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Abstract: In this paper we develop a well-established financial model to investigate whether bubbles
were present in opinion polls and betting markets prior to the UK’s vote on EU membership
on 23 June 2016. The importance of our contribution is threefold. Firstly, our continuous-time
model allows for irregularly spaced time series—a common feature of polling data. Secondly,
we build on qualitative comparisons that are often made between market cycles and voting patterns.
Thirdly, our approach is theoretically elegant. Thus, where bubbles are found we suggest a suitable
adjustment. We find evidence of bubbles in polling data. This suggests they systematically
over-estimate the proportion voting for remain. In contrast, bookmakers’ odds appear to show
none of this bubble-like over-confidence. However, implied probabilities from bookmakers’ odds
appear remarkably unresponsive to polling data that nonetheless indicates a close-fought vote.
Keywords: Brexit; bubbles; econophysics; over-confidence; politics; political modelling

1. Introduction
Following a referendum held on 23 June 2016 the UK voted in favour of leaving the EU by
a margin of 51.9–48.1%. Though there are suggestions that such euroscepticism had been increasing
in recent years (Tarran 2016) it was generally believed that there was popular British support for EU
membership. In many ways a vote for Brexit (“Britain exit”) in favour of Bremain (“Britain remain”)
was a shock result. Inter alia the final result ran counter to the available data on bookmakers’ odds
and opinion polls—though opinion polls did suggest a closely fought contest. There are therefore two
natural questions of interest. Firstly, to what extent could Brexit have been predicted? Secondly, were
pollsters and bookmakers over-confident1 or simply blind to some of the available evidence?
In this paper we restrict to publicly available information from opinion polls and bookmakers’
odds. Both are natural things to look at and both have been previously studied in the
literature (see, e.g., Ford et al. 2016; Erikson and Wleizen 2012). Amidst a mixed forecasting
record (Leigh and Wolfers 2006; Vaughan Williams and Reade 2016) it is important to recognise that
both data sources may have their limitations. The accuracy of polling has long been questioned
(see, e.g., Hyman 1944). Social pressures mean survey respondents often over-report their likelihood of
voting (Whiteley 2016). Relatedly, survey respondents may also be reluctant to admit their true voting
intentions to interviewers if they perceive that their choice is unpopular. In the UK this has led to the
phenomenon of the “shy Tory” with polls systematically under-estimating the true level of support for
the Conservative Party (Whiteley 2016). Similarly, in the United States the so-called Bradley Effect has
caused polls to over-estimate the level of support for non-white candidates (Payne 2010). Based on
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By over-confident we mean over-precise in their estimates of the underlying risks involved (see Section 3).
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the 2016 US presidential election other limitations to working with polling data include concern over
non-response rates—especially differential non-response—whereby voters fail to participate in polls
if they perceive that their side is performing badly. As is the case with opinion polls bookmakers’
odds may not faithfully reflect the true underlying probabilities. Shin (1993) proposed a theoretical
model based on the assumption that bookmakers quote odds that maximise their expected profit
in the presence of uninformed traders and a known proportion of insider traders. From a practical
perspective S̆trumbelj (2014) reports significant variations in the accuracy of bookmakers’ forecasts on
sports’ betting markets.
In view of the above we follow a complex systems approach to forecasting that has previously
proved very successful in finance (Sornette 2003). Complex systems offer a natural description of
the problem at hand and the difficult-to-foresee macroscopic or emergent properties that can result
from the interactions between the microscopic components of the system—here individual voters
(see below). Inter alia complex systems lie at the heart of a so-called wisdom of crowds effect in political
forecasting (Murr 2016). Further, the analogy between financial markets and elections is compelling.
Complex systems occur when a system is composed of many microscopic parts that interact with
each other. These interactions combine to generate surprising macroscopic or emergent properties that
typically display behaviour that is a lot richer than the behaviour of individual system components in
isolation. This feature underpins the modelling approach taken here. Complex systems have been
found in many different systems in both natural and social sciences (see, e.g., Sornette 2003, 2006).
Examples of complex social systems include financial and economic crashes, outbreaks of social unrest,
engineering structures and traffic systems (Sornette 2003). An alternative listing including applications
as diverse as politics, financial markets, popular music and fashion is given in Prechter (1999).
The analogy between bubbles and crashes in financial markets and political votes (elections and
referenda) is striking. Firstly, both events can clearly be categorised as complex systems problems.
A multitude of factors clearly influence the outcomes of both systems. Further, the behaviour of both
systems emerges as a result of the microscopic interactions between economic agents (financial markets)
and constituents/ voters (political systems). A powerful social element underpins both settings
(see, e.g., Kindelberger and Aliber 2005; Whiteley 2016). The effects can be dramatic and can be
extended to include psychological factors and herding (Prechter 1999). Beyond a purely qualitative
comparison attempts have been made to use the stock market, as a barometer of collective social
mood, to predict elections (Prechter et al. 2012). Further, economic models of voting patterns
are well established within the mainstream literature (see, e.g., Leigh and Wolfers 2006). As far
as Brexit is concerned one possible predictor might include the US Dollar-GBP currency pair
