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a b s t r a c t 

We measure the time variation of risk preferences in real market data. We utilize data 

on Swedish tote-betting on horse races for the period 1995 to 2015 and show that risk 

preferences among horse-race bettors change with economic conditions. More specifically, 

we extract a measure of risk-aversion based on the favorite-longshot bias (FLB) and pro- 

vide evidence that the computed measure follows the consumer-confidence index. In addi- 

tion, we show by an application that the FLB-based risk-preference measure sharpens the 

predictions of a simple forecasting model for Swedish industrial production. Furthermore, 

we show that risk-aversion consistently increases following shocking news on disastrous 

events, including non-economic events such as natural disasters and terrorist attacks. We 

argue that emotions, such as fear, are the likely explanation for this variation. 
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1. Introduction 

According to Stigler and Becker (1977) , a main feature of economic models is that the state of the world should

not influence individuals’ preferences. Loewenstein (20 0 0) and Loewenstein et al. (2001) emphasize that emotions, such 

as fear, rapidly alter human behavior and may lead to responses that bypass the cognitive process. In a recent study,

Guiso et al. (2018) find that risk aversion substantially increased after the 2008 financial crisis. They approximate that the 

fraction of individuals who said they did not want to take any financial risks increased from 16% to 43% following this fi-

nancial crisis. Also, in their experimental study, they find that showing a horror movie to their experimental subjects led to

a significant increase in these subjects’ risk aversion. Their evidence shows that the observed increase in self-reported risk 

aversion cannot be explained solely by changes in wealth but that variations in risk-aversion are also due to psychological 

factors. 

A growing number of studies have considered the impact of non-economic shocks, such as catastrophic events, on risk 

preferences. Cameron and Shah (2015) find that individuals, who had recently suffered a flood or an earthquake exhibited 

higher risk-aversion than similar individuals located in the same area who had not been touched by natural disasters. In 
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contrast, some previous studies show that stressful and traumatic events change risk preferences in the opposite direction 

(see, e.g. Hanaoka et al., 2018; Eckel et al., 2009; Page et al., 2014; Voors et al., 2012 ). 

In this study, we utilize market data on Swedish harness-race betting to examine how representative bettor’s risk prefer- 

ences change over time. In particular, our findings show that risk preferences are closely related to consumer confidence and 

that risk-aversion increases following major negative exogenous shocks, including non-economic ones. Our modeling of risk 

preferences is related to the well-known favorite-longshot bias (FLB). A description of the bias is that favorites (longshots) 

win more (less) frequently and than the odds indicate. 

The novelty of our approach is that it measures time-varying risk preferences using data that is measurable in real-time. 

Most previous studies that explore changes in risk preferences use survey questionnaires or experimental setups. Many are 

skeptical about whether self-reported personal risk-preference measures are meaningful with these methods. Various factors, 

such as self-serving biases, inattention and strategic motives, probably distort the results ( Dohmen et al., 2011 ). Using the

survey methods or conducting experimental studies are also time-consuming and costly to perform on a large scale. In this 

study, we assert that changes in average risk preferences can be observed by using betting-market data. 

Our approach makes several contributions to the literature. First, we show that the risk-preference measure we use 

closely follows the consumer-confidence index. In this way, the betting markets provide an alternative measurement of 

market sentiments. Second, we provide evidence that the risk-preference measure is useful in making economic forecasts. 

We use our measure in conjunction with the consumer-confidence index, and find that it sharpens significantly the predic- 

tion of Swedish industrial production. This suggests that the FLB-based sentiment measure captures some useful information 

that is not included in the conventional consumer-confidence measure. 

Third, we provide evidence that over-betting on longshots or risk-taking markedly decrease shortly after major economic, 

financial, traumatic or catastrophic shocks. This evidence implies that attitudes toward short-run risk are dependent on 

sudden and unexpected changes in an individuals’ environment. Importantly, the results hold regardless of the fact that in 

betting markets shocks do not affect the return distribution. It is also unlikely that shocks, in particular non-economic ones, 

would affect background risk. We argue that the observed change in risk-aversion is an emotional reaction to changes in 

economic or external conditions. Hence, we support the previously presented results that emotions, fear in particular, affect 

risk-taking. Fourth, we do not find support for influence on risk preferences in the long-run. This implies that major shocks

(economic and non-economic) have only a short-run effect on risk-taking. 

The rest of our paper proceeds as follows. In Section 2 we present our data and the benefits of using betting-market

data in an analysis of risk behavior. Section 3 provides evidence of the favorite-longshot bias in Swedish harness-racing 

data. In Section 4 we construct a measure of time-varying risk preferences. Section 5 presents our main empirical findings,

Section 6 discusses some potential pitfalls of the study, and Section 7 concludes. 

2. Data 

2.1. Sample description 

In this study, we use Swedish harness-racing data. Sweden provides a natural choice, since betting on horse races is very

popular compared to the betting interest in this sport in other countries. In fact, according to the European Pari Mutuel

Association (EPMA 2016), the annual turnover of the Swedish tote-betting operator AB Trav och Galopp (ATG), relative to 

tote betting in corresponding countries, was the highest (137 € /person) among all European operators in 2016. 

The sample period for this study is 1995 to 2015, inclusive. The data are obtained from ATG’s web page 

(www.travsport.se). We use data on the win market, where the bettors simply bet on the winning horse. 

The Swedish win market is organized in such a way that all of the stakes are pooled and the operator collects a track

take of 20% of the total pool. The remaining money is then distributed to those who bet on the winning horse in proportion

to their stakes. The fractional odds R i are calculated according to: 

1 + R i = (1 − τ ) 

∑ 

j v j 
v i 

where τ denotes the track take and v i denotes the volume of money bet on horse i . 1 The track take ensures a negative profit,

on average, implying that an average player behaves as a risk-lover. We should note that tote betting differs from fixed-odds

betting in the sense that, in the former, the operator has no interest in the outcome of the event and the gamblers compete

directly against each other. 2 

As is standard in the literature, we discard dead heats from the data; i.e., races with multiple winners. We also discard

races with abnormal track take and a small number of races whose results were not available or whose odds as displayed

on the website were erroneous. The total number of discarded races is 1030, after which our data consists of 180,805 races

and 2,052,931 runners. These numbers are relatively high compared to previous studies on favorite-longshot bias. 3 During 
1 This formula may not be exact in practice due to minimum odds and roundings. The minimum odds in Sweden is 1 meaning that bets on horses 

whose volume share is greater than 80% yield zero rather than a negative profit in case the horse wins. 
2 Betting exchanges are yet another form of betting. Here, bettors trade mutual contracts whose payoffs depend on the outcome of the event bet on. 
3 An exception is found in Snowberg and Wolfers (2010) , whose data includes 6.4 million races. 
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the period studied, the number of races per month varies from 399 to 1231, with systematically fewer races taking place

during winter. 

