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Summary 

People make thousands of decisions every day. The usual day starts with the decision whether to wake 

up or go back to sleep. In this thesis, I investigate three different decision contexts by employing three 

different experimental methods. In all these studies, I not only look at the outcomes but also how the 

outcome came along. Specifically, I asked the questions which strategies were chosen and how was the 

information processed. 

This dissertation is set up chronologically. The dissertation starts with Study 1. Here, I gathered video 

data of professional football players in order to infer how different types of strategies are affected while 

being in a decisive state. More importantly, I wanted to explore the role of pressure on the kicking 

behavior. I call situations “pressure situations” if there is little time left to change the course of a game 

or season. I found having little time to decide changed some players’ strategy. This result also led to the 

main question of the second study. Study 2 is an experimental study conducted in 2014. It focusses on 

how decisions are made when subjects have to trade-off the quality and the opportunity costs of time. 

We found that facing higher opportunity costs, subjects spend less time on the choice and make more 

errors. In Study 1, the outcome affected not only a player, but also his teammates and fans. Therefore, 

Study 3, a laboratory study featuring eye-tracking conducted in 2016, explores how decisions are made 

when deciding for oneself or on behalf of another person. Further, we manipulated the processing mode 

in order to compare more deliberative to more intuitive decisions. Here, we find that deciding for oneself 

is more effortful, decisions are more consistent and more in line with a deliberative processing mode 

than decisions made on behalf of others.  

 

In the first study, How Stress and Skill Influence the Choice and Performance in Penalty Kicks, I show 

that certain strategies are more successful and less prone to be affected by pressure for professional 

football players. To this end, I gathered video data of 157 game-decisive penalty kicks from two top 

European leagues. My analysis shows that skill is more important than stress if players choose a 

goalkeeper-independent strategy. In contrast, when players employ a goalkeeper-dependent strategy, 

meaning they try to react to the goalkeeper’s movements during the run-up, an increase in pressure 

increases the chances to score. If this pressure gets even higher, then the positive effect vanishes which 

is in line with the often cited inverted-U shape function of pressure and performance (McGarry and 

Franks, 2000).  

 

In a laboratory study with Sven Resnjanskij, Risky Decisions and the Opportunity Costs of Time, we 

analyze the trade-off between the costs and quality of decisions. We explicitly elicit risk preferences as 

well as deviations from the correct choice, where a correct choice is defined as choosing the lottery with 

the higher expected utility. We develop a rational agent model in which human capital and resources, 

such as time, enter a production function which determines the quality of a decision. The model is based 

on the foundations of human capital theory and the treating time as a valuable resource (Mincer, 1963; 
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Becker, 1965). The production function is characterized by a trade-off between the opportunity costs of 

time, which we exogenously vary, and the benefits of a correct choice. Our results provide strong 

evidence for our economic model in which decision errors are rationally explained by opportunity costs. 

Our exogenous variation of the opportunity costs allows us to apply instrumental variable technique to 

circumvent the omitted variable bias. We further show that two puzzles found in many studies, namely 

allocating time to decisions which yields similar payoffs and longer decisions times being correlated 

with more inferior choices, can be explained by our model. Using an analysis relying on cognitive 

psychology models, e.g., evidence accumulation models (Ratcliff und McCoon, 2008), we get a better 

insight into the decision making process of the participants.  

 

The third study is joint with Kinga Posadzy from the University of Linköping and called Tracing 

Intuition and Deliberation in Risky Decision Making for Oneself and Others. In this study, we look at 

how risky decision differ when one decides for someone else or for oneself. In order to understand how 

differences in results and processing come along, we record the gaze and manipulate the processing 

mode. Further, we test two strands of hypotheses predicting behavior. The first strand stems from dual-

process theory and the findings of Jung et al. (2013), while the second strand of hypotheses stems from 

classical economics, e.g., homo economicus. Our results show that the predictions of the homo 

economicus are more in line with the actual behavior. While we find no differences in risk preferences 

when deciding for oneself or for someone else, individuals have greater a decision error when deciding 

for others. Using eye-tracking data, we find that processing data helps to explain these differences. 

Individuals spend more time, have more fixations, and inspect more information when deciding for 

oneself. We detect similar patterns when comparing deliberative and intuitive decision making. We 

argue that the processing of decisions for oneself is more effortful and resembles deliberative processing.  
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Zusammenfassung 

Der Mensch trifft täglich tausende Entscheidungen. Ein gewöhnlicher Tag startet mit der 

Entscheidung, ob man weiterschlafen oder aufstehen soll. In dieser Thesis untersuche ich drei 

unterschiedliche Entscheidungssituationen mit Hilfe von drei verschiedenen experimentellen Methoden. 

In jeder dieser drei Studien geht es nicht nur um das Ergebnis, sondern auch darum, wie das Ergebnis 

zustande gekommen ist. Ich untersuche die Fragen, welche Strategien benutzt und wie Informationen 

verarbeitet werden.  

Diese Dissertation ist chronologisch aufgeteilt und startete mit Study 1. In dieser Studie habe ich 

Videos von Fussballprofis beim Elfmeterschiessen gesammelt, um herauszufinden, wie verschiedene 

Strategien beeinflusst werden, wenn viel auf dem Spiel steht. Besonders beachtet wurde dabei, wie 

Druck das Schussverhalten verändert. Als Druck bezeichne ich Situationen, in denen es wenig Zeit gibt, 

das Ergebnis eines Spiels oder einer Saison zu verändern. Ich fand heraus, dass wenig verfügbare Zeit 

die Strategie von einigen Spielern verändert. Dieses Ergebnis führte auch zur Fragestellung der zweiten 

Studie. Study 2 ist eine Laborstudie, die 2014 durchgeführt wurde. Sie konzentriert sich auf 

Entscheidungen, in denen die Teilnehmer die Qualität und die Opportunitätskosten der Zeit 

gegeneinander aufwiegen müssen. Als Ergebnis konnten wir feststellen, dass höhere 

Opportunitätskosten dazu führen, dass sich die Teilnehmer weniger Zeit zum Entscheiden nehmen und 

mehr Fehler machen. In Study 1 hat das Ergebnis nicht nur Auswirkungen auf den Spieler, sondern auch 

auf das Team und die Fans. Vor diesem Hintergrund entwickelte ich eine weitere Studie. In Study 3, 

eine 2016 durchgeführte Laborstudie inklusive Eye-Tracking, geht es um die Frage, wie man sich 

entscheidet, wenn die Entscheidung für sich selbst oder für eine andere Person getroffen wird. Des 

Weiteren wurde der “Processing Mode“ manipuliert, um deliberative mit intuitiven Entscheidungen 

vergleichen zu können. Das Resultat der Studie ist, wenn man für sich selbst entscheidet, strengt man 

sich mehr an, man trifft konsistentere Entscheidungen und entscheidet ähnlicher einem deliberativen 

“Processing Mode“, als wenn man die Entscheidung für andere trifft. 

 

In der ersten Studie, How Stress and Skill Influence the Choice and Performance in Penalty Kicks, 

zeige ich, dass bestimmte Strategien von Fussballprofis erfolgreicher und druckresistenter sind. Um dies 

zu belegen, habe ich 157 Videos von spielentscheidenen Elfmetern aus zwei europäischen Top-Ligen 

gesammelt. Meine Analyse zeigt, dass Fähigkeiten wichtiger als Druck sind, wenn die Spieler eine 

Torwart-unabhängige Strategie wählen. Im Gegensatz dazu, wenn Spieler eine Torwart-abhängige 

Strategie wählen, d.h. sie reagieren auf den Torwart, dann bewirkt eine Zunahme des Drucks eine höhere 

Trefferwahrscheinlichkeit. Wenn dieser Druck aber zu hoch wird, verschwindet der positive Effekt, was 

im Sinne der oft zitierten “inversen U“ Funktion von Druck und Leistung ist (McGarry und Franks, 

2000).  

In einer Laborstudie zusammen mit Sven Resnjanskij, Risky Decisions and the Opportunity Costs of 

Time, analysieren wir die Abwägung zwischen den Kosten und der Qualität einer Entscheidung. Wir 
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eruieren sowohl Risikopräferenzen als auch Abweichungen von der korrekten Wahl. Dabei ist die 

korrekte Wahl die Option mit dem höheren erwarteten Nutzen. Wir entwickeln ein Modell eines 

“rationalen Agenten“, in dem Humankapital und Ressourcen, wie z.B. Zeit, in die Produktionsfunktion 

integriert werden. Diese Produktionsfunktion bestimmt die Qualität einer Entscheidung. Das Modell 

basiert auf der Humankapitaltheorie und dem Ansatz, Zeit als eine kostbare Ressource zu behandeln 

(Mincer, 1963; Becker, 1965). Die Produktionsfunktion wird durch das Aufwiegen von den 

Opportunitätskosten der Zeit, die wir exogen verändern, und dem Nutzen einer korrekten Entscheidung, 

charakterisiert. Unsere Resultate unterstützen unser Modell, in dem Fehler rational anhand von 

Opportunitätskosten erklärt werden können. Unsere exogene Veränderung der Opportunitätskosten 

erlaubt es uns, die Methode der Instrumentvariable zu wählen. Dadurch verhindern wir das Problem der 

ausgelassenen Variablen. Des Weiteren zeigen wir, dass zwei verblüffende Resultate, die in vielen 

Studien konstatiert wurden, im Rahmen unseres Modells erklärt werden können. Diese beiden Resultate 

sind zum einen, dass Entscheidungen, in denen die Optionen einen ähnlichen Wert haben, länger 

andauern und zum zweiten, dass längere Entscheidungen mit schlechteren Entscheidungen korrelieren. 

Wir analysieren unsere Daten außerdem auch mithilfe eines Evidenzakkumulationsmodells (Ratcliff 

und McCoon, 2008). Dies gibt uns einen besseren Einblick in den Entscheidungsprozess der Teilnehmer.  

 

Die dritte Studie ist eine Zusammenarbeit mit Kinga Posadzy von der Universität Linköping, Tracing 

Intuition and Deliberation in Risky Decision Making for Oneself and Others. In dieser Studie 

untersuchen wir, wie sich Risikoentscheidungen unterscheiden, wenn man sie entweder für sich selbst 

oder eine andere Person trifft. Um zu verstehen, wie die Unterschiede in den Entscheidungen und im 

Entscheidungsprozess entstehen, zeichnen wir das Blickverhalten auf und manipulieren den “Processing 

Mode“. Weiterhin testen wir zwei Arten von Hypothesen bezüglich des Entscheidungsverhaltens. Der 

erste Strang entstammt der “Dual-Process Theory“ und den Resultaten von Jung et al. (2013). Den 

zweiten Strang liefert die klassische Wirtschaftstheorie bzw. der Homo Oeconomicus. Unsere Resultate 

zeigen, dass die Vorhersagen des Homo Oeconomicus eher dem tatsächlichen Verhalten entsprechen. 

Wir finden keine Unterschiede im Risikoverhalten, wenn man sich für sich selbst oder für jemand 

anderen entscheidet. Jedoch ist der Entscheidungsfehler größer, wenn man für jemand anderen 

entscheidet. Anhand der Eye-Tracking Daten können wir zeigen, dass die Informationsverarbeitung 

diese Unterschiede erklären kann. Wenn man für sich selbst entscheidet, braucht man länger, hat mehr 

Fixationen und inspiziert mehr Informationen. Ein ähnliches Bild ergibt sich im Vergleich von 

deliberativen und intuitiven Entscheidungen. Wir sprechen uns dafür aus, dass Entscheidungen für sich 

selbst mit stärkeren Bemühungen einhergehen und dem deliberativen Denken ähneln. 
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ich als alleiniger Autor verfasst.  
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zusammen mit Sven Resnjanskij verfasst. Dabei habe ich das Experiment in z-Tree programmiert und 
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Die dritte Studie, Tracing Intuition and Deliberation in Risky Decision Making for Oneself and 

Others, entstammt einer gemeinsamen Idee mit Kinga Posadzy. Dabei habe ich sowohl das Experiment 

programmiert, als auch die Erfassung und Aufbereitung der Eye-Tracking Daten durchgeführt. Die 

Analyse der Daten wurde dann in gemeinsamer Zusammenarbeit erstellt, wobei Kinga Posadzy die 

letztendlichen Schätzungen durchgeführt hat. Die erste Version des Artikels hat Kinga Posadzy 

mehrheitlich geschrieben. Dieser wurde aber seitdem häufig gemeinsam überarbeitet. 
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How Stress and Skill Influence the Choice and 
Performance in Penalty Kicks 

JAN HAUSFELD1
 

UNIVERSITY OF KONSTANZ, DEPARTMENT OF ECONOMICS 

This paper investigates the impact of stress and skill on the performance of a penalty 

kick. To this end, I collect video data from 157 game-decisive penalty kicks. The video 

data is in higher resolution than in the previous literature which allows to introduce and 

control for new measures for the performance of a shot. The degree of stress is measured 

by the importance of a kick. I find different patterns of shooting direction when taking 

positions into account. The position specific strategy choices are in line with two kicking 

approaches. The results suggest that skill is more important for the outcome and 

performance than stress, while extremely high stress deteriorates the performance of 

forwards. 

JEL codes: C93, D03, Z2 

Keywords: penalty kicks, strategy choice, choking under pressure 
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I. Introduction 

There is a rising interest of economists and psychologists in penalty kicks which results from the setup 

and the importance of this event. From a strategic point of view, a penalty kick is a simultaneous two-

player zero-sum game under uncertainty. The stakes of many games are huge in terms of money and 

pride for the player and club. There are several reasons to look at sports data when investigating 

performance. For instance, observations with high accuracy are available and players are very familiar 

with the situation (Frey et al., 2013). 

Whether a penalty kick results in a goal depends on various aspects. There are several studies 

investigating the strategic game between goalkeeper and kicker (Chiappori et al., 2002; Palacios-Huerta, 

2003), how anxiety and pressure affect success rates (Apesteguia and Palacios-Huerta, 2010; Jordet et 

al., 2007; Jordet and Hartman, 2008; Jordet, 2009a, 2009b; Wilson et al., 2009; Hill et al., 2010; 

Dohmen, 2008), whether kickers and keepers have biases (Bar Eli et al., 2007, 2009b), how to approach 

a penalty kick (Morya et al., 2003; van der Kamp, 2006; Noël et al., 2015; Froese, 2012), whether there 

are telling body queues (Dicks et al., 2010; Savelsbergh et al., 2002; Savelsbergh et al.; 2005, Lees and 

Owens, 2001), and how skill affects success rates (Baumann et al., 2010).  

In this paper, I investigate how stress and skill affect both the choice and the performance of a penalty 

kick using video data. The analysis is performed on 157 penalty kicks from the Bundesliga and Premier 

League. Stress is approximated by having less opportunities to change the outcome of a game and a 

season, e.g., when there is not much time left in the game and when the game takes place towards the 

end of a season. Skill is approximated by gathering the evaluation assigned to football players from the 

FIFA computer games. Further, I introduce an accurate measure of performance by dividing the goal 

into 28 distinct areas using a detailed video analysis and a new concept for the quality of a shot.  

The video data covers only second half kicks when the score is close. As a first step to investigate 

whether these kicks are different from less decisive ones, I first analyze the data as had been done in 

large parts of the previous literature which considers three basic actions for kicker and keeper: left, 

middle, and right. The observed frequencies of strategy choices in my data set are as predicted by 

Chiappori et al. (2002). This is surprising because the empirical scoring probabilities in my sample 

actually imply different theoretically optimal frequencies. This is first evidence that game decisive 

penalty kicks are in fact different from less relevant ones. 

To look at this apparent effect of pressure more closely, I look at the strategy choices by relying on 

two kicking approaches: the keeper-independent and the keeper-dependent strategy (see Morya et al., 

2003; van der Kamp, 2006; Noël et al., 2015). It can be argued that forwards use the keeper-dependent 

strategy more often as they are used to compete with the goalkeeper one-on-one. Indeed, I find that 

forwards mix more equally between the natural and un-natural side than midfielders and shoot more 

often to the middle which is line with a keeper-dependent strategy. This hints at the use of a keeper-

dependent strategy. On the other hand, midfielders shot in a more specialized way, i.e., they tend to 
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shoot to their natural side more than half of the times. This is in line with the keeper-independent 

strategy.  

After having established the use of two different strategies, I proceed with the more accurate measures 

using 28 areas in the goal to classify shots. The main advantage of the measure’s added precision is that 

it also allows to quantify the quality of a shot. This is not possible when only considering the (scoring 

probabilities of the) three strategies left, middle, and right. The quality measure provides insights into 

the influence of both skill and stress on the performance of a kicker and will not mistake a superb 

performance of a goalkeeper as a bad shot, or respectively a poorly shot penalty as a good one because 

the goalkeeper performed poorly. I find that midfielders shoot in a more specialized way. In a normal 

matching pennies game with limited options, this specialization should be detected and exploited 

because it makes the player more predictable. My measure allows to explain why midfielders 

nevertheless score more on average: the shots have a higher quality than those of forwards. On the other 

hand, forwards increase their scoring chances and quality of shots with an increase in pressure, but this 

increase completely vanishes when the pressure becomes too high.  

The opening quote by Joachim Löw sites among a plethora of similar statements stemming from 

national coaches to players which all basically say that penalties are a lottery. The results from this study 

imply to either train players in very high pressure moments and to let players take penalty kicks which 

are specialized, especially in high pressure moments.  

The rest of the paper is organized as follows. First, I review the penalty kick literature. In Section III, 

I describe the data, followed by an analysis of the strategy choice of both the kicker and goalkeeper and 

compare it to the findings in the literature. Later in that section, I investigate the differences between 

midfielders and forwards. In section IV, I use video data to examine the relationship between stress and 

performance. At last, I discuss the results.  

II. Literature review 

There are several papers investigating penalty kicks from a game theoretic point of view.2 The findings 

of Chiappori et al. (2002) support that players play mixed strategies. They further assume a specific 

ordering of scoring chances given both players’ choices. Stemming from these assumptions, they can 

correctly predict multiple features of shooting and jumping directions. Palacios-Huerta (2003) finds that 

scoring probabilities are equal across strategies and players do not play serially correlated.3 In both 

papers, it is shown that the assumption of the two players choosing their actions simultaneously fits the 

data better than a sequential game.  

Due to the strategic nature of the game, the sports science literature established the use of two different 

kicking strategies: the keeper-independent and the keeper-dependent (see Morya et al., 2003; van der 

Kamp, 2006; Noël et al., 2015). In the keeper-independent strategy, the penalty taker disregards the 

                                                           
2 Coloma (2012) looks at the PK-game as if under incomplete information; Leininger & Ockenfels (2008) look at the “historic” development 
of the penalty kick game from a strategic point of view. 
3 The latter aspect stands in contrast to tennis players as shown by Walker & Wooders (2001). 
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goalkeeper’s action by sticking to the intended target location no matter what the goalkeeper does during 

the run-up. When this strategy is employed it is easier to anticipate the direction based upon body queues 

such as gaze behavior before the run-up (Noël and van der Kamp, 2012). In the keeper-dependent 

strategy, the kickers have a certain location for their kick in mind, but reassess the choice based upon 

the goalkeeper behavior during the run-up and potentially outsmart the keeper. Noël and Van der Kamp 

(2012) show experimentally that the keeper-independent strategy seems to be more successful, 

especially in high-anxiety moments. In their study, the keeper-independent strategy leads to being more 

predictable but also results in more goals due to the improved accuracy of the shots. Froese (2012) 

however finds in an experimental setting that the keeper-dependent strategy is slightly more successful 

in a sequence of kicks, while Noël et al. (2015) do not find differences in scoring probability between 

the two strategies.  

There is also evidence that kickers and keepers are prone to biases in their choice of shooting and 

jumping direction. Bar-Eli et al. (2007, 2009a) conclude that both kickers and keepers are biased towards 

a certain action: keepers jump too often and kickers shoot too low (but also see Berger, 2009). This 

could be explained by Kahneman and Miller’s (1986) “norm theory”. The norm being that goalkeepers 

should put effort in saving by not staying in the middle. For the kickers missing the frame would be seen 

as worse than a kick being saved as the non-success caused by a good goalkeeper is better than a non-

success caused by failing a simple task. Consequentially, they find only 13 % of shots being struck into 

to the upper third of the goal even though scoring chances are empirically superior.  

In football, some games go into penalty shoot-outs after no team has the lead after 120 minutes. These 

are maximum pressure moments as the advancement in the tournament is on the line. Looking at these 

penalty shoot-outs, Apesteguia and Palacios-Huerta (2010) suggest that the prospect of leading is better 

than currently trailing by a goal indicating potential detrimental effect of higher anxiety. In a series of 

articles, Jordet shows that high pressure (not exhaust) hinders performance, and that more merited teams 

(2009a) and players (2009b) have attentional control problems (avoidance looking, less time preparing). 

Further, Jordet et al. (2007) find that goal probability follows a negatively linear function with later 

kicks resulting in less goals, while McGarry and Franks (2000) suggest that goal probability follows an 

inverse U-shape. In the latter model, some stress seems to enhance performance up to a threshold after 

which additional stress becomes detrimental to performance, e.g., choking under pressure. 

In sports psychology (Hill et al., 2010; Dohmen, 2008), choking under pressure is a commonly 

investigated phenomenon. The potential moderators are manifold ranging from audience to public status. 

Choking describes a degraded performance. There are several mechanisms which can explain choking 

under pressure (see Froese, 2012; Hill et al., 2010). The explicit monitoring theory proposes that the 

individual concentrates extremely hard on the task such that automatic processes are interrupted. The 

distraction hypothesis assumes that pressure interrupts the thought process at the task and focusing on 

other things, thereby binding cognitive resources which results in a diminished performance. A third 
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reason might be the motivation to avoid failure. Trying hard not to miss the goal results in more 

centralized shots which are easier to save (Froese, 2012). 

Wilson et al. (2009) experimentally test the predictions of attentional control theory (ACT) on penalty 

kicking behavior. The ACT predicts that anxiety impairs processing efficiency by reducing attentional 

control and making it more difficult for the goal-directed attentional system to override the stimulus-

driven attentional system, especially if a high-threat is present. This means that attempting to anticipate 

the goalkeeper’s movement can yield detrimental effects if the focus is more on the keeper than on the 

goal. Correspondingly, they find in an experiment that a shift from low to high threats leads to faster 

first fixations, which are also significantly longer toward the goalkeeper. The resulting kick is closer to 

the goalkeeper. Navarro et al. (2013) further mention that there might be an innate tendency to rely on 

the stimulus-driven rather than the goal-directed system which differs between individuals. These results 

suggest that players should only use the keeper-dependent strategy if they are able to deal with the 

goalkeeper as a threat. Further, the keeper-independent strategy seems to be less prone to choking, but 

still, both approaches have their downfalls under pressure and need to be investigated using professional 

data.  

III. Data 

For this study, I found 157 penalty kicks as video data via the internet.4 I only analyze the video data 

of penalty kicks shot in the second half of the game, and when the score at the time of the penalty kick 

(PK) was tied or the kicking team lagged a goal (see a summary in Table 1). These kicks are associated 

with higher pressure and more likely to be decisive for the outcome of the game. The penalties used in 

the analyses (video data) took place in the German Bundesliga (2007/08-2010/11, 2012/13) and the 

English Premier League (2009/10-2010/11). 

For each penalty kick and player, I gathered a large set of variables.5 In addition to the minute, table 

positions, score, and so on, I also include skill as an explanatory variable owing to the intuition that skill 

should be correlated with shot quality. Baumann et al. (2010) suggest that skillful players shoot in a 

more specialized way and that better goalkeepers diminish the scoring probability. In contrast to 

Baumann et al. (2010) who used yearly-averaged grades from the sports-newspaper kicker, that could 

be dependent on the outcome of a penalty kick, I assigned skill by following grades of the FIFA computer 

game series. For the goalkeeper, I used the skills Overall, Diving, Handling, and Reflexes. For the kicker, 

I looked at four skills: Overall, Finishing, Penalties,6 and Shot Power. As skills also vary with the 

prerequisites of players’ positions, I also included the kicker’s position to account for possible 

differences in shooting behavior.7  

                                                           
4 See Appendix E for a description of the data gathering. 
5 The full set of variables is listed in Appendix B. 
6 Penalty proved to be unhelpful as the analysis suggests that this skill approximation is purely based on the outcome of the penalty and not 

the quality of the shot and is therefore not a valid instrument. 
7 Jordet et al. (2007) suggested that position might play a role in a penalty kick shootout which they nevertheless find to be insignificant (with 

the tendency of forwards scoring more often). 
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TABLE 1—SCORING RATES OF THE VIDEO DATA PENALTY KICKS 

 

 Generally speaking, roughly 3 out of 4 penalties result in a goal. In contrast to Palacios-Huerta (2003), 

the scoring rate for lagging a goal is higher than for tied games. Also, the scoring chance in the last 15 

minutes is at least as high as in the rest of the second half. I also looked at all other penalty kicks during 

the respective seasons, i.e., without the restriction that the game was either tied or the shooting team was 

lagging one goal. Here, shots in the last 15 minutes have a lower scoring chance than in the first 30 

minutes of the second half.8 This raises the question whether game decisive penalty kicks are different 

from the whole set of penalty kicks. Therefore, I investigate the shooting and jumping directions in the 

following section in accordance with the existing literature exploring the strategic aspects of the game. 

 Strategy Choices  

The penalty kick literature investigating the strategic choices often classifies shots as left (natural), 

middle, or right (un-natural) for kickers shooting with the right foot. The natural side is the side opposite 

of the kicking foot since it is easier to shoot there based on the shooting technique (see Palacios-Huerta, 

2003) and changes accordingly for kickers shooting with the left foot. In this section, I look at the 

direction of both the kick and the jump and draw the distinction between the natural side (N), un-natural 

side (U) and center (C). The goalkeeper is assumed to have no favorite jumping direction and that he 

mainly bases his decision on the kicking foot. Therefore, if a right-footed kicker shoots to the left side 

of the goal, this is classified as a shot towards the natural side. If the keeper jumps there as well, he too 

is classified as choosing the natural side. 

In order to get an impression of my data, I will relate it to the analysis (assumptions and predictions) 

of Chiappori et al. (2002, henceforth CH) and Berger and Hammer (2007, henceforth BH), and later 

compare it to Palacios-Huerta (2003, henceforth PH). I find our data sets to be roughly similar in the 

direction of the shots and jumps with scoring chances being a bit lower for my sample. This is surprising, 

as my data cannot verify the assumptions concerning the scoring chances of the natural and non-natural 

side. This is due to the unusual feature of my data set that the scoring probability is higher when shooting 

to U. Therefore, the shooting and jumping directions are not in line with the predictions stemming from 

the scoring probabilities.  

 Table 2 shows the game for a kicker and goalkeeper. I use a similar notation as CH. The kickers’ 

expected payoffs in the table are either P, π, µ or 0: P-payoffs are the scoring chances when both players 

choose the same direction. π-payoffs are the scoring chances when the kick is to either side and the 

                                                           
8 In Appendix A, I included an overview of the 699 penalty kicks shot in all respective seasons. 

Minute 0 -1 Total Scoring probability 

46-60 20/25 14/20 34/45 75.56% 

61-75 17/23 19/22 36/46 78.26% 

76-end 26/36 27/31 53/67 79.10% 

Total 63/84 60/73 123/157  

Scoring probability 75.00% 82.19% 78.34%  
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directions do not match. µ-payoffs are the scoring chances when the kicker shoots into the center, but 

the keeper jumps to either side. Since the keeper virtually always saves when both play C, the kickers’ 

expected payoff is assumed to be zero for that case. The subscripts n and u further classify P and π into 

the kicking direction, e.g., πn are the scoring chances when the kicker shoots to the natural side and the 

keeper stays in the middle or jumps to the un-natural side. Table 3 displays the empirical scoring 

probabilities of the 3x3 game in my sample.  

TABLE 2— STRATEGIES AND PAYOFFS 

 

 

 

 

TABLE 3— SCORING PROBABILITIES 

 

 

 

 

 

 

Chiappori et al. (2002) assume that the 3x3 game between kicker and keeper follows certain rules. If 

the game decisive penalty kicks used in this study are different from the whole set of penalties, maybe 

the normal assumptions and resulting predictions also do not hold true. The first set of assumptions (1a 

and 1b) state that the kickers’ scoring chances are higher when not choosing the same option and 

choosing the opposite side dominates the center option in these cases. The second set of assumptions 

predict that the kickers’ scoring chances are higher when shooting to the natural side, regardless of 

whether the actions coincide or not. The third assumption yields that kicks to the natural side are less 

likely to miss the frame and are harder to save.9 

1a)  πu > Pn,  πn > Pu 

1b)  πn > µ,  πu > µ 

2)   πn ≥ πu,   Pn ≥ Pu 

3)   πu – Pu ≥ πn – Pn 

These assumptions hold true in CH’s, PH’s, and BH’s data, while for my data set, assumptions 2 and 

3 cannot be verified. Table 3 reveals that the U option outperforms the N option, in general and for 

assumption 3. 

                                                           
9 An explanation is provided in Appendix G or in CH.  Further, in my data set, a general randomization is fulfilled, meaning that the option C 

is chosen with a positive probability. 

   Kicker  

  N C U 

 N Pn µ πu 

Goalie C πn 0 πu 

 U πn µ Pu 

   Kicker   

  N C U Total 

 N 60.87% 84.62% 94.59% 77.08% 

Goalie C - - 100.00% 100.00% 

 U 92.86% 80.00% 66.67% 80.00% 

 Total 72.97% 83.33% 83.08% 78.34% 
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Based upon the mentioned assumptions, CH predict five different patterns for the kicker and keeper 

strategies. I fail to reject any of those.10 This already suggests that the players do not change their 

shooting behavior even though the assumptions for this game are not met. CH also predict (i) 

independence of strategies and (ii) equality of scoring probabilities, but mention that these may fail to 

be robust for aggregation. I will look at these two predictions more closely, as the first one is mandatory 

for looking at this game as a simultaneous move game and the second prediction concerns a potential 

gap between actual and expected strategy frequencies (Table 4).  

In order to test (i) independence of strategies, I ran a 𝜒2 test of independence which revealed that 

there is no significant evidence that strategy choices of kicker and goalie are dependent (𝜒4 =  . 8, 𝑝 = . ). The penalty kicks can therefore be treated as simultaneous move games. In order to check for 

(ii) equality of scoring probabilities, I employed the methods from PH,11 and compared my data set to 

his. Table 4 below illustrates the expected frequencies (predicted by Nash) and actual frequencies. 

Unlike BH and PH who found the actual frequencies to be very close to the expected ones, the players 

in my dataset do not behave according to a mixed strategy equilibrium, especially the goalkeepers. The 

discrepancy in my data set is mainly due to assumptions 2 and 3 not being valid while the players act as 

if they were. Therefore, the kicker shoots to the natural side more than predicted by Nash Equilibrium. 

The goalkeeper seems to anticipate this and adapts his strategy accordingly. 

TABLE 4— STRATEGY FREQUENCY: OWN DATA AND PALACIOS-HUERTA, ONLY N OR U STRATEGIES 

  Kicker Goalkeeper 

   Natural Un-natural Natural Un-natural 

Actual Frequency 0.59* (0.60) 0.41* (0.4) 0.62*** (0.58) 0.38*** (0.42) 

Expected Frequency 0.53 (0.61) 0.47 (0.39) 0.46 (0.58) 0.54 (0.42) 

Notes: My data is always the first number. For comparison, Palacio-Huerta’s data is shown in italics; *** p<0.01, ** p<0.05, * p<0.1 for a 
one-sided binomial test of difference between expected and actual frequency.  

 

TABLE 5— STRATEGY FREQUENCIES 

 

 

  

 

 

Notes: This table shows the distribution of the kickers’ and the keepers’ strategies. 
 

Turning to the potential biases of the players, an inspection of Table 5 suggests that the norm theory 

effect proposed by Bar-Eli et al., (2007) is magnified in my data set: Only one goalkeeper stayed in the 

                                                           
10 The five predictions only concern whether to choose N, U or C within or across kicker and keeper. I test these in the appendix. More 

specifically, I looked at the predictions at the unique equilibrium. See Appendix H for tests and testing predictions as done by Berger and 

Hammer (2007). 
11 PH transformed kicks shot to the center to natural sided ones as the technique is similar.  

   Kicker   

  N C U Total 

 N 29.3% 8.3% 23.6% 61.2% 

Goalie C 0% 0% 0.6% 0.6% 

 U 17.8% 3.2% 17.2% 38.2% 

 Total 47.1% 11.5% 41.4%  
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middle. Anecdotal evidence for some players anticipating this behavior can be found from Hannover 

player Jan Schlaudraff. In a round of 16 game of the Europa League, he shot a penalty in the second half 

in an even game softly into the middle. Later he claimed, he “was sure that the goalkeeper would jump” 

and he told his coach that this was “the safest option”. Concerning the kicker’s choice, I found 34 shots 

reaching the top half of the goal and all of them resulted in goals (excluding the four shots going over 

the crossbar). This is in line with Bar-Eli et al., (2009b) who argue that shooting to the top dominates 

the other options even though there might be more misses. 

