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Political Uncertainty: A High Frequency Approach

September 16, 2021

Abstract

In this paper we assess the impact of election uncertainty on financial markets

using the almost unique natural experiment provided by the 2020 US presidential

election. Overshadowed by the COVID-19 crisis and the corresponding changes in

election law and behavior – especially with respect to mail-in voting – the counting

process generated huge swings in the expected election outcome. All those were

purely driven by counting, i.e. after the voting process was finished, giving us the

rare opportunity to observe truly exogenous swings in election risk. We show that

election risk has a negative impact on economic expectations and that expectations

in favor of Trump did not correlate with the positive economic implications that

the literature has demonstrated for previous Republican candidates.
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1 Introduction

The past decade saw a surge in the interest in the effect of political uncertainty on

macroeconomic outcomes and financial markets. For the Western democracies, where

the political system itself is very stable and protected by numerous checks and balances,

political uncertainty primarily (but not exclusively) refers to election uncertainty. Cross

country studies often look at election outcomes to determine the level of uncertainty

previous to the election (see for example Julio and Yook (2012)), but the majority of

papers looking at the US aim to find measures that trace the dynamics of uncertainty

before the election by looking at election forecasts produced through polls (see e.g. Li

and Born (2006) and Kelly et al. (2016)) or prediction markets, i.e. betting (see. e.g.

Snowberg et al. (2007) and Goodell et al. (2020)). Betting on presidential election has a

long history in the US dating back to the 19th century (see Rhode and Strumpf (2004)) and

experienced a rennaissance in recent years through the Iowa Electronic Market with the

express purpose of serving as prediction tool. The theoretical benefits of using prediction

markets are obvious under an efficient markets assumption, and several empirical papers

have confirmed their usefulness as predictor (see e.g. Leigh and Wolfers (2006) for a

detailed discussion). However, even with good data on election risk, establishing causality

is not trivial as pointed out by Snowberg et al. (2007). While election uncertainty can

affect the economy, economic and financial conditions are known to be one of the main

drivers of election outcomes and thus election uncertainty. With both financial markets

and political sentiment moving very quickly, merely looking at Granger causality is not

a promising approach.

The 2020 US presidential election provides one of the rare natural experiments, where

we can observe exogenous variation of election risk at a high frequency. In a typical

election night, the predictions of the election result quickly gain precision, until the

president elect is known. Both, 2008 and 2012 the winner was announced before midnight
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on the East coast, i.e. within minutes after the last polls on the West Coast closed. Even

Trump’s 2016 win that was unexpected to many pollsters was known in the early morning

(2.47 a.m. ET) and election night predictions quickly pointed in that direction. The only

exception in recent history before 2020 was the election 2000, where Florida was contested.

However, even here there were no continuous changes in election risk, but it came down

to a single decision, namely the ruling of the supreme court whether or not a recount

would be conducted. That is, the situation – including election risk – was basically frozen

from election Tuesday to December, when the court ruled in favor of Bush. The situation

that came closes to the rollercoaster of 2020 was the 2004 election, but even there the

outcome was clear by the morning.

The 2020 election was overshadowed by the COVID-19 pandemic. With the Demo-

cratic Party massively endorsing mail-in voting to minimize public gathering and in-

creased contact, and incumbent Trump strongly opposing postal voting (to an extent

that he was accused of actively sabotating it), Democratic votes where massively overrep-

resented in mail-in ballots and correspondingly underrepresented in Election Day votes.

Since several of the large battleground states counted absentee ballots after the votes

from the polling states, Trump seemed to build a substantial lead over the original fa-

vorite Biden, only to see this lead melt away and eventually reverse when the mail-in

votes where counted.

Our paper is most closely related to Snowberg et al. (2007) who exploit similar but less

pronounced movements in the election night 2004 in particular around falsely reported

exit polls. The natural experiment of 2020 has some considerable advantages over the

situation of 2004. First, the uncertainty in 2020 prevailed much longer. Bush’s odds

in 2004 crossed the 90% threshold around 1 a.m. Wednesday morning, less then two

hours after the West coast polls closed. In 2020, it took until Thursday afternoon for

Biden’s odds to first exceed the same threshold. Second, the odds in 2020 are much
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more volatile. With the unprecedented attention this pivotal election received, gamblers

monitored the latest count data closely, responding to minute details. Contrarily, in 2004

there was essentially one quick downward movement in Bush’s odds, followed by a slow

but basically monotonic recovery. We build on the framework proposed by Snowberg et al.

