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The Short-Term Impact of Economic Uncertainty
on Motor Vehicle Collisions

Abstract
Stress and anxiety lead to attention loss and sleep deprivation and may reduce driving
performance, increasing the risk of motor vehicle collision. We used evidence from a natural
experiment to examine whether daily changes in economic uncertainty, potentially leading to
attention or sleep loss, are associated with collisions in Great Britain. Daily data from the
economic policy uncertainty index, derived from analysis of daily UK newspapers, were linked
to the daily number of motor vehicle collisions in Great Britain over the period 2005-2015,
obtained from the Department for Transport. Exploiting daily variations in economic
uncertainty, we used a GARCH approach to model daily rates of motor vehicle collisions as a
function of economic uncertainty, controlling for month and day of the week, monthly
unemployment rates and weekly unleaded petrol prices. A spike in the daily economic
uncertainty index was associated with an immediate increase in the number of motor vehicle
collisions. Results were robust to various sensitivity analyses. Overall, daily increases in
economic uncertainty are associated with short-term spikes in motor vehicle collisions.
Preventive and traffic control measures may need to increase during periods of economic
uncertainty.
Keywords: Traffic collisions; psychological stress; distracted driving; automobile driving;
economics
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1. Introduction
Motor vehicle collisions have risen to the top ten causes of death and are the leading
cause of death at ages 15-29 years globally, with 1.25 million fatalities occurring every year
[1]. In Great Britain, there has been a downward trend in collisions over the last years, with the
number of those involving injury decreasing by 30% from 2005 (198,735 collisions) to 2015
(140,056 collisions) (Figure 1). Similarly, the number of fatal collisions decreased by 45% over
the same period, from 2,913 (3,201 fatalities) in 2005 to 1,616 (1,730 fatalities) in 2015 [2-3].
While much discussion focuses on road traffic control and safety standards, little is known
about how the social and economic environment might influence the short-term risk of motor
vehicle collisions.
There are humans behind the wheel (at least for the time being), and their mistakes,
misjudgements or traffic violations can lead to collisions. Cognitive distraction, which refers
to thoughts that absorb the driver’s attention and compromise their ability to drive safely, are
believed to be a major cause of collisions [4-5]. Factors linked to cognitive distraction and that
can lead to collisions include stress and anxiety [5-8], anger and frustration [9-12] and sleep
deprivation [5,13-17]. Such factors can be more common in the presence of economic problems
[18-19]. Furthermore, stressful situations may lead to increased alcohol drinking [20-21],
which constitutes a major collision risk factor [5,22-23].
Economic uncertainty has recently reached very high levels compared to the past. Since
the Global Financial Crisis of 2008, economic policy uncertainty has averaged about twice the
level observed over the last 23 years [24]. While several studies have shown that deaths from
collision decline during economic downturns [25-30], few studies have examined whether
daily fluctuations in economic uncertainty can be a source of stress and distraction that can
lead to temporary increases in the risk of collision. Existing evidence, however, suggests a
potential causal link. For example, a recent study showed that the number of motor vehicle
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collisions increased during the first and second day following the announcement of austerity
measures in Greece, before returning to previous levels [31]. Thinking about money and
income inequality can also reduce social cohesion [32] and prompt individuals to think more
selfishly [33]. Consequently, drivers worried about finances in periods of economic uncertainty
may demonstrate less regard for pedestrians and other vehicles on the road.
[INSERT FIGURE 1 ABOUT HERE]

This paper examines the impact of daily changes in economic uncertainty on the rates
of collisions in Great Britain. Using a quasi-experimental design, we exploit daily changes in
a novel measure of economic uncertainty, the daily UK Economic Policy Uncertainty Index
[34]. While there is a general downward trend in collisions in the UK, we examine whether
increased uncertainty can lead to any short-term deviations (spikes) from this general trend. To
our knowledge, this is the first study documenting how changes in economic uncertainty
influence the risk of collision.