 Midfielders and Forwards 

As mentioned earlier, there are two approaches towards kicking a penalty kick: the keeper-

independent and keeper-dependent strategy. I split the kickers into two groups: forwards and 

midfielders. It seems obvious that players facing the keeper one-on-one often should be trained at having 

the calm associated with outsmarting the keeper. Froese (2012) found evidence that this strategy is 

superior when being capable to employ it. Therefore, it can be argued that forwards should be more 

likely to apply the keeper-dependent strategy. This would also entail that there should not be a systematic 

preference with respect to shooting direction. Their job is to score goals and they are used to react to the 

goalkeeper’s behavior. Midfielders on the other hand, are not as used to being in a direct face-off with 

a goalkeeper. They should be the ones who use the keeper-independent strategy more often. This 

strategy is characterized by shooting in a more specialized way. This specialization results in shooting 

more often to one side, but doing so accurately. 

 

 

FIGURE 1:  STRATEGY CHOICE OF FORWARDS AND MIDFIELDERS 

When splitting up the strategy choices by position, one can find such a trend (Figure 1). The 

midfielders stick to their natural side more than half of the time. Forwards, on the other hand, shoot to 

the natural side even less than to the un-natural side. They also seem to shoot more equally often to the 

sides, slightly favoring the un-natural side. Of special interest is the higher probability of forwards 

shooting to the middle in comparison to midfielders (𝑝 <  . , one-sided binomial test). Shooting to 

the middle is often seen as a risky approach for the kickers since the goalkeeper nearly always saves 

such a ball if he just stays in the middle. On the other hand, shooting to the middle is a good strategy if 
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the goalkeeper jumps too early. This should be detected by players applying the keeper-dependent 

strategy. This pattern goes in hand with the assumptions that forwards use the keeper-dependent strategy 

more often. Further, the goalkeeper matches the forward’s strategy in 26 out of 58 shots (44.8%), while 

matching the midfielder’s strategy in 41 out of 85 shots (51.8%).12  

Given the difference in shooting patterns, it is important to look at the respective scoring chances. 

Midfielders still score 71% if the GK jumps to the same side, and 98% if the GK chose a different 

strategy. This is different for the forwards. Forwards only score with 54% if the GK is correct, and 81% 

if the GK jumped to the wrong side. So, the goalkeeper has a relatively high chance of saving a ball if 

he matches a forward’s action. These conditional scoring chances hint at forwards shooting less well 

placed or easier to save. 

 Shooting Directions and Positions under Pressure 

I have found differences in the shooting patterns and scoring probabilities of midfielders and forwards 

which are in line with the proposed kicking strategies. Now, I want to investigate whether there are 

differences between midfielders and forwards in shooting direction when the pressure rises. It can be 

argued that pressure is higher if time elapses, either at the end of a game (last 15 minutes) or for a game 

at the end of the season. In both cases the chances to improve the teams own record are rather little. I 

use this construct to classify high pressure moments. In general, 41% of all kicks are towards U, while 

this rises to 58% in the last 15 minutes of the game. This effect is driven by the forwards’ behavior. The 

forwards kick significantly more often to U in the last 15 minutes than in the first 30 minutes of the 

seconds half (𝑝 <  . , one-sided binominal test). This apparent influence of pressure on the forwards 

needs to be investigated more closely as this is very much in contrast to midfielders who do not seem to 

be influenced by elapsing time, neither in terms of being at the end of the season nor of being at the end 

of the game. 

IV. Stress and Skill Analysis 

 Scoring Chances 

So far, I have mostly looked at descriptive statistics. In this section, I will analyze how skill, position 

and stress affect the success-rate by using logistic regression models as shown in Table 6.13  

As in Baumann et al. (2010), a goalkeeper with a higher assigned overall quality diminishes the 

scoring chances for both midfielders and forwards.  As already mentioned earlier, forwards are worse at 

scoring goals than midfielders (see models 1 and 2). Within forwards, skills seem to affect the scoring 

chances as well. A higher shotpower is associated with a lower scoring chance, while a better overall 

                                                           
12  A one-sided binominal test of differences between matching rates yields p > 0.3. 
13One comment at a conference was to use a Heckman Selection model, as it seems possible that only very good midfielders get to take penalty 

kicks. In order to account for that suggestion, I checked how good the overall grades of forwards and midfielders were (mean grade overall 

were 79.6 vs 78.8). As forwards are only slightly better on average, there is no real reason to proceed with a Heckman model. 
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skill with higher scoring chance.14 Surprisingly, lagging a goal seems to be performance-enhancing 

rather than diminishing. The variables associated with more stress (last 15 minutes of the game, last 5 

match-days) do not seem to have any negative effect on the scoring probability. In contrast, forwards 

shoot better in the last minutes of the game in comparison to the first 30 minutes of the second half. 

Interestingly, there is an interaction effect of last 15 minutes of the game and last 5 matches of the 

season. The interaction yields that if there is a lot of pressure, the performance of forwards suffers. This 

is in line with the before mentioned inverse U-shape (McGarry and Franks, 2000). In the next sections, 

I will analyze whether this effect is due to the keeper saving better or the kicker shooting worse which 

can be detected using the high resolution scale which is introduced next. 

TABLE 6— LOGISTIC REGRESSIONS OF PENALTY SUCCESS ON SKILL, POSITION, AND STRESS VARIABLES 

  (1) (2) (3) (4) (5) (6) 

VARIABLES All All Midfielders Midfielders 

nc 
Forwards Forwards 

     Skill             

Kicker shotpower -0.0619 -0.0718 -0.0297 -0.0498 -0.199* -0.203** 

 (0.0611) (0.0579) (0.0897) (0.0781) (0.107) (0.0979) 

Kicker skill 0.0762 0.0794 0.0757 0.0868 0.219** 0.193* 

 (0.0657) (0.0626) (0.0901) (0.0883) (0.110) (0.108) 

Keeper skill -0.118** -0.0832* -0.195** -0.127* -0.206 -0.151* 

 (0.0539) (0.0465) (0.0864) (0.0705) (0.130) (0.0907) 

     Position       

Defender -0.634 -0.599     

 (0.874) (0.816)     

Forward -1.062** -1.028**     

 (0.497) (0.470)     

     Stress       

One goal behind 0.822* 0.699 0.426 0.374 1.930** 1.617** 

 (0.472) (0.458) (0.753) (0.747) (0.847) (0.690) 

Last minutes 0.234 0.296 0.433 0.288 1.415* 1.493** 

 (0.512) (0.508) (0.789) (0.743) (0.830) (0.752) 

Last 5 games 0.173 0.199 0.870 0.336 -0.424 0.480 

 (0.800) (0.683) (1.342) (1.210) (1.231) (0.858) 

Last minutes x last 5 games -0.294 -0.303 -0.480 0.217 -3.203* -4.072** 

 (1.154) (1.132) (1.703) (1.645) (1.800) (1.718) 

Constant 8.738 7.378 12.52 8.524 13.51 12.55 

 (5.323) (4.932) (7.808) (7.097) (9.731) (9.078) 

Controls Yes No Yes No Yes No 

Observations 157 157 85 85 58 58 

Notes: Logistic regression with robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. In models 1 & 2, the midfield position is the 

baseline. Models 1, 3, and 5 include controls variables: left foot dummy, audience size and an away-game dummy. Of the potential 7 skill variables, 

only 3 are included based upon a forward regression approach. 

 Quality Measure 

For a more detailed classification of the PKs, the following measure is developed. The whole area of 

the goal is split into 28 rectangles which are distributed according to a general shooting perception (see 

Figure 2). The far corners’ columns are relatively small (9.5% of the 7.32 meters) since they are hardest 

to save, and thus only optimally placed shots should be included in this category. The top half of the 

                                                           
14 Even though the correlation between shotpower and skill is high (0.55). 
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goal is split into two equal sized rows. The row below the middle accounts for the area easiest to save 

when jumping (34% of the 2.44 meters). In the vertical direction, the lowest area has the smallest height 

as this is also the easiest to shoot to (15%). In order to assess the quality of a penalty kick, I recorded 

the rectangle at which the ball crossed the goal-line. The quality measure is a weighted average of two 

scales.15 The first is the empirical scoring chance on a scale from 0 to 1. This means that a shot into a 

rectangle where 83% of the balls went in, received a classification of 0.83 on this scale.16 The second 

scale measures the chance of missing the frame when aiming to different areas in the goal. Here, I added 

a circle with the radius of two footballs to the center of each field and checked what area of this circle 

would be a miss of frame. This scale thus indicates the “riskiness” of the placement. A shot reaching the 

very top left area of the goal receives a lower score than a shot hitting the area which is just the adjacent 

diagonal one as the chances to miss the frame are larger in the first case. 

         4    

 1 2 5 3 0 2 1 

 4 6 0 6 0 1 6 

 3 12 2 5 2 12 5 

6 5 21 8 3 6 20 6 

FIGURE 2: THE GOAL AND THE NUMBER OF SHOTS REACHING EACH CELL, NORMALIZED TO RIGHT-FOOTED KICKERS 

 Quality of Penalty Kicks 

There are several questions arising from simply looking at the outcome of this two-player game. It is 

not always clear whether a success is caused by the kicker or the keeper. If the hypothesis stated earlier 

that very high stakes affect performance (choking under pressure) is correct, then a more detailed scale 

is needed. Further, in section III.C, I found forwards to change the shooting direction in the last 15 

minutes of the game. One possible explanation why forwards score less on average is that forwards 

shoot in a manner that is easier to save, for example, because kicks are struck closer to the middle. This 

is also suggested by the lower scoring rate when the goalkeeper jumps to the correct side and can be due 

to choosing the keeper-dependent strategy. Accordingly, the shots should be placed closer to the middle 

as it is not important to place the ball well when the goalkeeper jumps to the wrong side. Further, kickers 

employing this strategy react more to the goalkeeper’s behavior and are therefore also more influenced 

by the keeper, especially under pressure where the threatening stimulus becomes very salient.  

Table 7 shows the results of a series of OLS regressions of the shot quality on skill, position, and 

stress. In general, this analysis shows that forwards shoot worse than midfielders. Midfielders do not 

seem to be affected by pressure nor does skill play a large role for them. One interesting feature is that 

                                                           
15 See Appendix F for the exact scale and calculation. I also used each scale individually. I further used the rectangle setup to develop a scale 

which measures the distance to the middle. Both scales were looked at and the important findings are mentioned in the Results section. Details 

are available upon request. 
16 I coded the shots according to the kicker’s natural side (see Section 3). This means that a left-footed person shooting to the top right is coded 

as the same as a right-footed person shooting to the top left. 
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midfielders shoot further to the sides when facing a better goalkeeper. One explanation could be that 

they anticipate that better goalkeepers are better at detecting telling body signals. Therefore, when 

employing the keeper-independent strategy, this should lead to shooting even further to the side when 

facing a superb goalkeeper. For the forwards, the picture looks different. In a complementary analysis, 

using distance to the middle as a measure, I find that forwards shoot significantly closer to the middle 

than midfielders when only looking at shots on target (median test with p < 0.1). In the quality analysis, 

forwards with a higher shotpower tend to shoot worse. When looking at the parameters associated with 

risen pressure, the effect is in line with the inverted U-shape effect of pressure on performance. Shots 

during the last 15 minutes of the game or in the last 5 matches of the season are better placed than before 

and lagging a goal behind is also related to an increased performance. This suggests that pressure 

moments enhance the forwards’ performance. However, when there is very high level of pressure, or 

there are not many chances left to change the outcome of the game and season, then the forwards begin 

to choke. This effect counteracts the positive effects. It seems as though the forwards are motivated by 

more pressure, but the strategy chosen is not working well under very high pressure. 

TABLE 7—ORDINARY LEAST SQUARES REGRESSIONS OF SHOT QUALITY ON SKILL, POSITION, AND STRESS VARIABLES 

 (1) (2) (3) (4) (5) (6) 

VARIABLES All All Midfielders Midfielders Forwards Forwards 

     Skill       

Kicker shotpower -0.007 -0.007 -0.006 -0.007 -0.0227* -0.0222* 

 (0.005) (0.005) (0.007) (0.006) (0.013) (0.013) 

Kicker skill 0.002 0.003 0.005 0.005 0.010 0.012 

 (0.005) (0.005) (0.007) (0.006) (0.012) (0.012) 

Keeper skill -0.006 -0.005 -0.003 -0.002 -0.006 -0.005 

 (0.005) (0.005) (0.005) (0.004) (0.011) (0.011) 

     Position       

Defender -0.032 -0.030     

 (0.073) (0.075)     

Forwards -0.103** -0.106**     

 (0.052) (0.048)     

     Stress       

One goal behind 0.108** 0.108** 0.068 0.067 0.189* 0.198** 

 (0.044) (0.043) (0.058) (0.058) (0.102) (0.090) 

Last minutes 0.053 0.053 -0.028 -0.029 0.200* 0.217** 

 (0.052) (0.051) (0.068) (0.062) (0.104) (0.102) 

Last 5 games 0.0871* 0.0918* 0.066 0.052 0.130 0.163* 

 (0.050) (0.049) (0.056) (0.054) (0.107) (0.093) 

Last minutes x last 5 games -0.022 -0.024 0.030 0.046 -0.203 -0.258* 

 (0.070) (0.069) (0.082) (0.079) (0.151) (0.142) 

Constant 1.557*** 1.462*** 1.169** 1.116** 1.928 1.754 

 (0.435) (0.442) (0.470) (0.460) (1.225) (1.172) 

Controls Yes No Yes No Yes No 

Observations 157 157 85 85 58 58 

R2 0.133 0.119 0.066 0.058 0.221 0.201 

Notes: Ordinary least squares with robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. In models 1 & 2, the midfield position is 

the baseline. Models 1, 3, and 5 include control variables: left foot dummy, audience size and an away-game dummy. Of the potential 7 skill 

variables, only 3 are included based upon a forward regression approach. Shot quality is on a scale from 0 to 1 and described in the sub-section 

above. 
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V. Conclusion and Discussion 

 Conclusion 

Penalty kicks can be shot by either having a target area chosen before the run-up or the player can 

constantly reassess the target location during the run-up. A very late change in the intended target 

location can have negative effects on the performance (Van Der Kamp, 2006), but there also exists 

evidence that the former strategy is superior if one is sufficiently proficient (Froese, 2012). The literature 

suggests that the latter strategy is more prone to failure if the individual performing the task experiences 

very high pressure. As forwards have the task of scoring goals, they should be more likely to use the 

keeper-dependent strategy. When looking at the sides where the different positions shot to, I found 

support that midfielders have a preferred side to which they shoot more often while forwards mix more 

which is in line with the kicking strategies mentioned above. However, I do not find evidence of 

forwards or midfielders being more predictable. Further, I find that forwards shoot more centrally 

placed. This all suggests that forwards apply the keeper-dependent strategy while midfielders employ 

the keeper-independent strategy which is also more specialized. In a normal simultaneous matching 

pennies game with limited options, a specialization should be detected and exploited. My data suggests 

that midfielders specialize to such an extent that being predictable is completely upset by shooting very 

accurately and to empirically promising areas of the goal. This analysis is only possible by creating the 

more accurate quality measure of the shot.  

The main research question is how stress and skill affect the performance of kickers. In order to answer 

that questions, I gathered skill approximating grades from the FIFA computer games and approximate 

stress as having either little time in a game and/or at the end of the season. Again, I find different patterns 

for midfielders and forwards. Midfielders do not seem to be affected by any of the situations associated 

with higher pressure. In contrast, the forwards seemed to shoot better when the stakes increase but then 

choke under very high pressure. This speaks for an inverted U-shaped curve for the relation between 

pressure and performance. These findings are to a large extent in compliance with the experimental 

findings of Noël and van Der Kamp (2012) who show similar patterns for people instructed to use either 

of the two kicking strategies. 

Further, I encounter a magnified norm theory effect for the goalkeeper in contrast to the existing 

literature. In my data featuring only important penalty kicks, the goalkeeper dives for one of the two 

sides in 156 out 157 cases which could be seen as further evidence that the game decisive penalty kick 

game is different than the usual penalty kick game. 
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 Discussion 

One aspect worth discussing is the assessment of skill. The FIFA computer game skills are assessed 

by a community of more than 2000 Data Reviewers and Editors.17 It is obvious that these grades are not 

perfect.18 I looked at the FIFA game released after the respective season to account for a rising of a new 

player. Sometimes a player retired or transferred to a team not present in FIFA, then the edition before 

the season was looked at. In my view, they are better than transfer-values, as certain positions tend to 

be overpriced, scarcity plays a large role, marketing potential and so on. On the other hand, formerly 

used grades from newspapers are likely to be affected by the outcome of the penalty kick. My analysis 

showed that the FIFA skills have explanatory power even though the differences are small relative to 

the scale. It should be noted that some professional teams use the data of computer games as well.19 

The measure of pressure is also not perfect. I created some variables which were supposed to be 

related to risk and pressure moments. Here, I find that estimating risk-taking by receiving a lot of cards 

is not a good predictor of shooting more risky. Also, penalties given in derbies (for example Dortmund 

vs. Schalke) or prestigious games (for example Dortmund vs. Bayern) do not yield any further insight.  

In Section III, I found two of the assumptions from Chiappori et al. (2002) to not be valid for my data 

set, but the predictions are valid nonetheless. This is surprising given the findings of penalty takers being 

rational. This data set merely contains high pressure and decisive penalty kicks which could lead to a 

selection bias. An anxious player might shoot to his natural side and place the ball less well due to the 

fear of being blamed for failing. The players shooting to the riskier corner might be the ones dealing 

better with stress (see Navarro et al., 2013) and place the ball better. However, an analysis of shooting 

quality by side does not reveal any insights. Here, improving on a downfall of this work, the small 

sample size, could help. If non-high pressure kicks are shot differently, (such as midfielders shooting 

also more to the non-natural side) then this would strengthen the argument that under high pressure 

players just play the normal option. The sample size also does not permit to employ many statistical 

tests on the hypotheses. Indeed, most tests fall into the field of few observations vs. many observations. 

I do not see this kind of analysis as a huge drawback, but a larger sample size could solve this problem. 

 

 

 

 

                                                           
17 http://www.fifahub.com/index.php?/topic/798-official-fifa-info-from-eas-data-collection-team/ 
18 http://whatculture.com/gaming/fifa-13-why-the-player-rating-system-is-flawed.php 
19 http://www.dailyrecord.co.uk/news/uk-world-news/everton-sign-deal-to-scout-for-worlds-997789 
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VI. Appendix 

 All penalties during the seasons of interest 

For this study, I firstly gathered information via kicker.de 20 on the penalty kicks from the German 

Bundesliga (7 seasons) and English Premier League (2 seasons). A statistical summary of all 699 kicks 

giving an overview of the scoring probability based upon time and respective score can be found in 

Table 7. Visual inspection suggests that scoring chances decline towards the end of the halves, and 

lagging in score also seems to be better than being in front by the same score, while the corresponding 

test results are non-significant. This is in line with Palacios-Huerta (2003).  

TABLE 8— SCORING PROBABILITY OF PENALTY KICKS GIVEN TIME INTERVALS AND PARTIAL SCORE 

Notes: a/b means that a out of b penalties resulted in a goal 

 

 Variables available for each penalty kick 

I also gathered a larger amount of variables for each shot: league, season, matchday, dummy for last 

5 games of season, day of week, Saturday vs other days, primetime game, kick-off time, home team 

dummy, audience, minute, dummy for last few minutes of a game,  interaction dummy (position and last 

5 games), score before penalty, final score, keeper name, kicker name, left or right foot, table position 

shooting team, table position keeping team, table position dummy for top/bottom 4, keeper jump 

direction, shot direction, fouled player shoots himself, how the penalty was awarded (hand or other),  

captain, national games, substituted or not, 4 skill measures for the kicker and 4 for the keeper, position, 

yellow and red cards that season, derby, prestige game,  eternal table top 5 dummy, last 20 years table 

top 5. Note that the variables mainly used in the paper are written in italics.  

 The laws describing a penalty kick and the positioning rules 

Law 12 describes the circumstances under which a direct free kick is awarded. Law 14 establishes the 

setup of the penalty kick.21 

                                                           
20 Kicker is a german sports-newspaper. For these 699 penalties, I also gathered the date, kick-off time, teams, kicker, keeper, score, audience, 

and whether the player was substituted. 
21 http://www.fifa.com/worldfootball/lawsofthegame/law/newsid=1290872.html 

Minute Kicks 0 1 -1 2 -2 3 -3 total scoring probability 

0-15 65 41/53 5/6 4/6 0/0 0/0 0/0 0/0 50/65 76.9% 

16-30 101 44/61 8/14 15/20 5/5 1/1 0/0 0/0 73/101 72.3% 

31-45 127 47/63 10/20 23/32 4/7 5/5 0/0 0/0 89/127 70.1% 

46-60 107 28/35 20/26 18/26 2/3 7/8 4/4 4/5 83/107 77.6% 

61-75 130 23/31 23/31 25/28 10/15 1//16 4/5 3/4 101/130 77.7% 

76-end 169 32/44 31/39 29/35 11/15 14/18 8/14 3/4 128/169 75.7% 

total 699 215/287 97/136 114/147 32/45 40/48 16/23 10/13 524/699  

  74.9% 71.3% 77.6% 71.1% 83.3% 69.6% 76.9% 75.0%  
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The positions of ball and players are the following: 

 The ball must be placed on the penalty mark 

 The player taking the penalty kick must be identified properly 

 The defending goalkeeper must remain on his goal line, facing the kicker, between the goalposts 

until the ball has been kicked 

 The players other than the kicker must be located inside the field of play, outside the penalty 

area, behind the penalty mark and at least 9.15 m (10 yds.) from the penalty mark 

The procedure is as follows: 

 After the players have taken the prescribed positions, the referee signals for the penalty kick to 

be taken 

 The player taking the penalty kick must kick the ball forward 

 He must not play the ball again until it has touched another player 

 The ball is in play when it is kicked and moves forward 

 A goal may be scored directly from a penalty kick. 

 Speed and placement of ball 

The penalty spot is on the 11m or 12yard line. The goal is 7.32m/  8yds wide and 2.44 m/ 8feet high. 

The speed a goalkeeper needs to jump at when reacting to an already shot ball, is equivalent to the 

average speed of the fastest people in the world in a 100meter race. So, a perfectly placed penalty kick 

is impossible to save via reacting. If the goalkeeper does not react but rather jumps simultaneously to 

the kick of the ball, the speed necessary to save a kick going towards the corners is between 4.83meters 

per second and 5.11meters per second which is still very hard to obtain, but humanly possible. 

 Data gathering description 

For the 2012/13 season, all penalty kicks were found on sky.de (Sky is a german pay-tv firm who 

shows the Bundesliga games). The search for the other videos turned out to be very time consuming and 

sometimes nearly impossible as the property rights impeded the videos from being available online. One 

advantage of looking at 0, -1 penalties was the media availability. Searching through Russian, 

Vietnamese, New-Zealandian, Bulgarian and other websites took a long time, but videos were finally 

most often found. The respective websites are often no longer existent, but I can provide the address 

upon request. I had to throw out two penalty kicks (Frank Lampard repeated his 3 times, and Kevin 

Großkreutz who is a field player was the goalkeeper in one kick). This resulted in 157 penalty kicks. 

The two scores before the kick (0, -1) go in hand with the research question as pressure is already higher 

in these clutch moment penalty kicks. After a video with a quality sufficient to determine the exact spot 

of where the ball traversed the goal was found, this was noted, as well as the goalkeeper’s behavior.  
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 Goal scale 

As mentioned in the Quality scale, the quality is a weighted average of one scale being the empirical 

success rate and the other scale being a riskiness measure. Using the empirical success rate could also 

be used. However, I was interested in determining what makes a good penalty. Therefore, it would be 

ignorant to not account for the fact that shots to the very end of the goal yield the danger of missing the 

goal completely. To get the numbers below, I used three time success rate and once the risk measure. 

The results are similar for 4/1.  

 

.96 .974 .974 .974 .974 974 .96 

.986 1 1 1 1 1 .986 

.986 .864 .498 1 .014 .942 .986 

.986 .803 .436 .5 1 .83 .986 

FIGURE 3: THE VALUE OF EACH RECTANGLE BASED UPON THE QUALITY SCALE. 

 The assumption for the choices 

Regarding assumption 3), this might need further explanation. Given that the goalie jumps to the 

wrong side, the scoring probability is π. So the probability of missing the goal completely is 1-π. If the 

goalkeeper jumps to the right side, then failing to score means either the ball is saved (call this 

probability s) or the frame is missed (1-π). Thus P =1 – (1-π + s) = π – s 

So 3) becomes su ≥ sn, so saving probability is higher on the non-natural side.  

Assumptions explanations and results: 

 Assumption 1a) is clearly true since the chance of scoring, given the goalkeeper jumps to the correct 

side, is lower than if the GK guesses wrongly. 1b) is also true, but should be regarded with caution since 

the goalkeeper chose the center only once. 

Assumption 2) cannot be proven in the data set. Even though the numbers for Pu (27) and Pn (44) are 

very small, a two-sample proportion test does not reject the H0 of equal chances. 

For πn ≥ πu, we can also not reject the notion of equal scoring probabilities given other alternatives 

Assuption 3) πu – Pu  ≥ πn – Pn   * −  ≥ −    0.28≥0.32 false… 

 Predictions 

Chiappori et al. (2002) state that the above displayed payoff matrix (Table 2) is match specific and 

that the population is characterized by some distribution 𝑑𝛷 𝑃𝑢, 𝑃𝑛, 𝜋𝑢, 𝜋𝑛, 𝜇 . It holds that for this 

distribution and under assumption 1): 

(i)   The number of kicks using C is larger than jumps with C                Yes 
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(ii)  The kickers shoots N less often than the goalkeeper jumps to N             Yes 

(iii) If assumption 2) holds, then the goalkeeper uses N more often than U           Yes 

(iv) If assumption 3) holds, then the kicker chooses N more often than U              Yes, non-sig 

(v)  If 2) and 3) are satisfied, then the pattern (N,N) is more frequent than  (U,N)  

& (N,U) which are both more frequent than (U,U)     Yes, non-sig 

 Measures to create derbies and prestigious games 

Bundesliga table for seasons 1963-2013: 

1 Bayern Munich 

2 Werder Bremen 

3 Hamburg 

4 Dortmund  

5 Stuttgart 

 

Bundesliga table from 1992-2012   

FC Bayern München         982 1365 1397 

Borussia Dortmund          835 1123 1158 

Bayer 04 Leverkusen 818 1110 1137 

FC Schalke 04              771 1043 1063 

SV Werder Bremen           762 1030 1063 

 

Premier League all time 

1 Liverpool 

2 Everton 

3 Arsenal London 

4 Manchester United 

5 Aston Villa 

 

Premier League 1992/93- 2012/13 

1 Manchester United 

2 Arsenal London 

3 Chelsea London 

4 Liverpool 

5 Tottenham Hotspurs 

 

For a website listing all the derbies 

http://en.wikipedia.org/wiki/List_of_association_football_rivalries#Clubs_in_Europe_.28UEFA.29 
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 We investigate the trade-off between the costs and quality of decisions in a simple model 

in which a decision maker trades off using time for arriving at a risky decision and for 

pursuing an alternative activity. When decision time increases the quality of the decision, 

rational agents consider the opportunity cost of time when deciding on how much time 

to allocate on decision-making. In a lab experiment, we introduce exogenous variation 

in the opportunity costs of time allocated to making risky decisions by reducing the 

subjects’ payoffs as decision time increases. Using structural estimations, we infer 

preferences and decision errors. We find that an increase in the opportunity cost of time 

reduces, ceteris paribus, decision time, and reducing the time available for making 

decisions increases the probability of mistakes. Moreover, we show that using more 

decision time when facing small-stake decisions need not indicate irrational behavior, 

and neither does a positive correlation between decision time and the probability of 

making mistakes. Such a behavior is compatible with our model of rational decision-

making. 
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I. Introduction 

The quality of many important economic decisions depends on the individual characteristics of the 

decision maker and the resources invested into the process of decision-making. If investing more time 

improves decision-making, the optimal allocation of time and therefore the optimal quality of the 

decision depends on the opportunity costs of time. We introduce a parsimonious model in which a 

decision maker (DM) rationally trades-off the costs and the quality of a decision under risk. Our 

economic model is based on the seminal works of Becker (1965) and Mincer (1963) on how rational 

agents allocate time optimally, recognizing that time has a (shadow) price determined by the opportunity 

costs related to alternative time uses. Therefore, we follow Rabin’s approach (Rabin, 2013a; 2013b) to 

provide a portable extension of existing models able to incorporate a psychologically more realistic 

notion of rationality. 

The model predicts that a rise in opportunity costs leads to faster choices which are of lower quality. 

We test these predictions in a lab experiment in which we exogenously vary the opportunity costs of 

time spent in the choice between two monetary lotteries. Other behavioral studies used fixed decision 

deadlines to investigate behavior under risk (Kocher et al., 2013; Nursimulu and Bossaerts, 2014). 

However, we analyze how subjects trade-off opportunity costs of time and improving the decision 

quality. Therefore, we use time-dependent opportunity costs, such that each second spent thinking is 

costly (see also Kocher and Sutter, 2006).  

Based on the revealed preferences of the decision maker, the quality of a decision is measured by the 

number of inconsistent choices in risky decisions. We first jointly estimate risk aversion and decision 

error using structural estimations (Fechner, 1860; Hey and Orme, 1994; Harrison et al., 2007; Harrison 

and Rutström, 2008; Bruhin et al., 2010; Caplin et al., 2011). 

We find that risk aversion does not differ significantly when opportunity costs are higher. On the other 

hand, the likelihood of a decision error increases with higher opportunity costs validating the prediction 

from our model. When being confronted with higher opportunity costs, the DM rationally chooses a 

lower decision quality by investing less time in the decision, which is necessary to equalize the marginal 

utilities of time with respect to its different uses.  

In our model, we assume that investing more time is beneficial for the quality of a decision and we 

predict that valuable time should not be spent on choices that do not matter, but rather on an alternative 

use. Two puzzles with respect to the allocation of time seem to be at odds with our model of rational 

decision-making. First, subjects’ response times studies were found to be higher in lottery decisions 

when the utility difference between two available lotteries was small (Dickhaut et al., 2013; Krajbich et 

al., 2014). Second, longer decision times positively correlate with a higher incidence of decision errors 

(Dickhaut et al., 2013; Alós-Ferrer et al., 2016). We address these issues in our model and in the analysis: 

In the analysis employing instrumental variable regressions, and the drift diffusion model (Ratcliff, 

1978; Krajbich et al., 2014; Oud et al., 2016). 
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We also find empirical evidence for the presence of the two puzzling results being evident in our data. 

When using the estimated expected utility difference as the difficulty of a decision, we find a negative 

correlation between decision times and expected utility difference. However, when we insert decision 

difficulty as the expected utility difference into our model, we can show that the negative correlation is 

also possible within our model. Concerning the second puzzle, when simply regressing decision time on 

making a correct choice, we also find a negative correlation between decision time and correct choices. 

A causal interpretation is, however, not possible as long as the difficulty of the decision is not controlled 

for, because the decision difficulty is likely to be positively correlated with decision time and negatively 

correlated with the probability of a correct choice. We circumvent these problems with our research 

design. Our randomized opportunity cost treatments provide us with the ideal instrument for the time 

invested in the decision. Instrumenting the decision time with opportunity costs reveals a strongly 

negative causal effect of decision time on errors, which is in line with the Thinking, Fast and Slow 

metaphor (Kahneman, 2011). 

As a last step, we focus on the drift diffusion model as it generally correctly predicts the puzzles (see 

Fehr and Rangel 2011). We estimate the drift diffusion model parameters and simulate the marginal 

effects of spending more time on decision quality. The analysis also suggests that spending time is 

beneficial for the decision quality. Further higher opportunity costs are associated with lower 

boundaries. These lower boundaries can be interpreted as needing less evidence to make a choice which, 

in turn, leads to choosing the inferior lottery more often. 

This papers contributes to the literature in the following manner. Several studies (Nursimulu and 

Bossaerts, 2014; Dickhaut et al., 2013; Kocher et al., 2013) used fixed and exogenous time constraints 

in their experiments. In contrast, we investigate the endogenous investment of time in the decision-

making process determined by the trade-off between the opportunity costs of time and the quality of the 

decision-making. Wilcox (1993) and Krajbich et al. (2014) vary the monetary payoff of the decision 

task by changing either the stake of the decision itself or the magnitude of the payoff difference between 

the available options. We directly introduce exogenous variation in the opportunity costs of time, which 

is not confounded with and independent of the decision problem itself. In addition, there exists a long 

literature on the correlation between decision time and decision quality in decision making under risk 

(Wilcox, 1993; Dickhaut et al., 2013), learning and belief updating (Achtziger et al., 2012), and strategic 

decisions (Kocher and Sutter, 2006). Our research design allows us to identify the causal effect of 

decision time on decision quality. We provide a comparison between our extension of the expected 

utility model to the process oriented drift diffusion model of Ratcliff (1978) and show that both models, 

correctly specified, provide similar predictions with respect to the nexus between decision time, the 

difficulty of the decision, and the quality of the decision. We are able to show that both, the negative 

correlation between the decision time and quality, and the observation that decision time is longer in 

decision among options with rather similar utilities, are compatible with a model of rational behavior 

with opportunity costs of time. 
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In the next section, we review the relevant literature and look at the two puzzling results. In section 

III, we describe our model and how it relates to the puzzles. Section IV explains the experiment. Our 

structural estimation results are provided in section V. We discuss puzzles related to our findings, the 

instrumental variable approach and how the drift diffusion model compares and adds to our model in 

section VI. Section VII discusses potential extensions of our approach and robustness checks. We 

conclude in section VIII. 