2.2. Benefits of using betting market data in analyzing risk preferences 

Horse-race-betting markets are almost an ideal real-world setting for analyzing individuals’ risk behaviors. In these mar- 

kets each bet has a well-defined termination point at which its value becomes certain. In addition, each bet is made under

similar conditions and the race results are realized within a very short period of time. This is crucially different from stock

market data, for example, where the value of a stock depends on both the present value of future cash flows and the price

someone is willing to pay tomorrow for that stock. Further, in betting markets, all of the uncertainty related to the outcome

of a bet is instantly realized when the race is over. This is in a stark contrast to stock markets, where investors have different

and often long-term planning horizons. 

Importantly, the outcomes of horse races are not affected by economic up- or downturns. Therefore, economic factors can 

only affect betting-market prices through changes in risk preferences. In stock market it is difficult to distinguish whether 

economic factors affect prices because cash flows are affected or because risk preferences are affected. 

Market-based-measures are also more realistic than survey questionnaires or laboratory experiments because the former 

involves the use of real money. Other important advantages are that betting markets involve a large number of participants, 

entry to these markets is relatively easy and lots of events take place per day. This implies that consumer sentiments can

be observed more directly and more broadly than through experimental setups or by asking a sample of respondents some 

specific questions. 

Furthermore, while there are many indices on economic sentiment that are based on survey questions, such as consumer- 

confidence indices, one should note that the reported net changes in these indices are partially driven by different respon- 

dents in the samples used over time ( Franses and van Oest, 2008 ). In contrast, presumably the set of bettors in the horse-

race-betting markets is rather homogenous over time, implying that the risk attitudes among bettors in this market more 

closely follow the true changes of individual risk preferences. An obvious limitation of the betting market data is that the

sample of bettors is presumably a selection of relatively risk-loving people. 

3. The favorite-longshot bias in Sweden 

Our risk-preference measure is based on the favorite-longshot bias, which is the most well-known bias in horse-race 

betting. The bias means that longshots, i.e., horses with a low probability of winning are, on average, overplayed relative 

to favorites. This implies that the average return of a bet on a favorite is higher relative to a longshot. Griffith (1949) was

the first to document this, an observation later confirmed in many studies (see e.g. Ali, 1977; Thaler and Ziemba, 1988;

Snowberg and Wolfers, 2010 ). 

We follow the approach of Snowberg and Wolfers (2010) in their analysis of US horse-racing data; thus, we use non-

parametric Loess-smoothing ( Cleveland et al., 1988 ) with a bandwidth of 0.55 to plot the average rate of return on a bet,

given the odds of the horse. As a motivation for our later analysis, we also plot the average returns for sub-samples where

consumer confidence is above and below the median level. 

As we can see from the solid line in Fig. 1 , betting on an extreme favorite yields an average return of about −15%

and the average return decreases smoothly with odds. Bets on an extreme longshot with odds of 100 return only half the

stakes.The favorite-longshot bias in the Swedish horse-racing data seems to be slightly less than the general level found 

in previous studies but it is still substantial (see Snowberg and Wolfers, 2010 , p. 727, Fig. 2). The considerable track take

therefore prevents using the bias for profitable betting. This has allowed the bias to persist which enables us to focus on

time-variation of the implied risk attitudes. 

To present some preliminary evidence on the relationship between consumer confidence and favorite-longshot bias we 

split the data into two parts. Low confidence (dashed line) refers to the months where the Swedish consumer confidence 

was below the median and high confidence (dotted line) refers to the months with above-median consumer confidence. We 

observe that high consumer confidence is associated with a higher bias compared to months of low consumer confidence. 

The suggested explanations of the favorite-longshot bias are usually divided in two categories: either bettors are risk- 

lovers (i.e. they have convex utility function) or they have biased perceptions of the probabilities of winning. Fig. 1 is equally

consistent with both explanations. According to the risk-love explanation bettors over-bet on longshots because these types 

of bets are more risky. In this case, the pattern in Fig. 1 translates to decreasing risk-love, i.e., increasing risk-aversion, with

low consumer confidence. Under the biased-perceptions explanation, bettors systematically assign subjective probabilities 

that are too high for longshots winning a race. Under this explanation, our findings imply that high consumer confidence 

is associated with more-biased perceptions. However, the main objective of this paper is not to distinguish between the 

explanations of the favorite-longshot bias but to measure the variation in the displayed risk attitudes regardless of the 

underlying explanation. 4 
4 Using the win market data alone we cannot distinguish whether the bettors are risk-lovers or whether they have biased perceptions. Snowberg and 

Wolfers (2010) and Koivuranta and Korhonen (2019) use exotic market data in conjunction with win market data and find evidence that supports the 

perceptions-based explanation. 
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Fig. 1. Favorite-longshot bias in Swedish harness horse racing data varies with consumer confidence. The sample period is from 1995 to 2015. The solid 

line represents Loess-smoothed returns of all races. The dashed line and dotted lines represent months of low and high consumer confidence, respectively. 

The dots represent the raw data that are aggregated into percentiles according to the odds. 

 

 

 

 

 

 

 

4. Risk preference measure 

In this section, we specify a parametric model that summarizes the favorite-longshot bias. Our model of a representative 

bettor’s risk-aversion is based on Jullien and Salanie (20 0 0) . We assume that the bettor has initial money M and perceives

probabilities of winning πi and odds R i of each horse i . The bettor then chooses the horse on which he will bet a prede-

termined amount of money a . If the horse wins the race, then the bet will yield a profit aR i and if the horse fails to win,

then the bet will yield a loss of a . We denote the (subjective) expected utility of the bet by U(πi , R i , θ) where θ denotes the

parameters of interest. 

Our baseline model is based on expected utility theory with each bettor having unbiased perceptions of the true proba- 

bilities of winning p i . With this specification, in the model the favorite-longshot bias translates to the perceived risk-loving 

behavior. However, when interpreting the results, we must bear in mind that our estimates of risk aversion also include the

misperception-of-probability component to the extent that this explanation is correct. 

The expected utility of the bet is then given by the following: 

U(p i , R i , θ) = p i × u (M + aR i , θ) + (1 − p i ) × u (M − a, θ) , 

where u denotes the utility function. In equilibrium, the expected utility of betting on any two horses i and j must be the

same, as follows: 

U(p i , R i , θ) = U(p j , R j , θ) . 

The equalities can be solved explicitly for each p i as a function of the observed odds { R j } n j=1 
and the parameters of interest

θ: 

p i = 

1 [
u (M + aR i , θ) − u (M − a, θ) 

]∑ n 
j=1 

1 
u (M+ aR j , θ) −u (M−a, θ) 

. (1) 
19 
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Fig. 2. Risk-aversion is stationary at different frequencies. 

 

 

 

 

 

We choose the single-parameter constant absolute risk-aversion (CARA) form for the utility function: 5 

u (x, θ ) = 

1 − exp (−θx ) 

θ
. 

With this functional form, the expression (1) for the implied probability of winning is as follows: 

p i = 

1 

exp (θa ) − exp (−θaR i ) 

1 ∑ n 
j=1 

1 
exp (θa ) −exp (−θaR j ) 

. 

The initial wealth M is cancelled out and only θa is identified. We report all of the results with stake a normalized to unity.