(2007) and explicity distinguish election uncertainty – which we define as the variance

implied by the prediction – from the expectation itself. Finally, in the 16 years that have

passed between the 2004 and 2020 elections, the US faced an immense polarization of the

political spectrum. It is therefore far from self evident, that election risk has the same

implications it had in previous years, as the political differences between the parties (and

thus expected policies) became much more substantial.

2 Data and anectodal evidence

2.1 Betting and election risk

Election night started with Biden as the clear favorite with betting odds implying a 65%

to 70% probability to take the presidency. Between 8.30 and 10.00 p.m. ET it became

increasingly clear that Biden – contrary to initial expectations – failed to take Florida

from Trump. Thus, although Biden was building a sizable lead in terms of already secured

electoral college votes, his odds crashed to a mere 25%. Over the night, the Biden odds

fluctuated between 25 and 40% as more news came in, but only started their true recovery

on Wednesday morning, when it became clear that Biden has significant chances to take

Pennsylvania, Georgia, and Arizona. Figure 1 shows the development between Monday

night, i.e. the eve of election day, and early Saturday morning. While the big networks

were still reluctant to call the result, it was relatively clear by that time that Biden’s lead

was almost impossible for Trump to reverse and odds had stopped moving.

Our baseline sample starts at 0 a.m. ET of November 3rd 2020, i.e. election day to
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Figure 1: Betting odds implied of Joe Biden taking the presidency
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capture the complete episode of increased volatility described above. It seems unlikely

that voters responded in a meaningful order of magnitude to the ongoing uncertainty

during the election. At 9 p.m. ET the polls in Arizona – the most Western of the

battleground states – closed. While the first polls on the Eastern seaboard closed at

6 p.m., the first surprising results started coming in after 8 p.m., as described above,

giving people in Arizona less then an hour to respond. It seems almost impossible that

Arizonian democrats rallied in those final minutes to give their candidate a boost. While

polls in Alaska, California, Hawaii, Idaho, Oregon and Washington were still open after

9 p.m., none of those states was truly contested, but they went to the expected state

winner with clear margins of victory. That is, for those states we can almost completely

rule out any effect of the ongoing uncertainty in the major battleground states on the

outcome of the election. For complete poll closing times by state see Figure 2.

Although very unlikely due to those reasons, it is theoretically possible that voters did

respond to the uncertainty during the ongoing election. We therefore run a robustness

test where our sample starts at 9 p.m. ET, cutting off the first minor movements.

We look at the effects of two measures. First, – and similar to the previous literature

on election risk – we look at the probability that the incumbent is ousted, i.e. the

probability for a Biden win. Second, we look at the uncertainty of the election, i.e.

the standard deviation of the binomial distribution that is implied by those odds, i.e.

p(Biden)× (1− p(Biden)).

2.2 Financial market data

US stock market To assess, whether both election risk and election chances of Biden

are treated as good or bad news, we look at the S&P500. Correspondingly, to test how

financial risk is affected by the election, we look at the VIX. Since most of the interesting

dynamics of election risk happened in the night from Tuesday (Nov 3rd) to Wednesday
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Figure 2: Poll closing times by state
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(Nov 4th). This means, both the New York stock exchange – where (most) S&P500

companies are listed – and the Chicago Board Options Exchange – where the VIX is

computed – were closed during the most interesting times of our sample. Therefore,

rather than looking at spot prices, we look at short maturity futures. For the S&P500

futures this is relatively uncontroversial as we aim to measure expectations. However,

we are more interested in current than future risk expectations. What we exploit here,

essentially is that markets are typically not perfectly efficient, causing a comovement

between current rates and future rates, even when only current rates are directly affected

by an event.

2.3 Foreign exchange markets

Since his inauguration in January 2017, Trump alienated allies and rivals alike. To just

name the most prominent examples, his administration started a trade war against China

and – to a much lesser degree – the European Union, imposed sanctions against close

allies (including Germany and other European counties because of the Nord Stream-2 gas

pipeline from Russia), terminated and renegotiated NAFTA, and left the Paris Agreement

and the Joint Comprehensive Plan of Action to curtail Iran’s nuclear ambitions. So it

is unsurprising, that the 2020 election received huge international attention. However,

despite Trump’s aggressive demeanor, it is unclear whether Biden is actually preferable

for all the countries that Trump targeted. The most prominent example is probably

China, where there are major concerns that Biden – despite a more polite rhetoric –

might succeed where Trump failed and create a Western trade bloc.