(Spence and Wallace 2016) or their associated derivatives markets (Clark and Amen 2017). (Similarly, it
is thought that fluctuations in the US Dollar-Mexican Peso currency pair may also have predictive
power for the recent US presidential election.) Here, we take a different approach. Using the theory of
financial bubbles (Fry 2012; Johansen et al. 2000) we test to see if bookmakers’ odds and opinion polls
systematically over-price the probability of a remain vote in the EU referendum.
The contribution of our paper is as follows. Based on the theory of financial bubbles we develop
a model for over-confidence in opinion polls and betting odds. Here, over-confidence manifests
itself in the sense that, collectively, market participants are over-precise in their assessments of the
underlying price risk (see Section 3). Our approach copes well with known features of polling
data such as irregularly-spaced time series. Further, the elegance of our approach is such we can
easily make adjustments for the size of the distortion found. Moreover, our model is also easier to
apply in practice than other economic and financial models of voting behaviour (see Section 2). It is
found that both opinion polls and bookmakers’ odds under-estimate the probability of a Brexit vote.
Making an adjustment for over-confidence our out-of-sample forecast is a vote for Brexit by a margin of
50.6–49.4%. Even without this adjustment raw opinion poll data suggests a very close vote—something
Bookmakers’ odds appear almost blind to.
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The layout of this paper is as follows. Section 2 discusses related literature. Section 3 discusses the
probability model used. Section 4 analyses empirical data from opinion polls and bookmakers’ odds
on the eve on the Brexit vote. Section 5 concludes and discusses the possibilities for further research.
A separate empirical application to polling data from the 2014 Scottish Independence Referendum is
discussed in an Appendix at the end of the paper.
2. Related Literature
2.1. Political Modelling
There are three core themes in the political modelling literature that our paper contributes
to. These are the comparison of data from betting and prediction markets with opinion poll data,
forecasting political events using opinion poll data and the use of economic and financial models—an
issue of particular significance given the modelling approaches adopted in Sections 3 and 4.
There is a long history of betting and prediction markets for political events (see, e.g., Rhode
and Strumpf 2004). The use of prediction markets is now a whole subject in its own right with novel
predictions being made in areas as diverse as Movie box-office receipts, Movie Oscar winners, the
timing of scientific and technological breakthroughs, football World Cup matches, Formula One races
and market research (Kou and Sobel 2004). As far as politics is concerned Kou and Sobel (2004) provide
theoretical justification that prediction markets should out-perform polls if polls are included in the
information set of market participants. Rothschild (Rothschild 2009) finds that de-biased prediction
markets out-perform de-biased polls. Betting markets also have the advantage that publicly-known
events can be immediately incorporated into market prices but may take several days to be incorporated
into polls. It is widely believed that betting markets should produce better forecasts than opinion
polls. In Leigh and Wolfers (2006) it is suggested that prediction markets may produce less volatile
forecasts than opinion polls. Similarly, Vaughan Williams and Reade (2016) report that prediction
markets provide more precise forecasts than opinion polls. Berg et al. (2008) find that prediction
markets out-perform polls—especially over the longer term.
Beyond the comparison with betting markets using polling data to make political forecasts is of
fundamental importance in its own right. Theoretical advantages of betting markets are predicated on
the assumption, which may or may not hold in the real world, that polling data is actively studied by
market participants (Kou and Sobel 2004). There are even occasions when opinion polls marginally
out-perform prediction markets (Erikson and Wleizen 2012). In Erikson and Wleizen (2008) de-biased
opinion polls out-perform raw prediction markets. In recent applications Fisher (2016) uses data
from opinion polls coupled with individual constituency level information to forecast the 2015 British
general election. In a similar vein Ford et al. (Ford et al. 2016) develop a hierarchical model to predict
the 2015 British general election using data from opinion polls. However, it is important to note that in
both cases there is some discrepancy between the forecasts made and the observed electoral results.
Though the links between politics and the wider economy is much discussed by commentators
and academics alike (see, e.g., Herron et al. 1999) economic models of voting behaviour appear to be
relatively under-explored (Leigh and Wolfers 2006). Important limitations include the complexity of
economic models and the availability of data—especially at higher frequencies. The economic literature
includes work on the political partisanship of election winners and economic conditions (Alesina
and Roubini 1992), political business cycle theories whereby incumbent politicians manipulate the
economy to maximise their prospects of re-election (Rogoff 1990) and the relationship between stock
prices and the expected outcomes of national elections (Herron et al. 1999). Leigh and Wolfers (2006)
use economic data on unemployment, inflation, GDP growth, wage growth and wars to try and predict
the results of Australian elections.
Beyond economic models of voting behaviour several works hint at close connections between
political systems and financial markets. This serves as direct motivation for the modelling approaches
undertaken in Sections 3 and 4. Lewis-Beck et al. (2016) use a combination of polling data and economic
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models to predict the 2015 British general election. Lewis-Beck et al. (Lewis-Beck et al. 2016) also refer
to the importance of leader image in elections—an observation that brings to mind Keynes’ famous
“beauty contest” description of stock market investment together with other self-fulfilling prophecies
