 37.2935 97.7263 32.7002
[0.0000] [0.0004] [0.0000] [0.0000] [0.0000] [0.0001] [0.0000] [0.0000] [0.0000] [0.0179] [0.0000]  [0.1081] [0.0000]  [0.1751]
Sales Growth -0.1972 -0.1555 -0.1933 -0.1566 -0.1919 -0.1700 —0.1951 -0.2236  —0.2598 —-0.2140 -0.2304 -0.1716
(in %) [0.0002] [0.1523] [0.0002] [0.1515] [0.0002] [0.0987] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000]  [0.0001]
ROE (in %) —-0.4286 -0.7298 —0.4092 01353 -04504 -0.7294 —0.8568 —0.7007 —1.0272 —0.9463
[0.0000] [0.0315] [0.0357] [0.8822] [0.0030] [0.1866] [0.0000]  [0.1289]  [0.0000]  [0.0161]
MB Ratio —0.0097 -0.5667 —0.0669 —0.7240 0.0245 —0.5952 0.0461 —0.5641
[0.9439] [0.0333] [0.7125] [0.0047] [0.9148] [0.0636] [0.8208]  [0.0904]
Foreign Income 0.0152 0.0161 0.0412 0.0802 0.0492 0.0917
(in %) [0.0840] [0.2111] [0.0657]  [0.1040]  [0.0311]  [0.0653]
CAPEX 45.0264 —24.5468 46.1973 —22.8585
[0.0000]  [0.0145]  [0.0000]  [0.0159]
R&D Expense 6.1078 8.8061
Dummy [0.0062]  [0.0044]
In(Market Value 0.4524 —0.4630 0.7759 0.7676 0.9023 0.8145 0.8805 0.6963 0.8586 0.7718 2.7749 0.9875 2.3811 0.4198
of Equity) [0.5293] [0.6805] [0.2906] [0.4449] [0.2158] [0.4161] [0.2307] [0.4940] [0.2965] [0.4696] [0.0103]  [0.4913]  [0.0251]  [0.7773]
Constant —8.6262 12.8599 —11.0284 2.6021 -11.8232 24007 —11.5785 5.2691 -11.6099 3.5136 —30.0227 0.5253 —29.3885 1.4396
[0.1446] [0.1680] [0.0699] [0.7514] [0.0517] [0.7703] [0.0602] [0.5212] [0.0771] [0.6698] [0.0007] [0.9624] [0.0008]  [0.8967]
Observations 351 351 307 307 302 302 296 296 226 226 153 153 153 153
R? 0.2883 0.0571 0.3376 0.0880 0.3582 0.0886 0.3645 0.1003 0.3515 0.0729 0.4146 0.0937 0.4423 0.1416
Table 7
Correlations among explanatory variables from the regressions corresponding to Columns (9) and (10) in Table 5.
0 In(Market Value of Equity)  Cash ETR ~ Rev. Growth  Profitability
In (Market Value of Equity) —-0.1376
Cash ETR 0.0962 -0.1015
Revenue Growth —0.0826 0.0210 —0.0163
Profitability —0.0854 0.1028 0.1027 —0.0043
Foreign Income —0.0160 0.0906 —0.1260 0.0068 0.1231
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Fig. 3. Extreme (top and bottom quantile) election portfolios and corresponding long-short portfolios for the US presidential election (top) and the Brexit referendum
(bottom). The upper part of each plot shows the cumulative returns of the top and bottom median (blue & dotted), tercile (red & dashed) and quintile (green & solid)
value-weighted portfolios that are built by sorting on 6; from Eq. (2). The lower part of each plot shows the cumulative returns of long-short portfolios, which are formed
from the extreme quantile portfolios. For reference purposes, we also provide the cumulative performance of the corresponding index (S&P 500 and FTSE 350) in black
(dot-and-dash). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 8
Correlations among explanatory variables from the regressions corresponding to Columns (13) and (14) in Table 6.
0 In(Market Value of Equity)  Sales Growth  ROE MB Ratio  Foreign Income  CAPEX
In (Market Value of Equity) 0.2256
Sales Growth —-0.0761 —0.0109
ROE 0.0199 0.2135 —-0.0154
MB Ratio 0.0235 0.1980 —-0.0384  0.1257
Foreign Income —-0.0211 0.2539 —-0.0340 0.0518 0.1210
CAPEX 0.0152 —0.0468 0.0454  0.0494 —-0.0177 0.0604
R&D Expense Dummy 0.0096 0.0870 —-0.0227  0.0627 0.0327 0.0068  —0.1024

In addition to these regressions, we provide results for long-
short portfolios similar to those provided in Tables 2 and 3 but
sorted based on firm characteristics instead of 6;. For the US presi-
dential election (Brexit referendum), we use all firm characteristics
that turned out to be significant in Table 5 (Table 6, with the ex-
ception of the dummy variable R&D and of ROE, which shows the
weakest results and has been left out for space reasons). To ana-
lyze the incremental information contained in our 6;s, we compare
the returns of long-short portfolios sorted only on firm character-
istics to the returns of long-short portfolios based on double sorts
on both firm characteristics and 6;. For space reasons and also to
ensure sufficiently large portfolios after applying the double sorts,
we confine ourselves to median portfolios for this analysis. The re-

sults are provided in Tables 9 and 10. Table 9 shows that long-short
portfolios sorted on the cash effective tax rate (alone) yield signifi-
cant cumulative returns of about 2.5% but only for 7 +4 and t + 5.
Long-short portfolios sorted on revenue growth or foreign income
do not show significant returns at any horizon. For all three firm
characteristics, however, double sorts on each characteristic and 6;
yield significant returns on the order of 3.2-7.3%, with the high-
est values occurring at 7 +4 or t + 5. Interestingly, in particular
the double sort on cash ETR and 6;, with a cumulative return of
7.28% for T +4 (Table 9), exceeds the return of long-short portfo-
lios based solely on 6; (Table 2). For the Brexit case, Table 10 shows
that the only firm characteristic that delivers significant returns
when used for sorting portfolios is sales growth (no significance
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Table 9

US presidential election: value-weighted event-window returns for median portfolios based on S&P 500 stocks and double sorted according to three different firm char-
acteristics and on 6; estimated from Eq. (2). The firm characteristics used are those that showed explanatory power in the regressions reported in Table 5 (Panel A: cash
effective tax rate, Panel B: revenue growth, and Panel C: foreign income). Columns (1)-(3) show the value-weighted averages of the first sorting variable and 6;, as well
as the index beta of the respective portfolios. Column (4) indicates the sum of the market caps of the companies in the respective portfolios in billion USD. Column (5)
provides the number of stocks in each portfolio (the total number of stocks for each panel depends on the availability of data on the particular variable). Columns (6)-(12)
show cumulative portfolio returns rs, for various time windows (from s to t), where t is the last point in time before information on the event outcome is revealed. The
top part of each panel provides results for double-sorted median portfolios. Below, we show the results for two types of long-short portfolios: first, long-short portfolios
sorted only on the respective firm characteristic and, second, long-short portfolios sorted on both the firm characteristic and 6;. [p-val] depicts one-sided significance levels

for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Cash Effective Tax Rate)