To see, how international expectations responded to the turmoil during election night,

we look at the US dollar exchange rates of 9 countries including the remaining G7 as

major industrial nations (the Euro for France, Germany and Italy, the British pound, the

Japanese Yen and the Canadian Dollar) and the BRICS (Brazil, Russia, India, China,

8



and South Africa), i.e., the major emerging markets. The currencies of the G7 are traded

around the clock. However, this is not true for the BRICS (with the exception of the

South African Rand). Therefore, we look at futures for the Brazilean Real, the Chinese

Yuan, the Indian Rupee and the Russian Ruble due to the longer trading hours of the

futures markets.

3 Estimation

Our baseline model is a simple OLS regression

fint = β0 + β1electt + εt, (1)

where fin is one of our financial market indicators (VIX future, S&P500 future, or an

exchange rate) and elect is one of the two indicators on election risk, i.e. either the chances

of Biden’s election p(Biden) or the implied uncertainty p(Biden)× (1− p(Biden)).

While this simple approach has its advantages, stationary issues are inherent to betting

data. On the one hand, we are fully aware that the odds have to eventually converge to

0 or 1, and that – in this case – it has been predetermined whether they do the former or

the latter. From this perspective, betting data seems stationary in the sense of converging

to a preset value. On the other hand, if betting markets are efficient, any change in the

current odds actually reflects a change in expectations about the future for the entire

time series. In other words, the expected value for the remaining time until the race is

settled is described by the current odds. In that sense, every change in the odds reflects

a persistent change in expectations.

We therefore also run a simple autoregressive distributed lag model (ARDL) in the

spirit of Pesaran et al. (2001). Written in its error correction form (that gives us the

same interpretation for β1 as in Equation 1) this gives us:
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∆fint = α0 + α1(fint−1 − β1electt−1) + Φ(L)∆fint−1 +Ψ(L)∆electt + ut, (2)

where L denotes the lag polynomial.

Finally, we run both the simple OLS and the ARDL model with risk and election

chances included simultaneously.

4 Results

4.1 US financial markets

In the univariate models (see Table 1), Biden’s election chances significantly increase

the S&P while decreasing financial risk (measured through the VIX). While the effects

are quantiatively not huge, they are still meaningful with a 10% increase in Biden’s

chances to win the presidency corresponding to roughly 0.6 to 0.7 percentage points in

the stock market. This is remarkble insofar as the few previous literature typically found

a positive effect of the Republican candidate (Knight; 2006; Snowberg et al.; 2007), at

least when looking at the entire stock market rather than subsectors supported by a

specific candidates agenda.

The implied standard deviation of election outcomes, i.e. election risk, on the other

hand has the expected opposite effects. Higher uncertainty weighs down on the stock

market while at the same time increasing financial risk.

We do, however, have substantial multicollinearity problems. Sample is leading in

election chances for the vast majority of the sample, resulting in a clearly negative rela-

tionship between p(Biden) and p(Biden) × (1 − p(Biden)). Due to the extremely high

correlation between the two measures, it is unclear whether we truly measure two differ-
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ent effects – i.e. a Biden effect and a risk effect – or if we measure the same phenomenon

twice in slightly different ways.

Table 1: Univariate regression results

OLS ARDL
Model p(Biden) risk p(Biden) risk

SNP 0.071*** -0.212*** 0.064*** -0.199***
(34.948) (-52.139) (3.121) (-6.246)

VIX -0.093*** 0.279*** -0.066 0.227***
(-28.346) (39.099) (-1.605) (2.925)

CAD -0.022*** 0.054*** -0.021*** 0.051***
(-45.411) (35.906) (-5.747) (3.573)

EUR -0.027*** 0.076*** -0.027*** 0.081***
(-39.225) (47.222) (-2.055) (4.073)

GBP -0.018*** 0.055*** -0.022** 0.051*
(-20.388) (25.987) (-1.973) (1.735)

JPY -0.024*** 0.067*** -0.026*** 0.071***
(-40.779) (52.120) (-3.164) (5.134)

CNY -0.029*** 0.072*** -0.028*** 0.071***
(-67.225) (46.715) (-4.442) (2.860)

INR -0.018*** 0.045*** -0.020*** 0.052***
(-47.991) (39.014) (-4.104) (3.171)

RUB -0.048*** 0.145*** -0.036*** 0.117***
(-32.098) (46.114) (-2.180) (3.789)

SZA -0.043*** 0.128*** -0.115** 0.300***
(-14.749) (17.174) (-2.192) (2.597)

Note: ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10%, 5%, and 1% level respectively.
The rows denote different models with different dependent variables. Each cholumn is a
separately estimated univariate model with a (non reported) intercept.