2. Methods
Data
We used the daily number of motor vehicle collisions in Great Britain (England,
Scotland, Wales), over the 2005-2015 period, obtained from ‘Road Safety Data’, which are
published by the UK Department for Transport [2]. The data include collisions on public roads
that involved injury and were reported to police (data exclude damage-only collisions). To
capture economic uncertainty, we used the Economic Policy Uncertainty Index, as constructed
and published by Economic Policy Uncertainty [34]. This daily index is compiled based on
terms included in UK newspapers daily, based on digital archives of the Access World News
NewsBank service covering over 650 UK newspapers, ranging from large national to small
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local newspapers across the UK. Such reports in the media capture or affect people’s
expectations on what lies ahead in terms of their finances, thus making them stressed (if the
news is bad or involves uncertainty) or distracting them (regardless of whether the reports are
positive or negative). For a detailed description of how the data are collected and the index
compiled, see Baker et al (2016) [35] and Economic Policy Uncertainty [34]. Monthly
unemployment rates for the same period were obtained from the Office for National Statistics
[36], because of the evidence on the impact of unemployment and recessions on collisions [2530]. Weekly unleaded petrol prices were provided by the Department for Business, Energy and
Industrial Strategy [37]. We control for petrol prices because higher prices may affect total
traffic volume by making people drive less due to higher costs. This can have two opposite
effects on the collisions. On one hand, fewer cars on the road means fewer cars at risk of
crashing; on the other hand, this might mean less congested streets and an opportunity to speed,
thus increasing the chances of collision.

Analytical approach
We used econometric methods to estimate how daily changes in economic uncertainty
relate to daily changes in collisions. An ordinary least squares (OLS) approach was initially
selected to examine the relationship between economic uncertainty and collisions. However,
autocorrelation can often pose problems with daily series of data. This was confirmed by the
Durbin-Watson test [Durbin-Watson statistic = 0.95], and the correlogram of residuals
presented in Figure A1 in the Online Appendix. In addition, an ARCH-LM test indicates the
presence of ARCH effects [F= 353; p=0.000]. Adding lags to the OLS model may help address
autocorrelation problems, but ARCH effects persisted [F=9.492; p=0.000]. In order to address
autocorrelation and ARCH effects, we also followed a GARCH (Generalized Autoregressive
Conditional Heteroscedasticity) approach (also including lags of the dependent variable),
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developed by Bollerslev [38], who extended the model of Engel [39]. The GARCH(1,1) is
deemed the preferable (and most parsimonious) such model [38, 40]. Before employing the
GARCH approach, we checked whether our series are stationary. Indeed, the Augmented
Dickey-Fuller test indicates that the collisions series is stationary [Z=-31.088; p=0.000]. In
order to determine the most appropriate number of lags of the dependent variable, we followed
the Schwarz and the Akaike criteria. These are both minimised when considering a GARCH
model with 7 lags [Akaike criterion = -1.4205; Schwarz criterion = -1.3545], suggesting that
this model provides the best fit. We experimented adding further lags which are were, however,
not statistically significant. The Durbin-Watson statistic is 1.9, which indicates that in our
GARCH model there is no first order autocorrelation. The correlogram (Figure A2 in the online
Appendix) also shows that we have solved the autocorrelation problems. Performing an
Engel’s ARCH-LM test on the new model shows ARCH effects have also been resolved[F=
0.532; p=0.811].

The OLS model specification is presented in Equation (1):
ln𝑀𝑉𝐶& = 𝛽) + 𝛽+ ln𝑢𝑛𝑐𝑒𝑟𝑡& + 𝛽2 ln𝑝𝑒𝑡𝑟𝑜𝑙𝜑 + 𝛽7 𝑢𝑛𝑒𝑚𝑝𝑙9 + 𝛽: 𝐷𝑆𝑇𝑠𝑝𝑟𝑖𝑛𝑔& + 𝛽A 𝐷𝑆𝑇𝑎𝑢𝑡𝑢𝑚𝑛&
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Adding lags of the dependent variable to the OLS model gives us the following model
(Equation (2)):
7
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Similarly, the GARCH(1,1) specification is as follows (Equation 3):
K
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The variance equation is presented is Equation (4):
2
2
𝜎&2 = 𝛾 + 𝑎𝜀&Z+
+ 𝛽𝜎&Z+

(4)