(1) 2 3 @4 (5) (6) (7) (8) (9) (10) (1) (12)
Portfolio Cash ETR (in %) 0; Bi Size No.of  rrri T2 743 Trri4 Tross Tog5.0410 Tr410,0415
Stocks
1 (Low Cash ETR) 1 (Low 0) 204133 -0.0184 0.87 5942 104 0.0077 0.0008 —0.0049 -0.0155 —0.0095 0.0063  0.0014
1 (Low Cash ETR) 2 (High 6) 20.8644 0.0298 111 4214 103 0.0130 0.0173 0.0225 0.0247 0.0338 0.0119 0.0014
2 (High Cash ETR) 1 (Low 0) 36.5628 —0.0160 0.83 3634 103 0.0052 0.0035 0.0032 0.0059 0.0136 0.0248  0.0085
2 (High Cash ETR) 2 (High 6) 34.0888 0.0365 0.98 2544 103 0.0214 0.0385 0.0416 0.0572 0.0615 0.0088 0.0020
Long-Short (High-Low Cash ETR) 14.9437 0.0040 —0.07 0.0020 0.0103 0.0125 0.0259 0.0249 0.0096 0.0044
t-test [p-val] [0.3322] [0.1409] [0.1009] [0.0224] [0.0132] [0.0608] [0.0777]
Bootstrap [p-val] [0.3370] [0.1432] [0.0962] [0.0208] [0.0126] [0.0533] [0.0813]
Long-Short (High Cash ETR/High 6 - Low Cash ETR/Low 0) 13.6755 0.0549 0.11 0.0138 0.0377 0.0465 0.0728 0.0711 0.0025 0.0006
t-test [p-val] [0.0350] [0.0109] [0.0024] [0.0002] [0.0001] [0.3555] [0.4267]
Bootstrap [p-val] [0.0272] [0.0041] [0.0009] [0.0000] [0.0000] [0.3415] [0.4448]
Panel B (Revenue Growth)
(1) 2 3G @4 (5) (6) (7) (8) (9) (10) (11) (12)
Portfolio Revenue Growth 0; Bi Size No. of Irr41 Irr42 Tt 143 Tt ri4 Trr45 Tr45.0410 Tr410,7+15
(in %, RG) Stocks
1 (High RG) 1 (Low 0) 14.7078 —0.0223 0.91 5789 126  0.0051 0.0024 -0.0029 -0.0103 -0.0027 0.0125  0.0029
1 (High RG) 2 (High 6) 115732  0.0324 1.06 3657 125 0.0181 0.0315 0.0382 0.0458 0.0510 0.0147 0.0006
2 (Low RG) 1 (Low 0) —6.8051 —0.0225 0.93 4828 125 0.0114 0.0070 0.0021 0.0014 0.0101 0.0080 -0.0015
2 (Low RG) 2 (High 6) —4.3015 0.0289 1.04 4811 125 0.0120 0.0158 0.0166 0.0201 0.0296 0.0112  0.0027
Long-Short (Low-High RG) —19.0498 0.0043 0.02 0.0016 —0.0022 -0.0037 -0.0007 0.0018 —0.0037 -0.0014
t-test [p-val] [0.3509] [0.6028] [0.6695] [0.5241] [0.4237] [0.7543] [0.7062]
Bootstrap [p-val] [0.3459] [0.5955] [0.6619] [0.5107] [0.4121] [0.7617] [0.7105]
Long-Short (Low RG/High 6 - High RG/Low 0) —19.0093 0.0512 0.3 0.0069 0.0135 0.0195 0.0304 0.0324 -0.0013 -0.0001
t-test [p-val] [0.1012] [0.1007] [0.0381] [0.0191] [0.0055] [0.5614] [0.5115]
Bootstrap [p-val] [0.0953] [0.1007] [0.0353] [0.0157] [0.0044] [0.5606] [0.5203]
Panel C (Foreign Income)
(1) @2 3 ® (5) (6) (7) (8) (9) (10) (11) (12)
Portfolio Foreign Income 0; Bi Size No. of T4l Tr 42 Tz 743 Tt 44 Tre45 Tr450410 Tr410,7415
(in %, FI) Stocks
1 (High FI) 1 (Low 0) 217102 -0.0223 0.92 5291 108 0.0022 -0.0038 -0.0057 -0.0130 —0.0045 0.0181 -0.0010
1 (High FI) 2 (High 6) 18.8913 0.0282 1.03 3796 108 0.0144 0.0235 0.0292 0.0346 0.0420 0.0124 0.0030
2 (Low FI) 1 (Low 0) 0.0000 —0.0262 0.88 3868 108 0.0158 0.0168 0.0077 0.0063 0.0124 0.0012 -0.0002
2 (Low FI) 2 (High 6) 0.0000 0.0296 105 3583 108 0.0129 0.0208 0.0235 0.0278 0.0356 0.0140  0.0017
Long-Short (Low-High FI) —20.5326  0.0018 -0.01 0.0071 0.0112 0.0064 0.0098 0.0087 —0.0084 0.0000
t-test [p-val] [0.0673] [0.1091] [0.2381] [0.2020] [0.2037] [0.9197] [0.4944]
Bootstrap [p-val] [0.0616] [0.1029] [0.2386] [0.2041] [0.2002] [0.9196] [0.5021]
Long-Short (Low FI/High 6 - High Fl/Low 6) —21.7102  0.0519 0.12 0.0107 0.0246 0.0292 0.0408 0.0401 —0.0041  0.0027
t-test [p-val] [0.0241] [0.0301] [0.0131] [0.0093] [0.0030] [0.6746] [0.2137]
Bootstrap [p-val] [0.0170] [0.0212] [0.0071] [0.0044] [0.0006] [0.6805] [0.2125]

for CAPEX and foreign income, and similarly for ROE, not shown).
Using 6; as an additional sorting criterion leads to substantially
higher returns for the combinations of (i) sales growth and 6; and
(ii) foreign income and 6; (Table 10) compared to #; alone (top
panel of Table 3).'2

We conclude from the results in this section that betting odds
contain valuable information for predicting conditional stock re-
turns around political events. 8;s estimated from our model exhibit
low correlations with selected firm characteristics, which have
been shown in the literature to have high explanatory power for
the cross-sectional effects of election outcomes. Long-short port-