and behavioural factors that may affect financial markets (see, e.g., Sornette 2003). In Herron et al. (1999)
the prices of defence and pharmaceutical stocks are shown to vary according to prediction-market-based
measures of presidential candidates’ standing—with the electoral results in question having clear
implications for firms in both sectors. On a related theme Oehler et al. (2017) find evidence of relatively
low levels of abnormal stock returns following the Brexit referendum with firms which have a higher
degree of internationalisation being less severely affected. In Prechter et al. (2012) the stock market
is identified as having more influence upon presidential re-election outcomes than other economic
variables such as GDP, inflation and employment. Similarly, in Prechter (1999) heavy defeats and large
victories for the incumbent president are associated with major bear and bull markets respectively.
2.2. Bubbles and Crashes in Financial Markets
Kindelberger and Aliber (2005) describe bubbles as a sharp rise in asset prices - with the initial rise
generating expectations of further rises and attracting new buyers. This influx of new investors may
be one of the key features of bubbles hidden behind the mass panic and manias (Zeira 1997). These
new investors are generally speculators interested in profiting from trading in the asset rather than the
asset’s use or earning capacity. Excessive public expectations of future price rises thus cause prices to
be temporarily elevated (Shiller 2005). These temporary price rises can neither be justified by changes
in fundamentals nor by the asset’s anticipated cash flow. During such bubble episodes assets may
be increasingly viewed as a purely tradable commodity that can be sold for profit (Kindelberger and
Aliber 2005). A common misconception is that bubbles necessarily imply irrationality on the part of
investors. However, rational expectations models were introduced by Blanchard and Watson (1982) to
account for the possibility that asset prices may deviate from fundamental levels without assuming
mass irrationality on the part of market participants. In Johansen et al. (2000) a representative investor is
compensated for bearing the risk of a crash by the potential for large rewards. In alternative treatments
of this model this is accompanied by a collective market over-confidence (see, e.g., Fry 2012).
Identifying bubbles in asset prices is challenging and the literature has yet to reach a consensus
(see, e.g., Gürkaynak 2008). Protagonists of bubbles assume that prices were equal to fundamental
values historically before a period of rapid growth. Opponents argue that observed prices may
have been too low and that increasing prices may simply represent an adjustment to long-term
equilibrium values. Whilst this view of bubbles—as a temporary increase above long-term fundamental
values—makes a lot of sense there has been some debate regarding econometric mis-specifications
of models for bubbles in the literature. Diba and Grossman (Diba and Grossman 1988) suggest that
if stock prices and dividends are cointegrated—i.e., that there is a long term relationship between
stock prices and dividends—then there is no evidence of a bubble. However, periodically collapsing
bubbles cannot be detected by these standard tests (Evans 1991; Fama and French 1988). Periodically
collapsing bubbles are of particular interest here (see below). In addition to theoretical models of
bubble formation (see, e.g., Fry 2012; Johansen et al. 2000) empirical results show that in the long-run
prices tend to converge to estimates of fundamental value (see, e.g., Hott and Monnin 2008). However,
observed prices may nonetheless deviate from estimates of fundamental value for prolonged periods
of time—hence Keynes’ celebrated adage that the “market can remain irrational longer than you can
remain solvent”.
Another common misconception is that periodically collapsing bubbles will not leave a statistical
trace and so cannot be identified (Summers 1986) or may only be identifiable after the event
(Hendershott et al. 2003). However, this is flatly contradicted by empirical evidence of bubbles
across a diverse range of asset classes (see, e.g., Sornette 2003). Further, out-of-sample prediction of
these methods is impressive (Zhou and Sornette 2006) and may out-perform those using standard
methods (Sornette 2003). It is this potential for out-of-sample forecasting that is of particular
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interest here. The success of these models lies in the fact that, as discussed above, bubbles and
crashes are fundamentally driven by the expectations of market participants. Empirical studies
show that it is extremely difficult to directly map this process to economic fundamentals—hence
the need for a mathematical analysis below. Moreover, bubbles occur at a time when assets may be
increasingly viewed as a purely tradable commodity (Kindelberger and Aliber 2005) further distorting
the relationship between prices and economic fundamentals. As an illustration Hoffman et al. (2012)
state that in the lead up to the recent crisis US house prices appear to diverge from values suggested
by economic fundamentals from 2005 onwards. Evidence suggests that super-exponential bubbles
may thus occur as asset prices become increasingly loosely connected to economic fundamentals
(Harras and Sornette 2011; Hüsler et al. 2013).
3. The Probability Model
Let Qt denote the subjective probability of event A at time t. In a political context A might
represent the probability that the UK as a whole votes for remain in the EU referendum (betting odds)
or the probability that a randomly chosen constituent votes for remain in the EU referendum (opinion
polls). Thus, following forecasting approaches previously adopted in the literature (see, e.g., Leigh
and Wolfers 2006; Vaughan Williams and Reade 2016), the below framework can apply, at least on a
phenomenological basis, to both sources of data. However, the link between opinion poll data and
eventual referendum outcomes is complicated. It is important to recognise that voting proportions
in referenda do not refer directly to outcome probabilities unless the estimated proportion voting is
exactly one half. By way of illustration suppose that the proportion voting for remain has a Beta(α, β)
distribution. In this case we have that
E[Proportion voting for remain]