II. Literature review 

We analyze the investment of time into the quality of economic decisions under risk. This relates our 

study to behavioral studies on how time pressure induced by fixed decision deadlines alters behavior 

under risk (Kocher et al., 2013; Nursimulu and Bossaerts, 2014)3 and to the economics of information 

as introduced by Stigler (1961). Our study complements the work of Caplin et al. (2011) on the effect 

of information search on decision-making. Based on the idea of Simon (1955), Caplin et al. (2011) 

investigate decisions in which not all information is immediately available to the decision maker. Many 

important economic consumer decisions, such as choosing the right pension plan or savings contract, 

share this feature. Modern communication technologies provide easy access to all information that is 

easily available. The evaluation of information can be seen as the binding constraint in the decision-

making process, especially when risk is involved – and risk is the concern of this paper. 

Two results of previous studies seem to be in stark contrast to the predictions of our economic model. 

First, subjects were found to invest more time in lottery decisions when the utility difference between 

two available lotteries was small. This implies that an improved quality of the lottery decision increases 

expected utility only slightly (Moffatt, 2005; Gabaix et al., 2006; Chabris et al., 2009; Dickhaut et al., 

2013; Krajbich et al., 2014). This goes against the economic intuition that valuable time should not be 

spent on choices that do not matter, but rather on an alternative. Alós-Ferrer et al. (2016) include an 

assumption into their model of preference reversals that divides choices into hard (small utility 

difference) and easy choices (large utility difference). 

 Second, longer decision times were found to correlate with a higher incidence of decision errors 

(Dickhaut et al., 2013; Alós-Ferrer et al., 2016). Stemming from their model, Alós-Ferrer et al. (2016) 

first hypothesize and find in their data that predicted reversal take longer than comparable non-reversals. 

These reversals can also be seen as inconsistent choices. In a related model, Achtziger and Alós-Ferrer 

(2013) predict either correct responses or errors to be slower dependent on the conflict stemming from 

the prediction of a controlled process (Bayesian updating) or an automatic process (reinforcement 

learning).    

While expected utility (Neumann and Morgenstern, 1944) has its roots in axiomatic theory, the drift 

diffusion model (DDM) claims to emulate the decision process the human brain. Decision values are 

                                                           
3 In contrast to the experiments used in the literature on time pressure, in which a DM is forced by an exogenous time limit, our experimental 

setting investigates the effect of time pressure as an endogenous outcome of a decision maker’s trade-off between costs and quality of a 

decision. In the former, a deadline either yields either no effect or a slightly increased risk aversion. 
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encoded by neurons that transmit all-or-nothing information (Krajbich et al., 2014): only when the 

signals add up to a sufficiently large boundary a decision will be made. Contrary to the process oriented 

DDM that portrays the neuropsychological process, the expected utility (EU) model is usually 

interpreted as an as-if model (Friedman and Savage, 1952), i.e., a black box that does not describe the 

underlying mechanisms governing the decision process. Ratcliff (1978) introduced the drift-diffusion 

model of dynamic evidence accumulation processing to predict both choice behavior and the distribution 

of decision times.4 The DDM assumes that the decision maker observes two types of signals that indicate 

the value of the two available lotteries, and continuously updates the resulting relative decision value 

(RDV). This process continues until a choice specific threshold is reached. Using the notation of 

Krajbich et al.  (2014), the drift diffusion model predicts that decision time varies negatively with the 

expected utility difference. When the expected utility difference is small, the decision time is longer 

than when the expected utility difference is large, because it is more difficult to discriminate between 

the two lotteries (see Fehr and Rangel, 2011).5 As a result, the evidence accumulation process is slower. 

The DDM can also account for the second puzzling empirical regularity – a negative correlation between 

the decision time and the probability of choosing the superior option. In the DDM, a longer decision 

time is mainly caused by both a low drift rate and large boundaries (neglecting a high non-decision 

time). Drift towards the preferred decision boundary makes a correct choice more likely. However, the 

lower the drift rate, the longer is the accumulation process, and the more likely it becomes (conditional 

on the fact that the RDV has still not reached the boundary of the superior option) that the stochastic 

component of the DDM will cause the RDV to cross the boundary of the inferior option. Changes in the 

drift rate caused by a variation in the difficulty of a decision therefore produce a negative correlation 

between decision time and quality. The drift diffusion also received increased attention in consumer 

search (for example, Reutskaja et al., 2011) and was extended to dual stages or dual processes (Hübner 

et al., 2010; Caplin and Martin, 2015; Alós-Ferrer, 2016). 

III. Economic Model 

In this section, we present a model that describes a rational decision maker facing a risky decision. 

The decision maker trades off time in making a correct lottery choice against a well-defined opportunity 

cost of time. The risky choice is between two lotteries ℒ = { , 𝑅} where 𝑅  denotes the lottery with 

the higher (lower) expected utility.6 The agent decides on the optimal allocation of total time  on the 

lottery decision  and the alternative (other) use .  denotes the expected utility related to the lottery 

choice, whereas  relates to the utility derived from the alternative use of time which is the opportunity 

cost of the lottery decision. The opportunity costs are deterministic and increasing in  ⁄ > . 

Furthermore, opportunity costs may differ which is captured by . A higher  is assumed to increase 

                                                           
4 For a recent survey on the drift-diffusion model see Ratcliff and McKoon (2008). For the description of the DDM we rely on Fehr and Rangel 

(2011) and Krajbich et al. (2014) who provide short surveys on the use of the DDM in the economic literature. 
5 Fehr and Rangel (2011) summarize stylized facts related to the predictions of the DDM, including the prediction that difficulty as measured 

by the utility difference, is positively related to the decision time. 
6 For the sake of a notational convenience, we assume 𝑅 ≻ ⟺ [ 𝑅 ] > [ ] throughout the paper. 
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the marginal utility of an additional second not allocated to the lottery choice ⁄ > . The 

expected utility of the lottery decision depends on the two available lotteries and the probability  of 

selecting the lottery with the higher expected utility 𝑅 . The probability  is increasing in the time 

invested in the decision ⁄ >  and may also depend on the individual characteristics  such as 

education, skills, and the difficulty of the lottery decision . The agent maximizes 

(1)  max𝑜, 𝑑 , ,  , ℒ + ,     s. t.           + =  

The first order conditions require equality of the marginal utilities related to both time use opportunities. 

(2)  
𝜕 𝑑𝜕 𝜕𝜕 𝑑⏟  𝑑 = 𝜕 𝑜𝜕 𝑜⏟𝑜

 

A higher probability  increases [ ] because it improves the chance of selecting the lottery with 

the higher expected utility.7 The left-hand side of equation (2) describes the positive marginal utility of 

time spent on the lottery decision. If we further assume ⁄ < , we find that  is decreasing in 

.8 The right-hand side of equation (2) describes the marginal utility of time with respect to the 

alternative time use. 

In our experiment, we use different treatments to vary the opportunity costs  related to the lottery 

decision. An increase of these costs is illustrated in Figure 1 by an upward shift of  towards ′. 

 

FIGURE 1. Optimal Time Invested in Decision Quality 

Notes: The figure presents the equilibrium condition in equation (2) based on the maximization problem (1). In the equilibrium, the optimal 

decision time is chosen so that the marginal utilities from investing a unit of time in the lottery decision and in the alternative activity (  

and ) are equalized. An increase in opportunity costs  shifts the  upwards to ′ and leads to a lower optimal decision time. 

From this simple model, we can derive the following prediction: An increase in the opportunity costs 

reduces the optimal time invested in the lottery decision and therefore reduces the quality of the decision. 

                                                           
7 The increase of [ ] is zero if the two available lotteries yield the same expected utility [ 𝑅 ] = [ ]. 
8 This assumption is intuitive. The probability  has an upper bound of 1, leading to the intuitive assumption that  approaches 1 at a decreasing 

rate. In our two-lottery set up we can further assume π , , = . , which corresponds to a random choice between the lotteries if no 

resources are invested in the lottery decision. 
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In line with rational behavior, we expect to see more errors in the lottery decisions because investing 

more time to improve the lottery decision has to be traded off against the opportunity costs. 

 Is time invested in economic decisions when it doesn’t matter? 

Gabaix et al. (2006), Moffatt (2005), Chabris et al. (2009), Dickhaut et al. (2013), and Krajbich et al. 

(2014) find that more effort – as measured by decision time – is exerted when the difference in expected 

utility between the two possible choices is small. This goes against the economic intuition that valuable 

time should not be spent on choices that do not matter, but rather on an alternative. In our model, we 

substitute the time constraint into the maximization problem (1) such that the agent chooses an optimal 

time span ∗  for selecting a lottery: 

(3)  𝑎 𝑑  ≡ , , ⋅ [ 𝑅 ] + ( − , , ⋅ [ ] + − , . 
Based on the first order condition reported in equation (4), a smaller utility difference ∆ [ ] =[ 𝑅 ] − [ ] reduces the costs of a decision error, and requires a lower , since ⁄  is assumed 

to be positive. 

(4)  
𝜕𝜕 𝑑 = [ 𝑅 ] − [ ] ⋅ 𝜕𝜕 𝑑⏟> + 𝜕 𝑜𝜕 𝑑⏟< =!  

As mentioned above, several studies find exactly the opposite. We allow the difficulty  of a decision 

to codetermine the probability , ,  of making a correct decision. In line with the reasoning of the 

DDM and of Alós-Ferrer et al. (2016), we assume that the difficulty  is decreasing in ∆ [ ] (a small 

value of ∆ [ ] is associated with higher difficulty), and assume ∆ [ ]⁄ > . Reformulating the 

first-order condition from equation (4) gives 

(5)  
𝜕𝜕 𝑑 = ∆ [ ]⏟  𝑖 𝑎 ⋅ 𝜕 𝑑,𝛾,∆𝐸[ ]𝜕 𝑑⏟      𝑖 𝑖 + 𝜕 𝑜𝜕 𝑑⏟< =! . 

Equation (5) illustrates the trade-off between responding to a higher difficulty and a lower importance 

of the decision. A lower importance, denoted by a lower ∆ [ ], enters the first factor of the product in 

equation (5) and decreases ceteris paribus the optimal time invested in the decision ( ∗) because  is 

assumed to be an increasing and concave ( ⁄ < ) function in . But, a lower ∆ [ ] also increases 

the difficulty to identify the superior lottery. Assuming that a lower ∆ [ ] will not only decrease the 

probability to choose the superior lottery at any given decision time ( ∆ [ ]⁄ > ), but also decreases 

the marginal utility from spending an additional unit of time in the lottery decision 

( , , ∆ [ ] ( ∆ [ ]  ⁄ < ), the difficulty effect will lead to more time invested in the 

lottery choice and thereby counteracts the importance effect. Signing ∗ ∆⁄  is therefore an 

empirical question. In contrast to the interpretation of Krajbich et al. (2014), our results suggest that a 

negative correlation between  and ∆ [ ] cannot be interpreted as evidence against the expected utility 

model. We rather interpret the ability of the expected utility model to reveal the two opposing effects 

that govern optimal decision time as a strength of the traditional model. 
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IV. Experimental Design 

 Method 

112 subjects were recruited with ORSEE (Greiner, 2015) among the students of the University of 

Konstanz. The experiment was programmed in z-Tree (Fischbacher, 2007) and conducted at Lakelab, 

the economics laboratory at the University of Konstanz. The experiment lasted about 75 minutes and 

participants earned €14.29 on average (maximum €88.25, minimum €5.15). The experiments took place 

between May and June 2015. Table 5 in Appendix A provides summary statistics containing socio-

economic characteristics of all 112 subjects. 

The experiment consisted of four parts (Figure 2). First, the participants completed all four questions 

of the Berlin Numeracy Test in multiple choice format (Cokely et al., 2012). Second, subjects completed 

the incentivized Multiple Price List (MPL) of Holt and Laury (2002).9 

Afterwards, subjects played 180 lotteries with two states and a wide variety of probabilities.10 We use 

a random lottery design which has been used in several experiments investigating decisions under risk 

(Harrison and Rutström, 2008). Subjects had to decide between two options in which the probability of 

receiving the higher value in one option was equal to the probability to receiving the lower value in the 

other option. We mainly used the probability pairs 90-10, 75-25, 60-40, and 53-47. Two randomly drawn 

lotteries were paid out. At the end, subjects completed a smaller version of the Raven’s Matrices.11 Part 

1, 2, and 4 were identical across treatments while part 3 featured treatment-dependent opportunity costs. 

The treatment was the same for all subjects within a session. 

 

FIGURE 2. Setup of the Experiment 

Notes: The figure presents the timeline during the experimental sessions. Parts 1, 2, and 4 were similar across treatment conditions. In part 3, 

subjects in all treatments were confronted with the same set of 180 lottery choices, but with different opportunity costs related to the decision 

time. 

In order to investigate the effect of different opportunity costs, we implemented time dependent costs 

in a between-subject design. We conducted four sessions and only the time dependent costs in part 3 

varied between the sessions. The time costs ranged from 0 cents (no time costs) in the control group to 

10 cents (low), 30 cents (medium), and 100 cents (high) in the three treatment groups. All subjects had 

a maximum time of 15 seconds to make a lottery choice. Subjects, not in the time cost treatments, were 

told that they receive the outcome from the lottery plus points from a “Time Account”. 

                                                           
9 Only the Holt-Laury task and the lottery task were incentivized. The payoffs were determined at the end of the experiment (after the Raven’s 
Test) to rule out potential endowment effects in later stages of the experiment. 
10 Appendix L presents the set of lottery pairs used in the experiment to gather the choice data. 
11 See Raven et al. (2005). We used every third item of the second set. 
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In each of the 180 rounds, there were €3 on the time account and the time account yielded no negative 

points. Every second (and millisecond) subjects lost12 a treatment dependent amount from their time 

account (10 cents, 30 cents, 100 cents). In addition to the 28 subjects in each of the three treatments with 

opportunity costs, another 28 subjects were assigned to the control treatment. For subjects in the no costs 

treatment, the time dependent costs of the lottery decision were equal to zero. 

There are several studies using strict or lenient deadlines and exploring their effect on decision-

making. We are mainly interested in the trade-off between spending more costly time and making a 

better decision such that every second spent thinking is costly to the alternative use. Therefore, we 

decided to use time-dependent costs and not a deadline. 

V. Estimation and Results 

 Decision Time and Opportunity Costs 

The model described in section III predicts a decrease in time invested in the lottery decision as 

opportunity costs increase. Figure 3 presents the average time spent on a lottery decision in each 

treatment. The decision time drops by more than 50% from 3.05 seconds in the treatment without 

opportunity costs to 1.3 seconds in the treatment with the highest opportunity costs. With the exception 

of the comparison between the 10 cents and 30 cents treatment, a t-test with standard errors clustered at 

the subject level reveals significant differences ( < .  across the time spent for the lottery decision 

across all treatments.13 

 

FIGURE 3. Time invested in the Lottery Decision 

Notes: This graph plots the average time subjects spent on a lottery decision in the corresponding treatment and standard errors clustered at the 

subject level based on 20160 lottery decision from 112 subjects. Significance of pairwise comparison across treatments is calculated using a t-

test clustered at the subject level. Similar significance levels are achieved from using a (blockwise) bootstrapped t-test clustered at the subject 

level with 1000 replications and a clustered Mann-Whitney U test. All differences across the control group and each treatment condition are 

significant at the one percent level. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

                                                           
12 The instructions said “For every second faster than X seconds, you gain Y cents on your time account“, to avoid a loss frame. 
13 These results also maintain for alternative nonparametric tests described in the notes below Figure 3. 
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 Risk Preferences and Decision Error 

We use a structural approach to test whether higher opportunity costs reduce the time invested in the 

quality of the lottery decision and therefore increase the number of choices in favor of the lottery with 

lower expected utility. We elicit the risk preferences which determine the expected utility associated 

with a lottery. To elicit risk preferences, we assume a CRRA utility function = − −⁄ .14 

Given the risk preferences, we then determine errors in the lottery choices. Furthermore, we assume that 

errors in the lottery decision are more likely, if, ceteris paribus, the difference in the expected utility ∆ [ ]  of the two available lotteries is small. A lottery decision in favor of the preferred lottery 𝑅  

depends on ∆ [ ] = [ 𝑅 ]− [ ] and the realization of a random decision error ~ , . This 

implementation of a decision error is known as the Fechner error specification (Fechner, 1860; Hey and 

Orme, 1994).15 The standard normal distribution of  ensures that large realizations of the error term are 

less likely than small ones. Whenever ∆ [ ] + 𝜏 ⋅ < , the DM chooses the inferior lottery  and 

deviates from the EU prediction.16 The parameter 𝜏 measures the size of the error. A higher 𝜏 corresponds 

to more expected decision errors. Furthermore, the difference in expected utility ( 𝑅 −  is 

standardized  according to Wilcox (2011) to be bounded within the interval [− , ]. 
We jointly estimate our structural parameters  and 𝜏, to measure the risk preference and errors in the 

lottery decision using the data on the lottery Choice between the two available lotteries in lottery pairs ℒ with the following equation: 

(6)  ℎ 𝑖𝑐 ∗ = ∆ [ ; ℒ ] + 𝜏 ⋅ ,  𝑖 ℎ ~ , , 
where ℎ 𝑖𝑐 = 𝑅 if ℎ 𝑖𝑐 ∗ ≥  and ℎ 𝑖𝑐 =  if the latent variable ℎ 𝑖𝑐 ∗ is negative. To test our 

theoretical predictions we allow  and 𝜏 to depend on the treatment condition. We also investigate 

potential heterogeneity with respect to individual characteristics of the subjects as well as estimates on 

the individual level. 

Table 1 presents the structural estimates on the treatment level.17 The first two models present results 

of structural estimations without an explicit error term. We find no treatment effect on the risk aversion 

parameter . The estimates in columns (3) to (5) correspond to a joint estimation of risk aversion and 

the decision error. We find no consistent evidence in favor of a change in risk preferences as a result of 

higher opportunity costs induced time pressure. The stability of risk preferences is therefore a valid 

(implicit) assumption of our economic model in III.18 However, we find a strong pattern in the magnitude 

of decision errors. The errors increase most in the 100 cents treatment. In all three treatments the increase 

                                                           
14 We relax the CRRA functional form assumption in Appendix G and find quantitatively similar results. 
15 The Fechner error specification has been used as the main specification in several previous studies using stochastic expected utility models, 

see for instance (Harrison et al., 2007; Bruhin et al., 2010; Caplin et al., 2011). Starmer (2000) provides a comprehensive review of different 

error specifications.  
16 Appendix B presents a detailed derivation of our structural estimation procedure. 
17 To be precise on the meaning of our statistical tests of the results in the table, the interpretation of our t-tests in the results table is as follows: 

testing the treatment coefficients against zero, means we try to reject the hypothesis that the preference or error parameter is different from the 

value of the control group (constant). Testing the coefficient of the constant in the risk preference ( ) equation against zero means trying to 

reject the null hypothesis of risk neutrality or expected value as choice criteria in the control group. Whereas testing the coefficient of the 

constant in the decision error (𝜏) equation against zero, means trying to reject the hypothesis of a deterministic utility theory with no decision 

errors, such that 𝑅 >  ⇒ Pr ℎ 𝑖𝑐 = 𝑅 = , Pr ℎ 𝑖𝑐 = =  holds. 
18 Based on stable preferences, we can interpret our model as a normative EU model, explaining how the DM should decide. Deviations from 

the normative predictions can therefore be interpreted as undesirable decision errors.  
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of decision errors is statistically significant. Based on the estimated coefficients, we find evidence that 

the largest magnitude of decision errors occurs in the treatment with the highest opportunity costs. As 

the theoretical model predicts, lower investment (decision time) in the quality of the lottery decision 

leads to more decision errors. These errors are identified as deviations from the EU prediction. In column 

(5), we allow for heterogeneity in risk preferences and decision quality with respect to gender (male), 

age, and numeracy skills (BNT). Male subjects make fewer decision errors and are less risk averse. We 

find some evidence that lower numeracy skills, measured by the Berlin Numeracy test (BNT) are 

correlated with a lower decision quality. 

TABLE 1—STRUCTURAL ESTIMATES 

 Only Risk Measure  Risk & Error Measure 

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

Parameter: ρ  ρ  ρ τ  ρ τ  ρ τ 

Treatments             

100cent Treatment -0.247  -0.139  -0.073   -0.074 0.130***  -0.138 0.118*** 

 (3.146)  (1.956)  (0.125)   (0.136) (0.026)  (0.149) (0.028) 

30cent Treatment -0.589  -0.172  -0.164   -0.154 0.065***  -0.160 0.040** 

 (7.109)  (5.858)  (0.137)   (0.125) (0.018)  (0.118) (0.019) 

10cent Treatment -0.624  -0.473  -0.181   -0.185 0.090***  -0.193* 0.051* 

 (3.348)  (3.930)  (0.110)   (0.121) (0.034)  (0.108) (0.029) 

Male   -0.657        -0.162* -0.071*** 

   (1.065)        (0.093) (0.026) 

BNT correct   -0.098        -0.040 -0.012* 

   (0.194)        (0.038) (0.007) 

Age (18)   0.027        0.024 -0.004 

   (0.079)        (0.015) (0.004) 

constant 0.233  0.429  0.201*** 0.221***  0.193*** 0.153***  0.273** 0.234*** 

 (0.151)  (0.336)  (0.064) (0.011)  (0.053) (0.013)  (0.111) (0.031) 

p-value for joint significance in:          
Treatments 0.997  0.999  0.331 0.000  0.354 0.000  0.241 0.000 

Log-Likelihood -13049  -13010  -11998  -11931  -11796 

Subjects 112  112  112  112  112 

Observations 20160  20160  20160  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (2) correspond to estimations without any treatment dependent error specification. Results in columns (3) – (5) 

correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and based on 1000 replications are 

reported in parentheses.19 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level.  

The results in Table 1 provide estimates on the treatment level. To check the robustness of our results, 

we estimate the structural model for each subject individually and check whether we still identify the 

pattern of the estimates in Table 1. Figure 4 plots the individual estimates within each treatment. Visual 

inspection reveals a clear rise in the decision error as opportunity costs increase, whereas no clear trend 

is observable in the estimated risk preferences. Statistical inference on the treatment differences based 

on a nonparametric Mann-Whitney U test reveals quite similar p-values on the statistical differences 

across treatments ( ∆ :  .  = . , ∆ :  .  = . , ∆ :  .  = . ). In contrast, we 

                                                           
19 Moffatt (2015) and Cameron and Miller (2015) provide the technical details on the bootstrap procedure. 
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find a statistical significant increase in the decision error ( ∆𝜏:  .  = . , ∆𝜏:  .  = . , 
∆𝜏:  .  = . ). 

 

FIGURE 4. INDIVIDUAL ESTIMATES 

Notes: N=111. For one individual, the maximum likelihood estimator did not converge. The  estimate of 4 observations were smaller than -

10 and are therefore omitted. The 𝜏 estimate of one observation exceeds 1.4 and is omitted in the figure. The statistical tests are performed on 

the entire sample including the omitted outliers. Appendix C presents scatter plots including the outliers and details about the nonparametric 

test. 

 Quantitative Size of Decision Errors 

We established the existence of a treatment effect on the decision error by reporting a statistically 

significant increase in the decision error. The question remains whether this increase is economically 

significant or small enough that it can be ignored. The size of our decision error parameter 𝜏 is positive 

but nonlinearly related to the probability of choosing the inferior lottery. The following example 

illustrates the error mechanism for a representative lottery choice (∆ [ ] = .  assuming that the 

lottery 𝑅 has a higher expected utility than lottery . Based on the structural estimates in column 4 in 

Table 1, Figure 5 illustrates the increase in the decision error as opportunity costs increase from zero 

(control group) to 100 cents. The blue curve illustrates the estimated relatively low decision error (𝜏 =. ) in the no time pressure control group. The yellow curve corresponds to high decision error (𝜏 =. + . = . ) estimate for the 100 cent treatment. Given a lottery choice with ∆ [ ] = . , 

the estimated treatment effect of the decision error of 𝜏 = .  translates into an increase in the 

probability of choosing the suboptimal lottery by 11 percentage points from 24 to 35%.20 

Another way of illustrating the robustness of the decision error pattern is via out-of-sample 

predictions.21 We randomly select 120 lotteries and estimate our structural parameters  and 𝜏 for every 

subject. Afterwards, we calculate the predicted probability of making a correct choice in the remaining 

60 lotteries. We run this procedure 1000 times with newly randomly selected lotteries and then calculate 

                                                           
20 A random choice would generate an error probability of 50%. Therefore, all improvements in the lottery decision are bounded within the 

range between 50 to 100%. An increase by 12 percentage points therefore represents a quantitatively large effect. The decision errors in both 

treatments increase as ∆ [ ] becomes small. ∆ [ ] = .  represents an average utility difference across lotteries. 
21 A comparison between the out-of-sample predictions of CRRA vs. Prospect Theory yields no significant difference. The results are 

available on request. 
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the mean probability to select a correct choice in each treatment. In the control treatment, this probability 

to choose the correct lottery in the remaining 60 lotteries is 71.27%, 66.58% in 10 cents, 67% in 30 

cents, and 62.04% in the 100 cents treatment. These probabilities reflect that subjects’ choices were 

most likely to be predicted correctly in the control treatment and subjects in the 100 cents treatment 

were least likely. 

 

FIGURE 5. EFFECT OF AN INCREASE IN THE DECISION ERROR 

Notes: This figure illustrates the effect of the estimated error (𝜏) on the probability of choosing the lottery with lower expected utility. In the 

example, lottery R is the correct choice. The parameter values in the illustrated example are ∆ [ ] = . , 𝜏 = . , 𝜏ℎ𝑖 ℎ = .  . +. . The estimated 𝜏`s are taken from estimation results in column 4 in Table 1. The low error corresponds to the control group, whereas 

the high error estimate is based on the results for the high pressure (100 cents) treatment group. 

 

VI. Empirical Puzzles Related to the Investment of Time in Economic Decisions 

In section II, we mention two seemingly problematic findings in the previous literature. First, subjects 

spend more time on choices when it does not matter as much, e.g., when the expected utility difference 

between options is small. The second finding is that longer decisions times are correlated with more 

errors. In this section, we show that estimated expected utility difference is negatively correlated with 

decision time. Then, we show that – despite the presence of a negative correlation – the causal effect of 

more time invested in the lottery decision on the quality of the decision is positive suggesting that time 

can be interpreted as production factor in a capital-labor production framework of decision quality 

(Camerer and Hogarth, 1999). As a final exercise, we estimate the treatment effect of an increase in 

opportunity costs within the DDM framework. The results suggest that the quantitative effects and the 

underlying mechanisms of higher opportunity costs are similar in the neuro-founded, and process-

oriented DDM and the expected utility model. The exercise highlights that the as-if expected utility 

model can very well represent the basic underlying choice mechanisms. 

 Is time invested in economic decisions when it doesn’t matter? 

Based on the revealed preferences of the decision maker, the quality of a decision is measured by the 

number of inconsistent choices in risky decisions. Therefore, we use the estimated risk preferences to 
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infer the expected utility of every option. Similar to Moffatt (2005), Dickhaut et al. (2013), and Krajbich 

et al. (2014), we find a robust negative correlation between the time invested in the decision and the 

estimated expected utility difference (Figure 6).22 We showed in section III that this negative correlation 

is possible within our model. 

 

FIGURE 6. ESTIMATED EXPECTED UTILITY DIFFERENCE AND DECISION TIME 

Notes: The Scatterplot presents decision times of 19980 individual lottery decisions obtained from 111 subjects. A nonparametric regression 

line (lowess) is overlaid on top of the data. 

 Is time an essential resource in the decision production function?  

To reproduce the negative correlation between decision time and quality, we estimate the coefficients 

of the following regression model: 

(7)  𝑐 ℎ 𝑖𝑐  = +  𝑐𝑖 𝑖 𝑖 + 𝛃𝐗 + , 

where 𝐗 denotes a vector of additional controls. Column (1) in Table 2 contains the estimate of  based 

on the linear probability model. The coefficient is negative and highly significant suggesting that an 

additional second invested in the lottery decision reduces the probability of choosing the superior lottery 

by 1.4 percentage points. A causal interpretation is, however, not possible as long as the difficulty of the 

decision is not controlled for, because the decision difficulty is likely to be positively correlated with 

DecisionTime and negatively correlated with the probability of a CorrectChoice. Based on the standard 

omitted variable formulae,  is downward biased. A straightforward approach to correct for the omitted 

variable bias is to control for the difficulty of the decision. In model (3) in Table 2, we include the 

expected utility distance as a proxy variable for the difficulty.23 The effect of the expected utility 

difference (normalized to be between zero and one) is positive and significant. The correlation between 

decision time and the correct choice probability is essentially zero after including the expected utility 

                                                           
22 A bivariate linear regression of decision time on ∆ [ ] reveals a highly significant negative slope coefficient of − .  ( = . , −𝑎 < . , = , ). Standard errors were clustered at the subject level. 
23 The underlying risk preferences used to calculate the expected utility difference are based on individual estimations for each subject as 

presented in Figure 4. For a similar approach see Moffatt (2005). 
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difference as a proxy for the decision difficulty. The expected utility difference is, of course, not an ideal 

measure of difficulty: this proxy uses a specific functional form and the inherent subjective nature of 

the difficulty of a decision is not captured.24 Therefore, it is illusive to claim that after controlling for 

the expected utility difference,  can be interpreted as causal effect. 

We circumvent these problems with our research design. Our randomized opportunity cost treatments 

provide us with the ideal instrument for the time invested in the decision. The increase in the opportunity 

costs across our treatment conditions has a negative effect on the decision time, but is – conditional on 

the decision time – completely unrelated to the lottery choice. We therefore use standard instrumental 

variable techniques to identify the causal effect of decision time on the quality of the decision as 

measured by the probability of choosing the superior lottery. The results are presented in models (4) to 

(6) in Table 2. The measured negative relation between the opportunity costs and the decision time in 

the first stage as the effect of the treatment dummies on the decision time results in an F-statistic on the 

instruments of above 30.25 Based on the IV estimates, the resulting causal effect of a time investment on 

the decision quality is positive and statistical significant and ranges from an improvement of 2.3 to 3.7 

percentage points in the probability of a correct choice for an additional second invested in the lottery 

decision. 

TABLE 2— DECISION QUALITY AND TIME INVESTED IN THE DECISION 

Dep. Variable: Correct Lottery Choice (binary) 

  LPM (OLS)  2SLS 

 (1) (2) (3)  (4) (5) (6) 

Decision Time -0.014*** -0.012** -0.001  0.023*** 0.023*** 0.037*** 

 (0.005) (0.005) (0.005)  (0.008) (0.008) (0.008) 

EV difference (abs)  0.049***    0.051***  

  (0.003)    (0.003)  

EU difference (abs)   0.593***    0.646*** 

   (0.039)    (0.037) 

Constant 0.773*** 0.715*** 0.657***  0.699*** 0.644*** 0.574*** 

 (0.013) (0.013) (0.013)  (0.019) (0.020) (0.020) 

Instrument for Decision Time – – –  Treatment Dummies 

First Stage F-Stat – – –  30.71 30.71 31.37 

Subjects 111 111 111  111 111 111 

Observations 19460 19460 19460  19460 19460 19460 

Notes: OLS estimates ((1) - (3)) and IV 2SLS ((3) - (5)) are reported. The dependent variable is a binary variable equal to one if the lottery 

with higher expected utility is chosen by the subject and zero otherwise. The underlying risk preferences are based on individual estimates of 

the CRRA coefficient (presented in Figure 4). Heteroskedasticity-robust standard errors are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

 

 The Drift Diffusion Model 

The drift diffusion model is capable to incorporate both puzzles as mentioned in section II. The DDM 

assumes that the decision maker observes two types of signals that indicate the value of the two available 

                                                           
24 See for instance Chabris et al. (2009) and Moffatt (2005) for alternative functional forms of the decision difficulty proxy variable. In general, 

the construction of any difficulty measure seems to include some arbitrary and non-testable modelling choices. 
25 The quantitative dimension of the first stage results can be observed from Figure 3 and its explanation in section V.A. 
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lotteries, and continuously updates the resulting relative decision value (RDV). This process continues 

until a choice specific threshold is reached. Figure 7 presents a graphical representation of the DDM. 

The bold line shows how the RDV develops across time. The dashed line represents the drift rate ( ). 

The horizontal long-dashed lines represent the threshold values (B) that trigger the choice of the 

respective lottery. NDT denotes the non-decision part of time, usually interpreted as the time needed to 

encode the information stimulus and to move to response execution (Ratcliff and McKoon, 2008).26 

         

FIGURE 7. THE DRIFT DIFFUSION MODEL 

Notes: The example presented in the figure illustrates two evidence accumulation processes in which the decision maker decides for the superior 

lottery R (upper boundary). The two processes differ w.r.t. the drift or on how fast the evidence accumulation process drifts towards the correct 

lottery decision. 

The evolution of the RDV is a Brownian motion with a constant drift rate ( ). The Brownian motion 

represents the stochastic part of the decision, whereas the drift rate towards the preferred option is 

governed by the decision maker’s ability to discriminate between the lotteries and the quality of the 

signals (possibly related to lottery difficulty). If the thresholds are relatively small and/or the drift rate 

is low, the stochastic element of the process can dominate choice behavior and give rise to errors. In 

Figure 7, this would mean that the RDV path hits the lower boundary. 

Following Krajbich et al. (2014), the difficulty of a decision and therefore the drift rate is decreasing 

in the utility difference between the two available lotteries. The RDV evolves according to: 

(8)  𝑅 = 𝑅 − + × ∆ [ ] + . 