12 In addition to the firm characteristics shown in Tables 9 and 10, we have con-
ducted the same analysis for firm size. In both cases, 6; shows significant incremen-
tal information also relative to firm size. The returns of long-short quantile portfo-
lios based on firm size alone are insignificant in the US presidential election case
and are comparable to those from sorting on sales growth around the Brexit refer-
endum. The results are available upon request.

folios based solely on firm characteristics of this type yield in-
ferior returns to those based on 6;, even for firm characteristics
that the literature finds to have explanatory power for the cross-
section of stock returns around the two political events analyzed
here. However, their returns improve markedly when perform-
ing additional sorting based on 6;, which provides additional ev-
idence for stock sensitivities 6; containing incremental informa-
tion relative to firm characteristics. According to our model, 6;
should represent the sum of all relevant effects regarding condi-
tional event returns. In some cases, however, long-short portfolios
based on double sorts on both firm characteristics and 8; yield
higher returns than those sorted on 6; alone. While all our results
show that ;s reflected in market prices contain valuable informa-
tion on conditional event returns, this observation indicates that
the market fails to aggregate all relevant information in a perfect
manner.
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UK Brexit referendum: value-weighted event-window returns for median portfolios based on FTSE 350 stocks and double sorted according to three different firm charac-
teristics and on 6; estimated from Eq. (2). The firm characteristics used are a subset of those that showed explanatory power in the regressions reported in Table 6 (Panel
A: sales growth, Panel B: foreign income, and Panel C: CAPEX; ROE is not shown for space reasons). Columns (1)-(3) show the value-weighted averages of the first sorting
variable and 6;, as well as the index beta of the respective portfolios. Column (4) indicates the sum of the market caps of the companies in the respective portfolios in
billion GBP. Column (5) provides the number of stocks in each portfolio (the total number of stocks for each panel depends on the availability of data on the particular
variable). Columns (6)-(12) show cumulative portfolio returns rs, for various time windows (from s to t), where t is the last point in time before information on the event
outcome is revealed. The top part of each panel provides results for double-sorted median portfolios. Below, we show the results for two types of long-short portfolios:
first, long-short portfolios sorted only on the respective firm characteristic and, second, long-short portfolios sorted on both the firm characteristic and 6;. [p-val] depicts
one-sided significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Sales Growth)

(1) (2) 3) @4 (5) (6) (7) (8) (9) (10) (11) (12)
Portfolio Sales Growth (in 0 Bi Size  No. of T4l 47 Tr48 Trr49 Trr410 Tri10,0415  Tr415,7420
%, SG) Stocks
1 (High SG) 1 (Low 6) 22857 -0.0987 107 172 77 -0.2095 -01736 -0.1890 -0.1696 —0.1500 0.0527 0.0115
1 (High SG) 2 (High 6) 02434 0.0183 099 323 77 -0.0824 0.0047 0.0006 0.0154 0.0284 0.0291 0.0289
2 (Low SG) 1 (Low 6) —-0.1146 -0.1014 127 293 77 -0.1968 -0.1592 -0.1831 -0.1638 -0.1378 0.0487 0.0089
2 (Low SG) 2 (High 0) —-0.0283 0.0355 0.97 1187 76 -0.0046 0.0951 0.0877 0.0958  0.0988 0.0026 0.0026
Long-Short (High-Low SG) —1.0001 0.0308 0.01 0.0840 01022 0.0995 0.0935 0.0857 -0.0255 —0.0189
t-test [p-val] [0.0000] [0.0007] [0.0012] [0.0024] [0.0036] [0.9998] [0.9216]
Bootstrap [p-val] [0.0001] [0.0006] [0.0018] [0.0026] [0.0036] [1.0000] [0.9733]
Long-Short (Low SG/High 6 - High SG/Low 0) —2.3140 0.1342 -0.10 0.2049 0.2687 0.2768 0.2654 0.2488 -0.0500 —0.0088
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9516]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9518]
Panel B (Foreign Income)
(1) (2) 3) @4 (5) (6) (7) (8) 9) (10) (11) (12)
Portfolio Foreign Income 0; Bi Size No. of T4t 47 T8 Trrso  Tros10 Tra10.0415  Tr415,7420
(in %, FI) Stocks
1 (Low FI) 1 (Low 6) —-0.6401 -0.1077 123 192 63 -0.2273 -01950 -0.2181 -0.1974 -0.1740 0.0567 0.0010
1 (Low FI) 2 (High 0) 0.0000 0.0253 109 516 62 -0.0305 0.0758 0.0683 0.0796 0.0854 0.0100 0.0018
2 (High FI) 1 (Low 6) 34.8307 -0.0840 116 206 63 -01879 -01497 -0.1732 -0.1549 -0.1282 0.0447 0.0145
2 (High FI) 2 (High 0) 82.4423 0.0265 0.79 768 62 -0.0082 0.0798 0.0721 0.0799  0.0831 0.0029 0.0114
Long-Short (High-Low FI) 72.5379  0.0139 -0.26 0.0377 0.0289 0.0296 0.0257 0.0233 -0.0109 0.0104
t-test [p-val] [0.0696] [0.2557] [0.2516] [0.2805] [0.2925] [0.9405] [0.0306]
Bootstrap [p-val] [0.0600] [0.2530] [0.2476] [0.2792] [0.2960] [0.9469] [0.0200]
Long-Short (High FI/High 6 - Low Fl/Low 0) 83.0825 01342 -043 02191 0.2748 0.2903 02773  0.2571 -0.0537 0.0104
t-test [p-val] [0.0008] [0.0001] [0.0002] [0.0002] [0.0001] [0.9995] [0.1140]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.1003]
Panel C (CAPEX)
(1) (2) 3) @4 (5) (6) (7) (8) (9) (10) (11) (12)
Portfolio CAPEX 0; Bi Size  No. of Trr41 Tt 147 Trr48 Tt r49 Trr410 Tr410,7415 Tr4157420
Stocks
1 (Low CAPEX) 1 (Low 6) 0.0175 -0.0937 097 99 55 -0.1947 -0.1644 -01715 -0.1544 -0.1319 0.0540 0.0088
1 (Low CAPEX) 2 (High 6) 0.0208 0.0300 0.70 722 55 -0.0026 0.0923 0.0856 0.0947  0.0955 0.0001 0.0188
2 (High CAPEX) 1 (Low 6) 01013 -0.0407 106 263 55 -0.1005 -0.0263 -0.0435 -0.0320 -0.0195 0.0233 0.0057
2 (High CAPEX) 2 (High 0) 0.0734 0.0576 122 526 55 -0.0200 0.0936 0.0883 0.0971  0.1043 0.0118 —0.0089
Long-Short (High-Low CAPEX) 0.0623  0.0097 043 —-0.0211 -0.0079 -0.0104 -0.0108 -0.0052 0.0090 -0.0216
t-test [p-val] [0.9074] [0.5757] [0.6043] [0.6038] [0.5516] [0.0484] [0.9903]
Bootstrap [p-val] [0.9135] [0.5732] [0.6010] [0.6058] [0.5530] [0.0431] [0.9997]
Long-Short (High CAPEX/High 6 - Low CAPEX/Low 6) 0.0559 01513 025 01747 02580 02597 02515 0.2362 -0.0423 -0.0177
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9981]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9994]

4.2. Pre-Event testing of the model

There is no guarantee that our approach will work for all future
elections. Before forming long-short portfolios as described above,
an investor would find it reassuring to have some evidence that
the approach can be expected to work for a particular future event.
In this section, we provide a simple check which can be applied
prior to the event.