With the winning probabilities of each race c = 1 , . . . , C calculated as above, the model-implied probability to observe

the data is simply 
∏ C 

c=1 p 1 ( R 

c , θ ) , where p 1 denotes the model-implied probability of winning of the actual winning horse 

and R 

c denotes the vector of the odds of race c. The resulting log-likelihood function is 

L (θ ) = 

C ∑ 

c=1 

w c ln p 1 ( R 

c 
, θ ) . 

Part of our analysis applies the importance weights w c which are based on time differences, otherwise w c is set as a con-

stant. 

In Section 6 we show that our empirical findings are robust to alternative assumptions. Specifically, we use 

Prelec (1998) probability weighting function to model biased perceptions instead of risk-love. We also experiment with con- 

stant relative risk-aversion utility function. All specifications yield qualitatively similar results. The relevant log-likelihood 

functions and their derivatives are derived in Appendix A. 

5. Empirical findings 

5.1. Statistical properties 

Fig. 2 shows the estimated measure of risk preferences θ that is based on the favorite-longshot bias (hereafter, the 

FLB-based measure) at biweekly, monthly and annual frequencies. A few aspects are noteworthy. First, the series display 

stationarity, implying that the mean values are not time-dependent. This reflects that bettors’ behavior of being prone to 

playing longshots rather than favorites is stable during the sample period. The series also have a rather stable variance. It is

also notable that at biweekly and monthly frequencies we observe some periods with positive risk aversion, which means 

that the favorite-longshot bias is reversed. 6 

We explore the statistical properties in more detail in Table 1 . We observe some excess kurtosis as well as negative skew-

ness at higher frequencies. The augmented Dickey–Fuller statistics (ADF) confirm our visual impression of stationarity. Our 
5 In Section 6 we also utilize a model where θ is replaced by linear combination θ
′ 
z , where θ is a vector of parameters and z is a vector of race-specific 

features including unity. 
6 The occasional positive risk-aversion of the representative bettor may seem inconsistent with the fact that the expected return in the market is negative 

due to the track take. This is, however, not inconsistent with our analysis because we are not modeling the stake-setting decision but only the selection of 

the horse. 
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Table 1 

Properties of the FLB-based measure ( θ ). 

Frequency Annual Monthly Biweekly 

Observations 21 252 547 

Mean −0.010 −0.11 −0.11 

Maximum −0.0055 0.0067 0.015 

Minimum −0.015 −0.030 −0.047 

Standard deviation 0.0020 0.0060 0.0094 

Skewness −0.040 −0.16 −0.36 

Excess kurtosis 1.33 0.49 0.49 

Autocorrelation 0.14 0.015 −0.068 

ADF statistic ( p -value) a −3.83 (0.0026) −15.5 ( < 0 . 001 ) −25.0 ( < 0 . 001 ) 

JB statistic ( p -value) b 1.56 (0.46) 3.61 (0.16) 17.3 ( < 0 . 001 ) 

a The ADF statistic refers to the augmented Dickey −Fuller unit root test with constant. The lag length is selected 

using the Schwarz information criterion. 
b The JB statistic refers to the Jarque −Bera normality test. 

Fig. 3. Risk preferences covary with consumer confidence index. 

 

 

 

 

further analysis concentrates on variations in the risk preferences at relatively short frequencies. The Jarque–Bera statistics 

(JB) show that normality is a good approximation for monthly and annual data, but due to noise the biweekly measures

display skewness. The origin of this skewness is that, in small samples, single wins by extreme longshots affect the measure

more than they do in larger samples. 

5.2. Consumer confidence and the risk preference measure 

We next explore more deeply how the FLB-based measure of risk preferences compares with the Swedish consumer- 

confidence index. This index is a commonly used measure of consumer sentiments, which is reported monthly and is closely 

related to economic conditions. 

To estimate the FLB-based measure, we conduct our analysis by using a weighting window of six previous months with 

the importance weight decaying at rate 0.75. In particular, to obtain a parameter estimate for a month, we use importance

weights 0 . 75 k where k ∈ { 0 , 1 , 2 , 3 , 4 , 5 } is the time difference in months between the month in question and the race. The

choice of the weighting window is obviously partly subjective. In Appendix B we show that qualitatively similar results can 

also be achieved by using symmetric weighting windows but we prefer the backward-looking window because it can be 

computed in real-time. 

In Fig. 3 we plot the FLB-based measure (solid line) along with the consumer-confidence index (dashed line). We 

use the additive inverse of the FLB-based measure in order to make the relationship between the series clearly visi- 
21 
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Table 2 

Forecast of industrial production growth. 

Lags ( k ) Additional predictors ( �X) p -value a R 
2 

1 None – 0.173 

�C C I 0.645 0.171 

� ˆ θ 0.0968 0.180 

� ˆ θ , �C C I 0.0934, 0.596 0.177 

3 None – 0.196 

�C C I 0.913 0.187 

� ˆ θ 0.00184 0.236 

� ˆ θ , �C C I 0.00143, 0.740 0.231 

6 None – 0.207 

�C C I 0.879 0.194 

� ˆ θ 0.0127 0.243 

� ˆ θ , �C C I 0.00614, 0.595 0.238 

12 None – 0.210 

�C C I 0.795 0.194 

� ˆ θ 0 . 0950 0.235 

� ˆ θ , �C C I 0.115, 0.801 0.219 

a The third column contains the p -value of F -test for �C C I and � ˆ θ variables when they are present in the model. 

The null hypothesis is that δi = 0 ∀ i = 1 , . . . , k . 

 

 

 

 

 

 

 

 

 

 

 

 

ble. The correlation between the inverse FLB-based measure and the consumer-confidence index reaches 0.41 ( p -value 

< 0 . 001 ). 7 

Fig. 3 highlights some of the major economic downturns or crashes that took place during the period under review. It is

notable how quickly and strongly our index reacts to changes in the economic environment. We can see a sharp drop in the

FLB-based measure; this occurs immediately after the NASDAQ peaked during the dot-com bubble of 20 0 0. After the global

housing market bubble burst in 2006, our index quickly declined, whereas the reaction of the consumer-confidence index 

was more mild. Also, the recent financial market crisis that culminated in the collapse of Lehman Brothers is followed by a

pronounced drop in the FLB-based measure. 

This analysis suggests that betting markets provide a measure of economic sentiments and, as such, provide an alternative 

and are possibly complementary to the more traditional measures. An additional benefit of the FLB-based measure is that it 

can be observed in real-time. 

5.3. Forecasting industrial production 

We next examine whether our FLB-based economic sentiment measure contains any useful information in forecasting. 