The dependent variable lnMVC is the natural logarithm of the daily number of motor vehicle
collisions in Great Britain (England, Scotland, Wales). The main explanatory variable,
lnuncertainy, is the natural logarithm of the UK daily economic policy uncertainty index. In
addition to unemployment rates and petrol prices, we control for daylight saving time shifts in
spring (DSTspring) and autumn (DSTautumn). A dummy variable takes the value of one seven
days following the time change, as some previous studies suggest that there may be a change
in the number of collisions due to changes in sleep or different light conditions [41-42]. Day
of the week dummies are included, as different driving patterns occur per day, e.g., on
weekends there are fewer people commuting to work but more people going out. Month
dummies are included due to the different weather conditions and commuting patterns that may
apply on average, depending on the time of the year. Year dummies account for any changes
in the overall number of collisions, as the number of collisions in Britain varies between years
(Figure 1). Subscript t denotes day. Subscripts φ and ξ in Equation 1 denote day and week,
respectively. The same holds for subscripts a, δ and ζ, θ in Equations 2 and 3. Equation 4 shows
the conditional variance (σ2) as a function of a constant term (γ), information on the previous
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period’s volatility – captured by the lag of the square of the error term of Equation 3 (ε2t-1); and
the previous period’s variance (σ2t-1).
We also included models using the previous day’s level of uncertainty (a one-day lag) as an
explanatory variable, because one day’s reported uncertainty might affect people not only the
same day, but also the day after, as well as subsequent days [31]. For the same reason, we also
used a moving average of daily uncertainty in alternative models to smooth out the average
effects of uncertainty over a few days.

3. Results
The uncertainty index varied considerably over the study period, fluctuating from zero to 1,236
(Table 1). Collisions also varied considerably, ranging from 118 in the lowest day to 882 in the
highest day. Figure 2 illustrates the large day-to-day fluctuations and spikes in uncertainty from
2005 to 2015.

[INSERT TABLE 1 ABOUT HERE]
[INSERT TABLE 2 ABOUT HERE]
[INSERT FIGURE 2 ABOUT HERE]

Results of the OLS model are presented in columns (1) and (2) in Table 2. Estimates indicate
that an increase in uncertainty by 1% leads to a significant increase in the number of collisions
by 0.01% [coefficient 0.01; 95% CI 0.005 – 0.015]. The unemployment rate has a negative
sign [coeff. -0.019; 95% CI -0.041 – 0.003] suggesting that a one-point increase in
unemployment is associated with a decrease in collisions by 1.9%. Petrol prices were not
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associated with collisions [coeff. -0.014; 95% CI -0.182 – 0.153]. We also find a negative effect
of daylight saving time in spring [coeff. -0.044; 95% CI -0.078 - -0.010]. We explored potential
lagged effect of economic uncertainty on collisions by re-estimating the model using the
previous day’s level of uncertainty (a one-day lag) as an explanatory variable. Results are
reported in columns (3) and (4) in Table 2. Again, the coefficient of lagged uncertainty is
positive [coeff. 0.006; 95% CI 0.003 – 0.010].
However, as discussed in the methods section, autocorrelation [dw-stat=0.9;
correlogram presented in Figure A1 in the Online Appendix] and ARCH effects [F= 353;
p=0.000] are present in the OLS model. Adding lags to the OLS model led to the same results
(a positive impact of uncertainty on collisions). This specification may have helped address
autocorrelation problems, but ARCH effects persisted [F=9.492; p=0.000]. We therefore
employed a GARCH(1,1) model. The series is stationary (augmented Dickey-Fuller test t-stat
= -5.34; p=0.000), allowing us to follow this approach. Seven lags of the dependent variable
were included, as guided by the Akaike and Schwarz criteria [-1.4205 and -1.3545,
respectively], and the fact that from the eighth lag onwards, the lags became statistically
insignificant.
Results of the main GARCH(1,1) model are presented in columns 1 and 2 in Table 3.
The coefficient of uncertainty is positive and statistically significant [coeff. 0.008; 95% CI
0.007-0.009], indicating a positive relationship between uncertainty and collisions, confirming
the results of the OLS model. A 1% increase in uncertainty is associated with a 0.008% increase
in collisions. All the lags of the dependent variable included in the model are positive and
statistically significant, apart from lag 5. The previous day’s uncertainty does not have a
statistically significant effect on collisions in the specifications presented in columns 3 and 4
in Table 2, which might be a result of the inclusion of lags of the dependent variable.
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The Durbin-Watson statistic is 1.9, which indicates that there is no first order
autocorrelation. According to the correlogram (Figure A2 in the online Appendix), we have
addressed all autocorrelation problems. Performing an Engel’s ARCH-LM test on the new
model shows that the GARCH approach has also resolved ARCH effects (F= 0.532; p=0.811).