While Section 4.1 has shown that our model correctly pre-
dicted conditional returns after the events when winning prob-
abilities jumped to 0 or 1, this test was based on the implica-
tions our model has for returns prior to the events. For instance,
Eq. (2) implies positive idiosyncratic returns of Trump stocks (with
0; > 0) when Trump probabilities R increase, and vice versa. To
obtain an indication of whether our approach works for a particu-
lar election, we check whether the long-short portfolios based on
6;s analyzed in Section 4.1 behave as predicted by the model in the
weeks/months prior to the event. To this end, we proceed as fol-

lows. To ensure a sufficient number of observations for the initial
estimation of our model, we use data from the beginning of each
dataset (described in Section 3) until 12 weeks prior to its end to
estimate 6;s from Eq. (2). Assuming that we correctly anticipate
the direction of changes in betting odds on the next day, we form
long-short portfolios similar to those described in Section 4.1. For
the next day, we repeat this exercise with an estimation set that
grows by including the previous day’s returns and betting odds and
so on until two business days prior to the event. This yields 12
weeks of one-day returns of long-short portfolios formed based on
data available at this time and conditional on correctly anticipat-
ing the direction of the next day’s change in betting odds. For the
resulting portfolios, we calculate the mean returns, Sharpe ratios,
and alpha values relative to the Fama-French 3-factor and 4-factor
models (as a robustness check based on well-known alternatives to
the index model).

The results of this exercise are described in Table 11, with all
values provided on an annual basis and t-statistics in square brack-
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Table 11

Portfolio statistics from testing the model on stock prices observed prior to the respective events. 6;s are es-
timated repeatedly from Eq. (2) using expanding windows, starting 12 weeks before the end of our samples
described in Section 3. Assuming perfect foresight regarding the direction of change in the next day’s betting
odds, long-short quantile portfolios are formed and adjusted daily. Panel A shows the annualized results for the
US presidential election, and Panel B shows those for the Brexit referendum. Column (1) provides the mean
return, and column (2) shows the Sharpe ratio of our strategies. The remaining columns indicate the alpha val-
ues of the long-short portfolios against the Fama-French 3-factor and 4-factor models. Factor returns for the
US data are taken from Kenneth French’s data library, and those for the UK data are taken from the University
of Exeter, with details on the construction of factors described in Gregory et al., 2013. t-statistics are given in
square brackets. For columns (1), (3) and (4), they are based on Newey-West standard errors. For column (2),

they are based on Memmel (2003).

Panel A (S&P 500)

(1) (2) (3) (4)

Portfolios Mean Return Sharpe Ratio Alpha (3F) Alpha (4F)
Median 0.2513 [1.88] 5.8593 [2.54] 0.2379 [2.46] 0.2397 [2.51]
Tercile 0.3870 [2.33] 6.1790 [2.68] 0.3584 [2.55] 0.3604 [2.71]
Quintile 0.4614 [2.34] 5.5579 [2.42] 0.3995 [2.11] 0.3981 [2.09]
Panel B (FTSE 350)

Portfolios Mean Return Sharpe Ratio Alpha (3F) Alpha (4F)
Median 0.5919 [1.47] 5.9513 [1.86] 0.6473 [3.53] 0.4609 [2.28]
Tercile 0.8038 [1.96] 6.9269 [2.18] 0.8729 [3.97] 0.6413 [2.66]
Quintile 1.0236 [2.37] 7.0312 [2.27] 1.1060 [3.96] 0.8222 [2.68]

ets. As predicted by our model, we find positive mean returns, high
Sharpe ratios, and positive alpha values relative to the factor mod-
els. The results improve when moving from median via tercile to
quintile portfolios (the only exception to this is the Sharpe ratio
of the quintile relative to tercile portfolios for the S&P 500). This
is reassuring evidence for that the model’s predictions are cor-
rect over an extended time period prior to the event: If the ob-
served returns prior to the event did not contain such expectations,
we should not see any significant returns or alpha values, while
Sharpe ratios should be at levels commonly observed for diversi-
fied stock portfolios. We note that the purpose of the pre-event
test is an ex ante assessment of whether or not our approach can
be expected to work for a particular election. The results reported
here are not indicative of what could have been achieved in prac-
tice for these events, as the pre-event test assumes that the sign of
daily changes in betting odds can be predicted without error and
does not consider transaction costs. We note that pre-event tests
along the lines suggested in this section could also be conducted
for strategies based on firm variables (Hill et al., 2019; Wagner et
al., 2018) to assess potential dependencies on such variables prior
to the event: If the market considers, e.g., foreign income to be an
important characteristic regarding the election effect, the returns
of quantile portfolios sorted based on this variable should covary
with changes in betting odds in the weeks and months prior to the
election.

4.3. Postevent return drift

Similar to Fisman and Zitzewitz (2019) and Wagner et al.
(2018a,b), Fig. 3 as well as Tables 2 and 3 show positive return
autocorrelation in the first few days after the event, which leads
to an inverse U-shaped pattern: The maximum long-short portfo-
lio returns for the S&P 500 are on the order of 4-5.9%. They are
reached four days after the election (see column (8) in Table 2).
For the FTSE 350, this short-term momentum effect is observable
as well. Long-short portfolio returns are much higher at around
25.7-34.9% and are reached after a holding period of 8 days (see
column (7) in Table 3). One-sided significance levels for these max-
imum returns are all below 1% for both events and for the t-test as
well as the bootstrap.