=

Pr [Remain vote]

=

α
,
α+β

(1)

Z 1 α −1
x
(1 − x ) β −1
0.5

Be(α, β)

dx.

(2)

Equations (1) and (2) are both equal to 1/2 precisely when α = β.
Following classical works by the Italian probabilist Bruno de Finetti the subjective probability
Qt can be thought of as representing the price of a wager at time t that pays $1 if event A occurs
and 0 otherwise (see, e.g., Lad 1996). Symmetrically, it follows that 1 − Qt is the price of a wager
that pays $1 if event Ac occurs and 0 otherwise. Hence, it follows that Qt /(1 − Qt ) represents the
price of the original wager expressed in units of the price of the bet that event Ac occurs. Thus,
the odds ratio Qt /(1 − Qt ) can be interpreted as representing the price of a financial asset. This
allows us to make an explicit link to a suite of speculative bubble models that have previously been
developed (see, e.g., Fry 2012). This is significant for three reasons. Firstly, a continuous-time model,
as developed here, can account for the irregularly spaced time series commonly found in polling data.
Secondly, this approach also builds on the analogy between financial markets and systems. Thirdly,
this formulation also appears related to classical logistic regression models for probability modelling
(see, e.g., Bingham and Fry 2010, Chp. 7).
We proceed by developing a rational bubble model in Fry (2012). Rational bubbles were first
developed in Blanchard and Watson (1982) to account for the possibility that bubbles can occur
without the need for mass irrationality. For an overview of bubbles and their empirical detection see
Gürkaynak (2008). Let Pt = Qt /(1 − Qt ) denote the price of an asset at time t and let Xt = ln Pt .
Following Johansen et al. (2000) our starting point is the equation
P(t) = P1 (t)(1 − κ ) j(t) ,
where P1 (t) satisfies

(3)
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h
i
dP1 (t) = µ(t) + σ2 (t)/2 P1 (t)dt + σ (t) P1 (t)dWt ,

(4)

where Wt is a Wiener process and j(t) is a jump process satisfying
(
j(t) =

0 before the crash
1 after the crash.