We explore this by explaining the change of Swedish industrial production by comparing the FLB-based measure with the 

consumer-confidence index. Our simple forecasting exercise for the logarithmic difference of the industrial production index 

( �I P I ) is 

�I P I t = α + 

k ∑ 

i =1 

βi �I P I t−i + 

k ∑ 

i =1 

γi �CLI t−i + 

k ∑ 

i =1 

δi �X t−i + εt , 

where �CLI denotes the log growth rate of the Swedish composite leading index and �X refers to change in an additional

predictor which is either log of the Swedish consumer-confidence index C C I or the FLB-based measure ˆ θ or none. We also

include a specification which includes both C C I and θ . In this analysis we use simple monthly sub-samples for our estimates

instead of geometric weighting. We have chosen the composite leading index as a benchmark case, since it is a commonly

used and important predictor of the industrial production index (e.g. Diebold and Rudebusch, 1991 ). The Swedish composite 

leading index comprises of 5-year government bond yields, overtime hours worked in mining and manufacturing, new or- 

ders in mining and manufacturing, order books, finished goods stocks and AFGX share price index. It should be noted that

the consumer-confidence index is not a part of the composite index. 

In Table 2 we report the adjusted R 2 statistic and the test results for the joint hypothesis H 0 : δi = 0 for i = 1 , . . . , k

for different specifications. In the case that both � ˆ θ and �C C I are included, we report results of separate tests for each

variable. For lag lengths 3 and 6, the FLB-based measure is highly significant whether the consumer-confidence index is 

present in the model or not. For lag lengths 1 and 12, the significance is lower, with p -value of about 10%. In contrast, the

null hypothesis of irrelevancy of consumer confidence is not rejected for any lag length. The consumer-confidence index 

seems to have no predictive value in excess of the composite leading index in forecasting Swedish industrial production. 

The adjusted R 2 decreases when consumer-confidence index is added into the model and the parameter estimates are not 
7 We use the geometric weighting scheme to reduce the sampling variation, but we have also conducted similar analyses using simple monthly sub- 

samples. The correlation remains positive (0.16) and significant ( p -value 0.009) but the relationship is not as visually clear as it is in Fig. 3 . 
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Table 3 

List of events. 

Event Date Category 

Russian financial crisis August 17, 1998 Economic event 

Peak of NASDAQ March 10, 2000 Economic event 

Bear Stearns bailout March 14, 2008 Economic event 

Lehman Brothers bankruptcy September 15, 2008 Economic event 

WTC terrorist attack September 11, 2001 Terrorist attack 

London terrorist attack July 7, 2005 Terrorist attack 

Utøya terrorist attack July 22, 2011 Terrorist attack 

Paris terrorist attack November 13, 2015 Terrorist attack 

Indian Ocean earthquake and tsunami December 26, 2004 Natural disaster 

New Orleans flood after Hurricane Kathrine August 29, 2005 Natural disaster 

Eyjafjallajökull eruption April 14, 2010 Natural disaster 

Tohoku earthquake and tsunami March 11, 2011 Natural disaster 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

significant. The insignificancy of consumer-confidence index is probably due to the fact that the composite index already 

includes the main information of the consumer-confidence index. 

Conversely, the coefficients of our FLB-based sentiment index are generally highly significant and the adjusted R 2 in- 

creases by up to 4 percentage points when it is included in the model. We find this as an evidence that the betting market

behavior contains some useful predictive macroeconomic information. Importantly, it also appears to be unique in the sense 

that it is not captured by the more conventional measures. 

5.4. The effect of exogenous events on the risk preference measure 

In this part of our study, we examine the effect of selected important news events, including both economic and non-

economic events, on bettors’ behavior, by estimating the FLB-based measure with smaller weighted sub-samples before and 

after each event. The analysis is enabled by the fact that a significant number of races are run on each day of the year as

is typical of the industry. This is a clear advantage relative to, e.g., survey-based confidence measures, albeit the smaller 

sample sizes mean there is increased noise. 

In particular, each sub-sample that we use contains races that took place over seven-day periods. The observations in 

each sample are weighted with triangular weights. 8 We choose such samples for each day during a two-week period before

and after the occurrence of each news event and estimate the FLB-based measure in those samples. 

We require that these events be easy to exactly date and to have received significant worldwide media coverage. These 

events are also categorized as either economic events, terrorist attacks or natural disasters. A crucial difference relative to 

the previous analysis is that not all of the events are directly related to economic conditions. Table 3 lists the included

events and their dates. 

Fig. 4 shows the plot of histograms of the FLB-based measure estimates for the samples before and after each event. 

All of the events seem to imply an increase in risk-aversion which is in line with the fact that the events are by intuition

negative by nature. Interestingly our risk measure is affected not only by economic events but also by non-economic events 

such as terrorist attacks and natural disasters. The response seems to be particularly clear in the case of the Utøya attack

and the Eyjafjallajökull eruption, both which occurred close to Sweden, as well as the Indian Ocean tsunami where the 

number of Swedish casualties was significant. 

Although the pattern of the changes in risk-aversion seems clear in Fig. 4 , the analysis is obviously vulnerable to crit-

icism concerning, for example, the effective sam ple size of only one event underlying each sub-figure. To further con- 

vince the reader of the robustness of the findings, we also perform an additional analysis of the same events where we

pool the events according to different categories and test whether the estimated risk attitude differs before and after the 

events. 

Again, the samples include two weeks of harness racing before and after the events, including the event date. In addition,

we include a further sample which adds the third and fourth week after the event in order to study the persistence of the

effect. In this analysis, the observations are weighted uniformly and the samples do not overlap. 

Table 4 shows the results and reveals that, when including all of the races during the periods surrounding the respective

events, the difference is indeed statistically significant. 

We also observe that, for all categories, the direction of change is as expected; i.e., bettors seek less risk after shocking

events. Considering the point estimate −0 . 0104 for the FLB-based measure when all of the races that took place from 1995 to
8 The triangular weighting scheme means that the weight of a race is given by 1 − | k | / 4 where k ∈ {−3 , −2 , −1 , 0 , 1 , 2 , 3 } is the time difference in days 

between the race and the event date. 
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Fig. 4. Risk-aversion increases after exogenous events. The vertical axis is inverted for the sample after the event to improve readability. The dotted lines 

denote the means of the samples. 

 
2015 are used, the magnitude of the change is also found to be considerable for all categories. The observed changes imply

that bettors, who are on average risk-lovers, become slightly risk-averse following the events; i.e., the favorite-longshot 

bias disappears following a shocking event. For the sub-category “terrorist attacks”, the change is also clearly statistically 

significant. For the other sub-categories, the sample size does not permit such strong results. 
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Table 4 

Tests for difference of FLB-based measure ( θ ) before and after the events. a 

Category of events Nr of events θwk 1-2 after − θwk 1-2 before θwk 3-4 after − θwk 1-2 before 

Economic 4 0.0091 (0.097) 0.018 (0.0041) 

Non-economic 8 0.012 (0.0064) 0.0059 (0.11) 

Terrorist attacks 4 0.016 (0.0035) 0.0087 (0.083) 

Natural disasters 4 0.0041 (0.29) 0.0022 (0.38) 

All 12 0.011 (0.0025) 0.010 (0.0049) 

a The p -values in parentheses refer to one-sided test of difference between the estimates of θ . The null hypothesis is θbefore ≥ θafter . 