[INSERT TABLE 3 ABOUT HERE]

Once again using a GARCH(1,1) model, we considered the effect of uncertainty on
non-fatal and fatal collisions separately (Tables A1 and A2, respectively in the online
Appendix), and find a positive relationship in both cases [Non-fatal collisions: coeff. 0.008;
95% CI 0.008-0.009. Fatal collisions: coeff. 0.043; 95% CI 0.012-0.074]. Results for non-fatal
collisions are very close to those for all collisions, given that non-fatal collisions account for
the vast majority of the total number of collisions (437.6 out of 443.3 on average per day).

Sensitivity analyses
In supplementary models, we smoothed out uncertainty, compiling a moving average
of the last few days of uncertainty as a robustness check. Results of the GARCH(1,1) model
are reported in Table A3 (Online Appendix). The coefficients of the moving average of
previous days’ uncertainty has a positive effect on the total number of collisions in all cases.
When taking a 3-day average, the coefficient is 0.017 [95% CI: 0.007 – 0.026], and when taking
a 6-day average the coefficient is 0.014 [95% CI: 0.003-0.025].
We also implemented models adjusting for population and traffic volume. Such data
are not available at the daily level: Population estimates are provided annually, and traffic
volume is reported quarterly. However, we did run two additional sets of regressions, dividing
the number of collisions by the average daily traffic volume (as calculated based on quarterly
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volume); and the population (as reported annually). Once again, there is a strong positive effect
of uncertainty on collisions using a GARCH model (results reported in Tables A4 and A5 in
the online Appendix).
In sensitivity analyses, we also estimated additive models using the levels of collisions
and uncertainty rather than logarithms, as the latter imply a multiplicative association. Results
of these GARCH models are qualitatively similar to the main model and hold the same
interpretation, demonstrating a positive and statistically significant effect of uncertainty on
collisions (Table A6 in the Appendix).

4. Discussion
This study examined the impact of economic uncertainty on motor vehicle collisions,
using evidence from a natural experiment in Britain. We found that a daily increase in
economic uncertainty is associated with a short-term spike in the number of motor vehicle
collisions. Our findings suggest that uncertainty may distract drivers or disrupt their sleep
cycle, thus increasing the risk of collision. Consistent with previous studies [25-30], we also
find that unemployment is negatively correlated with collisions, and that there is a decrease in
collisions after a switch to daylight saving time. The latter may be a result of more light in the
evening, when people are driving home after work, that may compensate for the hour of sleep
lost. Findings relate to Britain, but may be relevant to other countries, given that some degree
of economic uncertainty can occur at varying intensity daily in any country.
In, Britain there has been a general downward trend in collisions over the past decade
(Figure 1). In addition, several studies suggest that an increase in unemployment rates is
associated with a decline in road traffic deaths [25-30]. Our results do not contradict these
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previous findings, as we focus on daily deviations from this general trend, and we study
uncertainty (rather than downturns), controlling for unemployment.
We show that an increase in uncertainty by 1 percent leads to an increase in collisions
by 0.008-0.010 percent. This implies that a doubling of the uncertainty index leads to almost
one additional collision per day; or that an increase by one standard deviation from the mean
leads to 0.5-0.6 additional collisions per day. The magnitude may seem small, but it is
important to consider that the uncertainty index fluctuates between zero and 1,236 over the
study period, and it has a mean of 272 and a standard deviation of 159. This implies that
uncertainty fluctuates considerably, leading to multi-fold increases in collisions, as illustrated
in Figure 2. For example, an increase in the index by 500% in a short period of time is not
unusual, which would lead to an additional 4 to 5 collisions per day.
While our study is among the first to link short-term fluctuations in economic
uncertainty to motor vehicle collisions, our findings are consistent with previous evidence that
stressful periods lead to increased collisions. For example, it has been shown that a significant
number of collision-related deaths and injuries a year can be attributed to stress due to divorce
[43], and that the risk of collision is higher six months before and six months after filing for
divorce [44]. Other risk factors identified include attending a funeral or having a family fight
in the previous 24 hours [5], and the hospitalisation of a partner [43].
There are several potential explanations for the increase in motor vehicle collisions
associated with uncertainty. First, cognitive distraction due to economic uncertainty may
render drivers less capable of considering safety when navigating through the road environment
[4]. Recent evidence from Australia suggests that most collisions can be attributed to drivers’
inattention, with distraction (including task related or unrelated thoughts or just thinking in
general) being one of the major contributors [5]. The authors suggest that most forms of
inattention or distraction are preventable. Stress and anxiety, which are major risk factors for
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dangerous driving [5-8], may also explain this effect. In addition, previous research suggests
that drivers who feel anger and frustration, emotions often triggered by economic uncertainty,
are more likely to be involved in a collision [9-12]. Furthermore, stressful situations may lead
to increased alcohol drinking [20-21], a major collision risk factor for collisions [5,22-23].
Another explanation involves sleep deprivation, which may increase during periods of
uncertainty and has been shown to negatively impact on decision making [13] and increase risk
of collision [5,14-15]. For example, it has been shown that driving while being awake for 1719 hours is equivalent to driving with a blood alcohol concentration of 0.05% [17]. Sleep
deprivation might also lead to drivers getting up late and consequently rushing to get to their
destination on time, thus increasing the likelihood of a collision.
Our models using a moving average of uncertainty suggest that the effect of economic
uncertainty might fade away over time but still last for several days. There are plausible
explanations for this lasting effect. First, uncertainty may impact individual’s concentration for
more than a day. Second, as observed in Figure 2, the uncertainty index often comes in ‘clouds’,
which means that uncertainty in one day is likely to be accompanied by uncertainty on
neighbouring days, allowing these neighbouring days to have a similar effect.