The drift rate is determined by the product × ∆ [ ]. The stochastic element of the choice process is 

represented by ~ ,𝜎 . 

Subsequently, we show that the drift diffusion model essentially predicts a positive causal effect of 

decision time on the quality of a decision, despite the fact that many studies using the DDM find a 

negative correlation. As described above, a higher difficulty of the decision results in a lower drift rate. 

In turn, lower drift rate leads to longer decision times which are also more erroneous. In addition, closer 

boundaries are also affected by the speed-accuracy trade-off (Ratcliff and McKoon, 2008).27 Closer 

boundaries decrease the decision time and consequently the opportunity costs of the decision at the 

expense of more decision errors. Figure 8 illustrates the effect of closer boundaries. In the right panel 

                                                           
26 In our experiment, the non-decision time (NDT) could be interpreted as time subjects needed to use the computer mouse to indicate their 

lottery choice as well as the time needed to visually recognize the information provided on the computer screen. 
27 The speed accuracy trade-off is the term used in the psychological literature to describe the trade-off between faster and more accurate 

decisions. 
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(b), closer boundaries decrease the expected time and can lead to an unfavorable choice. However, it 

becomes also more likely that the stochastic component of the accumulation process will shift the RDV 

towards crossing the lower boundary and triggers an inferior lottery choice (Figure 8, b). 

 

FIGURE 8. EFFECT OF A DECREASE IN THE BOUNDARIES OF THE DRIFT DIFFUSION MODEL 

Notes: Panel (a) and (b) illustrate the change in the trade-off between costs of the decision, measured by the time invested in the decision and 

the quality of the decision denoted as probability to choose the high EU lottery. Closer boundaries in panel (b) result in a decrease of the time 

until a decision is triggered, but increases the likelihood to arrive at the lower boundary and choose the inferior lottery. In line with the 

comparative static results of the expected utility model, the change of the boundaries in the DDM can be interpreted as a result of an agent’s 
optimal solution of trade-off between the opportunity costs of time and the quality of the decision. 

Empirical models that lack exogenous variation in the opportunity costs of time may identify a 

negative correlation between decision time and quality because the difficulty varies among the decisions. 

These models are therefore unable to establish causality. In the DDM the omitted variable bias arises if 

(i) the boundaries are not allowed to be chosen endogenously or (ii) if exogenous variation in the 

decision time which is independent of the difficulty of the decision problem is not modelled. To estimate 

the causal effect of time with the DDM, we first estimate the DDM parameters on the treatment level, 

using the fast-DM software (Voss and Voss,2007; Voss et al., 2015). Table 3 reports the results. 

TABLE 3—ESTIMATES OF THE DRIFT DIFFUSION MODEL 

 Decision Criteria: Expected Utility 

 no cost 10 cent 30 cent 100 cent 

Decision Boundaries (B) 2.73 1.70 1.60 1.34 

 p-value (H0: no cost = treatment) – [0.000] [0.000] [0.000] 

Drift Rate ( ) 0.35 0.42 0.48 0.40 

 p-value (H0: no cost = treatment) – [0.058] [0.011] [0.227] 

Non-Decisional Time (NDT) 1.25 1.07 1.09 0.87 

 p-value (H0: no cost = treatment) – [0.044] [0.056] [0.000] 

Notes: Parameter estimates of the Drift diffusion model based on the estimation results in model 5 in Table 1 (N=112). P-values based on 

pairwise t-test on the difference of subjects in the control group (no cost) and subjects in the corresponding treatment are reported in brackets. 

We set 𝜎 =  in the stochastic component of the DDM ( ~ , 𝜎 ) to identify the parameters of the DDM (see e.g. Ratcliff, 1978, Krajbich 

et al., 2014). Since the position of the two lotteries was randomized and both lotteries were presented simultaneously, we fix the starting point 

of the RDV to the middle between the two lotteries (no initial bias towards a specific lottery). In addition to the fitted parameters B, , NDT, 

we also estimate the parameters related to the variability of the drift rate  and the starting point of the RDV (results available on request). 

Rather similar results are obtained from using risk preferences from individual estimations (see Appendix H, Table 12). 

 

In line with the economic intuition derived from the expected utility model, we find a statistically 

significant decline in the boundaries as the opportunity costs of time increase. We also find some (mixed) 

evidence for an increase in the drift rate. A higher drift could indicate that subjects put more effort into 

the task by increasing their signal-to-noise ratio which leads to a higher quality. Whereas lower 
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boundaries increase the likelihood of choosing the inferior lottery. To quantify the overall effect of an 

opportunity costs induced change in the decision time on the decision quality, we estimate the partial 

effect of a change in the drift rate, the boundaries, and both simultaneously on the decision quality, while 

keeping all other parameters of the DDM constant at their sample means. 

TABLE 4—PREDICTIONS OF THE DRIFT DIFFUSION MODEL 

 Pred. Prob. of Correct Choice ( ̂)  Pred. Decision Time (̂ ) 

 no cost 10 cent 30 cent 100 cent  no cost 10 cent 30 cent 100 cent 

Prediction of the DDM due to change in        

 Boundaries (∆ ) 75.1% 66.6% 65.5% 63.2%  2.73 1.76 1.68 1.50 

 Drift (∆ ) 65.3% 68.2% 70.4% 67.3%  1.88 1.87 1.86 1.87 

 Both (∆  & ∆ ) 71.8% 66.9% 68.0% 62.7%  2.78 1.76 1.67 1.50 

Notes: Predictions of the DDM for the Probability of a correct choice (̂) and the decision time (̂ ) are presented. The predictions are based 

on 500001 simulations with all remaining parameters set at their sample mean values. The correct choice is determined from the utility 

difference based on the estimation results in model 5 in Table 1. Rather similar results are obtained from using risk preferences from individual 

estimations (see Appendix H, Table 13). 

 

The simulation results (Table 4) based on the DDM suggest that a change in boundaries predicts a 

decline of the correct choice probability from 75.1 percent in the no cost control group to 63.2 percent 

in the 100 cents treatment. This effect is partially offset by the simultaneous change in the drift rate. 

Overall, based on the simulations of the DDM, the rise in the opportunity costs from zero to 100 cents 

per second, decreases the time invested in the lottery decision from 2.78 to 1.5 seconds, which causes a 

decline in probability of correct choice by more than 9 percentage points. Just as the empirical and 

theoretical prediction of expected utility theory, DDM points towards a positive causal effect of time 

investment on the quality of the decision. 

In the final analysis, the expected utility model performs just as well as the neuro-founded and 

decision process oriented DDM. The results from the DDM add additional explanatory power to our 

argument that important mechanisms related to the trade-off between the opportunity costs of time and 

the quality of decisions can be explained by a simple rational utility model that is as simple as the one 

we suggest in this study. More specific, we found that higher opportunity costs induce lower boundaries. 

Lower boundaries lead to faster and more erroneous decisions and therefore support our model. 

VII. Further Research and Limitations of the Study 

We successfully test several comparative static properties of the economic model introduced in section 

III and demonstrate that decision errors cannot be simply interpreted as irrational behavior. However, 

our theoretical framework does not provide an exact point estimate of the optimal allocation of time. 

This would require further structural assumptions on the decision-making process captured by  in our 

model. The specific functional form of  determines the rate of improvement in the lottery decision and 

is therefore instrumental in determining the exact optimal time invested in the lottery choice.  

There are also several versions of the drift diffusion model assuming dual stages or dual processes 

(Hübner et al., 2010; Alos-Ferrer, 2016; Caplin and Martin, 2016). These feature the possibility of either 

two stages in which the second only applies when the first stage does not hit a boundary, or that the 



  

53 

 

decision maker chooses between whether to make a considered, but effort-costly, choice or a very fast 

and non-considered decision. This could also mean that  is dependent on which system is used, and 

whether there are conflicts between the predictions stemming from the two systems (see also Achtziger 

and Alós-Ferrer, 2013). 

Another open question concerns the influence of prior beliefs of the decision maker on the range of 

outcomes. We present an extension of our model in Appendix I to capture the effect of such prior beliefs. 

In our model, the entire uncertainty related to the lottery decision is captured in the probability , 

whereas the utility difference ∆ [ ], which can be interpreted as a measure of the stake of the lottery 

decision, is predetermined and known to the decision maker. We relax this assumption in Appendix I 

and assume that ∆ [ ] is not deterministic but rather an a priori unknown random variable, whose 

properties can be learned by interpreting signals at a very early stage of the decision-making process. 

As we demonstrated in section III.A, even without an early stage, our basic model is able to produce 

similar predictions as the process-oriented DDM.28 

A straight-forward implication of such an initial leaning stage is that the DM will invest more 

resources in the decision-making process if the early gathered information changes the beliefs about the 

stake of the decision. Indeed, we find that higher payoffs, measured in varies, lead to fewer decision 

errors.29 The extension of the model provides additional insights in the decision-making process at the 

cost of increased model complexity and reduced ability to easily apply the model in other areas of 

economics in which the process of decision-making is of minor interest. We believe that our basic model 

can describe the most important economic mechanisms of decision-making. 

 Further Results and Alternative Specifications 

In Appendix F, we discuss the influence of different measures of cognitive ability and education on 

erroneous choice. The economic model of rationality described in section III explicitly allows for a 

correlation between individual characteristics  and the decision quality defined as the probability  to 

choose the superior lottery, where  is (negatively) related to the Fechner error 𝜏 in the econometric 

specification of decision errors. We find some evidence for a positive relation between measures of 

cognitive skills and decision quality. Contrary to Dohmen et al. (2010), but in line with Sutter et al. 

(2013) and Andersson et al. (2016), we find no evidence for a link between cognitive abilities and risk 

preferences. 

In Appendix D, we check the robustness of our structural estimation and compare the risk preferences 

obtained from our structural estimations to the estimates based on the Holt-Laury task (Holt and Laury, 

2002). The estimates from the Holt-Laury tasks are correlated with the structural estimates when the 

decision error is included. The Holt-Laury estimates might also serve as a control for individual 

heterogeneity in risk preferences within and across treatments. 

                                                           
28 Psychological models of decision making such as the drift diffusion model (see e.g. Ratcliff and McKoon, 2008) incorporate an initial stage 

of the decision making process by estimating a non-decision time in which the DM scans the available information, before entering the decision 

process. 
29 Results are provided in Table 14 in Appendix I. 
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The model described in section III assumes additive separable utility with respect to utility derived 

from the lottery decision and the alternative opportunity. The rationale of additive utility comes from 

the potential underlying trade-off between investing resources in a decision and deriving utility from 

spending these resources for other utility generating activities.30 Our estimates are however robust 

against relaxing these assumptions. In Table 8 in Appendix E, we provide evidence that the error patterns 

and the stability of the risk preferences described in our main results remain unchanged if we assume 

that the DM integrates the entire payoff from both time account and lottery choice into the lottery 

decision. The results remain also unchanged if we assume different initial endowments, suggesting that 

our results are not sensitive to different assumptions about narrow bracketing or mental accounting. 

Appendix K provides results of our estimates for subsamples of our lottery menu. The results are 

quantitatively similar in each subsample, suggesting that potential learning effects do not interact with 

our main results. In Appendix J, we fix different values of  across subjects in order to investigate 

whether the pattern of the decision errors still prevails. Again, we find the same pattern: errors are lowest 

in the no cost treatment. We obtain similar results when we relax the assumption of constant relative 

risk aversion and use the more flexible expo-power utility function first proposed by Saha (1993). The 

corresponding results are presented in Appendix G. 

VIII. Conclusion 

We introduce a simple model in which a rational decision maker trades off the quality and the 

opportunity costs of a decision in a rational manner. 

In contrast to related models (Chabris et al., 2009; Dickhaut et al,. 2013), our model is parsimonious 

and simple enough to be integrated in applied economic work. It is in line with basic economic reasoning 

that investing more resources in the production of sound economic decisions improves decision quality. 

The model provides a number of testable predictions. 

To test the prediction that decision errors can be rationalized by high opportunity costs, we test the 

main implications of our model using a structural econometric approach. We find that making decision 

errors varies positively with the opportunity costs of decision-making. This finding is in line with the 

prediction that decision errors are more likely when higher opportunity costs induce a lower time 

investment in the decision quality. Despite a negative correlation between decision time and quality, we 

find a strong positive causal impact of an increase in time invested in the lottery decision on the quality 

of the decision, which supports the applicability of our economic model. We find no evidence that risk 

preferences vary with decision time. This allows a normative interpretation of the model based on the 

stable preference assumption (Stigler and Becker, 1977). 

The notion of irrational behavior has often led to paternalistic policies or more recently nudges in an 

attempt to improve individual decisions. This has been criticized as it assumes that some authority knows 

                                                           
30 One could for instance think of a situation in which a decision maker has to decide on alternative insurance contracts, while investing more 

time in studying and understanding the consequences of each insurance contract has to be traded-off against spending this time for leisure or 

work. 
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what is best for the individual. Our approach suggests that, despite the presence of decision errors, agents 

are indeed able to behave rationally and that public policy makers, even without having full information 

about the preferences, have plenty of freedom-preserving measures to improve decision quality, i.e., by 

reducing the decision complexity and information costs, or increasing the decision-making ability of 

agents. 

In the final analysis, our results suggest that many so-called behavioral anomalies manifested as errors 

in complex decisions are indeed the consequence of a rational trade-off that occurs in particular if the 

opportunity costs of time is high, and individual decision skills are low. Decision errors, in this view, 

are a result of utility maximization under given time constraints. 

 

IX. Appendix 

 Further Descriptive Statistics 

TABLE 5—DESCRIPTIVE STATISTICS 

Treatment: 100 cent  30 cent  10 cent  control 

  N mean SD median  N mean SD median  N mean SD median  N mean SD median 

BNT (corr. A.) 28 1.54 1.37 1  28 1.61 1.1 1.5  28 1.39 1.03 1  28 1.32 1.09 1 

Time for H-L 28 68.4 29 63.6  28 69.4 39.7 56  28 72.2 43.4 63.3  28 75 33.1 68.4 

Raven (corr. A) 28 8.71 2.37 9  28 8.96 2.06 9.5  28 8.82 2.09 9.5  28 8.29 2.32 8.5 

Stress 28 3 1.12 3  28 3.04 1.29 3  28 2.93 1.18 2.5  28 3.07 1.05 3 

Partic. CogLab 28 0.32 0.48 0  28 0.04 0.19 0  28 0.14 0.36 0  28 0.07 0.26 0 

Male 28 0.5 — —  28 0.39 — —  28 0.54 — —  28 0.39 — — 

Age 28 21.5 2.44 21  28 21.1 2.01 21  28 21.1 2.25 21  28 21.7 2.09 21 

German 28 0.93 — —  28 0.89 — —  28 0.96 — —  28 0.93 — — 

Working 28 0.07 0.26 0  28 0.25 0.44 0  28 0.07 0.26 0  28 0.32 0.48 0 

Monthly Inc. 28 343 160 300  28 306 188 270  28 304 124 300  27 379 184 350 

A-level grade 28 2.05 0.6 2.1  28 2.02 0.61 2  28 2.14 0.54 2  28 2.09 0.52 2 

German grade 28 1.92 0.77 2  28 1.81 0.71 2  28 2.43 0.91 2  28 2.01 0.72 2 

Math grade 28 2.39 1.2 2  28 2.04 0.94 2  28 2.19 0.91 2  28 2.42 0.95 2.5 

Know Exp. Val 28 3.93 2.14 3  28 4.39 1.87 4  28 3.96 2.08 4  28 4 2.21 5 

Politics 28 2.04 0.96 2  28 2.25 0.84 2  28 1.96 0.84 2  28 2.04 0.74 2 

Right/left wing 28 3.32 0.77 3  28 3.25 1.24 3  28 3.57 1.23 4  28 3.5 0.96 3 

Rely on Answ. 28 1.46 0.74 1  28 1.39 0.57 1  28 1.32 0.61 1  28 1.21 0.5 1 

Experim. time 28 2213 298 2279  28 2201 240 2212  28 2034 270 2012  28 1906 227 1923 

Viol. 1st o. StD 28 0.11 — —  28 0.36 — —  28 0.11 — —  28 0.36 — — 

 Estimation Strategy for Structural Estimates 

We estimate the Arrow-Pratt measure of constant relative risk aversion ( ) assuming the utility 

function, 

(9)  = −𝜌− , 

where  presents the state-dependent lottery payoff. The individual chooses the lottery with the higher 

expected utility. The utility difference between the right (R) and the left (L) lottery is given by, 

(10)  ∆ [ ] = [ 𝑅 ] − [ ]. 
The econometric specification assumes a cumulative distribution function of the normal distribution Φ ∆ [ ]  connecting ∆ [ ] to the actual lottery choice. 
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FIGURE 9. CUMULATIVE DISTRIBUTION FUNCTION OF THE NORMAL DISTRIBUTION 

Notes: The cumulative distribution function of the normal distribution Φ ∆ [ ]  is used to map the probability to choose the right lottery to 

the difference in the expected utilities of two available lotteries ( [ 𝑅 ] − [ ]). 
To account for treatment dependent decision errors, we use the Fechner error specification 

(11)  ∆ [ ] + 𝜏 ⋅ ,  𝑖 ℎ ~ , . 𝜏 denotes the structural error parameter and ,  the standard normal CDF. We estimate  and 𝜏 with 

the following structural equation 

(12)   ℎ 𝑖𝑐 ∗ = ( 𝑅, ⋅ 𝑅,−𝜌− + 𝑅, ⋅ 𝑅,−𝜌− ) − ( 𝐿, ⋅ 𝐿,−𝜌− + 𝐿, ⋅ 𝐿,−𝜌− )⏟                                𝐸 𝑅 −𝐸 + 𝜏 ⋅ + , 
 𝑖 ℎ ℎ 𝑖𝑐 = {  𝑅 ,  𝑖  ℎ 𝑖𝑐 ∗ ≥ , 

   ℎ 𝑖 .            
Furthermore the difference in expected utility ( 𝑅 −  is standardized according to Wilcox 

(2011) to be bounded within the interval [− , ], through dividing by the maximum expected utility 

difference (  that can be generated by the states of two available lotteries. The error term is denoted 

by . 

We allow  and 𝜏 to depend on the treatment condition represented here by the change in the 

opportunity costs  and a vector of other variables 𝒛 which might absorb socio-economic characteristics 

and variables related to properties like the difficulty of the lottery decision. 

(13) ℎ 𝑖𝑐 ∗ = 𝑅, ⋅ 𝑅,−𝜌 𝛼, 𝒛− 𝛼,𝒛 + 𝑅, ⋅ 𝑅,−𝜌 𝛼, 𝒛− 𝛼,𝒛 − 𝐿, ⋅ 𝐿,−𝜌 𝛼, 𝒛− 𝛼, 𝒛 + 𝐿, ⋅ 𝐿,−𝜌 𝛼, 𝒛− 𝛼, 𝒛   + 𝜏 ,  𝒛 ⋅ +    
Estimates for ,  𝒛  and 𝜏 ,  𝒛  in equation (13) are obtained by using maximum-likelihood 

estimation. Let ∆𝑊 [ ] = ∆ [ ]/  designate the standardized utility difference (Wilcox, 2011) and 𝑃 𝑅  the probability of choosing the right lottery, we can derive the log-likelihood function as follows, 

(14)  𝑃 𝑅 = 𝑃 ∆𝑊 [ ] + 𝜏 ⋅ >  

                                                           = 𝑃 > − ∆𝑊𝐸[ ]𝜏   

Since we assume ~ , , we estimate 𝑃 𝑅  with 
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 𝑃 𝑅 = −Φ [− ∆𝑊𝐸[ ]𝜏 ]         
 = Φ[∆𝑊𝐸[ ]𝜏 ]          

Where Φ[⋅] denotes the CDF of the standard normal distribution. The log-likelihood is therefore given 

by 

(15) ln , 𝜏; 𝑐ℎ 𝑖𝑐 , , 𝒛 = ∑ ℎ 𝑖𝑐 ⋅ ln Φ [∆𝑊𝐸[ ]𝜏 ] + − ℎ 𝑖𝑐 ⋅ ln − Φ [∆𝑊𝐸[ ]𝜏 ]𝑖= . 

Generating a variable 𝑖 with 𝑖 =  if the right lottery is chosen and 𝑖 = −  if the left lottery is 

chosen, we can rewrite (15) in more compact form. Using the detailed formulation of (13) gives 

(16) ln , 𝜏; ℎ 𝑖𝑐 , , 𝒛 = ∑ ln  Φ [ 𝑖 ( 𝑅, ⋅𝑥𝑅,−𝜌 𝛼, 𝒛−𝜌 𝛼,𝒛 + 𝑅, ⋅𝑥𝑅,−𝜌 𝛼, 𝒛−𝜌 𝛼,𝒛 )−( 𝐿, ⋅𝑥𝐿,−𝜌 𝛼, 𝒛−𝜌 𝛼, 𝒛 + 𝐿, ⋅𝑥𝐿,−𝜌 𝛼, 𝒛−𝜌 𝛼, 𝒛  )⋅𝜏 𝛼, 𝒛 ])𝑖= , 

from which we estimate our structural risk preference ( ) and decision error (𝜏) parameters, which 

depend on the lottery choice, opportunity costs ( ) and a vector of socio-economic characteristics (𝒛).31 

 Non-Parametric Tests for Treatment Differences Based on Individual Structural Estimates 

In this section, we report the details on the statistical procedure used to examine the effect of higher 

time costs on the quality of the decision and the revealed risk preferences. All estimates are based on 

estimates conducted for each subject separately. Our sample size for the following tests is therefore 

equal to the number of subjects across all treatments = .32 

In contrast to Figure 4, Figure 10 plots the structural risk and error estimates for all subjects. The left 

figure plots the distribution of the estimated CRRA coefficient  for all individuals across the treatment 

condition. The right figure plots the estimates of the Fechner error estimate. Instead of somewhat 

arbitrary dropping the extreme observations visible in the left figure on risk preferences and in the right 

figure on decision errors, we account for these observations by using, in addition to a t-test on the 

difference in the means of  and 𝜏 across treatments, a Mann-Whitney U rank sum test which treats the 

individual  and 𝜏 estimates as ordinal data effectively controlling the influence of extremely large 

observations.33 

                                                           
31 Equation (16) also presents the functional form of the likelihood function used in the STATA program. 
32 For one subject from the 100cent treatment the maximum likelihood estimator did not converge. This subject chose in 92% of the decisions 

the lottery with the highest payoff possible, which results in extremely risk seeking behavior. The resulting CRRA coefficient of risk aversion 

is < − , and cannot be exactly determined. The Fechner error estimate is relatively low around 𝜏 ≈ .  because errors are unlikely if an 

individual follows a simple strategy that mimics extremely risk seeking behavior. The joint estimates presented in table 1 do not change 

substantially when we drop lottery decisions of this subject (the risk aversion difference across the control group and 100 cent treatment 

becomes slightly smaller, error estimates are not altered, no change in statistical significance). 
33 Using expected utility, we implicitly assume cardinal measurement of utility. The t-test on the difference in means requires  and 𝜏 to be 

measured on the interval scale. In contrast, the ordinality assumption required by the Mann-Whitney U test is not requiring a higher 

measurement scale than usually assumed in the expected utility framework. 
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FIGURE 10. INDIVIDUAL ESTIMATES (FULL ESTIMATION SAMPLE) 

Note: N=111. 

 In Table 6, we provide the results of a t-test as well as the Mann-Whitney U test comparing the 

treatment conditions. A t-test on the difference in risk preferences does not reveal convincing statistical 

evidence for a change in risk preferences across treatments. As shown in the left figure of Figure 10, the 

large difference in  between the 10cent and the no costs treatment is driven by three implausibly small 

 estimates in the 10cent treatment. The corresponding Mann-Whitney U test provides a p-value of 

0.140 on the null hypothesis of equality in . Based on the Mann-Whitney U test, the probability 𝑃 <
𝐶  of a subject from the 10cent condition is more risk seeking (lower ) is 61 percent34 where the 95 

percent confidence interval (0.45, 0.77) contains the random ordering probability of 50 percent. 

Both the parametric and non-parametric test results support the findings from Table 1 that higher 

opportunity costs decrease the decision quality. The measure of decisions deviating from expected utility 𝜏 is significantly higher in all treatments. Interpreting the result of the Mann-Whitney U test on the 

difference across the 100cent treatment, we find that the probability of a subject having a lower decision 

quality (larger 𝜏) than a subject in the no costs treatment is 90 percent (with a 95 percent confidence 

interval of (0.81, 0.98)). 

                                                           
34 In Table 6, we report 𝑃 > 𝐶 , hence the probability 𝑃 < 𝐶  is equal to − 𝑃 > 𝐶 . 
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TABLE 6—NON-PARAMETRIC TESTS FOR TREATMENT DIFFERENCES (INDIVIDUAL ESTIMATES) 

 t-Test  M-W U Test   t-Test  M-W U Test 

Risk Preference Δρ p-value  P(ρT>ρC) p-value  Decision Error Δτ p-value  P(ρT>ρC) p-value 

100cent - no 0.08 0.760  0.50 0.973  100cent - no 0.13 0.000  0.90 0.000 

30cent - no costs -0.86 0.160  0.42 0.334  30cent - no costs 0.05 0.005  0.73 0.003 

10cent - no costs -3.06 0.084  0.39 0.140  10cent - no costs 0.12 0.024  0.73 0.003 

Notes: N=111. p-values based on a robust t-test and a Mann-Whitney U Test are reported. Δρ denotes mean difference across the CRRA 
coefficient estimates across treatments, whereas Δτ denotes the corresponding difference for the Fechner error. P(ρT>ρC) is the likelihood that 

a subject of the corresponding treatment group (100 cent, 30cent, or 10 cent) has a higher ρ (τ) than a subject from the control group (no costs) 

(see Conroy, 2012 for the interpretation of the test statistic). 

 

 Including Holt-Laury Risk Measure 

As presented in Figure 2, the Holt-Laury procedure35 was conducted before the 180 lottery choices 

started. The task was identical for all treatments and subjects faced no time pressure when making their 

decisions. 

We find no significant relation between the Holt-Laury risk measure and the structural risk measure 

without the Fechner error in estimates (1) and (2) in Table 7. In models (3) - (5), including the decision 

errors, we find a significant correlation slightly above 0.3 between the Holt-Laury and structural risk 

preference estimate. A correlation of below one is reasonable because the Holt-Laury CRRA measure 

is effectively bounded within the range of − . , . ,36 whereas the structural CRRA measure is not. 

Furthermore, Andersson et al. (2016) show that in Holt-Laury tasks, decision errors bias the elicited CRRA 

risk preferences towards risk neutrality which also explains the relatively low correlation.37 

                                                           
35 A screenshot of the Holt-Laury task is provided in the detailed description of the experiment in the online appendix. 
36 Based on the set of the 10 lotteries used in the Holt-Laury task, a subject always choosing option B (option A) has a CRRA coefficient of < − .  > . . 
37 A correlation of the Holt-Laury risk measure with decision errors is a strong argument for not including this measure into the main 

specification of the structural estimations. Since introducing a decision error proxy into our structure risk preference estimation, while jointly 

estimating the structural decision error creates the strong impression of a misspecified model. 
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TABLE 7—STRUCTURAL ESTIMATES – INCLUDING HOLT-LAURY MEASURE 

 Only Risk Measurement Risk & Error Measurement 

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

Parameter: ρ  ρ  ρ τ  ρ τ  ρ τ 

Treatments             

100cent Treatment -0.314  -0.420  -0.070 0.130***  -0.102 0.112***  -0.120 0.118*** 

 (1.864)  (0.682)  (0.128) (0.030)  (0.132) (0.030)  (0.139) (0.032) 

30cent Treatment -0.140  -0.222  -0.079 0.037*  -0.081 0.028  -0.080 0.027 

 (4.659)  (2.682)  (0.117) (0.020)  (0.109) (0.018)  (0.101) (0.020) 

10cent Treatment -0.332  -0.491  -0.133 0.069**  -0.153 0.036  -0.151 0.039 

 (3.556)  (2.282)  (0.109) (0.030)  (0.104) (0.026)  (0.096) (0.028) 

Holt/Laury ρ 0.994  1.345  0.326***   0.343***   0.322***  

 (0.741)  (0.971)  (0.112)   (0.111)   (0.120)  

Male   -0.718     -0.192** -0.073***  -0.177** -0.070*** 

   (1.091)     (0.085) (0.022)  (0.082) (0.023) 

BNT correct   -0.121        -0.034 -0.007 

   (0.204)        (0.034) (0.007) 

Age (18)   0.007        0.019 -0.004 

   (0.074)        (0.014) (0.004) 

constant -0.404  -0.073  0.010 0.160***  0.113 0.209***  0.105 0.228*** 

 (0.477)  (0.493)  (0.078) (0.014)  (0.087) (0.024)  (0.101) (0.030) 

p-value for joint significance in:          

Treatments 0.998  0.416  0.636 0.000  0.487 0.003  0.430 0.004 

Log-Likelihood -12988  -12936  -11806  -11706  -11672 

Subjects 112  112  112  112  112 

Observations 20160  20160  20160  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (2) correspond to estimations without any treatment dependent error specification. Results in columns (3) – (5) 

correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and based on 1000 replications are 

reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

Note that the structure of the sequence of lottery choices in the Holt-Laury task makes observing 

deviation from expected utility quite unlikely,38 since they would require to switch more than once 

between the columns. However, 13 out of 112 subjects did so in the experiment. The Holt-Laury measure 

used in Table 7, is based on the number of safe choices of each subject and ignores choice 

inconsistencies. 

 Unlike the lotteries used in the Holt-Laury task, the 180 lotteries used in the main part of the study 

(see Appendix L for the lottery set) were constructed to cover a broad range of outcomes and 

probabilities. Afterwards the order and appearance on the computer screen (left or right) was randomized 

to avoid framing effects related to the order of the choices, which have been found in Holt-Laury tasks 

(Lévy-Garboua et al., 2011). 

 

 

                                                           
38 As a result, the Holt-Laury task is not well suited to systematically investigate the quality of risky decisions. Furthermore, decision errors 

might be undetected, if the individual mistakenly switches to early towards the risk choice and then stays with the risky choice until the end of 

the table to behave consistently. For a review of the critique on the use of the Holt-Laury task for risk preference elicitation see Friedman et al. 

(2014). Harrison and Rutström (2008) provide an extensive comparison of risk elicitation procedures and a description of related econometric 

estimation techniques. 
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 Assumptions About Mental Accounting and Reference Points (Wealth, Income) 

Throughout the paper, a von Neumann-Morgenstein (vNM) utility function is assumed. In the main 

specification, we rely on the CRRA utility = −𝜌− . We do not explicitly define the utility about final 

wealth, but rather calculate the utility over the lottery payoff. We add one cent to the lottery payoff to 

circumvent computational problems that could arise if one has to calculate the utility over a zero 

payoff.39 The Rabin Paradox (Rabin, 2000) arises if one defines utility over final wealth levels and risk 

averse behavior is observed in low-stake lottery decisions. As noted in Rubinstein (2006), the vNM 

axioms do not require expected utility to be defined over final wealth levels. Cox and Sadiraj (2006) and 

Palacios-Huerta and Serrano (2006) show that rejecting small gambles – as we find in our experimental 

data – is consistent with expected utility theory if one defines utility over income (changes in wealth) 

rather than wealth levels. 

As the estimates in Table 8 suggest, the treatment effect of higher opportunity costs on decision quality 

as well as the stability of risk preferences hold for different assumptions about the argument of the utility 

function. In model (1) we replicate our main specification from Table 1. We find mild risk aversion in 

all treatments. Incorporating €3, which is a typical show-up fee in lab experiments, in addition to the 

lottery payoff, gives similar results. In line with the theoretical predictions, the estimated degree of risk 

aversion increases if we assume higher initial wealth values to be integrated into the lottery decision. As 

we assume the integration of the subject’s monthly income40 (model (4)), we get implausible high CRRA 

coefficients, suggesting that assuming utility over changes in wealth (payoffs from the lotteries) is an 

appropriate assumption in our experimental setting. In general, our results are robust to different 

assumptions about the money integrated in addition to the lottery payoff into the utility function. Even 

if we assume an instantaneous integration of the money earned from the alternative use of time (model 

(5) in Table 8) our results remain qualitatively unchanged. 

                                                           
39 Wakker (2008) provides a discussion on the behavior of power utility function when the argument is zero. 
40 Monthly income is defined as income net of fixed costs for rent and health insurance. The average monthly income is slightly above €300. 
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TABLE 8—RESULTS FOR DIFFERENT WEALTH ASSUMPTIONS 

 Risk & Error Measurement 

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

Endowment Ass.: 0.01 €  3 €  100 €  Monthly Income  Time Money 

Parameter: ρ τ  ρ τ  ρ τ  ρ τ  ρ τ 

Treatments               

100cent Treatment -0.074 0.130***  -0.144 0.128***  -0.864 0.124***  8.818 0.116***  0.047 0.130*** 

 (0.144) (0.025)  (0.309) (0.027)  (3.303) (0.029)  (9.332) (0.030)  (0.213) (0.028) 

30cent Treatment -0.154 0.065***  -0.374 0.063***  -4.049 0.058***  -0.419 0.046**  -0.087 0.064*** 

 (0.126) (0.018)  (0.279) (0.019)  (2.958) (0.022)  (6.176) (0.023)  (0.226) (0.019) 

10cent Treatment -0.185 0.090***  -0.391 0.086***  -3.625 0.080**  0.502 0.067**  -0.103 0.087*** 

 (0.113) (0.033)  (0.264) (0.033)  (2.937) (0.033)  (6.359) (0.034)  (0.229) (0.033) 

constant 0.193*** 0.153***  0.479*** 0.154***  5.031*** 0.161***  5.506 0.170***  0.187*** 0.154*** 

 (0.053) (0.013)  (0.116) (0.013)  (1.413) (0.015)  (4.112) (0.017)  (0.052) (0.013) 

p-value for joint significance in:             
Treatments 0.315 0.000  0.350 0.000  0.433 0.000  0.804 0.001  0.942 0.000 

Log-Likelihood -11931  -11904  -11923  -11829  -11928 

Subjects 112  112  112  111  112 

Observations 20160  20160  20160  19980  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (5) correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and 
based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

 Cognitive Skills and Decision Errors 

To investigate the predictive power of cognitive skills on decision errors defined as 𝜏 in equation (6), 

we allow several measures related to cognitive ability to be linearly correlated with decision errors. In 

column (5) in our main specification (Table 1), we report a negative correlation between the Berlin 

numeracy test score and decision errors. Table 9 provides further results. In addition to the Berlin 

numeracy test, we conducted a Raven Test, designed to measure fluid intelligence, after the experiment. 