(5)

When a crash occurs κ% is automatically wiped off the value of the asset. Prior to a crash
P(t) = P1 (t) and it follows from Itô’s formula that Xt = ln( P(t)) satisfies
dXt = µ(t)dt + σ (t)dWt − vdj(t),

(6)

where v = − ln[(1 − κ )] > 0 from Equation (3). Equation (6) shows us how the bubble will impact
upon observed prices. Suppose that a crash has not occurred by time t. In this case we have that
E[ j(t + ∆) − j(t)]

= ∆h(t) + o (∆),

(7)

Var[ j(t + ∆) − j(t)]

= ∆h(t) + o (∆),

(8)

where h(t) is the hazard rate.
Assumption 1 (Asymptotically zero tracking error). The intrinsic rate of return is assumed constant and
equal to µ, where µ = 0:
E[ Xt+∆ − Xt | Xt ] = µ∆ + o (∆).

(9)

Equation (9) is an assumption and is linked to a common condition of rationality in betting
markets—see, e.g., Equation (1) in Gandar et al. (Gandar et al. 1988). An asymptotically zero
conditional forecast error of the log-odds ratio is thus a necessary condition of rational expectations.
This differs slightly from formulations of the model for more general financial markets with µ 6= 0
(see, e.g., Fry 2012). This reflects the fact that conditions of information efficiency are different
for betting markets compared to other financial markets (see, e.g., Vaughan Williams 1999). From
Assumption 1 Equations (6), (7) and (9) give
µ = µ(t) − vh(t); µ(t) = vh(t),

(10)

since µ is assumed to be equal to zero from Equation (9). In view of the above we note that if one
state price exhibits a bubble, the opposite effect must also apply to the other state price. For ease of
exposition we have used a speculative bubble model (v > 0 in Equation (6)) to test the proposition
that the probability of a Bremain vote was over-valued. Equivalently, the model can be re-formulated
(with v < 0 in Equation (6)) as a negative bubble model (Fry and Cheah 2016; Yan et al. 2012) to test
the proposition that the probability of a Brexit vote was systematically under-priced. Equation (10)
shows the rate of return must increase in order to compensate a representative investor for the risk of a
crash. However, bubbles also impact upon the volatility (see below).
Assumption 2 (Intrinsic Level of Risk). The intrinsic level of risk is assumed constant and equal to σ2 :
Var[ Xt+∆ − Xt | Xt ] = σ2 ∆ + o (∆).

(11)

Risks 2017, 5, 37

7 of 15

For a bubble to develop a rapid growth in prices alone is not enough. The perceived price risk
must also diminish—since markets fundamentally work by balancing risk and return. Similarly,
from Assumption 2 Equations (6), (8) and (11) give
σ 2 ( t ) + v2 h ( t ) = σ 2 ;

σ 2 ( t ) = σ 2 − v2 h ( t ).

(12)

During a bubble a representative investor is compensated for the crash risk by an increased rate of
return µ(t). This is accompanied by a decrease in the volatility function σ2 (t) – a result which though
counter-intuitive actually represents market over-confidence (Fry 2012). In particular, collectively,
the market is excessively precise in its assessment of the underlying price risk (Moore and Healy 2008).
Over-confidence is a theme that is widely explored in the psychology literature. Beyond financial
bubbles over-confidence has variously been associated with the outbreak of wars (Johnson 2004),
corporate investment failures (Malmendier and Tate 2005) and organisational failures across a variety
of different contexts (Chernov and Sornette 2016). Here, it is significant that such a simply constructed
model is nonetheless able to highlight the importance of over-confidence even though over-confidence
is a multi-facetted subject in its own right—see, e.g., Moore and Healy (Moore and Healy 2008) for a
fuller treatment.
Specification of the hazard rate thus completes the model. Here, we assume that with probability p
the time of jump j(t) satisfies j(t)∼U (0, T ) and with probability 1 − p no such jump occurs. This mirrors
the construction of heavy-tailed queueing models in Maillart et al. (2011) as well as sharing qualitative
features of related models in Zeira (1997) and Fry (2015). In this case it follows that
h(t) =

f (t)
p/T
p
=
=
,
1 − F (t)
1 − pt/T
T − tp

(13)

where f (·) denotes the probability density function and F (·) denotes the Cumulative Distribution
Function (CDF). However, the key difference between Equation (13) and a related model in Fry (2015)
is that here T is assumed known as it corresponds to the known date of the election or referendum in
question. Define
H (t) =

Z t
0


h(u)du = ln

T
T − tp


.