Study limitations
Some limitations should be considered in our study. First, the daily aggregate nature of
the data does not allow us to control for individual characteristics such as age, gender, weather
conditions and the role of alcohol. In addition, only collisions involving injury or death are
included in the data provided by the Department for Transport, meaning that we cannot
investigate collisions involving no injury. There was a small number of fatal collisions daily in
Britain (5.7 as opposed to 437.6 which involve injury but not death), and we were therefore
underpowered to examine impact on fatal collisions in detail. Therefore, results on fatal
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collisions should be interpreted with caution. Finally, we only had data on economic
uncertainty at the national level, and we therefore cannot rule out that other factors that varied
at the national level and for which we do not control for could have biased our results. However,
we believe it is unlikely that other confounding factors would have varied along daily
fluctuations in economic uncertainty as measured through newspapers.

5. Conclusion
Our findings suggest that economic uncertainty is an important risk factor for motor
vehicle collisions, one of the top-10 reasons of death globally. Collisions represent a high
burden to both the National Health Service but also pose a social, emotional and mental health
burden due to injury, disability, need for carers and loss of loved ones. Existing prevention
campaigns encourage people not to drive when they drink or when they feel tired or sleepy.
Similarly, authorities could reach out to people and inform them about the dangers of driving
when distracted or stressed, while increased traffic control on days with higher economic
uncertainty may help reduce motor vehicle collisions.
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TABLES
Table 1 – Summary Statistics
Variable

Mean

Std. Dev.

Min

Max

Uncertainty index

272.177

158.96

0

1236.11

All collisions

443.279

98.80

118

822

Non-fatal collisions

437.554

97.83

112

812

Fatal collisions

5.725
112.557

2.97
18.09

0
78.93

20
142.17

Unemployment rate

6.552

1.25

4.70

8.5

DST spring (dummy)

0.019

0.14

0

1

DST autumn (dummy)

0.019

0.14

0

1

Unleaded price (in pence)

Great Britain, 2005-2015

Table 2 - Regression results, OLS model: All collisions
Dependent variable: Natural logarithm of total number of road traffic collisions
(1)

(2)

Same day's uncertainty
ln(uncertainty)

0.010***

0.010***

[0.005 - 0.015]

[0.005 - 0.016]

1-day lag of ln(uncertainy)
Ln (petrol prices)
unemployment rate
Daylight-Saving-Time spring
Daylight-Saving-Time autumn

(3)

(4)

Previous day's uncertainty

0.006***

0.006***

[0.003 - 0.010]

[0.003 - 0.010]

-0.014

-0.02

[-0.182 - 0.153]

[-0.196 - 0.155]

-0.019*

-0.019

[-0.041 - 0.003]

[-0.041 - 0.004]

-0.044**

-0.044**

[-0.078 - -0.010]

[-0.077 - -0.010]

-0.001

-0.001

[-0.022 - 0.020]

[-0.022 - 0.020]

Day of week dummies

yes

yes

yes

yes

Month dummies

yes

yes

yes

yes

Year dummies

yes

yes

yes

yes

6.166***

6.322***

6.185***

6.366***

[6.129 - 6.203]