A higher measure of fluid intelligence is correlated with lower decision errors. We find no evidence for 

correlation of self-reported stress and math grades with decision errors. Subjects, who reported to know 

the concept of expected value are significantly less likely to conduct decision errors. Finally, we conduct 

a plausibility check and create a dummy indicating whether a subject was able to not violate first order 

stochastic dominance. As expected, subjects with the ability to detect the dominant lottery are also less 

likely to conduct errors in the entire lottery sample. 
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TABLE 9—STRUCTURAL ESTIMATES – POTENTIAL DECISION ERROR CORRELATES 

  

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

Parameter: ρ τ  ρ τ  ρ τ  ρ τ  ρ τ    

Treatments                  

100cent Treatment -0.070 0.125***  -0.075 0.129***  -0.075 0.132***  -0.083 0.131***  -0.082 0.089***    

 (0.136) (0.024)  (0.144) (0.027)  (0.140) (0.026)  (0.143) (0.022)  (0.132) (0.020)    

30cent Treatment -0.155 0.063***  -0.156 0.064***  -0.137 0.068***  -0.159 0.068***  -0.150 0.062***    

 (0.122) (0.018)  (0.127) (0.019)  (0.138) (0.019)  (0.127) (0.017)  (0.123) (0.018)    

10cent Treatment -0.183 0.094***  -0.185 0.089***  -0.182 0.089***  -0.176 0.097***  -0.191* 0.037*    

 (0.118) (0.031)  (0.123) (0.033)  (0.115) (0.032)  (0.111) (0.031)  (0.101) (0.022)    

Raven Test Ans.  -0.008*                
  (0.004)                

Stress     0.003             
     (0.009)             

Math Grade        0.009          
        (0.013)          

Know Exp. Value           -0.011**       
           (0.005)       

No Viol. 1. Ord. SD              -0.141***    
              (0.045)    

constant 0.192*** 0.220***  0.193*** 0.148***  0.190*** 0.126***  0.191*** 0.197***  0.207*** 0.288***    

 (0.053) (0.042)  (0.051) (0.026)  (0.053) (0.041)  (0.050) (0.028)  (0.052) (0.047)    

p-value for joint significance in:               

Treatments 0.318 0.000  0.325 0.000  0.383 0.000  0.301 0.000  0.219 0.000    

Log-Likelihood -11922  -11929  -11917  -11917  -11880   

Subjects 112  112  112  112  112   

Observations 20160   20160   20160   20160   20160    

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (6) correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and 

based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

Equation (6) specifies the nonlinear relationship between the measure of risk aversion included in the 

utility difference ∆ [ ; ℒ ] and the decision error 𝜏. Allowing for a linear correlation between proxies 

of cognitive skills and decision errors might affect the risk aversion measure  indirectly by effecting 

the decision error 𝜏. In addition to the indirect link between risk aversion and cognitive skills, one could also 

allow cognitive skills to be directly correlated with the risk aversion measure. 

Since our structural estimation approach, already allows for an (nonlinear) association between the 

risk measure and decision errors, we have neither a theoretical prediction nor a sufficient understanding 

on the identification of indirect and direct effects of cognitive skills on risk aversion. For completeness, 

we provide the results in Table 10, but acknowledge that the specification on which the results are 

grounded, has no economic foundation. Similar to the absence of a correlation between numeracy skills 

and risk aversion in our main specification (Table 1, column 5), we find no evidence between any of the 

cognitive skills proxy and risk aversion. This result is in contrast to Benjamin et al. (2013) and Dohmen 

et al. (2010). However, these studies rely on a reduced-form estimate of risk preferences ignoring an 

explicit consideration of decision errors. Furthermore, their results are based on a Holt-Laury choice list 
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(Holt and Laury, 2002). Andersson et al. (2016) replicate the results of Dohmen et al. (2010) and find 

that the correlation between risk aversion and cognitive skills is an artefact of the choice list procedure. 

In line with Andersson et al. (2016) and the results in our paper, Sutter et al. (2013) find no evidence for 

any correlation between risk aversion and cognitive skills as measured by math and German school 

grades. 

TABLE 10—STRUCTURAL ESTIMATES – POTENTIAL DECISION ERROR CORRELATES II 

 Risk & Error Measurement 

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

Parameter: ρ τ  ρ τ  ρ τ  ρ τ  ρ τ    

Treatments                  

 100cent Treatment -0.071 0.125***  -0.073 0.129***  -0.069 0.133***  -0.081 0.129***  -0.063 0.091***    

 (0.141) (0.024)  (0.148) (0.027)  (0.144) (0.028)  (0.143) (0.022)  (0.135) (0.022)    

 30cent Treatment -0.155 0.063***  -0.148 0.062***  -0.114 0.054**  -0.158 0.068***  -0.147 0.060***    

 (0.125) (0.017)  (0.122) (0.019)  (0.126) (0.024)  (0.130) (0.016)  (0.123) (0.018)    

 10cent Treatment -0.184 0.094***  -0.177 0.088***  -0.181 0.088***  -0.177 0.099***  -0.177* 0.040*    

 (0.116) (0.032)  (0.120) (0.031)  (0.119) (0.030)  (0.117) (0.030)  (0.100) (0.022)    

Raven Test Ans. -0.002 -0.008*                
 (0.017) (0.004)                

Stress    0.017 0.001             
    (0.039) (0.009)             

Math Grade       -0.046 0.012          
       (0.049) (0.013)          

Know Exp. Value          -0.009 -0.011**       
          (0.020) (0.006)       

No Viol. 1. Ord. SD             0.205 -0.144***    

             (0.174) (0.046)    

constant 0.207 0.220***  0.151 0.151***  0.315** 0.120***  0.231** 0.197***  0.011 0.290***    

 (0.170) (0.044)  (0.114) (0.025)  (0.141) (0.041)  (0.105) (0.029)  (0.175) (0.048)    

p-value for joint significance in:                

Treatments 0.337 0.000  0.393 0.000  0.445 0.000  0.347 0.000  0.282 0.000    

Log-Likelihood -11922  -11929  -11917  -11915  -11865   

Subjects 112  112  112  112  112   

Observations 20160  20160  20160  20160  20160   

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (6) correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and 
based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

 Alternative Utility Function – Expo-Power Utility 

The CRRA utility function is the widely used utility function in economic models of decision-making 

under risk in economics (Wakker, 2008). Holt and Laury (2002) relied on CRRA utility when 

constructing the Holt-Laury risk elicitation procedure in experimental economics. CRRA utility nests 

the analytically tractable log utility, which is dominantly used in theoretical models in micro- and 

macroeconomics. Following the ideas outlined in Rabin (2013b; 2013a) our aim is to develop a simple 

model to incorporate the trade-off of decision quality and costs to incrementally improve economic 

theory. Our economic model is technically trivial which (hopefully) makes it a portable extension of 
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existing models (Rabin, 2013b) and which provides an easy way to incorporate a psychologically more 

realistic notion of rationality in wide range of economic applications. 

To empirically validate the predictions of our model, we find it natural to choose a utility function, 

which is most widely used in empirical and theoretical work in economics. To check how robust our 

results are with respect to the specification of the utility function,41 we estimate the expo-power utility 

function as suggested by Holt and Laury (2002) and first proposed by Saha (1993) of the following 

form: = − exp −𝑎 − /𝑎  with 𝑎 ≠ , − ≠ , and 𝑎 ⋅ − > . Since − ′′ ⋅ ′⁄ =  + 𝑎 − − , the function includes constant absolute and constant relative 

risk aversion as special cases. When 𝑎 goes to zero,  can be interpreted as the CRRA coefficient. 

Whereas, with  approaching zero and 𝑎 > , the function exhibits CARA of 𝑎. For cases in-between 

with 𝑎 and −  being positive, the function has the properties of increasing relative and decreasing 

absolute risk aversion. 

Similar to our main specification, we rely on the Fechner error specification to reflect decision errors 

and include the utility normalization according to Wilcox (2011). Table 11 presents the results. The first 

column (1) presents estimates without allowing for heterogeneity of decision errors (no Fechner error). 

The parameter 𝑎 seems to be stable across treatments and is statistically not different from zero, therefore 

 can be (approximately) be interpreted as CRRA coefficient. The results of model (1) in Table 11 

suggest implausibly high estimates of = − .  for the control group, suggesting enormous risk 

loving. The estimates in column (2) and (3) include the Fechner error and support the previously 

established pattern of increasing decision errors as reaction to higher opportunity costs. We also obtain 

quantitatively much smaller and more plausible estimates of the risk preferences. The parameter 

estimates of  and 𝑎 in column (2) and (3) jointly determine the risk preferences. Since both  and 𝑎 are 

imprecisely measured an interpretation of the risk change of risk preferences seem to be speculative. 

The resulting high p-values of the joint treatment effect seem to provide no hard evidence against the 

assumption of stable risk preferences with respect to changes in the opportunity costs of decision-

making. However, note that e.g. in column (2),  and 𝑎 are positive for the control group suggesting 

increasing relative risk aversion. 

In summary, the results presented in Table 11 indicate that both the increase in decision errors and the 

absence of systematic change in risk preferences caused by higher opportunity costs is not an artefact of 

the imposed CRRA utility function in our main specification. In section J in this appendix, we further 

show that the same decision error pattern can be found when the parameter free expected value choice 

criteria (imposing risk neutrality) is used. 

                                                           
41 In section J, we also reproduce our results with respect to the pattern in decision quality, under the assumption that the decision maker is risk 

neutral und uses the parameter free concept of maximizing the expected value.  
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TABLE 11—STRUCTURAL ESTIMATES – EXPO-POWER UTILITY 

 Risk & Error Measurement 

 (1)  (2)  (3) 

Parameter: ρ a  ρ a τ  ρ a τ 

Treatments           

100cent Treatment 2.198* 0.034  -0.156 0.011 0.133***  -0.300 0.005 0.122*** 

 (1.244) (0.062)  (0.154) (0.020) (0.026)  (0.329) (57.495) (0.029) 

30cent Treatment 2.224* -0.007  -0.099 -0.025 0.064***  -0.107 -0.031 0.041** 

 (1.246) (0.046)  (0.130) (0.021) (0.018)  (0.268) (15.370) (0.020) 

10cent Treatment 1.927 0.001  -0.232** -0.005 0.090***  -0.219 -0.012 0.053* 

 (1.218) (0.034)  (0.114) (0.017) (0.034)  (0.156) (0.974) (0.031) 

Male        -0.095 -0.034 -0.073*** 

        (0.168) (0.037) (0.028) 

BNT correct        -0.034 -0.006 -0.012 

        (0.059) (0.011) (0.008) 

Age (18)        0.032 -0.000 -0.004 

        (0.020) (0.007) (0.005) 

constant -2.667** 0.016  0.125** 0.029*** 0.155***  0.124 0.066* 0.237*** 

 (1.104) (0.029)  (0.063) (0.010) (0.013)  (0.115) (0.038) (0.033) 

p-value for joint significance in:         

Treatments 0.316 0.939  0.206 0.552 0.000  0.482 1.000 0.001 

Log-Likelihood -12989  -11911  -11751 

Subjects 112  112  112 

Observations 20160  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming Expo-Power utility ( = −exp −𝑎 − /𝑎  and the Fechner error (τ). Results in columns (1) – (6) correspond to joint estimates of ρ and τ. Block bootstrapped standard 

errors clustered at the individual level and based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

 Results of the Drift-Diffusion Model for Individual Risk and Error Estimates 

In this section, we provide additional results on the comparison across treatments of the DDM 

estimates. In the main text, we used the risk preferences elicited in model 5 in Table 1. Heterogeneity 

across individuals is allowed to be across treatments as well as social-economic controls included in 

model 5 in Table 1. The following two tables reproduce the results presented in Table 3 and Table 4 in 

the main text, allowing for full individual heterogeneity. The risk preferences, used to determine the 

correct choice, are obtained from individual estimates (Figure 4). 
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TABLE 12—ESTIMATES OF THE DRIFT DIFFUSION MODEL 

 Decision Criteria: Expected Utility 

 no cost 10 cent 30 cent 100 cent 

Decision Boundaries (B) 2.74 1.74 1.66 1.36 

 p-value (H0: no cost = treatment) – [0.000] [0.000] [0.000] 

Drift Rate ( ) 0.42 0.59 0.72 0.68 

 p-value (H0: no cost = treatment) – [0.004] [0.000] [0.001] 

Non-Decisional Time (NDT) 1.26 1.07 1.08 0.86 

 p-value (H0: no cost = treatment) – [0.029] [0.031] [0.000] 

Notes: Parameter estimates of the Drift diffusion model based on individual estimates for each subject in all treatments (N=111). P-values 

based on pairwise t-test on the difference of subjects in the control group (no cost) and subjects in the corresponding treatment are reported in 

brackets. We set 𝜎 =  in the stochastic component of the DDM ( ~ ,𝜎 ) to identify the parameters of the DDM (see e.g. Ratcliff, 1978; 

Krajbich et al., 2014). Since the position of the two lotteries was randomized in the experiment and both lotteries were presented simultaneously, 

we fix he starting point of the RDV to the middle between the two lotteries (no initial bias towards a specific lottery). In addition to the fitted 

parameters B, , NDT, we also estimate the parameters related to the variability of the drift rate  and the starting point of the RDV (results 

available on request). 

TABLE 13—PREDICTIONS OF THE DRIFT DIFFUSION MODEL 

 Pred. Prob. of Correct Choice ( ̂)  Pred. Decision Time (̂ ) 

 no cost 10 cent 30 cent 100 cent  no cost 10 cent 30 cent 100 cent 

Prediction of the DDM due to change in        

 Boundaries (∆ ) 83.5% 73.7% 72.8% 69.2%  2.60 1.75 1.70 1.50 

 Drift (∆ ) 68.7% 74.9% 79.0% 78.3%  1.90 1.86 1.83 1.84 

 Both (∆  & ∆ ) 75.7% 73.3% 76.3% 71.5%  2.74 1.75 1.68 1.50 

Notes: Predictions of the DDM for the Probability of a correct choice (( ̂) and the decision time (̂ ) are presented. The predictions are based 

on 500001 simulations with all remaining parameters set at their sample mean values. The correct choice is determined from the utility 

difference based on the individual estimates of the CRRA coefficient (Figure 4). 

 Lottery Stake Size 

One natural factor altering the incentives to allocate the time between the decision-making and the 

alternative income opportunity, is the amount of money at stake in the lottery decision. Several 

information cues might be informative for the decision maker to get a rough estimate on the importance 

of the lottery decision. In Table 14 we include different covariates like a dummy variable which equals 

one if one lottery has the potential to create a payoff larger than €20, as well as the sum, mean, and 

maximum of all lottery outcomes in the structural estimation of risk and decision errors to account for 

potential information cues. While we find no evidence for a systematic change in risk preferences, we 

find significant lower error rates in all specification in Table 14 w.r.t. to higher potential size of the 

outcomes. 
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TABLE 14—STRUCTURAL ESTIMATES AND LOTTERY STAKE SIZE 

 Risk & Error Measurement 

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

Parameter: ρ τ  ρ τ  ρ τ  ρ τ 

Treatments            

100cent Treatment -0.067 0.130***  -0.063 0.127***  -0.063 0.127***  -0.063 0.128*** 

 (0.147) (0.026)  (0.135) (0.026)  (0.142) (0.026)  (0.148) (0.028) 

30cent Treatment -0.149 0.063***  -0.148 0.061***  -0.148 0.061***  -0.145 0.059*** 

 (0.126) (0.019)  (0.122) (0.019)  (0.121) (0.019)  (0.128) (0.022) 

10cent Treatment -0.176 0.087***  -0.172 0.084**  -0.172 0.084***  -0.171 0.082** 

 (0.111) (0.032)  (0.119) (0.034)  (0.118) (0.031)  (0.118) (0.033) 

High Stake (>20€) -0.043 -0.049***          

 (0.041) (0.019)          

Sum of Outcomes    0.000 -0.001***       

    (0.001) (0.000)       

Mean of Outcomes       0.000 -0.003***    

       (0.003) (0.001)    

Max of Outcomes          -0.001 -0.001*** 

          (0.001) (0.000) 

constant 0.189*** 0.155***  0.184*** 0.168***  0.184*** 0.168***  0.197*** 0.169*** 

 (0.053) (0.013)  (0.060) (0.015)  (0.061) (0.015)  (0.061) (0.014) 

p-value for joint significance in:          

Treatments 0.322 0.000  0.396 0.000  0.375 0.000  0.421 0.000 

Log-Likelihood -11929  -11925  -11925  -11920 

Subjects 112  112  112  112 

Observations 20160  20160  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (4) correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and 
based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level.  

Note that based on our econometric specification, the probability of making a decision error (equation 

(14)) is a function of 𝜏 and ∆ [ ]. If the decision error is dependent on lottery characteristics like the 

information cues on the importance of the lottery decision introduced in Table 14, then they must have 

an influence on the decision error conditional on ∆ [ ]. One way to incorporate the rational response 

to information cues in our economic model introduced in section III is presented below. Assuming again 

that 𝑅 ≻ , including the time constraint in the maximization problem from equation (1), and defining 

the structure of the utility related to the lottery decision as ≡ , , ⋅ [ 𝑅 ] + ( − , , ⋅[ ] gives the following maximization problem:  

(17)  𝑎𝑑  , , ⋅ [ 𝑅 ] + ( − , , ⋅ [ ] + − , , 

the optimal allocation of time invested in the lottery decision  is given by 

(18)  [ 𝑅 ] − [ ] 𝜕𝜕 𝑑 = − 𝜕 𝑜𝜕 𝑑 . 

Additional to the assumption that more time invested into the lottery decision increases the quality of 

the decision ⁄ > , we assume that the increase in the decision quality becomes smaller as more 

time is invested ⁄ < . This seems natural since the probability  cannot exceed one, hence an 
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appropriate structure of the function for  should suffice lim 𝑑→∞ = . The LHS of equation (18) 

denotes the (positive) marginal utility of time invested in the lottery decision. While the RHS describes 

the marginal decline in utility derived from the alternative opportunity ⁄ < . 

The expected utility difference ∆ [ ] = [ 𝑅 ] − [ ] in the optimality condition (18) can be 

interpreted as importance of the decision, as it determines the size of the utility gain from correct lottery 

choice. To account for information cues regarding the importance of the lottery decision assume further 

that the decision maker’s prior belief (before the information about the lotteries is presented) on the 

expected utility difference is given as a random variable with zero mean and standard deviation 𝜎 such 

that ∆ [ ]̃ ∼ ,𝜎 . In the optimality condition (18), we assume 𝑅 ≻ ⇔ ∆ [ ] > . Since we 

assumed ∆ [ ]̃ ∼ ,𝜎 , ∆ [ ] is truncated normally distributed within the interval ∆ [ ] ∈ ,∞ . The 

conditional expectation of ∆ [ ] is given by [∆ [ ]|∆ [ ] > ] = 𝜎√ 𝑖⁄ ≈ . 𝜎, where 𝑖 ≈. , refers to the mathematical constant.42 Replacing [ 𝑅 ] − [ ] with [∆ [ ]| ∆ [ ] >] = 𝜎√ 𝑖⁄  in equation (18) gives 

(19)  𝜎√ 𝑖⁄ 𝜕𝜕 𝑑 = − 𝜕 𝑜𝜕 𝑑 . 

Further assume that high lottery payoffs are interpreted as a signal for the possibility of a large ∆ [ ] 
represented by a higher variance 𝜎  in ∆ [ ]. A high lottery payoff could then – without changing the 

a priori mean of the distribution of ∆ [ ]̃  which is still zero (∆ [ ]̃ ∼ ,𝜎 ) – lead to an increase 

in the time invested into the decision, because a higher 𝜎 would require a lower ⁄ , which requires 

a larger  due to the concavity of  in . 

The extension of the model presented in this section can be interpreted as a two stage process: In the 

first stage, the decision maker evaluates the importance of the lottery decision by making a heuristic 

judgment based on the lottery payoffs. Based on this judgment, the decision maker decides how much 

time he wants to invest in the lottery decision according to the optimality condition (19). In the second 

stage, the decision maker decides among the lotteries. 

 Structural Estimates with Parameter Constraints 

Table 15 denotes results of structural estimations using different parameter constraints. In 

specification (1), we restrict  to be equal to zero. In this case the expected utility model for decision-

making under risk collapses to a parameter free expected value model, which is the preferred choice 

model under risk among many psychologists and some economists (Friedman et al., 2014). Using 

expected value as decision criteria, we find that the decision error pattern43 is quite similar to our main 

specifications. In specification (2), we fix  to = .  for all treatment groups, which corresponds to 

                                                           
42 The general form of the conditional expectation of ∆ [ ] with ∆ [ ] > 𝑎 and mean [∆ [ ]| ∆ [ ] > ] = 𝜎 ⋅ , where  denotes 

the Inverse Mills Ratio = 𝜙 ( − Φ⁄  and = 𝑎 − /𝜎. With =  and 𝑎 = , the conditional expectation of ∆ [ ] can be 

simplified to [∆ [ ]| ∆ [ ] > ] = 𝜎√ 𝑖⁄ . 
43 The interpretation of 𝜏 as decision error depends on the specification of the decision criteria. In specification (1) in Table 15, a decision error 

is therefore defined as “choosing the lottery with lower expected value”. If expected utility is the preferred normative model and one assumes 

mild risk aversion (as it appears to be the case for the majority of the subjects in our experiment), then a choice against the lottery with the 

highest expected value might still be a normatively correct decision.  
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estimate for the control group in our main specification (Table 1, column 4). In specification (3), we 

somewhat arbitrarily restrict  to be = . . In both specifications, we see similar decision error 

patterns. Compared to specification (2), estimates for 𝜏 the parameter representing decision errors in 

specification (3) are higher. This is what one would expect when fixing  to a value further away from 

the true value of the risk aversion parameter (which is based on the results in Table 1, column 4 in the 

range = [ . , . ]). In specification (4), we allow for no heterogeneity in the decision error. By 

fixing 𝜏 = , we get the result similar to a model without an explicit Fechner error (compare Table 1, 

column (1)). 

TABLE 15—STRUCTURAL ESTIMATES WITH PARAMETER CONSTRAINTS 

 Risk & Error Measurement 

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

Constraints: Exp. Val.: 𝑎 =   𝑎 = .   𝑎 = .   𝜏 𝑎 =  

Parameter: ρ τ  ρ τ  ρ τ  ρ τ 

Treatments            

100cent Treatment  0.119***   0.132***   0.166**  -0.247  

  (0.033)   (0.026)   (0.071)  (2.777)  

30cent Treatment  0.044*   0.071***   0.151**  -0.589  

  (0.025)   (0.019)   (0.073)  (7.102)  

10cent Treatment  0.066*   0.097***   0.185***  -0.624  

  (0.037)   (0.033)   (0.071)  (2.973)  

constant 0 0.178***  0.193 0.153***  0.5 0.265***  0.233 1 

  (0.017)   (0.013)   (0.029)  (0.151)  

p-value for joint significance in:          

Treatments – 0.002  – 0.000  – 0.006  0.996 – 

Log-Likelihood -12026  -12002  -12772  -13049 

Subjects 112  112  112  112 

Observations 20160  20160  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Results in columns (1) – (4) correspond to joint estimates of ρ and τ. Block bootstrapped standard errors clustered at the individual level and 
based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

 Learning During the Experiment and Results from Subsamples 

In each of the treatment conditions, subjects had to make the same 180 lottery decisions. The order of 

the lottery was randomized but similar for all 112 subjects in the experiment. To investigate potential 

learning effects, we split the lottery sample into four subsamples of 45 lotteries. We also investigate the 

entire sample, but include a linear and a reciprocal time trend by including the variables round # and 1 

/ round #. Four subsample and two time trend conditions give us 3 x (4 + 2) = 18 coefficients for each 

structural parameter. With respect to the risk aversion parameter , we find one coefficient to be 

significant at the 5 percent level and one coefficient significant at the 10 percent level, which can be 

interpreted as driven by chance. The coefficient estimate of the decision error 𝜏 is significant at least at 

the 10 percent level in 17 out of 18 cases. The analysis of the subsamples does not reveal an 

unambiguous learning pattern in the treatment effects of the structural estimates. In general, the results 
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in all specifications in Table 16 are fairly similar to the main specification reported in Table 1 and 

provide further robustness to the results of our main specification. 

TABLE 16—SUBSAMPLES AND TRENDS 

 Risk & Error Measurement 

 
Subsamples á 45 Lotteries  

Linear trend 

(round) 
 1/round 

 (1)  (2)  (3)  (4)  (5)  (6) 

Parameter: ρ τ  ρ τ  ρ τ  ρ τ  ρ τ  ρ τ 

Treatments                  

100cent Treatm. 0.145 0.129***  -0.155 0.094***  -0.115 0.140***  -0.178 0.126***  -0.057 0.122***  -0.071 0.117*** 

 (0.116) (0.029)  (0.147) (0.027)  (0.153) (0.050)  (0.189) (0.039)  (0.126) (0.026)  (0.133) (0.024) 

30cent Treatment -0.065 0.072***  -0.156 0.073***  -0.198 0.059**  -0.181 0.044*  -0.142 0.061***  -0.151 0.059*** 

 (0.128) (0.021)  (0.155) (0.023)  (0.125) (0.027)  (0.142) (0.024)  (0.118) (0.018)  (0.123) (0.018) 

10cent Treatment -0.070 0.162***  -0.236* 0.068**  -0.257** 0.029  -0.112 0.093**  -0.172 0.088***  -0.174 0.075*** 

 (0.143) (0.052)  (0.130) (0.029)  (0.102) (0.025)  (0.126) (0.042)  (0.111) (0.032)  (0.108) (0.029) 

Round #             -0.001*** -0.000    

             (0.000) (0.000)    

1 / Round #                1.809*** 0.494*** 

                (0.385) (0.094) 

constant 0.247*** 0.134***  0.186*** 0.146***  0.228*** 0.181***  0.102 0.143***  0.319*** 0.155***  0.144*** 0.144*** 

 (0.054) (0.015)  (0.061) (0.016)  (0.052) (0.015)  (0.066) (0.017)  (0.054) (0.016)  (0.054) (0.012) 

p-value for joint significance in:                

Treatments 0.469 0.000  0.243 0.001  0.051 0.011  0.502 0.003  0.363 0.000  0.328 0.000 

Log-Likelihood -2947  -2966  -3107  -2840  -11900  -11872 

Subjects 112  112  112  112  112  112 

Observations 5040  5040  5040  5040  20160  20160 

Notes: The dependent variables are the Arrow-Pratt measure of relative risk aversion (ρ) assuming CRRA utility and the Fechner error (τ). 
Standard errors are clustered at the individual level and based on 1000 replications are reported in parentheses. 

*** Significant at the 1 percent level. 

  ** Significant at the 5 percent level. 

    * Significant at the 10 percent level. 

Despite the missing evidence of learning effects with respect to the treatment parameters, we find that 

lottery decisions become slightly less risk averse for later lottery decisions (column (5) and column (6), 

Table 16). The reciprocal trend specification reveals a strong negative effect of learning, approximated 

by lottery choice experience in the experiment, on decision errors. While the learning effect on decision 

errors is significant at the 1 percent level in the reciprocal specification (column (6)), it is invisible in 

the linear specification (column (5)). On explanation might be that learning occurs mainly during the 

first lottery decisions of the experiment, with no further improvement as further lottery decisions are 

made. 

 Table of Lotteries Played in the Experiment 

The following table presents the exact lottery pairs played by each individual in all treatment 

conditions. The lotteries were constructed to cover a broad variation of probabilities and outcomes. After 

the construction of the lottery pairs, the position of each lottery (left or right) was determined using a 

random mechanism. The first 90 lotteries share the property that the lowest payoff of each lottery was 

always zero. This assumption was relaxed for the last 90 lotteries. The order of the lotteries in the two 
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blocks of 90 lotteries was determined using a random number generator, which produced the order 

denoted in Table 17. 

The first six lottery pairs control 1 to control 6 were used in the instructions of the experiment and 

were not incentivized. Subjects had to correctly answer control questions concerning the lottery payoffs 

and the time payoffs. The experiment started with lottery pair 1 and ended with pair 180. Each individual 

had to make 180 lottery choices. In each opportunity cost treatment, subjects faced the same lottery pairs 

in the same order. At the end of the experiment, we used an individual random lottery incentive 

procedure (Starmer and Sugden, 1991) to determine two of the 180 lottery pair decisions to be relevant 

for the payoff of the subject.44 The two selected lotteries in both lottery pairs were then played using a 

random number generator to determine the payoff of the subject. This procedure has been used to avoid 

problems caused by reference-point or wealth effects (Starmer and Sugden, 1991). The absence of 

feedback and the large number of uncorrelated lotteries among two are determined for payoff are 

properties of our experimental design, which reduce the likelihood of problems described in Cox et al. 

(2014) related to the random lottery incentive scheme based on the integration of all lottery choices as 

one compound lottery.  