In light of this momentum effect, abnormal returns were also
achievable around both events for investors who formed long-short
portfolios on the day after the event, i.e. when the election out-
come was already publicly known. This effect has previously been
documented for larger stock universes including smaller stocks
as well (cf. Wagner et al. (2018a,b) for the US presidential elec-
tion and Fisman and Zitzewitz (2019) for both the US presiden-
tial election and the Brexit referendum). One possible explana-
tion is that markets needed some time to fully process all rele-
vant information after the event. Alternatively, there may be be-
havioral reasons for the initial underreaction, which then caused
a short-term momentum effect. Fisman and Zitzewitz (2019) and
Wagner et al. (2018b) analyze simple strategies which select long-
short portfolios on the first postevent day purely based on this
day’s returns, r; r,1. Due to the empirically observed postevent
return drift, these portfolios yield remarkable returns over 4-10
days. We use their approach as the basis for our analysis in this
section.

From the point of view of our model, the postevent return drift
means that it takes a couple of days until the election effect is
fully incorporated into the stock prices. An interesting question
is whether information from our approach, although it has been
designed to select stocks ex ante, could also have been used by
investors who wanted to exploit the postevent return drift. This
hope is justified as follows. When classifying stocks purely based
on r; 41, two types of stocks will be selected: (i) stocks that have
been affected by the event, but the effect has not been fully in-
corporated into the stock price on the first day after the event,
and (ii) stocks whose prices increased or decreased on this day
for other reasons. Double sorting on both first-day returns and the
stock sensitivities 6; estimated from our model should allow us
to distinguish between these two groups of stocks, which should
increase the returns achievable based on first-day returns alone.
Hence, an investor who wants to benefit from the postevent return
drift should buy only stocks that went up on the first postevent
day and have a high 6;, whereas he/she should shun stocks with
high returns but low 6; because these stocks’ high returns came
unexpectedly (from the point of view of our model) and are, thus,
most likely not election-related.
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Table 12

Value-weighted event-window returns for median portfolios double sorted according to the first postevent return (r; ;1) and 6; estimated from Eq. (2). Panel A shows the
results for the US presidential election, and Panel B shows those for the Brexit referendum. Columns (1)-(3) provide the value-weighted average first postevent return and
0;, as well as the index beta of the respective portfolios. Column (4) indicates the sum of the market caps of the companies in the respective portfolios in billion USD/GBP.
Column (5) provides the number of stocks in each portfolio. Columns (6)-(11) show cumulative portfolio returns rs; for various time windows (from s to t), where 7 is the
last point in time before information on the event outcome is revealed. The top part of each panel provides results for double-sorted median portfolios. Below, we show
the results for two types of long-short portfolios: first, long-short portfolios sorted only on r; ;.1 and, second, long-short portfolios sorted on both r; ;. and ;. [p-val]
depicts one-sided significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (S&P 500)

(1) (2) 3) (4) (5) (6) (7) (8) 9) (10) (11)
Portfolio It 41 0; Bi Size  No. of Stocks Tri1,742 Tz41,743 It41,744 Tri1,745 Tr457+10 I'7410,7+415
1 (Low r7741) 1 (Low #) -0.0123  -0.0249 0.89 5838 127 -0.0170 -0.0196 —0.0291 -0.0171 0.0170 0.0014
1 (Low r7741) 2 (High 6) -0.0101 0.0251 0.93 4651 126 -0.0097 -0.0065 —-0.0131 —0.0012 0.0199 0.0042
2 (High r7.41) 1 (Low 0) 0.0353  -0.0192 0.95 4900 126 0.0132 0.0055 0.0081 0.0116 0.0032 0.0000
2 (High ry111) 2 (High 6) 0.0408 0.0369 121 3784 126 0.0266 0.0298 0.0474 0.0502 0.0028 —0.0004
Long-Short (High-Low 7+ 1) 0.0490 0.0080 0.15 0.0328 0.0299 0.0472 0.0384 —0.0153 —0.0028
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.9985] [0.8627]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.9994] [0.8693]
Long-Short (High r; ;,1/High 6 - 0.0531 0.0618 0.32 0.0435 0.0494 0.0765 0.0672 —0.0142 —0.0018
Low 77 7.1/Low )
t-test [p-val] [0.0000] [0.0000]  [0.0000] [0.0000] [0.9726] [0.7246]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.9848] [0.7419]
Panel B (FTSE 350)
(1) (2) 3) (4) (5) (6) (7) (8) 9) (10) (11)
Portfolio Tr 41 0; Bi Size No. of Stocks Tri1,047 Tri1,748 Tri1,049 Tr41,7410 Tz410,7415 T't415,7420
1 (Low rr741) 1 (Low #) -0.2602 -0.1376 1.31 246 88 -0.1037 -0.1313 -0.1044 -0.0689 0.0632 0.0126
1 (Low r7741) 2 (High 6) -0.1996 -0.0184 1.09 311 88 -0.0457 -0.0675 -0.0418 —0.0182 0.0437 —0.0031
2 (High ryz11) 1 (Low #) -0.0226 —0.0214 0.93 587 88 0.0825 0.0744 0.0832 0.0898 0.0068 0.0244
2 (High rrr11) 2 (High 6) 0.0011 0.0552 0.97 950 87 0.0946 0.0890 0.0962 0.0995 0.0053 0.0038
Long-Short (High-Low r; ;,1) 0.2184 0.0970 -0.23 0.1613 0.1790 0.1606 0.1364 —0.0465 0.0078
t-test [p-val] [0.0000] [0.0000]  [0.0000] [0.0000] [1.0000] [0.1291]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.1233]
Long-Short (High r; ;,1/High 0 - 0.2613 0.1928 -0.34 0.1983 0.2202 0.2006 0.1684 —0.0579 —0.0088
Low 17 ;41/Low 6)
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.9997] [0.8929]
Bootstrap [p-val] [0.0000] [0.0000]  [0.0000] [0.0000] [1.0000] [0.8875]

The results for double-sorted quantile portfolios are shown
in Table 12, which also provides returns for long-short portfo-
lios sorted only on first-day returns for comparison. The results
in both panels confirm that double sorting on both first-day re-
turns and 6; leads to higher returns than sorting on first-day re-
turns alone, with an incremental effect attributable to the ad-
ditional sort on 6; of about 3 (4) percentage points for the US
(UK) data. For both cases, the maximum return still occurs for
the same time intervals as before, i.e. 4 (8) days after the event
for the US (UK) data. However, the two cases differ markedly
when comparing the returns of portfolios formed based on r; ;4
to those from sorting only on 6; (Tables 2 and 3): For the US
data, the maximum return achievable based on first-day returns
(double-/single-sorted, 7.65%/4.72%) is higher than for portfolios
formed based on 6; alone (3.98%). In contrast, for the UK data,
portfolios formed based on 6; alone (25.69%) outperform those
based on first-day returns with/without taking 6; into account
(22.02%/17.9%).