A multivariate model can shed some light on that question 2). While our results

are qualitatively robust but quantitatively less pronounced when looking at the OLS

estimation, the Biden effect disappears in the ARDL model where only the risk effects

remains significant. That is, it seems more likely that what we seemingly positive effect of

Biden indeed is a negative effect of risk. At first glance, this seems economically unlikely,

as election risk in election night is typically excepted to be extremely shortlived; once the

votes are counted – which even in a tight election rarely takes more than a few days – the
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uncertainty dissipates. However, the 2020 election might have been different. President

Trump used the increased number of absentee ballots due to the COVID-19 pandemic to

delegitimize the election in the months leading up to November 3rd. It was, therefore,

very possible that a tight result – which is implicitly expected when election uncertainty

is high – would lead to a situation where the election would be decided in the courts

over several months following the election, effectively paralyzing the country. Unlike in

most election years, election night uncertainty implied the possibility for long lingering

political uncertainty.

Table 2: Bivariate regression results

OLS ARDL
Model p(Biden) risk p(Biden) risk

SNP 0.005 -0.200*** 0.002 -0.195 ***
(1.628) (-23.928) (0.071) (-2.954)

VIX -0.002 0.275*** 0.006 0.241
(-0.330) (18.690) (0.104) (1.557)

CAD -0.018*** 0.013*** -0.020** 0.005
(-17.902) (5.184) (-2.275) (0.206)

EUR -0.009*** 0.055*** 0.005 0.095 **
(-7.431) (17.256) (0.323) (2.289)

GBP 0.001 0.056*** -0.016 0.015
(0.345) (12.916) (-0.681) (0.242)

JPY -0.007*** 0.051*** -0.008 0.053 *
(-7.064) (19.953) (-0.721) (1.825)

CNY -0.023*** 0.019*** -0.017 0.035
(-26.837) (8.343) (-1.515) (1.198)

INR -0.014*** 0.014*** -0.013 0.020
(-17.935) (6.984) (-1.441) (0.860)

RUB -0.003 0.139*** -0.004 0.108
(-1.029) (21.499) (-0.175) (1.760)

SZA -0.004 0.119*** -0.025 0.241
(-0.653) (7.768) (-0.368) (1.291)

Note: ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10%, 5%, and 1% level respectively.
The rows denote different models with different dependent variables. Each cholumn is a
separately estimated univariate model with a (non reported) intercept.

Although the previous literature did not explicitly distinguish risk and election odds,
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it seems unlikely that their results are driven by misinterpreting the effect of risk (which

they do not account for) as effect of election odds of the eventual winner. Using daily

data over a longer period leading up to the election, Knight (2006) is able to distinguish

heterogeneous effects on different firms based on their expected benefit from the Bush

administration. This very strongly suggests, that he is indeed picking up the effect of

Bush’s election chances, rather than a statistical artifact created by the implied risk.

Thus, our results still indicate a substantial change. While market participants seemed

to view Bush as good news for the economy, this disappeared and possibly reversed in

the Trump vs. Biden race. At the same time, election risk had a robust effect on

economic expectations beyond the election date, possibly reflecting that markets expected

the uncertainty to remain.

4.2 International effects

Despite the international attention the election received, its impact on currency markets

was limited at best. While we find consistently significant effects in with both OLS and

ARDL in the single variable models, they are very homogenous across different currencies

with implied dollar depreciations around 0.2% to 0.3% for a 10% increase in Biden’s

election chances (or the corresponding change in risk). That is, what our regressions

identify seem to be a general depreciation of the USD, rather than specific countries

appreciating due to expectations to benefit from Biden. Like with the US financial

markets, we find the effect of risk to be far more robust than the effect of Biden’s election

odds.
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5 Conclusion

Exploiting one of the rare natural experiments, where we can observe truly exogenous

variation in political risk – or more precisely election risk – we find that increasing un-

certainty weights on future expectations for the economy both statistically significantly

and in an economically meaningful order of magnitude.

The positive effect of Republican candidates’ election chances on economic expecta-

tions that has been documented in the previous literature for the Bush era, has reversed or

at least disappeared for Trump. Instead, we observe strong effects of election uncertainty

which suggest that political uncertainty during election night is expected to persist.
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