                                                           
44 The random lottery mechanism has been used in a several prominent experiments investigating decisions under risk, for a survey see Harrison 

and Rutström (2008). 
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TABLE 17— LOTTERY SET 

Lottery Number  Left Lottery  Right Lottery  Lottery Number  Left Lottery  Right Lottery 

                       

control 1  90 10 4.5 0  10 90 3.5 0  88  90 10 0.2 0  10 90 15 0 
control 2  67 33 6 0  33 67 10 0  89  90 10 0.5 0  10 90 4.5 0 
control 3  80 20 5 0  20 80 5 0  90  40 60 3 0  60 40 1.3 0 
control 4  25 75 4 0  75 25 2 0  91  75 25 1 0.7  25 75 8 0 
control 5  50 50 3 0.1  50 50 4 0.1  92  75 25 6.5 1  25 75 15 1 
control 6  60 40 10 0.4  40 60 15 0.2  93  53 47 17 0.1  47 53 20 0.1 

1  53 47 4.7 0  47 53 5.3 0  94  40 60 9.5 0.1  60 40 0.1 0.1 
2  75 25 3.2 0  25 75 15 0  95  50 50 10 0  100 0 5 0 
3  90 10 5.1 0  10 90 4.9 0  96  25 75 26 0  100 0 6.5 0 
4  25 75 20 0  75 25 2.3 0  97  80 20 7.5 0  100 0 6 0 
5  90 10 3.5 0  90 10 3.5 0  98  95 5 9 0  100 0 7 0 
6  75 25 1 0  25 75 5 0  99  50 50 16 0  100 0 6.5 0 
7  47 53 7.5 0  53 47 6.8 0  100  5 95 100 0  100 0 5.5 0 
8  60 40 8.5 0  40 60 15 0  101  40 60 3 0  60 40 1.3 1.1 
9  25 75 6 0  75 25 1.5 0  102  75 25 4.5 0.5  75 25 4.5 0.5 
10  40 60 4.2 0  60 40 5.1 0  103  50 50 5 0  50 50 6 0 
11  53 47 5.1 0  47 53 6 0  104  75 25 2.3 0.1  25 75 5 0 
 12  75 25 1.5 0  25 75 7.5 0  105  60 40 2.9 1  40 60 5 2 
13  60 40 6.5 0  40 60 9 0  106  90 10 0.2 0.1  10 90 20 0.1 
14  75 25 3.8 0  25 75 9 0  107  40 60 5.5 0.1  60 40 4.5 1.2 
15  40 60 15 0  60 40 0.2 0  108  47 53 14 0.2  53 47 12 1.3 
16  10 90 81 0  90 10 1 0  109  60 40 4.5 3.3  40 60 9.9 0.1 
17  40 60 9.5 0  60 40 0.1 0  110  90 10 2.7 1  10 90 15 1.2 
18  25 75 7.5 0  75 25 0.8 0  111  75 25 0.1 0.1  25 75 9.5 0.1 
19  25 75 20 0  75 25 8.5 0  112  47 53 8 0.1  53 47 1 0.1 
20  53 47 5.9 0  47 53 7.5 0  113  40 60 7.5 0.1  60 40 5.4 0.1 
21  40 60 6 0  60 40 3.3 0  114  47 53 7.5 0.1  53 47 5.9 0.1 
22  40 60 15 0  60 40 6.7 0  115  10 90 6 0.1  90 10 0.4 0.1 
23  25 75 2 0  75 25 4 0  116  90 10 0.1 0  10 90 9 0 
24  10 90 20 0  90 10 0.2 0  117  75 25 2.3 1  25 75 20 0.1 
25  53 47 5.5 0  47 53 6 0  118  100 0 7 0  95 5 9 0 
26  40 60 15 0  60 40 10 0  119  75 25 1 0.1  25 75 3 0.1 
27  25 75 15 0  75 25 1.6 0  120  100 0 6.5 0  50 50 16 0 
28  25 75 9 0  75 25 1.2 0  121  60 40 8.5 2.5  40 60 15 0.1 
29  10 90 15 0  90 10 0.2 0  122  25 75 20 1.5  75 25 8.5 0.1 
30  60 40 3.4 0  40 60 7.5 0  123  47 53 15 0.1  53 47 14 0.1 
31  10 90 9 0  90 10 0.1 0  124  60 40 2 0.1  40 60 6 0.1 
32  10 90 15 0  90 10 2.7 0  125  75 25 5 0.3  25 75 15 0.1 
33  40 60 5.1 0  60 40 5 0  126  25 75 7.5 0.1  75 25 1.5 1.1 
34  10 90 20 0  90 10 3.7 0  127  40 60 15 0.1  60 40 11 0.1 
35  40 60 7.5 0  60 40 5.4 0  128  100 0 6 0  80 20 7.5 0 
36  90 10 1 0  10 90 9 0  129  60 40 6.5 0.1  40 60 9 0.1 
37  53 47 8.7 0  47 53 13 0  130  40 60 4.2 0.5  60 40 5.1 0.1 
38  47 53 6 0  53 47 4.7 0  131  100 0 5.5 0  5 95 100 0 
39  60 40 4.5 0  40 60 9.9 0  132  10 90 6 0.1  90 10 0.1 0.1 
40  90 10 3 0  10 90 27 0  133  40 60 15 0.1  60 40 6.7 0.1 
41  25 75 6 0  75 25 0.6 0  134  53 47 7.1 0.1  47 53 9 0.1 
42  60 40 4.5 0  40 60 5.5 0  135  53 47 4 1.5  47 53 3.5 2 
43  47 53 15 0  53 47 14 0  136  25 75 9 0.1  75 25 1.2 0.1 
44  60 40 4.4 0  40 60 6 0  137  25 75 1.5 0.1  75 25 0.5 0.1 
45  75 25 0.7 0  25 75 9 0  138  10 90 9 0.1  90 10 1 0.1 
46  75 25 0.1 0  25 75 9.5 0  139  47 53 5.3 0.8  53 47 4.7 0.5 
47  75 25 4.1 0  25 75 20 0  140  25 75 26 0  100 0 6.5 0 
48  25 75 3 0  75 25 1 0  141  10 90 6 0.1  90 10 1.1 0.1 
49  40 60 7.5 0  60 40 5 0  142  90 10 5.1 1.2  10 90 4.9 0.1 
50  90 10 0.1 0  10 90 18 0  143  90 10 0.2 0.1  10 90 15 0.1 
51  25 75 5.5 0  75 25 4.5 0  144  10 90 4.5 0  90 10 0.5 0.3 
52  75 25 5.1 0  25 75 4.9 0  145  60 40 4.2 1.6  40 60 7.5 0.5 
53  10 90 9 0  90 10 1.6 0  146  53 47 5.3 0.1  47 53 6 0.1 
54  47 53 8 0  53 47 1 0  147  90 10 1 0.1  10 90 81 0.1 
55  10 90 9 0  90 10 0.5 0  148  40 60 5 0.1  60 40 2.2 0.1 
56  90 10 0.7 0  10 90 15 0  149  40 60 20 0.1  60 40 11 0.1 
57  25 75 1.5 0  75 25 0.5 0  150  10 90 9 1.3  90 10 3 0.1 
58  40 60 18 0  60 40 7 0  151  25 75 7 0  75 25 3.3 2.2 
59  60 40 4 0  40 60 6 0  152  40 60 5.1 0.1  60 40 5 0.1 
60  47 53 3.5 0  53 47 4 0  153  53 47 9.9 2  47 53 10 1 
61  60 40 2.9 0  40 60 5 0  154  75 25 5.1 0.1  25 75 4.9 0.1 
62  10 90 6 0  90 10 0.4 0  155  47 53 7.5 0.1  53 47 6.3 0.1 
63  25 75 15 0  75 25 0.2 0  156  40 60 6 0.1  60 40 4.4 0.1 
64  53 47 5.1 0  47 53 4.9 0  157  40 60 7.5 0  60 40 3.4 0.1 
65  47 53 6 0  53 47 5.3 0  158  50 50 10 0  100 0 5 0 
66  47 53 15 0  53 47 12 0  159  10 90 18 0.1  90 10 0.1 0.1 
67  25 75 15 0  75 25 5 0  160  75 25 1.6 0.1  25 75 15 0.1 
68  47 53 2.8 0  53 47 2.5 0  161  10 90 2 0.1  90 10 4 0.1 
69  75 25 3.3 0  25 75 9.9 0  162  25 75 20 0.1  75 25 4.1 2.1 
70  53 47 7.1 0  47 53 9 0  163  40 60 15 0.1  60 40 0.2 0.1 
71  60 40 4.2 0  40 60 7.5 0  164  75 25 3.8 0.1  25 75 9 0.3 
72  60 40 2.2 0  40 60 5 0  165  10 90 20 0.1  90 10 3.7 0.1 
73  47 53 10 0  53 47 9.9 0  166  53 47 5.1 0.1  47 53 4.9 0.1 
74  40 60 6 0  60 40 2 0  167  75 25 1 0.5  25 75 3 0.1 
75  25 75 15 0  75 25 6.5 0  168  47 53 6 0.1  53 47 4.7 0.1 
76  60 40 11 0  40 60 15 0  169  53 47 5 2  47 53 5.1 1 
77  53 47 7.5 0  53 47 7.5 0  170  40 60 18 0.1  60 40 7 0.1 
78  47 53 10 0  53 47 1.2 0  171  25 75 6 0.1  75 25 2.6 0.1 
79  10 90 7.5 0  90 10 0.1 0  172  10 90 15 0.1  90 10 0.7 0.4 
80  90 10 1.1 0  10 90 6 0  173  40 60 15 0.5  60 40 10 0.1 
81  53 47 6.3 0  47 53 7.5 0  174  25 75 9.5 1.5  25 75 9.5 1.5 
82  75 25 2.6 0  25 75 6 0  175  53 47 8.7 0.1  47 53 13 0.1 
83  53 47 5 0  47 53 5.1 0  176  90 10 0.2 0.1  10 90 15 0.1 
84  10 90 6 0  90 10 0.1 0  177  75 25 0.8 0  25 75 7.5 0 
85  53 47 17 0  47 53 20 0  178  75 25 0.2 0.1  25 75 15 0.1 
86  60 40 11 0  40 60 20 0  179  90 10 5 2  10 90 21 0.1 
87  60 40 3 0  40 60 5.1 0  180  53 47 2.5 0.1  47 53 2.8 0.1 
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Online Appendix 

Figure 2 presents the timeline of our experiment. The following online appendix provides screenshots 

of each of the four stages of the experiment (in German). 

 

FIGURE 2. SETUP OF THE EXPERIMENT (REPRODUCED FROM THE PAPER) 

Notes: The Figure presents the timeline during the experimental sessions. After the experiment, a questionnaire on socio-economic 

characteristics was conducted. Some subjects had to wait for nearly 30 minutes at the end, but they were allowed to play a version of Tetris 

and Minesweeper when done.  

 

 

FIGURE 11. EXAMPLE QUESTIION OF THE BERLIN NUMERACY TEST 

 



  

79 

 

 

FIGURE 12. INSTRUCTIONS AND LOTTERY CHOICES IN THE HOLT-LAURY TASK I 

 

FIGURE 13. I INSTRUCTIONS AND LOTTERY CHOICES IN THE HOLT-LAURY TASK II 
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FIGURE 14. INSTRUCTIONS OF A LOTTERY DECISION 

 

FIGURE 15. INSTRUCTIONS OF A LOTTERY DECISION (NO TIME COSTS) 
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FIGURE 16. INSTRUCTIONS OF A LOTTERY DECISION (10 CENT TREATMENT) 

 

FIGURE 17. INSTRUCTIONS OF A LOTTERY DECISION (30 CENT TREATMENT) 
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FIGURE 18. INSTRUCTIONS OF A LOTTERY DECISION (100 CENT TREATMENT) 

 

FIGURE 19. SCREEN OF LOTTERY DECISION FROM THE LOTTERY SAMPLE (SAME FOR ALL TREATMENTS) 
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FIGURE 20. RAVEN TEST INSTRUCTIONS 

 

FIGURE 21. RAVEN TEST – EASY TASK (TASK 2 OUT OF 12) 
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FIGURE 22. RAVEN TEST – HARD TASK (TASK 11 OUT OF 12) 

 

FIGURE 23. QUESTIONAIRE ON SOCIO-ECONOMIC CHARACTERISTICS 
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This study contributes to the understanding of how individuals make choices for 

themselves and on behalf of others in a risky environment. We test whether dual process 

theory can explain the self-other decision differences found in previous studies. To this 

end, we experimentally induce an intuitive or a deliberative processing mode. In a 

laboratory eye-tracking experiment, we investigate both risk preferences and 

information processing when deciding for oneself and on behalf of an anonymous person. 

While we find no differences in risk preferences when deciding for oneself or for someone 

else, individuals have a greater decision error when deciding for others. Process data 

helps explain these differences. Individuals spend less time, have less fixations, and 

inspect less information when deciding for others. We detect similar patterns when 

comparing intuitive and deliberative decision making. We argue that the processing of 

decisions for oneself is more effortful and involves more extensive deliberation which, in 

turn, leads to less decision errors. 
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I. Introduction 

It is very common to decide for others ranging from mundane decisions, i.e., which beverage to order 

for a friend running late, through serious decisions, such as whether to perform surgery or not. Further, 

deciding for others becomes more popular in the online world. One can delegate decisions about food, 

clothes, games or even mating-partners to strangers in the web. The question arises whether people 

approach a task on behalf of another person similarly to when they decide for themselves. We are 

specifically interested in whether risk preferences and decision errors differ between these decisions. 

We further examine whether the use of intuitive or deliberative thinking (i.e., dual-process theory; see 

Evans (2008) for a recent review) can help explain choices and cognitive processes involved in deciding 

for oneself and on behalf of another person, as decisions for oneself might be guided more by emotions 

and thus differ in how they are processed (see risk-as-feelings, Loewenstein et al., 2001). 

Multiple studies have explored decision making for oneself and other individuals in a risky 

environment. However, there is little agreement on this matter. The research points in several directions, 

ranging from more risk aversion when deciding for oneself (Chakravarty et al., 2011), through no self-

other differences (Andersson et al., 2014), up to more risk aversion when deciding for others (Reynolds 

et al., 2011). The experimental design and protocols used in previous studies differ substantially from 

each other. Hence, a clear explanation for what drives the discrepancies between them is not available. 

We propose that an inspection of the underlying processes can help to understand why there are 

sometimes self-other differences and sometimes there are none. We use eye-tracking to analyze these 

processes as information processing is a widely accepted proxy for cognitive and attentional effort 

(Rayner, 1998). 

We test two strands of hypotheses which predict how deciding for someone else differs from deciding 

for oneself. On the one hand, classical economics predicts that individuals (homo economicus) will 

minimize the costs of the decisions that they do not derive utility from. More specifically, when making 

decisions that do not bear consequences for one's payoffs (or utility) and if time and cognitive resources 

are costly,3 individuals will make frugal choices to minimize the effort spent on the task. This implies 

that decisions for oneself will be more deliberative and thought-through than decisions made on behalf 

of others. However, recent experimental studies point in the opposite direction, and thereby deliver the 

other strand of hypotheses. Individuals are influenced by emotions when deciding for themselves, since 

the consequences of their decisions affect them directly. In contrast, they are not directly affected by 

real or emotional consequences of the decisions made for others. For example, Jung et al. (2013) show 

in a brain imaging study that when deciding for oneself, areas of the brain responsible for affective 

processes are activated. In contrast, when deciding for others, areas of the brain responsible for cognitive 

(rational) processes are activated. These results can be explained by the affect heuristic which posits that 

affect and emotions experienced at the moment of decision making can inhibit cognitive processes and 

                                                           
3 Classical economics assumes that the deliberation on the decision is effortless. However, this assumption has been challenged in multiple 

studies. Using cognitive resources are assumed to be costly by, for example, Àlos-Ferrer (2016) or Caplin and Martin (2016) and the dual 

process drift diffusion models. 
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lead to decisions based on intuitive processes (Slovic et al., 2007). This leads to the more specific 

hypothesis that when deciding for oneself, emotions overshadow one's cognitive processes and lead to 

intuitive decisions, but this effect is absent when deciding for others. 

We conduct an eye-tracking experiment, in which we manipulate processing modes using 

implementation intentions via if-then plans (Gollwitzer, 1999; Gollwitzer and Paschal, 2006; Bieleke et 

al., 2017). We divide subjects into three treatments. In the control treatment subjects do not receive any 

instructions concerning processing mode. In the deliberation treatment subjects are asked to think 

carefully about all the options. In the intuition treatment subjects are asked to follow their intuition when 

making choices. Every subject makes 45 choices between three-outcome lottery pairs that directly affect 

her payoff and 45 similar choices that affect only the payoff of another anonymous person who 

participates in the study.4 While we are primarily interested in the comparison of behavior and 

information processing between Self and Other choices, we manipulate the processing mode to compare 

behavior and information processing across treatments to avoid the reverse inference trap using response 

time as evidence for dual-process theories as discussed by Krajbich et al. (2015). We explore individuals' 

behavior by estimating risk preferences at the individual level using structural estimations. 5 These 

estimates are complemented with an analysis of information processing measures. To the best of our 

knowledge, there exists no eye-tracking study inspecting both processing and behavior in delegated 

decision making. 

Our findings show no essential differences in risk preferences between decisions for oneself and on 

behalf of others. In general, we find subjects to maximize expected value more often when deciding for 

themselves. Further, subjects take more time, have a higher number of fixations and conduct a more 

complete inspection of information when deciding for themselves compared to deciding on behalf of 

others. Consistent with these differences in processing, individuals make choices that are more 

consistent (i.e., make less errors) when deciding for themselves than when deciding for others. The same 

patterns are detected when comparing the processing of individuals asked to make deliberate decisions 

to the processing of individuals asked to make intuitive decisions. Hence, we conclude that when 

individuals make choices that will affect their payoffs directly, they invest more cognitive effort into the 

task and conduct more extensive deliberative processing. Finally, when deciding for others, we find the 

difference in decision error to be reduced when subjects process more information.  

We review the relevant literature in section II. In section III, we describe the experiment, the eye-

tracking measurements, the estimation method, and present two strands of hypotheses. The results are 

presented in section IV. Here, we first look at whether there are differences between treatments in 

maximizing expected value, risk preferences, and processing data. Then, we use individual estimates to 

relate the eye-tracking data to risk behavior. We conclude and discuss the study in section V.  

                                                           
4 In addition, we collect information about the social value orientation and empathic concerns. We only discuss the results in the appendix. 
5 We use the power value function as defined by Tversky & Kahneman (1992) and assume the same marginal sensitivity towards gains and 

losses. Further, we employ a one parameter cumulative probability weighting function as suggested by Prelec (1998), see section III.D. 
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II. Literature review 

Up to date, studies comparing decision making for oneself and others mostly relied on behavioral 

data.6 The results are mixed and ambiguous. Some studies show decreased risk aversion when deciding 

for strangers (Chakravarty et al., 2011; Pollmann et al., 2014). Similarly, Mengarelli et al. (2014) show 

that individuals are not only more risk averse but also more loss averse when deciding for themselves 

compared to when deciding on behalf of others. Greater loss aversion when deciding for oneself (but no 

differences in risk taking) has also been found by Andersson et al. (2014) and Polman (2012). One 

potential reason for lower loss aversion when deciding for others can be found in Faro and Rottenstreich 

(2006) who demonstrate that individuals believe that other people are more risk neutral than they are. 

On the contrary, studies that involve lower levels of anonymity show that individuals are more risk 

averse with other people's money (e.g., Eriksen and Kvaløy, 2010; Reynolds et al., 2011). Finally, Jung 

et al. (2013) show that individuals have different risk-aversion levels depending on the probability of 

winning. If the probability is high, they are more risk seeking with their own money than others' money, 

but if the probability of winning is low, they are more risk averse with their own money than others' 

money. 

Previous research does not identify one specific mechanism responsible for the differences in choices 

between decisions for oneself and on behalf of others. In this study, we consider dual-process theory as 

the potential channel for the self-other decision differences. Dual-process theories posit that there are 

two parallel modes of cognitive processing that interact with each other: intuitive processes (system 1) 

and deliberative processes (system 2; see Epstein (1994) or Evans (2008) for a detailed overview). 

Intuitive choices are usually fast and frugal, affect-laden, and based on past experiences. On the other 

hand, deliberative choices are slower, more thought-through, rational, and based on logical analysis 

(Slovic et al., 2004). Eye-tracking has been previously applied in studies on dual-process theories to 

investigate whether there are distinctive processing patterns for intuitive and deliberative thinking. 

Horstmann et al. (2009) show that there are no significant differences in the quality of information 

processing, however, individuals instructed to deliberate conduct a more thorough and repeated 

information search.  

Mengarelli et al. (2014) suggest that the self-other decision discrepancies in risky decisions stem from 

the differences in real and emotional consequences of the decisions for oneself and other individuals. 

Similarly, Jung et al. (2013) propose that there are two distinct neural processes responsible for the 

decisions made for oneself and on behalf of another person. Stronger affect experienced during the 

decision making process for oneself may override cognitive processing which leads to decisions relying 

on the intuitive and experiential responses to tasks. In contrast, decisions for others might activate more 

deliberative processing. These predictions are in contrast with classical economics. Homo economicus 

                                                           
6 In this study, we only compare decisions made for oneself with decisions made for another person without affecting the decision maker. 

Thus, we do not discuss studies that investigate how decision making changes when others as well as the decision maker are affected by it, 

due to the differences in incentives for the decision maker (e.g., Pahlke et al., 2012; Pahlke et al., 2015; Bolton et al., 2015). 
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would minimize the time and cognitive resources, given they are costly, spent on deciding for others, if 

one cannot derive utility from these choices. 

Lastly, Kahneman (2003) argues that the behavior of individuals making intuitive choices can be 

better described using prospect theory than expected utility theory. Further, he claims that it is expected 

that intuitive choices can be described by a more pronounced version of prospect theory compared to 

deliberative choices. More specifically, deliberative decisions should be similar to weighted averages 

which are more in line with risk neutrality.7 Another issue with exploring intuitive choices is put forward 

by Rottenstreich and Shu (2008), who conclude that when affect guides choices, the resulting behavior 

might not be compatible with prospect theory or any related formulations.  

 

III. Methods 

128 participants were recruited via ORSEE (Greiner, 2015) among the students of the University of 

Konstanz. The experiment was programmed in z-Tree (Fischbacher, 2007) and conducted at Lakelab, 

the economic laboratory at the University of Konstanz. Sessions lasted between 75 and 90 minutes. As 

attention towards information is important for this study, eye-tracking devices (Eye-Tribe at 60Hz), chin 

rests and non-moving chairs were used. The data collection was implemented using the python-module 

PyGaze (Dalmaijer et al., 2014). The experiment consisted of three incentivized parts: a lottery task, a 

social value orientation survey (SVO, Murphy et al., 2011), and a short investment task aiming to elicit 

beliefs about relative risk preferences.  

 Experimental Protocol 

In the lottery task, the main task of this experiment, subjects were presented with 90 three-outcome 

lottery pairs. For each decision, both lottery options yielded the same potential outcomes, but differed 

in the probability distributions. The 90 lottery choices were split randomly into two blocks of 45 

decisions, which were either made for oneself or on behalf of another anonymous person from the 

experiment. Each block included 15 lottery pairs involving only positive outcomes (gain), 15 lottery 

pairs involving only negative outcomes (loss), and 15 lottery pairs involving both positive and negative 

outcomes (mixed). The order of gain, mixed, and loss lotteries was randomly determined for each 

subject, as well as which option was presented on the left or right side of the screen. 

The lotteries were selectively adopted and modified from Hey and Orme (1994). Similar gambles have 

been used in other studies (e.g., Harrison and Rutström, 2009).8 The choice of three-outcome lotteries 

                                                           
7 In the appendix, we also explore the empathy gap as potential candidate for explaining the self-other decision differences. As Faro and 

Rottenstreich (2006) argue, the empathy gap can explain closer-to-risk-neutrality predictions of others' behavior. If individuals have troubles 

with taking the perspective of another individual (i.e., are less empathetic), it is difficult for them to predict others' emotional reactions that 

they experience when making a decision for oneself. According to risk-as-feelings hypothesis, emotions experienced when making decisions 

guide individuals' judgements and choices in a risky environment (Loewenstein et al., 2001). Hence, if individuals are not as emotionally 

affected when deciding for others as they are when deciding for themselves, then this could result in more risk-neutral preferences when 

deciding for others.  
8 We tested different sets of lotteries in an online pilot study and three further lab pilots. We adjusted the number and specific lotteries by an 

analysis of the pilot data. 
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was mainly dictated by the aim of estimating prospect theory parameters. This type of lotteries provides 

a rich dataset for structural estimations. The possible outcomes in the gain domain were fixed at four 

levels: 0, 5, 10 or 15 points. In the mixed domain, the values were either -8, -3, 3 or 8 points and subjects 

received an endowment of 8 points before this part. We multiplied all potential outcomes from the gain 

domain by -1 to create outcomes in the loss domain. Before this part, subjects received an endowment 

of 15 points. Thus, all lotteries had roughly equal final outcomes when accounting for the endowment. 

The probabilities ranged from 0% to 100% in steps of 12.5 percentage points. The mean expected value 

difference between the options was 1.47 with a standard deviation of 1.5, ranging from 0 to 8.875. The 

position of the values and probabilities were counterbalanced across subjects resulting in four possible 

combinations of having the probabilities on the left or right and high values at the top or bottom.9 

Subjects chose either the left or right lottery by pressing a button on the keyboard. Before each choice, 

a fixation cross appeared for one second in the middle of the screen. Subjects were informed that one 

randomly determined decision from each block is payoff relevant. Each point in this part of the 

experiment was worth €0.5. 

After the lottery task, subjects were presented with an investment task similar to Gneezy and Potters 

(1997) whose purpose was to elicit the beliefs about the relative risk preferences of the other individual. 

Individuals were given 80 points and could choose how many of them they want to invest in a risky 

asset that had a 50% chance of a 2.5 return rate and a 50% chance of losing the investment. They made 

this choice twice: once for themselves and once for the same other individual. Finally, they were asked 

to predict whether they invested more, less or the same amount for the other subject than the other 

subject invested for herself. Individuals were monetarily incentivized to answer truthfully as one of the 

three questions was chosen for payoff at the end of experiment. Each point in this part of the experiment 

was worth €0.01. Subjects received €2 for correctly guessing the relative investment level. 

Lastly, subjects were asked to fill in a questionnaire including measures of empathy and perspective 

taking (Davis, 1980) and the preference for intuition and deliberation (PID scale, Betsch, 2004). The 

latter one was implemented to test whether individuals with personal preferences for making intuitive 

or deliberative choices were randomized into treatments. Subjects who received an if-then plan also 

received five questions from the goal commitment questionnaire (Klein et al., 2001). These questions 

present a method of measuring a subject's commitment to the received if-then plan, thererby allowing 

us to compare whether the commitment to the respective plans differed between treatments.  

The payoffs consisted of €5 show-up fee, one lottery decision made by oneself, one lottery decision 

made by someone else, and one paid out decision from the SVO, and the investment task. Subjects 

earned €20 on average depending on their choices. 

                                                           
9 This operation is also required to avoid bias in the information processing, as individuals usually start reading from top left corner and move 

towards the bottom right corner. 
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 Treatments  

 We used a 3 x 2 mixed factorial design. We had three between-subject treatments, namely control, 

deliberation and intuition. Subjects further made 45 choices for themselves (Self) and 45 choices for 

another person (Other).10 Subjects were informed that both they and the other person remain anonymous, 

and that the person they were choosing for did not make choices for them. Subjects learned about the 

Self and Other conditions after they read the instructions, answered the control questions, and completed 

the manipulation task.  

We manipulated the processing mode using directly instructed implementation intentions (see 

Gollwitzer, 1999; Halberstadt and Levine, 1999). There are several different ways to induce intuitive or 

deliberative processing, ranging from time pressure/time delay to cognitive load (see Horstmann et al., 

2010 for a detailed overview). We decided to use this type of manipulation because it avoids further 

time pressure or cognitive load and implementation intentions have been successfully applied in 

previous studies (see Oettingen et al., 2015 for a review and Bieleke et al., 2017 for a similar 

manipulation of intuitive and deliberative processing). 

The manipulation works as follows: First, subjects receive written instructions about what we are 

interested in (i.e., investigating the benefits of relying on intuition or careful consideration), what are 

the obstacles in achieving the goal and how to circumvent them, followed by an introduction of so-called 

if-then plans.11 Subjects were asked to read their if-then plan in their minds several times, to remember 

it, and to write it down. They were also told that they can only proceed after 5 minutes.  

 Eye-Tracking 

The eye-tracking data was recorded using the Eye-Tribe, with a sampling rate of 60Hz, and the python 

module PyGaze (Dalmaijer et al., 2014). Subjects were placed with a distance to the screen of 58cm and 

chin rests were used. The screen resolution was set to 1280 x 1024 pixels. We only use gaze data 

recorded during the lottery task. We chose a dark background and non-white font colors as this proved 

most comfortable and yielded the best accuracy during many testing sessions. A relatively small font 

size prevented from processing the information in the peripheral vision (for example, processing the 

values while looking at the probability). Figure 5 in Appendix D presents one of the lottery choices. 

Each session consisted of 12 subjects being eye-tracked. A calibration was accepted if the error was 

less than 0.9° of visual angle according to the delivered accuracy (mean: 0.3°). To assure that the 

experiment could continue according to the planned schedule and other subjects did not have to wait, 

subjects with several issues during the calibration skipped the calibration. This left us with eye-tracking 

                                                           
10 The exact instructions read: "In this part, you do not decide for yourself but on behalf of another participant. This is not the same person as 

in the task in Part I [note: SVO task]. This person is not the person that decides on your behalf. Your decisions in this part are only payoff 

relevant for the other person." 
11 The if-then plans are: intuition "If I start contemplating, then I tell myself: listen to your guts!"; deliberation "If I act prematurely, then I 

tell myself: Use your brains!"; For the control treatment, subjects had to copy different shapes. The instructions for the different 

manipulations and the for lottery task can be found in the Appendix E, F, G, and H. 
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data for 94 subjects.12 Due to a technical error caused by lagged recording, we lost the data of the second 

block for many subjects. Therefore, we only use the first block for data analysis and conduct between-

subject comparisons of Self and Other conditions.  

We defined a fixation using a dispersion-based algorithm as explained by Salvucci and Goldberg 

(2000). Fixations were identified using a maximum 30 pixels threshold for both x and y coordinates 

(which corresponds to around 1° of visual angle as recommended by Blignaut, 2009) for at least 101 ms 

(similar to Jiang et al., 2016).13 In each fixation, we calculate the median coordinate for both the width 

and height.  

In the analysis, we only used fixations that were within areas of interest (AOI) based on the boxes 

containing the probabilities and outcomes. We used circular AOIs instead of rectangular ones, as visual 

inspection clearly revealed that the median coordinates of the fixations are circularly distributed around 

the boxes. We used the first 3 trials of all participants to detect this pattern and to find a reasonable 

radius size.14 We chose a 90-pixel radius from the center of the boxes which resulted in 12 non-

overlapping AOIs.  

 Analysis 

The analysis is divided into two sections: risk behavior and information processing. We use a 

structural estimation approach to infer subjects' individual risk preferences based upon the lottery task. 

We choose cumulative prospect theory as a descriptive model of risk behavior because we are interested 

in the effects of our treatments and Self and Other condition on both decision weights and the value 

function (e.g.,  Vieider et al., 2016). 

For the functional form we assume the most widely used power value function (1) as defined by 

Tversky and Kahneman (1992) and estimate the curvature of the function (𝜇): 

(1)  = { 𝜇                   𝑖  ≥− − 𝜇           𝑖  <  

We assume the same marginal sensitivity towards gains and losses. We do not estimate the loss-

aversion parameter and focus on sensitivity to outcomes and probabilities instead. The same 

specification for the value function has been used in previous studies investigating how affective 

processing shapes risky choice ( e.g., Suter et al., 2015). Wakker (2008) points out that the functions 

from the power family can fit data well in the domain of risk taking and they have many desired features 

while preserving tractability.  

We further assume a one parameter (𝛾) cumulative probability weighting function (2) as suggested by 

Prelec (1998)15:  

                                                           
12 The individuals who had problems with calibrations and were dropped from the information processing analysis were randomly distributed 

over sessions and treatments. For a comparison of the eye-tracking subsample with the full sample see Table 5 in Appendix C. 
13 1° corresponds to 28.8 pixels in width and 26.2 in height. We rounded both to 30. We also tested fixation lengths of at least 116ms and 

132ms, as well as thresholds of 40, 50, 60, 70, and 80 pixels. Results are available upon request. The higher thresholds increase the number 

of detected fixations at the cost of lower accuracy. 
14 Using attention maps to define objectively the size of areas of interest has also been suggested by Wooding (2002).  
15 Prelec (1998) also proposed a two parameter probability weighting function, but we are mainly interested in the sensitivity to probabilities, 

as previous studies show that affect influences the subjective sensitivity to probabilities (see Rottenstreich and Hsee, 2001). 
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(2)  = exp − −ln 𝛾  

The choice of both power value function and Prelec weighting function has been also suggested by 

Stott (2006). Stott tests 256 combinations of different functional forms describing risky behavior and 

finds that the model with highest quality based on Akaike information criterion, which provides the best 

balance between fit and parsimony, has a power value function and decision weights fitted with one-

parameter Prelec weighting function.  

We calculate the expected value of prospect P as: 

(3)  𝐸𝑉 𝑃 =  𝑖 𝑖 + 𝑖 𝑖 + − 𝑖 − 𝑖 𝑖   
where 𝑖 is the probability weighting function and 𝑖  the value function.  

Assuming that 𝐸𝑉 𝐿  is the expected subjective value of the left prospect and 𝐸𝑉 𝑅  is the expected 

subjective value of the right prospect, we can calculate the differences between expected values by 𝛥𝐸𝑉 = 𝐸𝑉 𝐿 − 𝐸𝑉 𝑅 . This gives us the likelihood function: 

(4)  𝐿 = {𝛷𝛥𝐸𝑉,                   𝑖  𝐿  𝐿− 𝛷𝛥𝐸𝑉           𝑖  𝑅𝑖 ℎ  𝐿  

Furthermore, the difference in expected value 𝛥𝐸𝑉 = 𝐸𝑉 𝐿 − 𝐸𝑉 𝑅  is standardized according to 

Wilcox (2011) to be bounded within the interval [-1, 1]. This is obtained by dividing the difference in 

expected value 𝛥𝐸𝑉 by the maximum value difference that can be generated by the states of the two 

available options.  

As an extension, we further use the Fechner error specification to allow subjects to make errors as 

described by Hey and Orme (1994).16 It implies that individuals make stochastic choices, rather than 

deterministic choices. We account for the decision error by adding a noise parameter to the difference 

in expected value. Andersson et al. (2016) show that estimating risk preferences without errors can yield 

the risk of wrongly inferring the risk aversion level. Depending on the set of lotteries, subjects who make 

less consistent choices can be either classified as more risk averse or risk seeking if erroneous choices 

are more likely in the respective direction. The noise parameter is normally distributed with mean equal 

to zero and standard deviation equal to 𝜎. We estimate the log-likelihood function using the Broyden-

Fletcher-Goldfarb-Shanno optimization algorithm. The estimation is repeated for every subject 

separately for Self and Other conditions. 

In order to analyze the decision process, we inspect the following four measures: decision time, 

fixation duration, number of fixations, as well as information inspection. We compare the processing 

measures between the decisions for oneself and another person as well as between treatments. We 

conclude the analysis by explaining the behavioral data with information processing data in a regression 

framework. 

                                                           
16 The Fechner error specification has also been used by, e.g., Harrison et al., 2007; Bruhin et al., 2010; Caplin et al., 2011. Starmer (2010) 

provides a comprehensive review of different error specifications. 
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In what follows, we test two samples using non-parametric Wilcoxon rank sum tests and Kruskall-

Wallis tests to compare more than two groups. For the within-subject comparison, we use non-

parametric Wilcoxon signed rank tests. We use two-tailed tests at the 5% significance level.  

 Hypotheses 

Following Jung et al. (2013) and Mengarelli et al. (2014), the first strand of hypotheses states that 

individuals will disregard the impact of anticipatory emotions, arriving much closer to risk neutrality 

when deciding for others. In this case they will have a greater sensitivity to outcomes (higher 𝜇 𝑖  𝜇 <
) and are more sensitive to the mid-range probabilities (higher 𝛾 𝑖  𝛾 < ) compared to when deciding 

for themselves. We do not make predictions concerning decision error (𝜎), since even intuitive decisions 

can be as consistent as deliberative ones, e.g., using heuristics. Further, careful calculations of 

individuals in deliberation treatment will lead to choices closer to risk neutrality (see Kahneman, 2003). 