We conclude this part by noting that our model has neither
been designed to capture nor explain the postevent return drift.
The economic reasoning behind our approach, which aims at se-
lecting stocks before the event, applies to any political event as
long as its date and possible outcomes are known ex ante. In con-
trast, the postevent drift in returns, as documented for both the
US presidential election and the UK Brexit referendum, may or
may not persist in the future. The lack of a solid explanation for
this empirical observation means that strategies aiming at exploit-
ing the postevent return drift may or may not work for future
events.

5. Conclusion

In this paper, we have shown how to classify the cross-section
of stocks into expected winners and losers around political events
by combining event outcome probabilities from betting markets
(political prediction markets) with stock price data. Compared to
previous literature, our approach selects profitable portfolios prior
to the event from a large cross-section of stocks, without rely-
ing on firm-specific variables that may only be available for a
subset of these stocks. Instead, we use a simple and parsimo-
nious model which infers all required information directly from
stock prices and betting odds. Aside from forming portfolios de-
signed to benefit from a particular event outcome (“candidate bas-
kets”), the approach can also be used to measure the sensitiv-
ity of existing portfolios to the event outcome and to remove
any undesired corresponding exposure. Moreover, prior to polit-
ical events, the approach also provides the possibility to check
whether or not stock prices reflect any outcome-dependent return
expectations.

The approach has been applied to the constituents of major US
and UK stock indices, using data that were publicly available be-
fore the 2016 US presidential election and the 2016 Brexit referen-
dum. Long-short portfolios constructed according to this approach
show strong outperformance around the election date, which is
both economically and statistically significant. The stock sensitiv-
ities estimated from our model show low correlations to firm-
specific variables which have been used successfully in the pre-
vious literature analyzing these events. In both datasets, we find
postevent return drift, which has been documented previously for
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these events but is outside of the scope of our model. Using both information compared to both firm characteristics and first-day re-
regression approaches and double-sorted quantile portfolios, we turns.
show that stock sensitivities to betting odds contain incremental

Appendix A. Empirical distribution of 6;s from Eq. (2)
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Fig. A4. US presidential election (S&P 500): Empirical distribution of 505 ;s and their significance levels p(6;). The dashed vertical line indicates the mean.
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Fig. A.5. Brexit referendum (FTSE 350): Empirical distribution of 351 #;s and their significance levels p(6;). The dashed vertical line indicates the mean.

Table A1
Descriptive statistics for the cross-section of ;s and their respective p-values. Panel A: US pres-
idential election, Panel B: UK Brexit referendum.

Panel A (S&P 500)

Min q(25) Mean Median q(75) Max SD Skew Kurt

0 -0.20 -0.02 0.00 0.01 003 013 0.04 -048 1.88
po) 0.00 0.19 0.47 0.46 0.73 1.00 030 006 -1.29

Panel B (FTSE 350)

Min q(25) Mean  Median q(75) Max SD Skew Kurt

0 -037 -0.09 -0.04 —-0.04 0.02 039 0.09 0.02 2.32
p(o) 0.00 0.15 0.41 0.37 0.66 1.00 030 039 -1.07
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Table A.2
Number of p-values below standard significance levels. Panel A: US presi-
dential election, Panel B: UK Brexit referendum.

Panel A (S&P 500)

# of Stocks  # of p <=0.01 #0of p<=0.05 #of p<=0.1
1 505 10 43 78
Panel B (FTSE 350)

# of Stocks  # of p<=001 #of p<=0.05 # of p<=0.1
1 351 10 44 68

Appendix B. Potential endogeneity between index returns and
risk-neutral probabilities

In our model in Section 2, we assume that changes in risk-
neutral probabilities cause (part of the) changes in stock prices.
In principle, both might be simultaneously driven by market-
wide sentiment or economic conditions. Regarding the possible
causes of endogeneity, we conjecture that due to the small size of
the election-induced effect relative to total idiosyncratic volatility,

Table C.1
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single stock returns cannot influence betting odds, but the market
(proxied by the index) might potentially do so. In this section, we
check for a potential endogeneity between index returns and risk-
neutral probabilities.

In Eq. (2) in Section 2, we regress the stock returns on index
returns and changes in risk-neutral probabilities (restated here for
convenience):

(B.1)

As a robustness check, we regress changes in risk-neutral probabil-
ities on market returns:

Tie = 0 + BiTme + OiAQE + €.

(B.2)

The slope parameter y is not significantly different from zero. We
then plug the estimated residuals ég; from Eq. (B.2) into Eq. (B.1),
which obtains

Aqf =ORr+ VYImt + €Ry.

(B.3)

and check the difference between 6; and 0;, estimated from
Egs. (B.1) and (B.3). Results computed based on 6; and 6;, are sta-
tistically indistinguishable.

Tit = iz + Biolme + 026t + i

Appendix C. Robustness Check: Equally weighted Portolios

US presidential election: equally weighted event-window returns for quantile portfolios based on S&P 500 stocks, formed at time t (shortly before informa-
tion on the event outcome is revealed), according to 6; estimated from Eq. (2). The table shows the median portfolios (Panel A), tercile portfolios (Panel B),
and quintile portfolios (Panel C). Column (1) provides the equally weighted average of 6; for the respective portfolios, and column (2) provides the portfolio
B relative to the index. Column (3) shows the sum of the market caps of the companies in the respective portfolios in billion USD, and column (4) provides
the number of stocks in each portfolio. Columns (5)-(11) show cumulative portfolio returns rs; for various time windows (from s to t). Long-short portfolios
are formed by going long (short) on the highest (lowest) quantile portfolio. [p-val] depicts one-sided significance levels for a parametric two-sample t-test