Table 5 

Tests for difference of FLB-based measure ( γ ) before and after the events (CRRA utility function). a 

Category of events Nr of events γwk 1-2 after − γwk 1-2 before γwk 3-4 after − γwk 1-2 before 

Economic 4 0.603 (0.086) 1.122 (0.0045) 

Non-economic 8 0.715 (0.0077) 0.337 (0.13) 

Terrorist attacks 4 0.964 (0.0059) 0.515 (0.096) 

Natural disasters 4 0.338 (0.23) 0.413 (0.10) 

All 12 0.685 (0.0026) 0.596 (0.0076) 

a The p -values in parentheses refer to one-sided test of difference between the estimates of γ . The null hypothesis is 

γbefore ≥ γafter . 

 

 

 

 

 

 

 

 

 

 

Except for economic events, the effect approximately halves when a further two weeks pass, which seems to indicate 

that the effect is not very persistent. The likely reason for the persistence of the reaction in the case of economic events is

the fact that economic shocks are often succeeded by further repercussions which may prolong the observed reaction. 

The choices of the events are obviously partially subjective, especially regarding economic events. The included economic 

events are, however, significant enough to have received broad worldwide media coverage. The choice of major terrorist 

attacks and natural disasters is more clear. The Utøya attack and Eyjafjallajökull eruption are included due to these events’ 

proximity to Sweden. Furthermore, their importance is also due to the threat of a nuclear disaster following the Tohoku 

earthquake and the high number of Swedish casualties, 543, due to the Indian Ocean tsunami. In Appendix C we use a more

systematic procedure to pick a broader selection of events, and show that minor events without similar media coverage or 

importance for Sweden, are not followed by a similar reaction in risk preferences. 

5.5. Interpretation 

As discussed in Guiso et al. (2018) , there are many mechanisms that can potentially explain changes in the observed

risk-aversion. Standard economic theory suggests that changes in either wealth or the background risk affect the measured 

risk-aversion ( Gollier, 2001 ). Another possibility is that the probability perceptions change systematically due to shocks, as 

in the salience theory of Bordalo et al. (2012) . Finally, it has been suggested that emotions may affect the curvature of the

utility function ( Loewenstein, 20 0 0 ) or the probability weighting ( Rottenstreich and Hsee, 2001 ). 

The observed correlation of the FLB-based risk preference measure with the consumer-confidence index or the observed 

changes of the FLB-based measure after shocking economic events do not help us to distinguish the likely mechanism be- 

hind these changes. In the case of non-economic shocks, however, we find it reasonable to rule out mechanisms that rely

on changes in economic conditions (i.e. wealth or background risk). The remaining explanations then boil down to either 

emotions affecting the risk-aversion, or systematic changes in probability perceptions due to salience. While we cannot di- 

rectly rule out the latter, we find this explanation implausible because we would a priori expect the salience of unlikely

events (i.e., longshot winning a race) to increase after an occurrence of an unlikely news event. Instead, we observe that

the odds-implied probabilities of favorites winning a race increase after the events. Therefore, we find an emotional reac- 

tion, fear in particular, to be the most likely explanation for our results, at least in the case of non-economic events. This

interpretation is also consistent with the finding shown in Appendix C ( Table C.10 ) that minor events, which are unlikely to

cause an emotional reaction, do not affect the FLB-based measure. 

6. Robustness 

6.1. Are the results driven by changing stakes or bettor population? 

With constant absolute risk aversion only θa is identified. Therefore, we normalized stake a to unity. That opens up the

possibility, that the observed variation in our FLB-based measure is explained by varying stakes instead of risk-aversion. 9 
9 This would mean that periods of high consumer confidence would coincide with periods of high stakes instead of high risk-love. We do not model the 

decision to participate in the betting market or the setting of stakes. If we were to model the setting of stakes, it seems likely that high stakes could result 

from high risk-love. 
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Furthermore, it would be ideal if the bettor population did not vary over time. Our data do not allow us to directly

observe individual stakes or bettors, but we can provide some indirect evidence by using the available data on volumes 

of the win markets. In the case of variation of the FLB-based measure being driven by varying stakes or the participation

decision of a selection of bettors, we would expect to observe correlation between the average volume and the FLB-based 

measure. 

We begin the analysis by using the time series filter of Hodrick and Prescott (1997) to extract the cyclical component of

the average inflation-adjusted volume per race. Because in harness racing the average volume is highly seasonal with lower 

volumes during winter, we conduct the analysis on both monthly and annual frequencies using the standard bandwidths 

of 14,400 and 100, respectively. The correlation between the FLB-based measure and the average volume does not show up 

as significant at either frequency. At an annual frequency the correlation is −0.035 ( p -value 0.88). At a monthly frequency,

when weighting over previous months is used to estimate the risk preference parameter, the correlation is −0.078 ( p -value

0.22). With simple sub-samples the correlation is 0.030 ( p -value 0.64). 

We do not find significant decrease of volume after the news events either. The average volume drops slightly, from 

133,800 krona two weeks before the events to 130,600 krona after the events, but the decrease is clearly non-significant 

with p -value 0.33. 

We also conduct an alternative analysis, where we utilize the inflation-adjusted volume of each race, instead of averages. 

For this purpose, we modify our model so that the risk-aversion for each race is determined as a linear function of volume:

θc = θ0 + θ1 v c . Here v c is the inflation-adjusted volume of race c. Using the full sample the estimate of θ1 is non-significant

with p -value 0.27. In summary, our analysis alleviates the concerns about varying bettor population or stakes. 

6.2. Do the results depend on functional forms? 

In our baseline analysis we modeled the favorite-longshot bias by using CARA preferences. We next show that the results 

are robust to assuming constant relative risk aversion (CRRA) or explaining the favorite-longshot bias by misperception of 

probabilities. 

In the CRRA case, we assume that the utility function is given by u (x ) = x 1 −γ , which turns the expression (1) for the

implied probability of horse i winning a race into: 

p i = 

1 (
1 + 

a 
M 

R i 

)1 −γ −
(
1 − a 

M 

)1 −γ

1 

∑ n 
j=1 

[
1 

( 1+ a M R j ) 
1 −γ −( 1 − a 

M ) 
1 −γ

] . 

Now there are two parameters: γ which is the coefficient of relative risk aversion and the stake-to-wealth ratio a/M. When 

we treat both parameters as free, the shape of the likelihood function results in relatively inaccurate estimates. 10 

In full sample, the t -statistic related to the estimate of γ reaches only 3.4, which makes sub-sampling infeasible. Be- 

cause our analysis focuses on time variation and uses sub-sampling, we choose to fix the stake-to-wealth ratio to the point

estimate 0.022 obtained when using full sample. This reduces the standard deviations of our estimates to approximately 

one-tenth of the two-parameter case. 