(14)

Under a bubble with v > 0 it follows from Equations (6), (10) and (12) that


Xt ∼ N X0 + vH (t), σ2 t − v2 H (t) .

(15)

Following a related formulation in Cheah and Fry (2015) in the absence of a bubble (v = 0) we
can define the following estimate of the fundamental value:
PF (t) := E( P(t)) = P(0)e

σ2 t
2

.

(16)

Similarly, during a bubble define


PB (t) := E( P(t)) = PF (t)e

2

v− v2



H (t)



= PF (t)

T
T − tp

 v − v2
2

,

(17)

where the final equality follows from the form given by Equation (14). If we use data up to and
including time T − 1 where T denotes the time of the poll (in days) then Equations (16) and (17)

Risks 2017, 5, 37

8 of 15

suggest the following estimate of the speculative bubble component defined as the “average distance”
between fundamental and bubble prices:
1
1−
T−1

Z T −1
PF (t)

PB (t)

0

dt =

1
1−
T−1

= 1+

T

Z T −1 
0

T
T − tp

v2 − v
2

 v2 − v
2

v2

dt

[(1 − p) T + p]v− 2 +1 − T


.
2
p( T − 1) v − v2 + 1

(18)

Equation (18) thus enables us to gauge the economic significance of the bubble and the size of the
effect (as distinct from the narrower issue of statistical significance).
4. Empirical Analysis and Data
In this section we fit the probability model discussed in Section 3 to data from opinion polls
(Section 4.1) and betting odds (Section 4.2). In both cases we thus use a rational bubble model based
on the theory of complex systems (Sornette 2003). The implications are twofold. Firstly, as in financial
markets, aggregate system-level effects can occur as an unintended consequence of the interactions
between individual participants. Secondly, useful information can be distilled from the secondary
data available.
The reasons for our analysis are as follows. For opinion polls bubble effects may present
themselves due to the combined effects of social pressure and media reporting (see Section 1).
These temporary distortions may disappear at the point of voting – hence the analysis here. In a similar
vein bookmakers’ odds are known to be a useful, albeit imperfect, predictor of the likelihood of certain
events occurring. If bookmakers’ prices can be distorted then it is also possible that this data may
exhibit bubbles.
4.1. Opinion Polls
Opinion poll data is sources from the National Centre for Social Research. A plot of opinion
poll data—with the “don’t know” responses removed—is shown below in Figure 12 . Some volatility
is apparent in this data, though generally the proportion in favour of remain is greater than 0.5.
However, the simple linear time trend shown suggests that support for Bremain is decreasing over
time. Additional analysis (not reported) shows neither a clear relationship between polling data and
the FTSE 100 stock index nor between polling data and the GBP/Euro currency pair.
We can test for the presence or absence of a bubble by using a likelihood ratio test to test the
null hypothesis of no bubble (H0 : v = 0) against the alternative hypothesis of a speculative bubble
(H1 : v > 0). From Equations (6), (10), (12) and (14) it follows that the log-returns Xt+∆ − Xt are
N (µt , σt2 ) where

µt = v ln

2

T−t
T−t−∆



; σt2 = σ2 ∆ − v2 ln



T−t
T−t−∆


.

(19)

The average number of ‘’don’t know” responses in the opinion polls studied here is 15% (standard deviation 0.35%).
Omitting “don’t know” responses follows the standard way in which opinion poll data has been used to make political
forecasts in the literature (see, e.g., Leigh and Wolfers 2006). Further, the closeness of the final vote coupled with empirical
evidence from general survey modelling (Little 1988) and other political modelling work (Rubin et al. 1995) suggests that
this approach should lead to reasonable results in practice. Non-ignorable missing data models for political polls have been
considered in related problems (Rubin et al. 1995). However, this would require additional modelling assumptions that in
practice would be difficult justify and would be unlikely to lead to significant improvements (see, e.g., Rubin et al. 1995).
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A likelihood ratio test gives evidence of a speculative bubble in Opinion Polls (χ2 = 13.5763,
p = 0.0002). Following helpful suggestions from an anonymous referee Table 1 shows that
rolling-window estimates suggest evidence of a bubble in Opinion Polls from January 2016 onwards.
Equation (18) gives a value of 0.0994 with an associated 95% Confidence Interval of (0.0403,
0.1556). This suggests that for the opinion polls’ data the odds ratio for the proportion voting for
remain is about 10% over-valued. Thus, given this apparent over-pricing, an estimate for the true
proportion who will vote for remain in the Brexit referendum can be obtained by setting
q
=
1−q