and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Portfolio 0; Bi Size  No. of Stocks T4l Trz42 743 Trria Trrys  Trisc410 Tri10.0415
1 (Short) —0.0281 1.05 10,739 253 0.0077 0.0101 0.0050 0.0110 0.0201 0.0078 0.0010
2 (Long) 0.0361 1.13 8433 252 0.0173 0.0293 0.0340 0.0452 0.0511 0.0110 —0.0002
Long-Short 0.0642  0.08 0.0096 0.0192 0.0289 0.0342 0.0310 0.0032 —-0.0011
t-test [p-val] [0.0025] [0.0001] [0.0000] [0.0000] [0.0000] [0.1439] [0.7052]
Bootstrap [p-val] [0.0021] [0.0000] [0.0000] [0.0000] [0.0000] [0.1446] [0.7101]
Panel B (Tercile Portfolios)
Portfolio 91‘ ﬁi Size No. of Stocks T4 Trri2 Tt 743 Tt ri4 Tt r45 It457410 T7410,7+15
1 (Short) -0.0420 1.11 6831 169 0.0079 0.0115 0.0055 0.0145 0.0249 0.0073 -0.0019
2 0.0064 0.97 6727 168 0.0101 0.0155 0.0144 0.0169 0.0238 0.0111 0.0053
3 (Long) 0.0478 1.18 5614 168 0.0193 0.0322 0.0385 0.0529 0.0580 0.0098 —0.0022
Long-Short 0.0898  0.07 0.0114 0.0207 0.0330 0.0384 0.0332 0.0025 —0.0003
t-test [p-val] [0.0048] [0.0009] [0.0000] [0.0000] [0.0000] [0.2552] [0.5475]
Bootstrap [p-val] [0.0048] [0.0009] [0.0000] [0.0000] [0.0001] [0.2584] [0.5441]
Panel C (Quintile Portfolios)
Portfolio 0; Bi Size  No. of Stocks T4 42 Tz 43 Tz ri4 Trrys  Tras50410 Tr410,0415
1 (Short) —-0.0583 1.20 3835 101 0.0113 0.0156 0.0084 0.0213 0.0340 0.0054 —0.0056
2 -0.0135 0.96 4745 101 0.0039 0.0051 0.0016 0.0041 0.0095 0.0078 0.0056
3 0.0066  0.94 4276 101 0.0088 0.0133 0.0105 0.0121 0.0201 0.0137 0.0057
4 0.0234 1.12 3445 101 0.0208 0.0345 0.0434 0.0547 0.0611 0.0102 0.0011
5 (Long) 0.0617 1.22 2871 101 0.0174 0.0299 0.0334 0.0483 0.0531 0.0100 —0.0049
Long-Short 0.1200 0.02 0.0062 0.0143 0.0250 0.0270 0.0191 0.0046 0.0007
t-test [p-val] [0.1386] [0.0474] [0.0027] [0.0062]  [0.0331] [0.2110] [0.4325]
Bootstrap [p-val] [0.1356] [0.0469] [0.0025] [0.0055]  [0.0304] [0.2042] [0.4216]
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Table C.2

UK Brexit referendum: equally weighted event-window returns for quantile portfolios based on FTSE 350 stocks, formed at time t (shortly before informa-
tion on the event outcome is revealed), according to 6; estimated from Eq. (2). The table shows the median portfolios (Panel A), tercile portfolios (Panel B),
and quintile portfolios (Panel C). Column (1) provides the equally weighted average of 6; for the respective portfolios, and column (2) provides the portfolio
B relative to the index. Column (3) shows the sum of the market caps of the companies in the respective portfolios in billion GBP, and column (4) provides
the number of stocks in each portfolio. Columns (5)-(11) show cumulative portfolio returns rs; for various time windows (from s to t). Long-short portfolios
are formed by going long (short) on the highest (lowest) quantile portfolio. [p-val] depicts one-sided significance levels for a parametric two-sample t-test
and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Portfolio 0 Bi Size No. of Stocks Tz 41 Tro47 Tz r48 Trr49 I't.z4+10 Tz410,7+15 T'z415,7420
1 (Short) —0.1068 0.94 514 176 —0.1835 —0.1523 —0.1612 —0.1440 —0.1241 0.0477 0.0153
2 (Long) 0.0303 0.87 1581 175 —0.0817 —0.0105 —0.0120 —0.0015 0.0095 0.0266 0.0107
Long-Short 0.1372 —0.08 0.1018 0.1418 0.1492 0.1425 0.1337 —0.0211 —0.0046
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.8700]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.8651]

Panel B (Tercile Portfolios)

Portfolio 0; Bi Size No. of Stocks Tz 41 Trr47 Tt 748 Trr49 Trz410 Tt410.7+15 Tr415,7+420
1 (Short) —0.1326 0.97 307 117 -0.1977 —0.1686 —0.1787 —0.1619 —0.1407 0.0495 0.0173
2 —0.0382 0.85 604 117 -0.1379 —0.0931 —0.1002 —0.0847 —0.0698 0.0378 0.0094
3 (Long) 0.0554 0.89 1183 117 —0.0626 0.0169 0.0184 0.0277 0.0380 0.0244 0.0123
Long-Short 0.1879 —0.09 0.1351 0.1856 0.1971 0.1896 0.1787 —0.0250 —0.0050
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.8272]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [0.9999] [0.8335]

Panel C (Quintile Portfolios)

Portfolio 0 Bi Size No. of Stocks Ttr1 Tro47 Trr48 Trr49 Tt.r410 Tt110,7415 Tr415,1420
1 (Short) —0.1623 1.00 187 71 -0.2177 —0.1961 —0.2086 —0.1937 —0.1707 0.0573 0.0156
2 —0.0792 0.91 21 70 —0.1631 —0.1242 —0.1312 —0.1125 —0.0955 0.0404 0.0178
3 —0.0390 0.85 195 70 —0.1440 —0.1039 —0.1132 —0.0973 —0.0807 0.0381 0.0077
4 0.0067 0.69 890 70 —0.0900 —0.0237 —0.0221 —0.0125 —0.0028 0.0247 0.0192
5 (Long) 0.0833 1.07 611 70 —0.0477 0.0416 0.0427 0.0528 0.0638 0.0254 0.0048
Long-Short 0.2455 0.06 0.1700 0.2377 0.2513 0.2465 0.2345 —0.0319 —0.0108
t-test [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9781]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [1.0000] [0.9794]
Table C.3

US presidential election: event-window returns for quantile portfolios based on S&P 500 stocks, formed at time 7 (shortly before information on the
event outcome is revealed), according to 6; estimated from Eq. (2). The weights used for this table are proportional to the product of each stock’s market
capitalization and 6;. The table shows the median portfolios (Panel A), tercile portfolios (Panel B), and quintile portfolios (Panel C). Column (1) provides
the weighted average of 6; for the respective portfolios, and column (2) provides the portfolio S relative to the index. Column (3) shows the sum of the
market caps of the companies in the respective portfolios in billion USD, and column (4) provides the number of stocks in each portfolio. Columns (5)-
(11) show cumulative portfolio returns r, for various time windows (from s to t). Long-short portfolios are formed by going long (short) on the highest
(lowest) quantile portfolio. [p-val] depicts one-sided significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Portfolio 0; Bi Size  No. of Stocks | Tz142 Tr743 744 Tzrss  Tryszeto Tr4107415
1 (Short) —0.0475 1.03 10,739 253 0.0114 0.0091 0.0015 —0.0001 0.0111 0.0088 —0.0053
2 (Long) 0.0433 112 8433 252 0.0172 0.0281 0.0313 0.0404 0.0468 0.0100 0.0012
Long-Short 0.0908 0.09 0.0058 0.0189 0.0298 0.0405 0.0357 0.0012 0.0065
t-test [p-val] [01657] [0.0429] [0.0033] [0.0022] [0.0027] [04195]  [0.0518]
Bootstrap [p-val] [01639]  [0.0379] [0.0015] [0.0006]  [0.0011]  [03995]  [0.0354]