Alternatively, we model the FLB by using biased perceptions of probabilities instead of risk-love, as suggested by 

the results of Snowberg and Wolfers (2010) and Koivuranta and Korhonen (2019) . We assume that bettors have linear

utility and perceive probabilities πi which are distorted according to the Prelec (1998) probability weighting function: 

πi = exp (−β(− ln p i ) 
α) . It is more complicated to fit the model, because there is no closed-form expression for the probabil-

ities of winning. Instead numerical root-finding must be used within each evaluation of the log likelihood function. Details 

are provided in Appendix A. For similar reasons as for the CRRA case we first estimate the model with full sample and in

sub-samples fix the parameter β to the point estimate 1.017 of the full sample. 

We estimate monthly time series for all specifications using both simple monthly sub-samples as in Section 5.3 and 

weighting similar to Section 5.2 . The measures co-vary very tightly under both assumptions. With simple sub-sampling the 

pairwise correlations are 0.96 (for θ and γ ), 0.81 (for θ and α) and 0.92 (for γ and α). Geometric weighting reduces the 

correlations to 0.94 (for θ and γ ), 0.72 (for θ and α) and 0.89 (for γ and α). 

In Fig. 5 we show that, in both cases, also visually the measures are close to each other. All measures are standardized

in order to achieve similar scale. 

The similarity echoes the fact pointed out by Snowberg and Wolfers (2010) , that win market data alone does not suffice

to make a distinction between different explanations of the favorite-longshot bias. It also follows, that our main empirical 

findings remain largely similar with the different specifications. As an example, we repeat the analysis concerning important 

news events for the different functional forms, and display the test results in Table 5 for the CRRA utility function and in

Table 6 for the Prelec weighting function. 

The pattern in results remains similar to the benchmark CARA case. Non-economic events, terrorist attacks in particular, 

affect the FLB-based measure of risk attitudes for short duration only, whereas the effect of economic events lasts longer. 

Appendix B contains further results concerning correlation of the FLB-based measure with the consumer-confidence index. 
10 Similar finding was made by Jullien and Salanie (20 0 0) . They also estimate models which feature both risk-love and misperception of probabilities, 

which results in less accurate estimates. Therefore we omit this specification. 
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Fig. 5. The measure behaves similarly for different functional forms. 

Table 6 

Tests for difference of FLB-based measure ( α) before and after the events (Prelec weighting function). a 

Category of events Nr of events αwk 1-2 after − αwk 1-2 before αwk 3-4 after − αwk 1-2 before 

Economic 4 0.033 (0.082) 0.056 (0.0096) 

Non-economic 8 0.036 (0.016) 0.011 (0.25) 

Terrorist attacks 4 0.048 (0.014) 0.024 (0.14) 

Natural disasters 4 0.018 (0.24) −0.0048 (0.58) 

All 12 0.035 (0.0051) 0.025 (0.030) 

a The p -values in parentheses refer to one-sided test of difference between the estimates of α. The null hypothesis is 

αbefore ≥ αafter . 

 

 

 

 

6.3. Are the results country-specific? 

For the sake of robustness, we next briefly present the central results of the analysis that uses Finnish horse-racing data

for the period 2003 to 2015. The Finnish data is inferior to the Swedish data for two reasons. First, there are fewer races in

Finland—on average 5420 per year, compared to 8623 in Sweden. Second, the volume of bets and, therefore presumably, the 

number of bettors in Finland are considerably lower. Both features act to reduce the accuracy of the analysis. 

Due to the shorter time span of the Finnish data, we are forced to drop three newsworthy events from the analyses. We

should further note that the number of races in each sample is smaller. We still find that the instant response of the risk

attitudes to the events is of the same sign as in Sweden, as shown in Table 7 . 
27 



M. Koivuranta and M. Korhonen Journal of Economic Behavior and Organization 187 (2021) 16–32 

Table 7 

Tests for difference of FLB-based measure ( θ ) before and after the events. a 

Category of events Nr of events θwk 1-2 after − θwk 1-2 before θwk 3-4 after − θwk 1-2 before 

Economic 2 0.017 (0.051) −0.0031 (0.61) 

Non-economic 7 0.011 (0.035) 0.0045 (0.24) 

Terrorist attacks 3 0.0086 (0.17) −0.0030 (0.63) 

Natural disasters 4 0.014 (0.054) 0.010 (0.12) 

All 9 0.013 (0.0074) 0.0028 (0.31) 

a The p -values in parentheses refer to one-sided test of difference between the estimates of θ . The null hypothesis is θbefore ≥ θafter . 

 

 

 

 

 

 

 

The response is also highly significant when all events are pooled and fairly significant for all categories of events except 

for terrorist attacks. In the case of Finland, we find that the effect of the events disappears after the first two weeks. 

7. Limitations 

There are some further possible caveats related to the generalization and interpretation of our results. First, harness- 

racing bettors are people who place bets even though these bets have, on average, negative expected returns. Therefore, the 

sample of people involved is likely to be exceptionally risk seeking. Also women, who have been shown to be less risk-prone

than men ( Barsky et al., 1997; Borghans et al., 2010 ), are most likely to be under-represented in the sample. 

Second, concerning the explanation of the results, we should note that we cannot decisively rule out other mechanisms 

beyond fear, even in the case of non-economic shocks. For example, concerning the salience theory, while we find it counter- 

intuitive that an unlikely shocking event would trigger an increase in the probability weighting of favorites winning a race, 

this certainly is possible. Likewise, it is imaginable that a non-economic event, such as a terrorist attack, might shift expec-

tations of future income and increase background risk; thus, affecting risk-taking in the betting market. However, we find it 

unlikely that the income expectations of Swedish bettors would change quantitatively enough to explain our results. 

8. Conclusions 

We study the famous favorite-longshot bias and find that bettors’ risk preferences are dependent on major exogenous 

shocks. We argue that psychological factors, especially fear, play a decisive role in forming short-run risk preferences. In 

particular, we show that the major economic and/or financial crises of recent years, and traumatic and catastrophic events 

that concern or might concern individuals, themselves, affect their short-term risk preferences. We also present, that the 

FLB-based risk preference measure is useful in macroeconomic forecasting. We find that our risk measure outperforms the 

consumer-confidence index in forecasting Swedish industrial production. 

We state that risk preferences are stable in the long-run, as the neoclassical economic theory suggests, but we also state

that risk preferences seem to vary in the short-run as a response to significant global or national shocks. Our findings sug-

gest that it is still reasonable to use constant risk preferences to conduct general economic analyses, but if one is interested

in explaining individuals’ economic behavior after some significant shock, then the possibility of distortions in people’s risk 

preferences should be taken into account. 

In future research, it would be interesting to explore whether the effect of economic changes on risk behavior is asym-

metric. Nguyen and Claus (2013) present evidence of asymmetry in consumer reactions to good and bad news. Further, it is

important to try to detect more distinct preference-change effects with respect to different types of economic, catastrophic 

and other significant shocks. In addition, the magnitude and persistence of the changes in risk preferences due to shocks 

are important topics for future investigation. 
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Appendix A. Log-likelihood functions 

A1. Log-likelihood function for the CARA utility function 

With the constant absolute risk aversion utility function we have a log-likelihood function 

L ( θ) = 

C ∑ 

c=1 

w c ln p c 1 , 
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where the probability of winning of the actual winning horse of race c, p c 
1 

is given by 

p c 1 = 

1 

exp ( θ
′ 
z c ) − exp (−θ

′ 
z c R 

c 
1 
) 

1 ∑ n c 
j=1 

1 

exp ( θ
′ 
z c ) −exp (−θ

′ 
z c R 

c 
j 
) 

. 