When deciding for oneself, individuals are directly affected by emotional and financial consequences of 

their choices. This affect inhibits cognitive reasoning and leads to more intuitive processing. When 

deciding for others, individuals' reasoning is not overshadowed by emotions leading to more deliberative 

processing. Based on these hypotheses and the findings from an eye-tracking study by Horstmann et al. 

(2009), we predict that the decision time, the number of fixations, as well as the proportion of inspected 

information will be lower when individuals decide for themselves/ intuition than when deciding for 

others/ deliberation.17 We will call these hypotheses, the DP-hypotheses. 

The alternative hypotheses stem from classical economics. If time and cognitive resources are costly, 

then subjects spend less time and process fewer information when deciding for another person. Further, 

if individuals do not care about payoffs of others and make more random choices on behalf of others, 

the decision error will be higher in Other condition. At the same time, decisions for oneself are more 

likely to be in line with maximizing the individual’s utility. 

IV. Results 

In total, 128 subjects participated in one of three treatments: 42 in control, 43 in deliberation, and 43 

in intuition. We collected behavioral data for all 90 decisions of every participant. As mentioned in 

section III.C, the processing data is analyzed for 94 subjects from the first block: 32 in control (18 

deciding for themselves), 32 in deliberation (16 deciding for themselves), and 30 in intuition (10 

deciding for themselves). 

We start the analysis by checking whether our randomization of subjects into treatments was 

successful with respect to the general preferences for intuition and deliberation measured by the PID 

scale (Betsch, 2004). We fail to reject the hypothesis that the deliberation and intuition scores are equal 

                                                           
17 We do not make predictions concerning the duration of fixations. On one hand, it is expected that more careful and deliberate decisions 

require longer time for processing of each piece of information. This would imply that individuals using more cognitive processing have 

longer fixations than individuals using intuitive processing. However, Horstmann et al. (2009) show that there are no differences in the 

fixation duration between individuals using intuitive and deliberative processing modes and argue that intuition and deliberation share the 

same basic processes but deliberation leads to more thorough, repeated processing. 
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across treatments for any of the pairwise comparisons or for all treatments simultaneously. We also test 

whether goal attainment (Klein et al., 2001) differs between the induced plans and find no significant 

differences in committing to goals between subjects in the intuition and deliberation treatments.  

Descriptive statistics of our sample and all the subsamples that are used in the remainder of the paper 

are presented in Table 5 in Appendix C. The average age in our sample is 21.8 years, 62% of participants 

are females. We conduct 𝜒  tests and Wilcoxon rank sum tests within each subsample to test whether 

characteristics of the sample for which we have data and for those for which we do not have data differ, 

and find no statistically significant effects of sample selection. 

 Risk behavior 

The lottery task used in the study is relatively complex and does not allow for an easy classification 

of subjects as risk averse, risk neutral or risk seeking. More in-depth analysis is needed to describe the 

risk preferences of subjects. We begin with a simple measure and inspect how frequently subjects choose 

the lotteries that maximize the expected value (Figure 1). As can be seen, across all treatments 

individuals are more likely to choose the option maximizing expected value when deciding for 

themselves than when deciding for the other person ( = . , pooled across treatments).  

 

 

FIGURE 1: AVERAGE PROPORTION OF CHOICES MAXIMIZING EXPECTED VALUE BY TREATMENT AND SEPARATELY FOR SELF AND OTHER 

(N=128). ERROR BARS INDICATE THE 95% CONFIDENCE INTERVAL OF THE MEANS. 

In the next step, we estimated individual parameters concerning the marginal sensitivity towards 

outcomes, the subjective probability weighting function, and the decision error. These were estimated 

separately for Self and Other decisions. We achieved convergence for 103 subjects in Self condition and 

for 102 subjects in Other condition. We successfully estimated the risk parameters for both Self and 

Other for 86 subjects. In the remainder of this section, we present the results based on 86 subjects. 

However, the conclusions also hold when we extend the between-treatment analysis to all subjects (103 

in Self condition and 102 in Other condition). Due to few outliers, we use non-parametric statistics to 
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compare the risk preferences and decision error between treatments and within subjects. Table 1 presents 

median values for each of the estimated parameters conditional on treatment and Self /Other condition.18 

TABLE 1— MEDIAN VALUES FOR THE ESTIMATES OF PROSPECT THEORY PARAMETERS USING STRUCTURAL ESTIMATION MODEL. THE NUMBER 

OF OBSERVATIONS ARE REPORTED IN PARENTHESES. 

 Parameter Deliberation (n=30) Control (n=26) Intuition (n=30) 

Self marginal sensitivity to 

outcomes (μ) 
0.782 0.924 0.843 

Other 0.839 0.852 0.641 

Self sensitivity to 

probabilities (γ) 
0.782 1.051 1.317 

Other 0.914 1.148 1.335 

Self decision error (σ) 0.200 0.218 0.224 

Other 0.279 0.242 0.315 

 

We find no statistically significant differences in marginal sensitivity to outcomes within subjects or 

across treatments (altogether or in pairwise comparisons). Hence, we conclude that neither the party 

affected by a choice, nor the processing mode have a significant impact on how sensitive individuals are 

to outcomes. Furthermore, we find no differences in sensitivity to mid-range probabilities between Self 

and Other. However, we find a difference in sensitivity to probabilities when deciding for oneself across 

treatments ( = . ). This is mainly driven by subjects in the deliberation and intuition treatments 

( = . ). Both 𝛾-parameters are different from one, but while the weighting function of subjects in 

deliberation is best described by the typical inverse s-shape,19 the weighting function of subjects in 

intuition is best described by an s-shape. In contrast, there are no differences in sensitivity to 

probabilities between treatments when deciding for others. 

Decisions for oneself have a lower decision error than decisions on behalf of others ( = . ). We 

find no difference between all three treatments together, or in any pairwise comparisons between 

treatments. The analysis of choice data leads to the following results.20 

 

Result 1: Contrary to the DP-hypotheses, there are no differences in risk preferences when deciding 

for oneself and on behalf of another person. However, making decisions for oneself is correlated with a 

lower decision error (i.e., higher consistency of choices). This result is in line with standard economic 

predictions (alternative hypotheses). 

Result 2: There are no essential differences in risk preferences between subjects instructed to use 

intuition and deliberation when deciding for others. Subjects deciding for oneself are less sensitive to 

mid-range probabilities in deliberation than subjects in intuition, and hence they behave more in line 

with prospect theory. 

 

                                                           
18 Mean values for the same estimates are presented in Table 6 in Appendix C. 
19 Typical refers to the predicted form by prospect theory (Kahneman and Tversky, 1979). 
20 See Appendix A for the estimated risk preferences conditional on social value orientation and empathy. 
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Even though we do not find significant differences in risk preferences between Self and Other 

conditions, we do find a larger decision error when deciding for others.21 This suggests that individuals 

make decisions for others roughly according to their own preferences, but these decisions are less 

consistent. A potential explanation could be that individuals make more random choices for others which 

could also be reflected in the processing of information. 

 Information processing 

One of the variables describing decision processing is decision time. Figure 2 shows average decision 

times across treatments with the distinction between Self and Other. If the data is pooled across 

treatments, we find that the decision time for Self is different than the decision time for Other ( =. ). However, these results are mainly driven by control treatment. We reject the hypothesis that 

time spent on deciding for oneself is equal to time spent on deciding for others in control treatment ( =. ), but we fail to reject the hypothesis in deliberation and intuition treatments ( = .  and =.  respectively). We fail to reject the hypothesis that individuals in control treatment spent similarly 

as much time making choices for themselves as individuals in deliberation treatment ( = . ). 

Further, individuals in control do not spend a different amount of time making choices for others as 

individuals in intuition treatment ( = . ). Furthermore, time spent on deciding for oneself in control 

treatment was different than time spent on deciding for oneself in intuition treatment ( = . ) and 

time spent on deciding for others in control treatment was different than time spent on deciding for 

others in deliberation treatment ( = . ). As can be seen in Figure 2, individuals instructed to 

deliberate decided more slowly than individuals instructed to follow their intuition and this holds for 

both Self and Other decisions ( < .  for all pairwise comparisons). 

                                                           
21 We also investigated whether beliefs about other's risk aversion affect the choices for others. However, they do not play a significant role 

in explaining any of the risk preference parameters, nor decision error. The results from quantile regressions with beliefs as explanatory 

variable are available from authors upon request. 
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FIGURE 2: DECISION TIME (SECONDS) BY TREATMENT, SEPARATELY FOR SELF AND OTHER (N=128, 2 BLOCKS PER PERSON). ERROR BARS 

INDICATE THE 95% CONFIDENCE INTERVAL OF THE MEANS. 

In the next step, we analyze the gaze data of 94 subjects. Figure 3 presents the fixation duration in 

milliseconds separately for Self and Other by treatment. We do not find differences in fixation duration 

between Self and Other in any of the treatments or all treatments pooled. Furthermore, we fail to reject 

the hypothesis that the fixation duration is equal across treatments for all pairwise comparisons. Our 

results are in line with Horstmann et al. (2009) who find no differences in fixation duration between 

subjects instructed to use intuitive or deliberative processing. Similar conclusions can be made for 

processing of decisions for oneself and on behalf of others. 

 

 

FIGURE 3: FIXATION DURATION (MILLISECONDS) BY TREATMENT, SEPARATELY FOR SELF AND OTHER (N=94, ONLY FIRST BLOCK PER 

PERSON). ERROR BARS INDICATE THE 95% CONFIDENCE INTERVAL OF THE MEANS. 

Figure 4 illustrates the number of fixations per stage by treatment and decisions for oneself versus 

others. The number of fixations on areas of interest can be seen as a proxy for collecting information. 

The number of fixations is on average greater when deciding for oneself than when deciding for others 
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(pooled data: .  . . ;  = . ) but not within separate treatments. The number of fixations 

when deciding for oneself in intuition treatment is lower than in deliberation treatment ( = . ). 

When deciding for others, individuals in intuition have less fixations than individuals in deliberation or 

control treatment ( = .  and = .  respectively). Furthermore, if we pool the data for Self and 

Other together, we find that individuals instructed to follow their intuition have less fixations than 

individuals instructed to deliberate or those in control treatment ( < .  and = .  respectively). 

There are no differences in the number of fixations between control and deliberation treatments. 

 

FIGURE 4: NUMBER OF FIXATIONS PER STAGE BY TREATMENT, SEPARATELY FOR SELF AND OTHER (N=94, ONLY FIRST BLOCK PER PERSON). 

ERROR BARS INDICATE THE 95% CONFIDENCE INTERVAL OF THE MEANS. 

Lastly, we analyze whether individuals attend to all information available to make a fully informed 

choice. Table 2 shows the proportion of AOIs inspected by each subject per stage. On average, 82.43% 

of all AOIs have been inspected. Individuals in the deliberation treatment attended to most information 

when choosing for oneself and individuals in the intuition treatment attended to least information when 

choosing for another person. When pooling all treatments together, we find that, on average, individuals 

attend to more information pieces when deciding for themselves than when deciding for others ( =. ), but we do not find differences if we look at the treatments separately. Furthermore, we find a 

difference in the proportion of attended information between deliberation and intuition treatments ( <. ) and between intuition and control treatments ( = . ) when we pool the decisions for oneself 

and others together. As a summary we highlight our results from the analysis of process data.22 

TABLE 2— PROPORTION OF AOIS INSPECTED PER SUBJECT BY TREATMENT, SEPARATED BY SELF/OTHER DECISIONS. 

Treatment Self Other Pooled 

Deliberation 90.94% 85.21% 88.08% 

Control 84.87% 79.59% 82.56% 

Intuition 82.33% 73.24% 76.27% 

Pooled 86.50% 78.85% 82.43% 

                                                           
22 See Appendix B for the processing measures conditional on social value orientation and empathy. 



  

100 

 

 

 

Result 3: Based on the longer decision time, higher number of fixations, and more complete 

information inspection, we conclude that individuals use more cognitive processing when making 

decisions for oneself as compared to making decisions on behalf of the other person. Hence, we reject 

the hypothesis that decisions for oneself involve more intuitive processing. These findings are in line 

with the hypotheses stemming from economic theory. 

Result 4: Individuals instructed to deliberate spend more time deciding, have more fixations, and 

attend to more pieces of information provided than individuals instructed to use intuition. These results 

corroborate our DP-hypotheses concerning the difference of intuitive and deliberative processes. 

 

Comparing the patterns of information processing when deciding for oneself versus for others with 

patterns of information processing of deliberative versus intuitive decisions (Result 3 and Result 4), we 

find that decisions for oneself involve more deliberative processing. Our results reveal self-other 

differences in information processing, while it is still not clear how exactly processing is related to 

individuals' behavior. 

 What can information processing tell us about risky choices? 

In this section, we merge the choice data with information processing and investigate whether 

information processing can explain risky choices and decision errors. After merging the two datasets, 

we obtain complete data for 77 subjects. Due to a few extreme outliers in the risk preference parameters, 

we choose to conduct semi-parametric quantile regressions which estimate the conditional median of 

the dependent variable.  

We estimate multiple models with various specifications, in which information processing measures 

together with a dummy for Other and treatment indicator variables, explain each of the risk preference 

parameters and decision error estimated in section IV.A. In particular, we focus on the interaction effects 

between different processing measures and the indicator variable for decisions for others. Such 

interaction effects can explain whether information processing has different effects when deciding for 

oneself or on behalf of other people. Furthermore, since all information processing measures are 

significantly correlated with each other and the Pearson's correlation coefficients in pairwise 

comparisons are high, we estimate one regression for each information processing measure as the 

explanatory variable to avoid multicollinearity problems. We estimate regression models for each of the 

risk preference parameters, however, we focus on explaining the decision error (𝜎), which varies 

between Self and Other decisions (Table 3). We expect that more information processing is associated 

with a lower decision error. The regression results with marginal sensitivity to outcomes (𝜇) and 

sensitivity to probabilities (𝛾) as dependent variables are presented in Table 7 and Table 8 in Appendix 

C. 
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The results from quantile regression on the decision error are listed in Table 3. As can be seen in 

Models 1, 2, and 4, choices for other individuals yield greater decision errors. This effect however, can 

be reduced by more cognitive processing, i.e., longer decision time, more fixations and more complete 

information inspection. Furthermore, the duration of a fixation does not have a significant impact on 

decision error. Finally, based on Models 2-4 we conclude that individuals in intuition have higher 

decision errors, i.e., are more inconsistent in their choices. 

 In Table 7 in Appendix C, we present regression results on the marginal sensitivity to outcomes. The 

marginal sensitivity to outcomes when deciding for someone else is consistently greater than when 

deciding for oneself in all estimated models, however, it is marginally significant only in Model 1, when 

we use decision time as explanatory variable. Longer decision time does not affect 𝜇 when deciding for 

oneself, however, slightly reduces the effect of Other, bringing 𝜇 closer to the value when deciding for 

oneself. Regression results on the sensitivity to probabilities are presented in Table 8 in Appendix C. 

Decision time has a similar effect on sensitivity to probabilities as on sensitivity to outcomes: it does 

not affect the parameter when deciding for oneself, but decreases it when deciding on behalf of others. 

This effect is only marginally significant. Neither of the other information processing variables has an 

effect on 𝛾.  

TABLE 3— QUANTILE REGRESSION MODELS EXPLAINING DECISION ERROR 𝜎  WITH INFORMATION PROCESSING MEASURES. 

 

MODEL 1 

COEF. / SE 

MODEL 2 

COEF. / SE 

MODEL 3 

COEF. / SE 

MODEL 4 

COEF. / SE 

OTHER 0.176*** 

(0.067) 

0.237** 

(0.101) 

-0.112 

(0.232) 

0.702* 

(0.377) 

DELIBERATION 0.017 

(0.025) 

0.035 

(0.043) 

-0.005 

(0.044) 

0.048 

(0.050) 

INTUITION 0.033 

(0.037) 

0.065** 

(0.029) 

0.091* 

(0.051) 

0.110** 

(0.055) 

DECISION TIME -0.002 

(0.004) 
   

OTHER X DECISION TIME -0.011** 

(0.005) 
   

NO. OF FIXATIONS 

 

-0.002 

(0.002) 
  

OTHER X NO. OF FIXATIONS 

 

-0.007** 

(0.003) 
  

FIXATION DURATION 

  

-0.000 

(0.000) 
 

OTHER X FIXATION DURATION 

  

0.000 

(0.001) 
 

PROPORTION OF INSPECTED AOI 

   

0.345 

(0.385) 

OTHER X PROPORTION OF INSPECTED AOI 

   

-0.768* 

(0.432) 

CONSTANT 0.220*** 

(0.056) 

0.247*** 

(0.072) 

0.341*** 

(0.125) 

-0.121 

(0.344) 

NO. OF OBSERVATIONS 205 77 77 77 

Notes: Quantile regression models explaining decision error σ with information processing measures with robust standard errors in  

parentheses. Significance level are at p<0.1 *, p<0.05 *, p<0.001*** 
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Result 5: When accounting for cognitive effort estimated by information processing measures, we 

find a positive relationship between deciding for others and the decision error. If individuals spend more 

cognitive effort, then the increase in the decision error when deciding on behalf of others can be reduced. 

V. Conclusion and Discussion 

Do we choose differently when deciding for another person? Are there any differences in how we 

arrive at our decisions? The literature on this topic yields contradicting results but also suggests many 

possible channels for these discrepancies. This study focuses on intuitive and deliberative processing 

modes being the potential cause for self-other differences. We manipulated the processing mode using 

implementation intentions in an eye tracking experiment to better understand how using different 

processing modes is reflected in information processing and how information processing is related to 

risky behavior. 

We find no differences in the risk behavior between choices made for oneself and someone else, 

except that individuals in the deliberation treatment are more sensitive to midrange probabilities than 

individuals in the intuition treatment. Further, we estimated the decision error as economic theory makes 

a clear prediction. Indeed, we find that choices made for others are less consistent, i.e., have higher 

decision errors. Processing data reveals more differences: When deciding for oneself individuals spend 

more time, have more fixations (i.e., inspect more information), and inspect more AOIs (i.e., conduct a 

more complete information search). The average fixation duration does not differ between decisions for 

oneself and others, which implies that individuals do not process decisions for others more superficially, 

but they simply process less information. We find that cognitive processing can predict decision errors 

when deciding for others individuals. Further, more processing is also related with a reduction in the 

decision error. 

Our results support classical economic predictions, i.e., individuals spend less cognitive resources 

when deciding for others. The average decision time when deciding for others in control treatment was 

above 7s, which in comparison with previous studies is relatively long and can be sufficient to deliberate 

on the decision (Myrseth and Wollbrant, 2016; Krajbich et al., 2015). 

Furthermore, once controlling for information processing, individuals instructed to follow their 

intuition make more decision errors than individuals in control treatment. Individuals, when instructed 

to deliberate on decisions, spend more time deciding, have more fixations and inspect more AOI than 

individuals instructed to follow their intuition. Further, the processing data reveals that subjects 

deliberate more extensively when deciding for oneself and, thus, exert more cognitive effort. However, 

whether this entails that decisions for others are intuitive, remains to be seen. 

We hypothesized that choices for oneself are better characterized by an emotion-guided process. 

Being personally involved did not result in faster choices, but rather the opposite. Note that the relatively 

high average decision time might reflect that no decision was automatic and might call for a different 

interpretation of intuitive decision making (Evans, 2008; and see the dual process drift diffusion models 

by Àlos-Ferrer, 2016; Caplin and Martin, 2016). Furthermore, our results do not exclude the possibility 
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that individuals were more emotionally affected when deciding for themselves than for other individuals. 

It is possible that more affect does not necessarily imply intuitive decision making and that emotions 

and cognitive processing are not mutually exclusive. More research is needed to explore whether and in 

which contexts affective decisions involve more extensive reflection. 

Our results can potentially explain the discrepancies in findings from previous studies. Andersson et 

al. (2016) demonstrate that the choice of a risk task and its calibration might create spurious correlations 

between risk preferences and cognitive ability, while in fact cognitive ability relates to the decision error. 

We find that deciding on behalf of others also relates to a greater decision error. This decision error can 

be explained by differences in the information processing when deciding for oneself or other individuals. 

Hence, it might be the case that previous studies who find greater risk aversion with other people's 

money simply used a task in which risk-averse errors are more likely. Our findings contribute to the 

discussion on how the choice of risk task and its calibration affect both risk preferences and decision 

error. 

Our findings are limited to decision making for the other person being a random stranger who remains 

unknown. It could be that results are different if the other person is a friend or relative. For example, 

Montinari and Rancan (2013) show that social distance is a relevant factor in deciding for others. More 

extensive research is needed to establish how varying degree of social distance affects information 

processing and behavior when deciding for others. 

The results from our study can help improve the quality of delegated risky decision making. We find 

that more processing can reduce decision errors when deciding on behalf of others which leads to a 

lesser bias towards outcomes that are favored by the task at hand. Hence, it is important to create 

environments for the delegated decision making that call for more complete, reflective processing.  

 

VI. Appendix 

 Risk preferences by SVO and empathy 

We further investigate whether individuals with different social value orientation or empathy score 

differ in their risk preferences when deciding for oneself and others. Table 4 presents median values for 

risk preference parameters and decision error separately for different SVO types and individuals with 

low and high empathy score. Considering marginal sensitivity to outcomes (𝜇) we find that there are no 

differences in sensitivity to outcomes between decisions for oneself and others amongst prosocial 

individuals and individualists separately ( = .  and = .  respectively). However, 

individualists are significantly more sensitive to outcomes ( = . ). This implies that, when deciding 

for others, prosocials are more risk averse for mid-range probabilities than individualists. We find no 

self-other differences in marginal sensitivity to outcomes amongst individuals with low empathy score 

( = . ), however, marginal sensitivity to outcomes differs between decisions for oneself and others 

amongst individuals with high empathy score ( = . ). Nonetheless, there are no significant 
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differences in marginal sensitivity to outcomes between individuals with high and low empathy score. 

Furthermore, neither social value orientation nor empathy can explain sensitivity to probabilities (𝛾). 

Lastly, we find statistically significant effect of deciding for others on decision error (𝜎) amongst 

prosocial individuals. They make significantly more errors when deciding for others than when deciding 

for themselves ( = . ). Similar pattern is detected among individualists, however is not statistically 

significant ( = . ). There are no differences in decision error between prosocials and individualists 

(neither for Self, nor for Other). In addition, we find that both individuals with low and high empathy 

scores have higher values of decision error when deciding for others than when deciding for themselves. 

However, these values are not statistically significant at 5% level ( = .  and = .  

respectively). 

TABLE 4 — MEDIAN VALUES FOR THE ESTIMATES OF PROSPECT THEORY PARAMETERS WITH RESPECT TO SVO TYPE AND EMPATHY SCORE. 

NUMBER OF OBSERVATIONS ARE REPORTED IN PARENTHESES 

 Parameter Prosocial (n=41) Individualist (n=45) Low Empathy (n=43) High Empathy (n=43) 

Self  

marginal sensitivity 

to outcomes (μ) 

0.806 0.868 0.901 0.820 

Other 0.643 1.010 0.704 0.899 

Self sensitivity to 

probabilities (γ) 
0.954 1.046 1.004 1.150 

Other 0.991 1.068 1.085 0.991 

Self decision error (σ) 0.229 0.207 0.206 0.229 

Other 0.297 0.288 0.283 0.300 

 

 Process Data by SVO and empathy 

We further explore whether social value orientation can explain the difference in self-other 

processing. We find statistically significant differences in information processing between prosocial 

individuals deciding for themselves and prosocial individuals deciding for others. In particular, when 

deciding for oneself, prosocial individuals have a longer fixation duration ( = . ; n=42) and a 

higher number of fixations ( = . ; n=42) than when deciding for others. We also find that fixation 

duration in the processing of decisions on behalf of others is shorter among prosocial individuals than 

among individualists ( = . , n=50).  

We also checked whether there is a self-other empathy gap in the information processing. Subjects 

who have below median empathy scores tend to conduct less processing when they decide on behalf of 

others than when they decide for themselves. In particular, they have less fixations = . ; n=49) 

when deciding for others and inspect lower proportion of information needed to make fully informed 

decision on behalf of others ( = . ; n=49). There are no self-other differences in processing 

measures for individuals who score above median on the empathy scale. This hints on the existence of 

self-other empathy gap in cognitive processing.  
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 Tables 

TABLE 5—FULL SAMPLE AND SUBSAMPLE CHARACTERISTICS 

VARIABLE FULL SAMPLE 

(N=128) 

SELF CHOICE 

(N=103) 

OTHER CHOICE 

(N=102) 

BOTH CHOICE 

(N=86) 

EYE-TRACKING 

(N=94) 

CHOICE & EYE-

TRACKING 

(N=77) 

TREATMENT       

CONTROL 0.33 0.31 0.33 0.30 0.34 0.34 

DELIBERATION 0.34 0.35 0.33 0.35 0.34 0.38 

INTUITION 0.34 0.34 0.34 0.35 0.32 0.28 

AGE 21.8 21.8 21.8 21.9 22.0 21.8 

FEMALE 0.62 0.60 0.65 0.64 0.55 0.57 

SVO       

PROSOCIAL 0.46 0.46 0.50 0.48 0.45 0.45 

INDIVIDUALIST 0.54 0.54 0.50 0.52 0.55 0.55 

EMPATHY       

BELOW MEDIAN 0.52 0.53 0.51 0.50 0.52 0.51 

ABOVE MEDIAN 0.48 0.47 0.49 0.50 0.48 0.49 

BELIEFS       

INVESTED MORE 0.28 0.26 0.27 0.26 0.24 0.23 

INVESTED SAME 0.29 0.32 0.28 0.31 0.29 0.31 

INVESTED LESS 0.43 0.42 0.45 0.43 0.47 0.46 

Notes: All values except for Age denote proportions in the respective subsample 

 

 

TABLE 6— MEAN VALUES FOR THE ESTIMATES OF PROSPECT THEORY PARAMETERS USING STRUCTURAL ESTIMATION MODEL. NUMBER OF 

OBSERVATIONS ARE REPORTED IN PARENTHESES 

 

Condition Parameter Control (n=26) Deliberation (n=30) Intuition (n=30) 

Self marginal sensitivity 

to outcomes (μ) 
5.289 5.726 4.848 

Other 6.688 9.034 4.934 

Self sensitivity to 

probabilities (γ) 
1.846 31.715 34.319 

Other 2.450 1.642 2.959 

Self decision error (σ) 0.251 0.460 0.326 

Other 0.370 0.332 0.357 
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TABLE 7— QUANTILE REGRESSION MODELS EXPLAINING MARGINAL SENSITIVITY TO OUTCOMES 𝜇 WITH INFORMATION PROCESSING 

 

MODEL 1 

COEF. / SE 

MODEL 2 

COEF. / SE 

MODEL 3 

COEF. / SE 

MODEL 4 

COEF. / SE 

OTHER 0.427*** 

(0.251) 

0.432 

(0.401) 

0.869 

(0.930) 

1.202 

(1.397) 

DELIBERATION -0.034 

(0.113) 

-0.018 

(0.160) 

-0.008 

(0.203) 

0.006 

(0.173) 

INTUITION -0.003 

(0.109) 

0.057 

(0.103) 

-0.048 

(0.157) 

-0.074 

(0.133) 

DECISION TIME 0.015 

(0.014) 
   

OTHER X DECISION TIME -0.045** 

(0.022) 
   

NO. OF FIXATIONS 

 

0.009 

(0.008) 
  

OTHER X NO. OF FIXATIONS 

 

-0.018 

(0.012) 
  

FIXATION DURATION 

  

0.001 

(0.002) 
 

OTHER X FIXATION DURATION 

  

-0.003 

(0.003) 
 

PROPORTION OF INSPECTED AOI 

   

0.356 

(1.062) 

OTHER X PROPORTION OF INSPECTED AOI 

   

-1.556 

(1.597) 

CONSTANT 0.718*** 

(0.173) 

0.609*** 

(0.212) 

0.747 

(0.618) 

0.618 

(0.925) 

NO. OF OBSERVATIONS 205 77 77 77 

Notes: Robust standard errors in parentheses. Significance level: * : 10% ** : 5% *** : 1% 

 

TABLE 8— QUANTILE REGRESSION MODELS EXPLAINING MARGINAL SENSITIVITY TO PROBABILITIES 𝛾 WITH INFORMATION PROCESSING 

 

MODEL 1 

COEF. / SE 

MODEL 2 

COEF. / SE 

MODEL 3 

COEF. / SE 

MODEL 4 

COEF. / SE 

OTHER 0.652* 

(0.364) 

0.442 

(1.000) 

0.138 

(1.532) 

-3.122 

(3.372) 

DELIBERATION -0.246 

(0.162) 

-0.327 

(0.225) 

-0.416* 

(0.220) 

-0.318* 

(0.184) 

INTUITION 0.275 

(0.209) 

0.135 

(0.343) 

-0.042 

(0.326) 

-0.074 

(0.338) 

DECISION TIME 0.011 

(0.018) 
   

OTHER X DECISION TIME -0.054** 

(0.027) 
   

NO. OF FIXATIONS 

 

0.013 

(0.028) 
  

OTHER X NO. OF FIXATIONS 

 

-0.028 

(0.03) 
  

FIXATION DURATION 

  

-0.000 

(0.005) 
 

OTHER X FIXATION DURATION 

  

-0.002 

(0.005) 
 

PROPORTION OF INSPECTED AOI 

   

-4.048 

(3.656) 

OTHER X PROPORTION OF INSPECTED AOI 

   

3.117 

(3.707) 

CONSTANT 0.899*** 

(0.268) 

0.962 

(0.950) 

1.404 

(1.447) 

4.946 

(3.329) 

NO. OF OBSERVATIONS 205 77 77 77 

Notes: Robust standard errors in parentheses. Significance level: * : 10% ** : 5% *** : 1% 
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 Figures 

 

FIGURE 5: SCREEN SHOT FROM ONE OF THE LOTTERY STAGES DURING THE EXPERIMENT.  

 

 Instructions Intuition 

 In this part, we are especially interested in the influence of intuitive acting on decisions. Avoid 

thinking for too long. Instead, attend to your first impression and listen to your guts.  

In order to make better decisions, it helps to listen to your guts. According to research, making if-then 

plans helps achieving this. Please make the following if-then plan: 

 

  If I start contemplating, 

   then I tell myself: listen to your guts!  

 

Please envision and memorize this plan.  

In order to so, please read out the plan three times in thought. 

As soon as you have memorized this plan, you can go the next page. 

Please write down the if-then plan once: 

If_____________________________________________________, 

 then I tell myself:________________________________________________! 
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  End of the exercise 

 

You have finished the exercise. Please type in the following 4 letters s-k-y-m (in this order) and click 

on “Weiter” to let us know that you are done with the exercise. 

Please consider that the experiment will not continue until the 5 minute processing time is over.  

 

 Instructions Deliberation 

In this part, we are especially interested in the influence of carefully deliberating on decisions. Avoid 

acting prematurely. Instead, carefully balance the options and use your brain when deciding. 

In order to make better decisions, it helps to use your brain. According to research, making if-then 

plans helps achieving this. Please make the following if-then plan: 

 

  If I start acting prematurely,  

   then I tell myself: use your brain!  

 

Please envision and memorize this plan.  

In order to so, please read out the plan three times in thought. 

As soon as you have memorized this plan, you can go the next page. 

Please write down thf if-then plan once: 

 

 

If_____________________________________________________, 

 then I tell myself:________________________________________________! 

 

 

  End of the exercise 

 

You have finished the exercise. Please type in the following 4 letters s-k-y-m (in this order) and click 

on “Weiter” to let us know that you are done with the exercise. 

Please consider that the experiment will not continue until the 5 minute processing time is over.  
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 Instructions Control 

Before part 2 starts, please copy the following forms onto the empty sheet. 
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How comfortable was the chin rest so far? 

______________________________________________________ 

Do you have any recommendation how future eye-tracking studies can be conducted in a more 

comfortable way? 

 

 

  End of the exercise 

 

You have finished the exercise. Please type in the following 4 letters s-k-y-m (in this order) and click 

on “Weiter” to let us know that you are done with the exercise. 

Please consider that the experiment will not continue until the 5 minute processing time is over.  

 

 Instructions Lottery Task 

Part 2 

 

This part consists of 45 decisions. These 45 decisions are split into 3 blocks of 15 choices. In each 

decision, you have to choose between 2 options. The option differ in the value of the points and the 

probability with which these points are achieved. The probability is shown in the left boxes for both 

options. The points are shown in the right boxes for both options. For each option, there are 3 points-

probability pairs. These point-probability pairs are displayed in the example with %-P-Paar. The 

marking (ellipse and legend) will not be present in the actual decisions.  

In the example below, option 1 yields: 

10 points with a probability of 25 % (first %-P-Paar), 8 points with a probability of 50 % (second %-P-

Paar), and 4 points with a probability of 25 % (third %-P-Paar). 

 

In the example below, option 2 yields: 

15 points with a probability of 75 % (first %-P-Paar), 6 points with a probability of 0 % (second %-P-

Paar), and 5 points with a probability of 25 % (third %-P-Paar). 
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In order to decide between option 1 and option 2, you either press 

 y-key for option 1   or   m-key for option 2. 

 

Please position your fingers on the respective keys. You will also receive a reminder about this later on.  

 

Before each decision, you will see a cross in the middle of screen. As soon as this cross disappears, the 

two options appear and you can make your choice. 

 

In part 2, there are 3 different types: 

Type 1: You can only achieve positive points or 0 points. In these cases, you will not receive any 

additional points. 