[5.608 - 7.035]

[6.153 - 6.217]

[5.623 - 7.108]

Observations

4,017

4,017

4,016

4,016

R-squared

0.605

0.606

0.597

0.598

F statistic

244.8

216.2

246.3

217.5

Constant

Great Britain, 2005-2015
Robust 95% confidence intervals in brackets
*** p<0.01, ** p<0.05, * p<0.1
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Table 3 – Regression results, GARCH(1,1) model: All collisions
Dependent variable: ln(count) Natural logarithm of total number of road traffic collisions
(1)
(2)
Same day's uncertainty
1-day lag of ln(count)
2-day lag of ln(count)
3-day lag of ln(count)
4-day lag of ln(count)
5-day lag of ln(count)
6-day lag of ln(count)
7-day lag of ln(count)
ln(uncertainty)

(3)

(4)

Previous day's uncertainty

0.329***

0.327***

0.316***

0.314***

[0.297 - 0.362]

[0.294 - 0.360]

[0.282 - 0.350]

[0.280 - 0.348]

0.076***

0.075***

0.071***

0.070***

[0.039 - 0.113]

[0.038 - 0.112]

[0.032 - 0.109]

[0.031 - 0.108]

0.091***

0.091***

0.085***

0.085***

[0.057 - 0.126]

[0.057 - 0.126]

[0.048 - 0.121]

[0.048 - 0.121]

0.047***

0.048***

0.042**

0.043**

[0.012 - 0.082]

[0.013 - 0.083]

[0.006 - 0.078]

[0.008 - 0.079]

-0.010

-0.009

-0.009

-0.009

[-0.046 - 0.027]

[-0.046 - 0.027]

[-0.047 - 0.029]

[-0.047 - 0.029]

0.044**

0.044**

0.041**

0.041**

[0.009 - 0.079]

[0.008 - 0.079]

[0.005 - 0.077]

[0.005 - 0.077]

0.079***

0.080***

0.079***

0.080***

[0.045 - 0.112]

[0.046 - 0.114]

[0.045 - 0.114]

[0.046 - 0.115]

0.008***

0.008***

0.001

0.001

[0.007 - 0.009]

[0.007 - 0.009]

[-0.001 - 0.002]

[-0.001 - 0.002]

Ln (petrol prices)
unemployment rate
Daylight-Saving-Time spring
Daylight-Saving-Time autumn

0.019

0.009

[-0.056 - 0.094]

[-0.058 - 0.075]

-0.005

-0.004

[-0.019 - 0.008]

[-0.017 - 0.009]

-0.036***

-0.034***

[-0.059 - -0.012]

[-0.057 - -0.011]

0.012

0.013

[-0.019 - 0.042]

[-0.017 - 0.042]

Day of week dummies

yes

yes

yes

yes

Month dummies

yes

yes

yes

yes

Year dummies

yes

yes

yes

yes

1.897***

1.862***

1.998***

2.004***

[1.621 - 2.173]

[1.383 - 2.341]

[1.704 - 2.291]

[1.545 - 2.462]

Observations

4,010

4,010

4,010

4,010

chi2

12099

12138

13233

13274

Constant

Variance Equation
resid(-1)^2
GARCH(-1)
Constant

0.068***

0.069***

0.077***

0.078***

[0.055 - 0.081]

[0.056 - 0.082]

[0.064 - 0.091]

[0.064 - 0.092]

0.905***

0.905***

0.904***

0.904***

[0.888 - 0.923]

[0.887 - 0.923]

[0.889 - 0.920]

[0.888 - 0.919]

0.000***

0.000***

0.000***

0.000***

[0.000 - 0.001]

[0.000 - 0.001]

[0.000 - 0.000]

[0.000 - 0.000]

Great Britain, 2005-2015. ci in brackets. *** p<0.01, ** p<0.05, * p<0.1
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FIGURES

Figure 1 – Annual number of collisions (total, non-fatal and fatal), Great Britain, 2005-2015

Source: The authors, from Road Safety Data, Department for Transport, 2017

20

Figure 2 – Daily Economic Policy Uncertainty Index, United Kingdom, 2005-2015

Source: The authors, from data provided from “Measuring Economic Policy Uncertainty”, 2016, by Scott R.
Baker, Nicholas Bloom and Steven J. Davis at www.PolicyUncertainty.com.
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