In the expression we have normalized the stake to unity and included vector z c of features specific to race c, which is used

in the analysis of Section 6.1 . The number of runners in race c is denoted by n c . 

The derivative of the log-likelihood function is given by 

dL 

d θ
= 

C ∑ 

c=1 

w c 
1 

p c 
1 

dp c 1 
d θ

. 

An expression for 
dp c 

1 
d θ

is necessary to evaluate the derivative. For convenience, we drop the indices c which denote the race, 

and define: 

λ j : = 

1 

exp ( θ
′ 
z ) − exp (−θ

′ 
z R j ) 

. 

With this notation, differentiation results in: 

dp c 1 
d θ

= − λ2 
1 ∑ n 

j=1 λ j 

[
exp ( θ

′ 
z ) z + exp (−θ

′ 
z R 1 ) R 1 z 

]
+ 

λ1 (∑ n 
j=1 λ j 

)2 

n ∑ 

j=1 

{
λ2 

j 

[
exp ( θ

′ 
z ) z + exp (−θ

′ 
z R j ) R j z 

]}
. 

The Hessian of the log-likelihood, H, that is used for estimating the covariance matrix of the parameters by [ −H( ̂ θ)] −1 , is

evaluated numerically. 

A2. Log-likelihood function for the CRRA utility function 

Assumption of constant relative risk aversion (i.e. u (x ) = x 1 −γ ) turns the expression (1) for the probability of winning

into: 

p 1 = 

1 

( 1 + φR 1 ) 
1 −γ − ( 1 − φ) 

1 −γ

1 

∑ n 
j=1 

[
1 

( 1+ φR j ) 
1 −γ −( 1 −φ) 

1 −γ

] . 

We denote the stake-to-wealth ratio by φ and again, for clarity, omit the indices denoting race. In order to maximize the

log-likelihood function, we need to evaluate 
∂ p 1 
∂γ

and 

∂ p 1 
∂φ

. Straightforward differentiation yields 

∂ p 1 
∂γ

= 

δ2 
1 ∑ n 

j=1 δ j 

[
(1 + φR 1 ) 

1 −γ ln (1 + φR 1 ) − (1 − φ) 1 −γ ln (1 − φ) 
]

− δ1 (∑ n 
j=1 δ j 

)2 

n ∑ 

j=1 

{
δ2 

j 

[
(1 + φR j ) 

(1 −γ ) ln (1 + φR j ) − (1 − φ) 1 −γ ln (1 − φ) 
]}

∂ p 1 
∂φ

= − δ2 
1 ∑ n 

j=1 δ j 

[
R 1 (1 − γ )(1 + φR 1 ) 

−γ + (1 − γ )(1 − φ) −γ
]

+ 

δ1 (∑ n 
j=1 δ j 

)2 

n ∑ 

j=1 

{
δ2 

j 

[
R j (1 − γ )(1 + φR j ) 

−γ + (1 − γ )(1 − φ) −γ
]}

, 

where we have used notation 

δ j : = 

1 

(1 + φR j ) 1 −γ − (1 − φ) 1 −γ
. 

We evaluate the Hessian of the log-likelihood numerically also in the case of CRRA utility. 

A3. Log-likelihood function for the Prelec probability weighting function 

The case of Prelec weighting function is computationally the most complex one, because there is no closed-form ex- 

pression for the probabilities of winning. We begin with the Prelec (1998) probability weighting function with two free 

parameters, α and β: 

π(p 1 ) = exp ( −β(− ln p 1 ) 
α) . 
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Using the inverse of the weighting function we obtain 

ln p 1 = − 1 

β
(− ln π1 ) 

1 
α , 

where π1 denotes the perceived probability of winning. The perceived probability of winning is obtained from the equilib- 

rium condition, which states that the subjective expected utility of a bet, U , must be the same for all horses: 

U = π1 (M + aR 1 ) + (1 − π1 )(M − a ) . 

With linear utility we can, without loss of generality, set wealth M and stake a to unity, which yields π1 = U/ (1 + R 1 ) . The

value of the utility U is pinned down by the condition, which requires the true probabilities of all runners to sum to unity:

n ∑ 

j=1 

exp 

{ 

− 1 

β

[
− ln 

(
U 

1 + R j 

)] 1 
α

} 

= 1 . (A.1) 

To evaluate the log-likelihood for a race, we therefore need to evaluate 

ln p 1 = − 1 

β

[
− ln 

(
U(α, β) 

1 + R 1 

)] 1 
α

, (A.2) 

where U(α, β) is defined implicitly by Eq. (A.1) , and needs to be solved numerically within each evaluation of the log-

likelihood function. 

We next derive expressions for 
∂ ln p 1 

∂α
and 

∂ ln p 1 
∂β

. For clarity, we define: 

f (α, β, j) : = − ln 

(
U(α, β) 

1 + R j 

)

g(α) : = 

1 

α
. 

With this notation, differentiation of expression (A.2) yields: 

∂ ln p 1 
∂α

= − 1 

β
f (α, β, 1) g(α) ×

[
g α(α) ln f (α, β, 1) + g(α) 

f α(α, β, 1) 

f (α, β, 1) 

]
∂ ln p 1 
∂β

= 

1 

β2 
f (α, β, 1) g(α) − 1 

β
g(α) f (α, β, 1) g(α) −1 f β (α, β, 1) . 

In order to proceed, we note that: 

g α(α) = − 1 

α2 

f α(α, β, 1) = −U α(α, β) 

U(α, β) 

f β (α, β, 1) = −U β (α, β) 

U(α, β) 
. 

The expressions contain partial derivatives of the function U . Implicit differentiation using Eq. (A.1) gives: 

U α(α, β) = −
U(α, β) 

∑ n 
j=1 

{
exp 

[
− 1 

β
f (α, β, j) g(α) 

]
× f (α, β, j) g(α) × ln f (α, β, j) 

}
α

∑ n 
j=1 

{
exp 

[
− 1 

β
f (α, β, j) g(α) 

]
× f (α, β, j) g(α) −1 

}
U β (α, β) = −

αU(α, β) 
∑ n 

j=1 

{
exp 

[
− 1 

β
f (α, β, j) g(α) 

]
× f (α, β, j) g(α) 

}
β

∑ n 
j=1 

{
exp 

[
− 1 

β
f (α, β, j) g(α) 

]
× f (α, β, j) g(α) −1 

}
By combining the above expressions, it is possible to evaluate both the log-likelihood function and it’s derivative with the 

relatively modest cost of numerically finding the root of Eq. (A.1) once for each race and for each set of parameter values.

The Hessian of the log-likelihood is evaluated numerically. 