Type 2: You can achieve positive, 0 points, as well as negative points. In these cases, you will 

receive 8 additional points. 

Type 3: You can only achieve negative points or 0 points. In these cases, you will receive 15 

additional points. 

Option : . %-P-Paar 

Option : . %-P-Paar 

Option : . %-P-Paar 

Option : . %-P-Paar 

Option : . %-P-Paar 

Option : . %-P-Paar 

25 % 

50 % 

25 % 

75 % 

0 % 

25 % 

15 P 

6 P 

5 P 

10 P 

8 P 

4 P 
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Both options always have points of the same value, e.g.:  

If options 1 yields 4, 0, and -5 points, then option 2 will also yield a positive a negative and 0 points. In 

this case, you will receive 8 additional points.  

 

If options 1 yields -10, -5, and 0 points, then option 2 will also yield only negative and 0 points. In this 

case, you will receive 15 additional points.  

 

As a reminder: In the example from the picture above, you would not receive any additional points. 

 

Only one decision from part 2 will be paid out. At the end of the experiment, someone will determine 

the decision by rolling a die. As the decisions differ, the realization of the option (which probability) 

will also be determined using a die. Points gained in this experiment are conversed into Euro using: 

 

1 Point= 0.5 Euro. 

 

 

Please answer all control questions appearing on screen. If you have questions, please raise your 

hand. These answers do not influence your payment. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

113 

 

References 

Alós-Ferrer, C., (2016). A Dual-Process Diffusion Model. Journal of Behavioral Decision Making, 

60(4): 923. 

Andersson, O., Holm, H. J., Tyran, J.-R., and Wengström, E., (2016). Risk aversion relates to 

cognitive ability: preferences or noise? Journal of the European Economic Association, 14(5): 1129–

1154. 

Andersson, O., Holm, H. J., Tyran, J.-R., and Wengström, E., (2014). Deciding for Others Reduces 

Loss Aversion. Management Science, Articles in Advance. 

Betsch, C., (2004). Präferenz für Intuition und Deliberation (PID). Zeitschrift für Differentielle und 

Diagnostische Psychologie, 25(4): 179–197. 

Bieleke, M., Gollwitzer, P. M., Oettingen, G., and Fischbacher, U., (2017). Social Value Orientation 

Moderates the Effects of Intuition versus Reflection on Responses to Unfair Ultimatum Offers. Journal 

of Behavioral Decision Making, 30(2): 569–581. 

Blignaut, P., (2009). Fixation identification: The optimum threshold for a dispersion algorithm. 

Attention, Perception, & Psychophysics, 71(4): 881–895. 

Bolton, G. E., Ockenfels, A., and Stauf, J., (2015). Social responsibility promotes conservative risk 

behavior. European Economic Review, 74: 109–127. 

Bruhin, A., Fehr-Duda, H., and Epper, T., (2010). Risk and Rationality: Uncovering Heterogeneity 

in Probability Distortion. Econometrica, 78(4): 1375–1412. 

Caplin, A., Dean, M., and Martin, D., (2011). Search and Satisficing. American Economic Review, 

101(7): 2899–2922. 

Caplin, A., and Martin, D., (2015). The Dual-Process Drift Diffusion Model: Evidence from Response 

Times. Economic Inquiry, 54: 1274-1282. 

Chakravarty, S., Harrison, G. W., Haruvy, E. E., and Rutström, E. E., (2011). Are You Risk Averse 

over Other People’s Money? Southern Economic Journal, 77(4): 901–913. 

Dalmaijer, E. S, Mathôt, S., and Van der Stigchel, S., (2014). PyGaze: An open-source, cross-

platform toolbox for minimal-effort programming of eyetracking experiments. Behavior Research 

Methods, 46(4): 913–921. 

Davis, M. H., (1980). A multidimensional approach to individual differences in empathy. JSAS Catalog 

of Selected Documents in Psychology, 10. 

Epstein, S., (1994). Integration of the cognitive and the psychodynamic unconscious. American 

Psychologist, 709–724. 

Eriksen, K. W., and Kvaløy O., (2010). Myopic Investment Management. Review of Finance, 14(3): 

521–542. 

Evans, J. S. B. T., (2008). Dual-Processing Accounts of Reasoning, Judgment, and Social Cognition. 

Annual Review of Psychology, 59(1): 255–278. 



  

114 

 

Faro, D., and Rottenstreich, Y., (2006). Affect, Empathy, and Regressive Mispredictions of Others’ 

Preferences Under Risk. Management Science, 52(4): 529–541. 

Fischbacher, U., (2007). z-Tree: Zurich toolbox for ready-made economic experiments. Experimental 

Economics, 10(2): 171–178. 

Gneezy, U., and Potters, J., (1997). An Experiment on Risk Taking and Evaluation Periods. The 

Quarterly Journal of Economics, 112(2): 631–645. 

Gollwitzer, P. M., (1999). Implementation intentions: strong effects of simple plans. American 

Psychologist, 54(7): 493. 

Gollwitzer, P. M., and Paschal, S., (2006). Implementation Intentions and Goal Achievement: A Meta‐

analysis of Effects and Processes. In Advances in Experimental Social Psychology (pp. 69–119). 

Academic Press. 

Greiner, B., (2015). Subject pool recruitment procedures: organizing experiments with ORSEE. 

Journal of the Economic Science Association, 1(1): 114–125. 

Halberstadt, J. B., and Levine, G. M., (1999). Effects of Reasons Analysis on the Accuracy of 

Predicting Basketball Games1. Journal of Applied Social Psychology, 29(3): 517–530.  

Harrison, G. W., and Rutström, E. E., (2009). Expected utility theory and prospect theory: one 

wedding and a decent funeral. Experimental Economics, 12(2): 133. 

Harrison, G. W., List, J. A., and Towe, C., (2007). Naturally Occurring Preferences and Exogenous 

Laboratory Experiments: A Case Study of Risk Aversion. Econometrica, 75(2): 433–458. 

Hey, J., and Orme, C., (1994). Investigating Generalizations of Expected Utility Theory Using 

Experimental Data. Econometrica, 62(6): 1291–1326. 

Horstmann, N., Ahlgrimm, A., and Glöckner, A., (2009). How distinct are intuition and deliberation? 

An eye-tracking analysis of instruction-induced decision modes. Judgment and Decision Making, 4(5): 

335–354. 

Horstmann, N., Hausmann, D., and Ryf, S., (2010). Methods for inducing intuitive and deliberate 

processing modes. In A Glöckner and C Witteman (Eds.), Foundations for Tracing Intuition: Challenges 

and Methods (pp. 219–237). Psychology Press, UK. 

Jiang, T., Potters, J., and Funaki, Y., (2016). Eye-tracking Social Preferences. Journal of Behavioral 

Decision Making, 29(2-3): 157–168. 

Jung, D., Sul, S., and Kim, H., (2013). Dissociable neural processes underlying risky decisions for self 

versus other. Frontiers in Neuroscience, 7(15). 

Kahneman, D., (2003). Maps of Bounded Rationality: Psychology for Behavioral Economics. The 

American Economic Review, 93(5): 1449–1475. 

Kahneman, D., and Tversky, A., (1979). Prospect theory: An analysis of decisions under risk. 

Econometrica, 47(2): 263–291. 



  

115 

 

Klein, H. J., Wesson, M. J., Hollenbeck, J. R., Wright, P. M., and DeShon, R. P., (2001). The 

Assessment of Goal Commitment: A Measurement Model Meta-Analysis. Organizational Behavior and 

Human Decision Processes, 85(1): 32–55. 

Krajbich, I., Bartling, B., Hare, T., and Fehr, E., (2015). Rethinking fast and slow based on a critique 

of reaction-time reverse inference. Nature communications, 6. 

Loewenstein, G. F., Hsee, C. K., Weber, E. U., and Welch, N., (2001). Risk as Feelings. 

Psychological Bulletin, 127(2): 267–286. 

Mengarelli, F., Moretti, L., Faralla, V., Vindras, P., and Sirigu, A., (2014). Economic Decisions for 

Others: An Exception to Loss Aversion Law. PLoS ONE, 9(1). 

Montinari, N., and Rancan, M., (2013). Social preferences under risk: The role of social distance (No. 

2013/90). European University Institute. 

Murphy, R. O., Ackerman, K. A., and Handgraaf, Michel J. J., (2011). Measuring social value 

orientation. Judgment and Decision Making, 6(8): 771–781. 

Myrseth, Kristian O. R., and Wollbrant, C. E., (2016). Commentary: Fairness is intuitive. Frontiers 

in Psychology, 7, 654. 

Oettingen, G., Schrage, J., and Gollwitzer P.M., (2010). Volition. In L Corno & E Anderman (Eds.), 

Handbook of educational psychology (pp. 104–117). New York, NY: Routledge. 

Pahlke, J., Strasser, S., and Vieider, F. M., (2012). Risk-taking for others under accountability. 

Economics Letters, 114(1): 102–105. 

Pahlke, J., Strasser, S., and Vieider, F. M., (2015). Responsibility effects in decision making under 

risk. Journal of Risk and Uncertainty, 51(2): 125–146. 

Pollmann, M. M. H., Potters, J., and Trautmann, S. T., (2014). Risk taking by agents: The role of 

ex-ante and ex-post accountability. Economics Letters, 123(3): 387–390. 

Polman, E., (2012). Self-other decision making and loss aversion. Organizational Behavior and Human 

Decision Processes, 119(2): 141–150. 

Prelec, D., (1998). The Probability Weighting Function. Econometrica, 66(3): 497–527. 

Rayner, K., (1998). Eye Movements in Reading and Information Processing: 20 Years of Research. 

Psychological Bulletin, 124(3): 372–422. 

Reynolds, D. B., Joseph, J. and Sherwood, R., (2011). Risky Shift Versus Cautious Shift: Determining 

Differences In Risk Taking Between Private And Public Management Decision-Making. Journal of 

Business and Economics Research, 7(1). 

Rottenstreich, Y., and Hsee, C. K., (2001). Money, Kisses, and Electric Shocks: On the Affective 

Psychology of Risk. Psychological Science, 12(3): 185–190. 

Rottenstreich, Y., and Shu, S., (2008). The Connections Between Affect and Decision Making: Nine 

Resulting Phenomena. In Blackwell Handbook of Judgment and Decision Making (pp. 444–463). 

Blackwell Publishing Ltd. 



  

116 

 

Salvucci, D. D., and Goldberg, J. H., (2000). Identifying Fixations and Saccades in Eye-tracking 

Protocols. In : ETRA ’00, Proceedings of the 2000 Symposium on Eye Tracking Research & Applications 

(pp. 71–78). New York, NY, USA: ACM. 

Slovic, P., Finucane, M. L., Peters, E., and MacGregor, D. G., (2004). Risk as Analysis and Risk as 

Feelings: Some Thoughts about Affect, Reason, Risk, and Rationality. Risk Analysis, 24(2): 311–322. 

Slovic, P., Finucane, M., Peters, E., and MacGregor, D. G., (2007). The affect heuristic. European 

Journal of Operational Research, 177(3): 1333–1352. 

Starmer, C., (2000). Developments in Non-expected Utility Theory: The Hunt for a Descriptive Theory 

of Choice under Risk. Journal of Economic Literature, 38(2), 332–382. 

Stott, H. P., (2006). Cumulative prospect theory’s functional menagerie. Journal of Risk and 

Uncertainty, 32(2): 101–130. 

Suter, R. S., Pachur, T., and Hertwig, R., (2016). How Affect Shapes Risky Choice: Distorted 

Probability Weighting Versus Probability Neglect. Journal of Behavioral Decision Making, 29(4): 437–

449. 

Tversky, A., and Kahneman, D., (1992). Advances in prospect theory: Cumulative representation of 

uncertainty. Journal of Risk and Uncertainty, 5, 297–323. 

Vieider, F. M., Villegas-Palacio, C., Martinsson, P., and Mejía, M., (2016). Risk Taking for Oneself 

and Others: A Structural Model Approach. Economic Inquiry, 54(2): 879–894. 

Wakker, P. P., (2008). Explaining the characteristics of the power (CRRA) utility family. Health 

Economics, 17(12): 1329–1344. 

Wilcox, N. T., (2011). ’Stochastically more risk averse’: A contextual theory of stochastic discrete 

choice under risk. Journal of Econometrics, 162(1): 89–104. 

Wooding, D. S., (2002). Eye movements of large populations: II. Deriving regions of interest, coverage, 

and similarity using fixation maps. Behavior Research Methods, Instruments, & Computers, 34(4): 518–

528. 

 

 

 



117 

 

Bibliography 

Achtziger, A., and Alós-Ferrer, C., (2013). Fast or Rational? A Response-Times Study of Bayesian 

Updating. Management Science, 60(4): 923–938 

Achtziger, A., Alós-Ferrer, C., Hügelschäfer, S., and Steinhauser, M., (2012). The neural basis of belief 

updating and rational decision making. Social Cognitive and Affective Neuroscience, 9(1): 55–62. 

Alós-Ferrer, C., (2016). A Dual-Process Diffusion Model. Journal of Behavioral Decision Making, 

60(4): 923. 

Alós-Ferrer, C., Granić, D.-G., Kern, J., and Wagner, A. K., (2016). Preference reversals. Time and 

again. Journal of Risk and Uncertainty, 52(1): 65–97. 

Andersson, O., Holm, H. J., Tyran, J.-R., and Wengström, E., (2016). Risk aversion relates to cognitive 

ability: preferences or noise? Journal of the European Economic Association, 14(5): 1129–1154. 

Andersson, O., Holm, H. J., Tyran, J.-R., and Wengström, E., (2014). Deciding for Others Reduces Loss 

Aversion. Management Science, Articles in Advance. 

Apesteguia, J., and Palacios-Huerta, I., (2010). Psychological pressure in competitive environments. 

Evidence from a randomized natural experiment. The American Economic Review, 100(5): 2548–2564. 

Bar-Eli, M., Azar, O. H., Ritov, I., Keidar-Levin, Y., and Schein, G., (2007). Action bias among elite 

soccer goalkeepers: The case of penalty kicks. Journal of Economic Psychology, 28(5): 606–621.  

Bar‐Eli, M., and Azar, O. H., (2009a). Penalty kicks in soccer: an empirical analysis of shooting strategies 

and goalkeepers’ preferences. Soccer & Society, 10(2): 183–191.  

Bar-Eli, M., Azar, O. H., and Lurie, Y., (2009b). (Ir)rationality in action: do soccer players and 

goalkeepers fail to learn how to best perform during a penalty kick? Progress in Brain Research, (174): 97-

108. 

Baumann, F., Friehe, T., and Wedow, M., (2010). General Ability and Specialization: Evidence From 

Penalty Kicks in Soccer. Journal of Sports Economics, 12(1): 81–105.  

Becker, G. S., (1965). A Theory of the Allocation of Time. The Economic Journal, 75(299): 493–517. 

Benjamin, D. J., Brown, S. A., and Shapiro, J. M., (2013). Who is 'Behavioral'? Cognitive Ability and 

Anomalous Preferences. Journal of the European Economic Association, 11(6): 1231–1255.  

Berger, R., (2009). Should I Stay or Should I Go? Optimal Decision Making in Penalty Kicks. Comment 

on Bar-Eli et al. Working Paper Nr 1 LMU Munich 

Berger, R., and Hammer, R., (2007). Links oder rechts; das ist hier die Frage. Eine spieltheoretische 

Analyse von Elfmeterschüssen mit Bundesligadaten. Universität Leipzig (Arbeitsbericht des Instituts für 

Soziologie, 47). 

Betsch, C., (2004). Präferenz für Intuition und Deliberation (PID). Zeitschrift für Differentielle und 

Diagnostische Psychologie, 25(4): 179–197. 



118 

 

Bieleke, M., Gollwitzer, P. M., Oettingen, G., and Fischbacher, U., (2017). Social Value Orientation 

Moderates the Effects of Intuition versus Reflection on Responses to Unfair Ultimatum Offers. Journal of 

Behavioral Decision Making, 30(2): 569–581. 

Blignaut, P., (2009). Fixation identification: The optimum threshold for a dispersion algorithm. Attention, 

Perception, & Psychophysics, 71(4): 881–895. 

Bolton, G. E., Ockenfels, A., and Stauf, J., (2015). Social responsibility promotes conservative risk 

behavior. European Economic Review, 74: 109–127. 

Bruhin, A., Fehr-Duda, H., and Epper, T., (2010). Risk and Rationality: Uncovering Heterogeneity in 

Probability Distortion. Econometrica, 78(4): 1375–1412. 

Camerer, C. F., and Hogarth, R. M., (1999). The Effects of Financial Incentives in Experiments: A 

Review and Capital-Labor-Production Framework. Journal of Risk and Uncertainty, 19(1-3): 7–42.  

Cameron, C. A., and Miller, D. L., (2015). A Practitioner's Guide to Cluster-Robust Inference. Journal of 

Human Ressources, 50(2): 317–372. 

Caplin, A., Dean, M., and Martin, D., (2011). Search and Satisficing. American Economic Review, 

101(7): 2899–2922.  

Caplin, A., and Martin, D., (2015). The Dual-Process Drift Diffusion Model: Evidence from Response 

Times. Economic Inquiry, 54: 1274–1282. 

Chabris, C. F., Morris, C. L., Taubinsky, D., Laibson, D., and Schuldt, J. P., (2009). The Allocation of 

Time in Decision Making. Journal of the European Economic Association, 7(2/3): 628–637. 

Chakravarty, S., Harrison, G. W., Haruvy, E. E., and Rutström, E. E., (2011). Are You Risk Averse 

over Other People’s Money? Southern Economic Journal, 77(4): 901–913. 

Chiappori, P.-A., Levitt, S., and Groseclose, T. (2002). Testing mixed-strategy equilibria when players 

are heterogenous. The case of penalty kicks in soccer. American Economic Review, 92(4): 1138–1151. 

Cokely, E. T., Galesic, M., Schulz, E., Ghazal, S., and Garcia-Retamero, R., (2012). Measuring risk 

literacy: The Berlin Numeracy Test. Judgment and Decision Making, 7(1): 25–47. 

Coloma, G., (2012). The penalty-kick game under incomplete information. Buenos Aires: Univ. del CEMA 

(Serie documentos de trabajo / Universidad del CEMA Área, 487). available at 

http://ideas.repec.org/p/cem/doctra/487.html. 

Conroy, R. M., (2012). What hypotheses do "nonparametric" two-group tests actually test? Stata Journal, 

12(2): 182–190. 

Cox, J. C. and Sadiraj, V., (2006). Small- and large-stakes risk aversion: Implications of concavity 

calibration for decision theory. Games and Economic Behavior, 56(1): 45–60.  

Cox, J. C., Sadiraj, V., Schmidt, U., and Carrasco, R., (2014). Asymmetrically Dominated Choice 

Problems, the Isolation Hypothesis and Random Incentive Mechanisms. PLoS ONE, 9(3): e90742. 



119 

 

Dalmaijer, E. S, Mathôt, S., and Van der Stigchel, S., (2014). PyGaze: An open-source, cross-platform 

toolbox for minimal-effort programming of eyetracking experiments. Behavior Research Methods, 46(4): 

913–921. 

Davis, M. H., (1980). A multidimensional approach to individual differences in empathy. JSAS Catalog of 

Selected Documents in Psychology, 10. 

Dickhaut, J., Smith, V., Xin, B., and Rustichini, A., (2013). Human economic choice as costly 

information processing. Journal of Economic Behavior & Organization, 94(0): 206–221. 

Dicks, M., Davids, K., and Button, C., (2010). Individual differences in the visual control of intercepting 

a penalty kick in association football. Human Movement Science, 29(3): 401-411. 

Dohmen, T. J., (2008). Do professionals choke under pressure? Journal of Economic Behavior & 

Organization, 6(3-4): 636–653.  

Dohmen, T., Falk, A., Huffman, D., and Sunde, U., (2010). Are Risk Aversion and Impatience Related 

to Cognitive Ability? American Economic Review, 100(3): 1238–1260. 

Epstein, S., (1994). Integration of the cognitive and the psychodynamic unconscious. American 

Psychologist, 709–724. 

Eriksen, K. W., and Kvaløy O., (2010). Myopic Investment Management. Review of Finance, 14(3): 521–

542. 

Evans, J. S. B. T., (2008). Dual-Processing Accounts of Reasoning, Judgment, and Social Cognition. 

Annual Review of Psychology, 59(1): 255–278. 

Faro, D., and Rottenstreich, Y., (2006). Affect, Empathy, and Regressive Mispredictions of Others’ 

Preferences Under Risk. Management Science, 52(4): 529–541. 

Fechner, G. T., (1860). Elemente der Psychophysik. 2 Vols. Leipzig: Breitkopf und Härtel. 

Fehr, E., and Rangel, A., (2011). Neuroeconomic Foundations of Economic Choice--Recent Advances. 

Journal of Economic Perspectives, 25(4): 3–30. 

Fischbacher, U., (2007). z-Tree: Zurich toolbox for ready-made economic experiments. Experimental 

Economics, 10(2): 171–178. 

Frey, B. S., Schaffner, M., Schmidt, S. L., and Torgler, B., (2013). Do Employees Care About Their 

Relative Income Position? Behavioral Evidence Focusing on Performance in Professional Team Sport. 

Social Science Quarterly, 94(4): 912–932.  

Friedman, D., Isaac, M. R., James, D., and Sunder, S., (2014). Risky Curves: On the Empirical Failure 

of Expected Utility: Taylor & Francis. 

Friedman, M., and Savage, L. J., (1952). The Expected-Utility Hypothesis and the Measurability of 

Utility. Journal of Political Economy, 60(6): 463–474. 

Froese, G., (2012). Sportpsychologische Einflussfaktoren der Leistung von Elfmeterschützen. Hamburg: 

Dr. Kovač.  



120 

 

Gabaix, X., Laibson, D., Moloche, G., and Weinberg, S., (2006). Costly Information Acquisition. 

Experimental Analysis of a Boundedly Rational Model. American Economic Review, 96(4): 1043–1068. 

Gneezy, U., and Potters, J., (1997). An Experiment on Risk Taking and Evaluation Periods. The Quarterly 

Journal of Economics, 112(2): 631–645. 

Gollwitzer, P. M., (1999). Implementation intentions: strong effects of simple plans. American 

Psychologist, 54(7): 493. 

Gollwitzer, P. M., and Paschal, S., (2006). Implementation Intentions and Goal Achievement: A Meta‐

analysis of Effects and Processes. In Advances in Experimental Social Psychology (pp. 69–119). Academic 

Press. 

Greiner, B., (2015). Subject pool recruitment procedures: organizing experiments with ORSEE. Journal of 

the Economic Science Association, 1(1): 114–125. 

Hill, D. M., Hanton, S., Matthews, N., and Fleming, S., (2010). Choking in sport: a review. International 

Review of Sport and Exercise Psychology, 3(1): 24–39. 

Halberstadt, J. B., and Levine, G. M., (1999). Effects of Reasons Analysis on the Accuracy of Predicting 

Basketball Games1. Journal of Applied Social Psychology, 29(3): 517–530.  

Harrison, G. W., and Rutström, E. E., (2009). Expected utility theory and prospect theory: one wedding 

and a decent funeral. Experimental Economics, 12(2): 133. 

Harrison, G. W., List, J. A., and Towe, C., (2007). Naturally Occurring Preferences and Exogenous 

Laboratory Experiments: A Case Study of Risk Aversion. Econometrica, 75(2): 433–458. 

Harrison, G. W., and Rutström, E. E., (2008). Risk Aversion in the Laboratory. In Research in 

Experimental Economics. Vol. 12, Risk Aversion in Experiments, ed. Glenn W. Harrison and James C. Cox, 

41–196. UK: Emerald Group Publishing Limited. 

Hey, J., and Orme, C., (1994). Investigating Generalizations of Expected Utility Theory Using 

Experimental Data. Econometrica, 62(6): 1291–1326. 

Holt, C. A., and Laury, S. K., (2002). Risk Aversion and Incentive Effects. American Economic Review, 

92(5): 1644–1655.  

Horstmann, N., Ahlgrimm, A., and Glöckner, A., (2009). How distinct are intuition and deliberation? An 

eye-tracking analysis of instruction-induced decision modes. Judgment and Decision Making, 4(5): 335–

354. 

Horstmann, N., Hausmann, D., and Ryf, S., (2010). Methods for inducing intuitive and deliberate 

processing modes. In A Glöckner and C Witteman (Eds.), Foundations for Tracing Intuition: Challenges 

and Methods (pp. 219–237). Psychology Press, UK. 

Hübner, R., Steinhauser, M., and Lehle, C., (2010). A dual-stage two-phase model of selective attention. 

Psychological Review, 117(3): 759–784. 



121 

 

Jiang, T., Potters, J., and Funaki, Y., (2016). Eye-tracking Social Preferences. Journal of Behavioral 

Decision Making, 29(2-3): 157–168. 

Johanni, S., and Tschacher, K., (2005). Ist der Elfmeter zu halten. Das Dilemma des Torhüters, 

mathematisch gesehen. (Can the penalty be saved, 26-28). 

http://www.opus.ub.uni-rlangen.de/opus/volltexte/2009/1337/pdf/ukm_106_2005.pdf p.22 

Jordet, G., (2009b). When Superstars Flop: Public Status and Choking Under Pressure in International 

Soccer Penalty Shootouts. Journal of Applied Sport Psychology, 21(2): 125–130. 

Jordet, G., (2009a). Why do English players fail in soccer penalty shootouts? A study of team status, self-

regulation, and choking under pressure. Journal of Sports Sciences, 27(2): 97–106. 

Jordet, G., and Hartman, E., (2008). Avoidance Motivation and Choking Under Pressure in Soccer 

Penalty Shootouts. Journal of Sport & Exercise Psychology, 30(4): 450–457. 

Jordet, G., Hartman, E., Visscher, C., and Lemmink, K. A. P. M., (2007). Kicks from the penalty mark 

in soccer: The roles of stress, skill, and fatigue for kick outcomes. Journal of Sports Sciences, 25(2): 121–

129.  

Jung, D., Sul, S., and Kim, H., (2013). Dissociable neural processes underlying risky decisions for self 

versus other. Frontiers in Neuroscience, 7(15). 

Kahneman, D., (2003). Maps of Bounded Rationality: Psychology for Behavioral Economics. The 

American Economic Review, 93(5): 1449–1475. 

Kahneman, D., (2011). Thinking, Fast and Slow: Macmillan.  

Kahnemann, D., and Miller, D. T., (1986). Norm theory: comparing reality to its alternatives. 

Psychological Review, 93(2): 136-153. 

Kahneman, D., and Tversky, A., (1979). Prospect theory: An analysis of decisions under risk. 

Econometrica, 47(2): 263–291. 

Klein, H. J., Wesson, M. J., Hollenbeck, J. R., Wright, P. M., and DeShon, R. P., (2001). The 

Assessment of Goal Commitment: A Measurement Model Meta-Analysis. Organizational Behavior and 

Human Decision Processes, 85(1): 32–55. 

Kocher, M. G., Pahlke, J., and Trautmann, S. T., (2013). Tempus Fugit: Time Pressure in Risky 

Decisions. Management Science, 59(10): 2380–2391. 

Kocher, M. G., and Sutter, M., (2006). Time is money—Time pressure, incentives, and the quality of 

decision-making. Journal of Economic Behavior & Organization, 61(3): 375–392.  

Krajbich, I., Oud, B., and Fehr, E., (2014). Benefits of Neuroeconomic Modeling: New Policy 

Interventions and Predictors of Preference. American Economic Review, 104(5): 501–506.  

Krajbich, I., Bartling, B., Hare, T., and Fehr, E., (2015). Rethinking fast and slow based on a critique of 

reaction-time reverse inference. Nature communications, 6. 



122 

 

Lees, A., and Owens, L., (2011). Early visual cues associated with a directional place kick in soccer. Sports 

Biomechanics, 10(2): 125-134. 

Leininger, W., and Ockenfels, A., (2008). The Penalty-Duel and Institutional Design. Is There a Neeskens-

Effect?  CESIFO Working Paper No. 2187. 

Lévy-Garboua, L., Maafi, H., Masclet, D., and Terracol, A., (2011). Risk aversion and framing effects. 

Experimental Economics, 15(1): 128–144. 

Loewenstein, G. F., Hsee, C. K., Weber, E. U., and Welch, N., (2001). Risk as Feelings. Psychological 

Bulletin, 127(2): 267–286. 

McGarry, T., and Franks, I. M., (2000). On winning the penalty shoot-out in soccer. Journal of Sports 

Sciences, 18(6): 401–409.  

Memmert, D., Hüttermann, S., Hagemann, N., Loffing, F., and Strauss, B., (2013). Dueling in the 

penalty box: evidence-based recommendations on how shooters and goalkeepers can win penalty shootouts 

in soccer. International Review of Sport and Exercise Psychology, 6(1): 209-229. 

Mengarelli, F., Moretti, L., Faralla, V., Vindras, P., and Sirigu, A., (2014). Economic Decisions for 

Others: An Exception to Loss Aversion Law. PLoS ONE, 9(1). 

Mincer, J., (1963). Market prices, opportunity costs, and income effects. In Measurement in economics. 

Studies in mathematical economics and econometrics in memory of Yehuda Grunfeld, ed. Carl F. Christ, 68. 

Stanford, Calif.: Stanford University Press. 

Moffatt, P. G., (2015). Experimetrics. Econometrics for experimental economics. [S.l.]: Palgrave. 

Moffatt, P. G., (2005). Stochastic Choice and the Allocation of Cognitive Effort. Experimental Economics, 

8(4): 369–388.  

Montinari, N., and Rancan, M., (2013). Social preferences under risk: The role of social distance (No. 

2013/90). European University Institute. 

Morya, E., Ranvaud, R., and Pinheiro, W. M., (2003). Dynamics of visual feedback in a laboratory 

simulation of a penalty kick. Journal of Sports Sciences, 21(2): 87–95.  

Murphy, R. O., Ackerman, K. A., and Handgraaf, Michel J. J., (2011). Measuring social value 

orientation. Judgment and Decision Making, 6(8): 771–781. 

Myrseth, Kristian O. R., and Wollbrant, C. E., (2016). Commentary: Fairness is intuitive. Frontiers in 

Psychology, 7, 654. 

Navarro, M., Miyamoto, N., Van Der Kamp, J., Morya, E., Savelsbergh, G. J. P., and Ranvaud, R., 

(2013). Differential effects of task-specific practice on performance in a simulated penalty kick under high-

pressure. Psychology of Sport and Exercise, 14(5): 612–621. 

Neumann, J., and Morgenstern, O., (1944). Economics, mathematics, Theory of games and economic 

behavior. New York: Princeton University Press. 



123 

 

Noël, B., Furley, P., Van Der Kamp, J., Dicks, M., and Memmert, D., (2015). The development of a 

method for identifying penalty kick strategies in association football.  Journal of Sports Sciences, 33(1): 1–

10. 

Noël, B., and Van Der Kamp, J., (2012). Gaze behaviour during the soccer penalty kick. An Investigation 

of the effects of strategy and anxiety. International Journal of Sports Psychology, 4(4): 326–345. 

Nursimulu, A. D., and Bossaerts, P., (2014). Risk and Reward Preferences under Time Pressure. Review 

of Finance, 18(3): 999-1022. 

Oettingen, G., Schrage, J., and Gollwitzer P.M., (2010). Volition. In L Corno & E Anderman (Eds.), 

Handbook of educational psychology (pp. 104–117). New York, NY: Routledge. 

Oud, B., Krajbich, I., Miller, K., Cheong, J. H., Botvinick, M., and Fehr, E., (2016). Irrational time 

allocation in decision-making. Proceedings of the Royal Society of London B: Biological Sciences, 

283(1822). 

Pahlke, J., Strasser, S., and Vieider, F. M., (2012). Risk-taking for others under accountability. Economics 

Letters, 114(1): 102–105. 

Pahlke, J., Strasser, S., and Vieider, F. M., (2015). Responsibility effects in decision making under risk. 

Journal of Risk and Uncertainty, 51(2): 125–146. 

Palacios-Huerta, I., (2003). Professionals play Minimax. The Review of Economic Studies, 70(2): 395–

415. 

Palacios-Huerta, I., and Serrano R., (2006). Rejecting small gambles under expected utility. Economics 

Letters, 91(2): 250–259. 

Pollmann, M. M. H., Potters, J., and Trautmann, S. T., (2014). Risk taking by agents: The role of ex-

ante and ex-post accountability. Economics Letters, 123(3): 387–390. 

Polman, E., (2012). Self-other decision making and loss aversion. Organizational Behavior and Human 

Decision Processes, 119(2): 141–150. 

Prelec, D., (1998). The Probability Weighting Function. Econometrica, 66(3): 497–527. 

Rabin, M., (2000). Risk Aversion And Expected-Utility Theory: A Calibration Theorem. Econometrica, 

68(5): 1281–1292. 

Rabin, M., (2013a). An Approach to Incorporating Psychology into Economics. American Economic 

Review, 103(3): 617–622.  

Rabin, M., (2013b). Incorporating Limited Rationality into Economics. Journal of Economic Literature, 

51(2): 528–543. 

Ratcliff, R., (1978). A theory of memory retrieval. Psychological Review, 85(2): 59–108. 

Ratcliff, R., and McKoon, G., (2008). The Diffusion Decision Model: Theory and Data for Two-Choice 

Decision Tasks. Neural Computation, 20(4): 873–922. 



124 

 

Raven, J. C., Bersch, R., Bulheller, S., Court, J. H., Häcker, H., and Raven, J., (2005). Raven's 
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