Qt
(1 − 0.0994) = 0.9744; q = 0.4935.
1 − Qt

(20)

0.55
0.50
0.45

Proportion in favour of remain

0.60

0.65

The 95% Confidence Interval associated with Equation (20) is (0.4770, 0.5090). The prediction in
Equation (20) is close to the final voting figure of 48.1% for remain and is suggestive of a narrow win
for Brexit. Based on the above a simple normal approximation suggests a 78.7% chance of a Brexit
vote. For comparison, this prediction also out-performs the predictions given by the simple linear
regression line shown in Figure 1. The prediction of the simple linear regression model is a vote for
Bremain: Estimate 0.5081, 95% Prediction Interval (0.4484–0.5678). A separate empirical application of
our model to polling data for the 2014 Scottish Independence Referendum is given in the Appendix A.

2015.8

2016.0

2016.2

2016.4

Time

Figure 1. Proportion in favour of Bremain: results of opinion polls with “don’t know” responses
removed together with the fit of a simple linear time trend model. (Source: National Centre for
Social Research.)
Table 1. Likelihood ratio test for the presence or absence of a speculative bubble: rolling window estimates.
Dates

χ2

p-Value

September 2015–January 2016
September 2015–Feburary 2016
September 2015–March 2016
September 2015–April 2016
September 2015–May 2016
September 2015–June 2016

7.2002
14.0192
12.0572
9.4774
20.4255
13.5763

0.0072
0.0002
0.0005
0.0021
0.0000
0.0002
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4.2. Betting Odds

75
70
60

65

Probability of Remain

80

85

We obtain betting odds from 28 of the UK’s major bookmakers using data obtained from the
website www.oddschecker.co.uk. Following Spence (2016) the odds are converted into implied
probabilities using basic normalisation (S̆trumbelj 2014). These probabilities are then averaged out
across the 28 major bookmakers listed to obtain an overall estimate of the probability of a vote in
favour of Bremain. A plot of the probability for a vote in favour of remain obtained from bookmakers’
odds is shown below in Figure 2. Though some apparently cyclical behaviour is apparent much more
noteworthy is the fact that these probabilities of a remain vote seem to be much higher than might be
anticipated on the basis of the polling data in Figure 1. In contrast, it seems that bookmakers’ odds are
more closely associated with the price of FTSE 100 stock index with fluctuations in the bookmakers’
estimated probability of a remain vote accounting for over 10% of the variation in the price of the FTSE
100 stock index over the period in question (see Figure 3).
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Figure 2. Plot of bookmakers’ implied probability of a remain vote in the EU referendum from 11 May
2015–23 June 2016. (Source: www.oddschecker.com.)
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Figure 3. Plot of FTSE 100 stock index against bookmakers’ implied probability of a remain vote in
the EU referendum from 11 May 2015–23 June 2016 together with a fitted regression line (R2 = 0.1068,
p = 0.0000). (Sources: www.oddschecker.com and www.google.com/finance.)
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Bookmakers’ odds paint a very different picture of Brexit than do opinion polls. No evidence of
a bubble is found (χ2 = 0.9218, p = 0.337). It seems that the competitive payoff structure in betting
markets (or even the very existence of such markets) may preclude the formation of bubbles (see, e.g.,
Vaughan Williams and Reade 2016). Regression results shown below in Table 2 are suggestive of a
possible boomakers’ blind spot: their odds do not seem to have been adequately updated in the light
of closeness of the final vote that opinion polls suggest. Note that this observation contradicts one of
the key assumptions in the theoretical modelling of voting behaviour in Kou and Sobel (2004). Further,
this also may be linked to the so-called bias blind spot which is the cognitive bias of recognising bias in
the judgement of others whilst failing to see the impact of biases upon one’s own judgement (see, e.g.,
Pronin et al. 2002). These results also reflect mixed findings in the literature when bookmakers’ odds
and opinion polls have previously been used to make political predictions (see, e.g., Leigh and Wolfers
2006; Vaughan Williams and Reade 2016) amidst theoretical and practical considerations that may
limit the effectiveness of bookmakers’ odds as a forecasting tool (see, e.g., Shin 1993; S̆trumbelj 2014).
Table 2. Regression of bookmaker probability of remain Bt against opinion poll proportion Ot and
Ot−1 at times t and t − 1 respectively.
Parameter