Appendix B. Different weighting windows 

We next show that the risk preference measure remains correlated with the consumer-confidence index, when different 

weighting windows and different specifications for the utility function are used. The column labeled CARA refers to our 

baseline specification whereas columns labeled CRRA and Prelec refer to alternative specifications which are described in 

Section 6.2 . We use geometric weighting that is similar to the baseline case but let the rate of decay δ vary. We also use

symmetric triangular weighting with different widths of the window. The triangular weighting means that the importance 
30 



M. Koivuranta and M. Korhonen Journal of Economic Behavior and Organization 187 (2021) 16–32 

Table B.8 

Correlation of FLB-based measure with consumer confidence with different specifications. a 

Weighting window CARA CRRA Prelec 

Geometric ( δ = 0 . 875 ) 0 . 42 ∗∗ 0 . 43 ∗∗ 0 . 41 ∗∗

Geometric ( δ = 0 . 75 ) 0 . 41 ∗∗ 0 . 42 ∗∗ 0 . 41 ∗∗

Geometric ( δ = 0 . 375 ) 0 . 30 ∗∗ 0 . 33 ∗∗ 0 . 33 ∗∗

Triangular ( K = 5 ) 0 . 47 ∗∗ 0 . 49 ∗∗ 0 . 47 ∗∗

Triangular ( K = 4 ) 0 . 44 ∗∗ 0 . 45 ∗∗ 0 . 42 ∗∗

Triangular ( K = 3 ) 0 . 39 ∗∗ 0 . 39 ∗∗ 0 . 37 ∗∗

Simple monthly samples 0 . 16 ∗ 0 . 18 ∗ 0 . 18 ∗

a ∗ p < 0 . 01 , ∗∗ p < 0 . 001 . 

 

 

 

 

 

weight of a race is 1 − | k | /K where 2 K − 1 is the width of the window and k ∈ {−(K − 1) , −(K − 2) , . . . , K − 2 , K − 1 } is the

time difference in months between the race and the month in question. We also report the correlations for simple monthly

sub-samples. 

Table B.8 displays the correlations of the risk-preference measure with the consumer-confidence index under different 

assumptions. 

We can observe that some smoothing is required to reach high levels of correlation. However, the choice of the weighting

scheme or utility specification does not crucially affect the results. The triangular weighting windows, which use informa- 

tion about future races, produce slightly higher correlations. With simple sub-samples, the correlations are higher for the 

alternative utility specifications than for the baseline case of CARA utility. 

Appendix C. Additional events 

As we have already noted our list of events included in the analysis of Section 5.4 is partially subjective. In this sec-

tion we use a more systematic procedure of including events, and show that the FLB-based measure of risk attitudes 

does not react to less significant events. We use Wikipedia to list dates of the disasters with most Swedish casual-

ties (en.wikipedia.org/wiki/List_of_disasters_in_Sweden_by_death_toll) as well as the most deadly natural disasters glob- 

ally (en.wikipedia.org/wiki/List_of_natural_disasters_by_death_toll). We only include events, which can be meaningfully ad- 
Table C.9 

List of additional events. 

Event Date Category Change in mean 

Gothenburg fire October 30, 1998 Swedish casualties −0.00009 

Lunde air disaster December 9, 1999 Swedish casualties 0.02 

Rinkeby fire July 25, 2009 Swedish casualties −0.01 

Staffans torp fire September 2, 2009 Swedish casualties −0.006 

Härnösand murders May 11, 2010 Swedish casualties 0.007 

Vindö shipwreck June 13, 2004 Swedish casualties −0.03 

Linate air disaster October 8, 2001 Swedish casualties −0.002 

Bali terrorist attack October 12, 2002 Swedish casualties −0.01 

Phuket traffic accident February 3, 2012 Swedish casualties 0.03 

Hanshin earthquake January 17, 1995 Global disaster 0.006 

Andhra Pradesh cyclone November 6, 1996 Global disaster 0.03 

Tropical storm Linda November 2, 1997 Global disaster −0.007 

Hurricane Mitch October 29, 1998 Global disaster −0.004 

Izmit earthquake August 17, 1999 Global disaster −0.004 

Gujarat earthquake January 26, 2001 Global disaster 0.009 

Kashmir earthquake October 8, 2005 Global disaster −0.02 

Yogyakarta earthquake May 26, 2006 Global disaster 0.002 

Cyclone Sidr November 15, 2007 Global disaster −0.005 

Cyclone Nargis May 2, 2008 Global disaster −0.03 

Sumatra earthquake September 30, 2009 Global disaster 0.006 

Haiti earthquake January 12, 2010 Global disaster −0.03 

Typhoon Bopha December 4, 2012 Global disaster 0.01 

Typhoon Hayan November 7, 2013 Global disaster 0.006 

Nepal earthquake April 25, 2015 Global disaster −0.006 

OMXS 30 return −8.1% September 11, 2001 Economic event 0.006 

OMXS 30 return −7.2% October 6, 2008 Economic event 0.02 

OMXS 30 return −6.9% March 12, 2001 Economic event 0.01 

OMXS 30 return −6.7% August 18, 2011 Economic event −0.003 

OMXS 30 return −6.7% October 8, 1998 Economic event 0.02 

OMXS 30 return −6.1% September 30, 2002 Economic event −0.003 

OMXS 30 return −5.8% December 10, 1998 Economic event −0.007 

OMXS 30 return −5.4% December 1, 2008 Economic event 0.01 

OMXS 30 return −5.2% January 14, 2009 Economic event −0.003 

OMXS 30 return −5.1% July 21, 2000 Economic event −0.005 
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Table C.10 

Tests for difference of FLB-based measure ( θ ) before and after the events. a 

Category of events Nr of events θwk 1-2 after − θwk 1-2 before θwk 3-4 after − θwk 1-2 before 

Swedish casualties 9 −0.00085 (0.52) 0.010 (0.27) 

Global disasters 15 −0.0056 (0.67) −0.0040 (0.62) 

Economic events 10 0.012 (0.21) 0.0034 (0.41) 

All 34 0.0018 (0.42) 0.0030 (0.36) 

a The p -values in parentheses refer to one-sided test of difference between the estimates of θ . The null hypothesis is θbefore ≥ θafter . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

dressed to a single day. Therefore, we exclude prolonged floods but include storms by using the day of a landfall. As eco-

nomic events we include ten worst days in terms of daily returns to the OMX Stockholm 30 index. 11 The events are listed

in Table C.9 . 

The events are arguably less reported or less shocking than the major events that we used before ( Table 3 ), although we

cannot objectively measure that. We conduct an analysis similar to Section 5.4 to find out whether the FLB-based measure

changes systematically after the events. Concerning the individual events, we display the change in the mean of the daily 

samples following the event in Table 3 . The signs of the reaction do not display any clear pattern. In 15 cases the risk-

aversion increases and in 19 cases it decreases. The pooled results are shown in Table C.10 . 

The results display no sign of reaction in the FLB-based measure following the events. For economic events we see a

slight, statistically insignificant increase, more than half of which is accounted by the fact that the worst stock market day

corresponds to the WTC terrorist attack. This indicates that the results in Section 5.4 apply to major events only. 
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