Panel B (Tercile Portfolios)

Portfolio 91’ /31' Size No. of Stocks Tz r41 Ter42 Tz143 Ter+4 Ttz45 Tey57410 Tr410,7415
1 (Short) —0.0503 1.05 6831 169 0.0117 0.0097 0.0019 0.0006 0.0122 0.0087 —0.0060
2 0.0086  0.89 6727 168 0.0085 0.0082 0.0074 0.0050 0.0134 0.0148 0.0048
3 (Long) 0.0478 115 5614 168 0.0184 0.0305 0.0340 0.0445 0.0503 0.0090 0.0008
Long-Short 0.0981 0.10 0.0067 0.0208 0.0322 0.0440 0.0381 0.0004 0.0068
t-test [p-val] [01518] [0.0435] [0.0040] [0.0026]  [0.0037]  [0.4750]  [0.0552]
Bootstrap [p-val] [01527]  [0.0349]  [0.0018] [0.0006]  [0.0014]  [0.4505]  [0.0458]

Panel C (Quintile Portfolios)

Portfolio 0; Bi Size  No. of Stocks Troit Trri2 Tro43 Trria Fress  TriSceto Tre10.7415
1 (Short) —~0.0588  1.09 3835 101 0.0135 0.0116 0.0032 0.0035 0.0154 0.0093  —0.0081
2 00173  0.90 4745 101 0.0056 0.0030 -0.0026 —0.0098  —0.0003 0.0057 0.0022
3 0.0087  0.89 4276 101 0.0060 0.0027 0.0012  —0.0028 0.0076 0.0214 0.0050
4 0.0265 106 3445 101 0.0134 0.0216 0.0315 0.0363 0.0449 0.0118 0.0019
5 (Long) 0.0575 118 2871 101 0.0209 0.0350 0.0350 0.0482 0.0526 0.0074 0.0004
Long-Short 01164  0.09 0.0074 0.0234 0.0318 0.0447 0.0372  —0.0019 0.0085
t-test [p-val] [0.2011]  [0.0781]  [0.0255]  [0.0157]  [0.0238]  [0.5918]  [0.0608]

Bootstrap [p-val] [01954]  [0.0715]  [0.0185]  [0.0082]  [0.0101]  [0.5700]  [0.0439]
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Table C.4

UK Brexit referendum: event-window returns for quantile portfolios based on FTSE 350 stocks, formed at time 7 (shortly before information on the event
outcome is revealed), according to 6; estimated from Eq. (2). The weights used for this table are proportional to the product of each stock’s market cap-
italization and 6;. The table shows the median portfolios (Panel A), tercile portfolios (Panel B), and quintile portfolios (Panel C). Column (1) provides the
weighted average of 6; for the respective portfolios, and column (2) provides the portfolio B relative to the index. Column (3) shows the sum of the market
caps of the companies in the respective portfolios in billion GBP, and column (4) provides the number of stocks in each portfolio. Columns (5)-(11) show cu-
mulative portfolio returns ry, for various time windows (from s to t). Long-short portfolios are formed by going long (short) on the highest (lowest) quantile
portfolio. [p-val] depicts one-sided significance levels for a parametric two-sample t-test and bootstrapping with 10,000 resamplings.

Panel A (Median Portfolios)

(1) (2) (3) (4) (5) (6) (7) (8) 9 (10) (11)
Portfolio 0; Bi Size  No. of Stocks Tz Trr47 Tz 748 Ir149 Trzi10 Te41071415  Tr415,7420
1 (Short) -0.1274 1.24 514 176 -0.2223 -0.1923 -0.2143 —0.1949 -0.1696 0.0551 0.0091
2 (Long) 0.1080 1.45 1581 175 —0.0269 0.0828 0.0816 0.0933 0.0997 0.0247 —0.0067
Long-Short 0.2353 0.21 0.1953 0.2751 0.2959 0.2882 0.2693 —0.0304 —0.0158
t-test [p-val] [0.0002]  [0.0000]  [0.0000] [0.0000]  [0.0000]  [0.9627]  [0.9642]
Bootstrap [p-val] [0.0000]  [0.0000]  [0.0000] [0.0000]  [0.0000]  [0.9684]  [0.9695]
Panel B (Tercile Portfolios)
Portfolio 0; Bi Size  No. of Stocks Irzi Ir147 Iro+8 Irc49 Trei10 Te41014+15  Te415,7420
1 (Short) -0.1479 1.28 307 117 -0.2367 -0.2145 -0.2362 -0.2159 -0.1891 0.0582 0.0107
2 —0.0481 1.08 604 117 -0.1521 —0.0921 -0.1112 —0.0963 —0.0783 0.0398 0.0059
3 (Long) 0.1179 149 1183 117  -0.0218 0.0910 0.0904 0.1022 0.1082 0.0246 —0.0081
Long-Short 0.2658 0.21 0.2149 0.3055 0.3266 0.3181 0.2973 —0.0336 -0.0188
t-test [p-val] [0.0011]  [0.0000] [0.0000] [0.0000]  [0.0000] [0.9522] [0.9716]
Bootstrap [p-val] [0.0000] [0.0000] [0.0000] [0.0000] [0.0000] [0.9610] [0.9791]
Panel C (Quintile Portfolios)
Portfolio 01‘ ﬂi Size No. of Stocks Tr 41 Trq7 Tt 48 Tt 49 Tz r410 Tr410,7415 Tz415,7420
1 (Short) —0.1691 1.37 187 71 —0.2541 -0.2391 —0.2650 —0.2443 -0.2160 0.0642 0.0063
2 —0.0785 1.03 211 70 —0.1806 -0.1308 -0.1475 -0.1299 -0.1102 0.0434 0.0131
3 —0.0453 113 195 70 -0.1675 -0.1149 -0.1315 —0.1146 -0.0919 0.0410 0.0098
4 0.0091 0.79 890 70 -0.0114 0.0807 0.0720 0.0807 0.0827 0.0045 0.0085
5 (Long) 0.1277 1.56 611 70 —-0.0239 0.0906 0.0910 0.1031 0.1096 0.0269 —0.0093
Long-Short 0.2968 0.20 0.2301 0.3297 0.3559 0.3474 0.3256 —0.0373 —0.0156
t-test [p-val] [0.0064]  [0.0003] [0.0005] [0.0003] [0.0001]  [0.9292]  [0.9109]
Bootstrap [p-val] [0.0000]  [0.0000] [0.0000]  [0.0000] [0.0000]  [0.9405]  [0.9172]
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