Estimate
(t-Value)

Estimate
(t-Value)

Constant

69.8372 ***
(10.885)

70.277 ***
(11.028)

Ot

−0.8938
(−0.067)

Ot −1

13.169
(−0.147)

5. Conclusions and Further Work
The analogy between financial markets and political systems is very rich - with animal spirits,
psychology and herding highly prevalent in both systems (see, e.g., Prechter 1999). Amid the on-going
challenge of political prediction (see, e.g., Fisher and Lewis-Beck 2016) referendum polling is known to be
highly volatile as the participants lack the tribal loyalties associated with regular elections (Tarran 2016).
Here, we make an explicit quantitative link between financial bubbles and political votes. In so doing we
find that opinion polls systematically over-price the probability of a remain vote in the EU referendum.
Correcting for this bias our model predicts a narrow vote for Brexit by a margin of 50.6–49.4%.
Though imperfect as a forecasting tool their competitive payoff structure may preclude the
existence of bubbles in betting markets (Vaughan Williams and Reade 2016). Thus, we find no evidence
of a bubble in the betting odds investigated here. However, analysis of the data reveals a bookmakers’
blind spot—with the quoted odds seemingly impervious to polling that indicated a close result
(data that nonetheless under-estimated the probability of a vote for Brexit).
The advantages of our approach include theoretical elegance, relative simplicity and ease of use
in applications coupled with an ability to account for the irregularly spaced time series commonly
found in polling data. Additional work will look at other political applications. These, and related,
political prediction problems remain a subject of key academic interest (see, e.g., Fisher 2016; Fisher
and Lewis-Beck 2016). Indications are that our model also gives a very reasonable prediction for the
2014 Scottish Independence Referendum (see the Appendix A). Further, the parallels between the
EU referendum and the recent US presidential election appear striking. Our model may be used to
make more precise forecasts whenever there is a suspicion of systematic bias in polling results due to
the Bradley effect and related phenomena. For the EU Referendum it is relatively easy to see how a
Bradley effect over-estimates the probability of a remain vote. However, in other settings it may be
harder to determine in advance the way in which such a Bradley effect may materialise and this may
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be a limitation in future work. Future work will analyse spread betting markets where the information
processing and underlying market mechanisms are undeniably more complex. Future work will also
examine the application of related methods to the issues of risk, failure and lack of foresight in other
complex social systems—see, e.g., Chernov and Sornette (2016).
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Appendix A. The 2014 Scottish Independence Referendum
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In this section we consider an additional empirical application to the 2014 Scottish Independence
Referendum. Polling data are obtained from the non-partisan website whatscotlandthings.org. A plot
of the proportion in favour of Scottish independence (“don’t know” responses removed) is shown
below in Figure A1 and shows a dramatic increase over time. It is therefore natural to ask if this growth
over time constitutes a speculative bubble.
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Figure A1. Proportion in favour of Scottish Independence: results of opinion polls with “don’t know”
responses removed. Data from 1 February 2013–17 September 2014 (Source: http://whatscotlandthinks.org.)

A likelihood ratio test gives a clear indication of the presence of a speculative bubble: χ2 =
30.82994, p = 0.0000. Equation (18) gives a value of 0.1309 with an associated 95% Confidence Interval
of (0.0624, 0.1994). This suggests that for these opinion polls the odds ratio for the proportion voting for
Scottish Independence is about 13% over-valued. Given this apparent over-pricing, together with the
dramatic increase over time, a more reasonable estimate for the proportion who will vote for Scottish
Independence can be obtained by setting,
q
=
1−q



Q T −1
1 − Q T −1



(1 − 0.1309) = 0.7707; q = 0.4353.

(A1)

where T − 1 denotes the day before the Scottish Referendum vote takes place. A 95% Confidence
Interval corresponding to Equation (A1) is given by (0.4152, 0.4540). A corresponding simple normal
approximation suggests a vote in favour of Scottish Independence is highly unlikely. These predictions
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match well with a final vote against Scottish independence in the referendum by a margin of 55.3–44.7%.
In summary, the suggestion is that in the 2014 Scottish Independence Referendum opinion polls contain
a speculative bubble component that exaggerates the likelihood of a vote in favour of independence.
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