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Introduction 

In this thesis, I investigate in three essays rather different economic decisions. The first paper 

addresses the puzzling question, why households in developing countries rely on informal savings 

schemes with a negative monthly interest rate of more than 6% on deposits. The second paper analyzes 

how the complexity of ballot propositions influences individual voting behavior in a direct democracy. 

The third paper provides an empirical test of a microeconomic model in which a decision maker 

rationally trades off the costs and the quality of risky decisions. 

What do these papers in the areas of development economics, political economy, and microeconomic 

theory have in common? Saving behavior in Ghana, voting behavior in Switzerland, and lottery choices 

of students at the University of Konstanz appear to be unrelated and distinct topics. What they have in 

common is that in all three applications the observed behavior puts the assumption of economic 

rationality into question. Is it rational for poor households to pay more than 6% nominal interest on their 

deposits instead of saving the money at home with zero nominal interest? Can the voting behavior of 

ill-informed or uneducated voters who are confronted with complicated propositions be explained by 

rational behavior? Is it irrational that the quality of a risky decision decreases when the decision maker 

invests less time in the decision as a response to higher opportunity costs of time? The following section 

summarizes the main results of the three essays. I conclude with a short note on the empirical strategy 

used in all papers. 

 Summaries of the essays 

Saving with negative interest in the developing world.—More than 20 years ago, Besley (1995) 

described the puzzle related to the following question: Why do households in developing countries 

commonly use expensive informal saving schemes with negative nominal interest rates that exceed 6% 

per month? Analyzing a country-wide household survey conducted in Ghana, I find that these seemingly 

unfavorable schemes are accepted because they are the only way to insure oneself against burglary and 

appropriation by other household members.  Self-control problems may also play a role, but seem to be 

less important than the standard economic explanation. Because saving at home is ruled out by security 

concerns, accepting negative interest rates as provided by informal deposit collectors can be explained 

as a rational response of the household to the failure of the government to ensure property rights. 

Voting behavior and proposition complexity.—In the second essay, Zohal Hessami and I analyze how 

the complexity of ballot propositions influences individual voting behavior in direct-democratic 

referenda. We combine micro-data from representative post-referendum surveys in Switzerland with 

unique data on a novel measure of proposition complexity that relies on a word count of information 

provided in official booklets. Using Heckman estimations to correct for participation bias, we provide 

evidence that proposition complexity leads to rejection-biased voting (status quo bias) and to a lower 

turnout. An increase of one standard deviation in our complexity measure is associated with an average 

increase in the rejection rate by 5.4 percentage points. However, correcting for the participation bias 
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reduces the effect by 2.3 percentage points, highlighting the importance of selection effects in 

determining vote outcomes. The effect is stronger for less educated voters. Surprisingly, more intense 

media coverage does not reduce rejection-biased voting. 

Opportunity costs of time and decision making.—In the third essay, written jointly with Jan Hausfeld, 

we explicitly elicit risk preferences as well as deviations from the correct choice. We develop a rational 

agent model in which human capital and other resources like time enter a production function which 

determines the quality of a decision. The quality of a decision, defined as the probability at choosing the 

lottery with the highest expected utility, depends on the investment of time and is therefore a rational 

choice characterized by a trade-off between the opportunity costs of time and the benefits of a correct 

choice. The interior solution of the decision maker’s maximization problem is characterized by a non-

zero probability of selecting an inferior lottery. The model is based on both the foundations of human 

capital theory and the treatment of time as valuable resource (Minzer 1963; Becker 1965). We use a 

laboratory experiment to introduce exogenous variation in the opportunity costs of time. Our empirical 

results provide strong evidence for our economic model in which decision errors are rationally explained 

by opportunity costs. 

 A methodological note on the empirical estimation strategy used in all essays 

In all essays, the outcome of interest is a binary choice variable, which gives rise to a single probability 

of preferring one alternative over the other. In the first essay, saving behavior is, due to data limitations, 

only observed as yes or no decision. In the context of voting in a direct democracy, the binary choice 

between two alternatives occurs naturally. In the third essay, we analyze choices among two available 

lotteries. To model the underlying probability, I always rely on a nonlinear and parametric estimation 

strategy. Lewbel, Dong, and Yang (2012) nicely illustrate that the popular approach to estimate binary 

decisions with the help of linear models as proposed by Angrist and Pischke (2009) has severe 

drawbacks. With the help of a simple example, Lewbel, Dong, and Yang (2012) show that beside 

endogeneity concerns, omitted variables, or measurement errors choosing the wrong functional form 

can also lead to biased estimates. Because a probability is naturally bounded between zero and one, I 

use a nonlinear sigmoid function in all three essays This estimation strategy provides a much more 

plausible functional form of the conditional choice function than the  straight line assumed in a linear 

OLS model. 
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Deutsche Zusammenfassung 

In dieser Doktorarbeit sind drei Aufsätze zu unterschiedlichen ökonomischen Fragestellungen 

zusammengefasst. Der erste Aufsatz versucht eine Antwort auf die Frage zu finden, warum Haushalte 

in Entwicklungsländern Dienstleistungen von informellen Anbietern nutzen, bei denen sie ihr Geld zu 

einem negativen Spar-Zinssatz von über 6% pro Monat anlegen. Im zweiten Aufsatz wird der Einfluss 

der Komplexität einer Abstimmungsvorlage auf das Wahlverhalten in einer direkten Demokratie 

untersucht. Im letzten Aufsatz werden die Vorhersagen eines mikroökonomischen Modelles getestet, in 

dem ein Zielkonflikt zwischen den Kosten und dem Nutzen einer besseren Entscheidung rational gelöst 

wird. 

Obwohl diese Aufsätze sich inhaltlich mit sehr unterschiedlichen Fragestellungen beschäftigen, so 

haben diese Arbeiten doch gemeinsam, dass das beobachtete Verhalten der ökonomischen Akteure auf 

den ersten Blick gegen die Rationalitätsannahme zu verstoßen scheint. 

Sparen trotz negativer Zinsen in Entwicklungsländern.—Um die Frage empirisch zu untersuchen, 

warum arme Haushalte in Entwicklungsländern auf einen Sparmechanismus zurückgreifen, welcher 

durch einen nominal negativen Zinssatz von über 6% pro Monat gekennzeichnet ist, wird eine 

landesweit-repräsentative Befragung ghanaischer Haushalte mit Hilfe eines nichtlinearen 

Instrumentvariablen-Modells ausgewertet. Die Ergebnisse zeigen, dass Haushalte aufgrund von 

fehlenden Alternativen und der Angst vor Diebstahl keinen Zugang zu kostengünstigeren 

Sparmechanismen haben. Insbesondere das Versagen des Staates bei der Durchsetzung der 

Eigentumsrechte führt dazu, dass das zinsfreie Sparen kleinerer Summen zu Hause für viele Haushalte 

nicht möglich ist. Im Vergleich zu fehlenden Eigentumsrechten scheinen Selbstkontrollprobleme bei der 

Auswahl des Sparmechanismus nur eine geringe Rolle zu spielen. 

Der Einfluss der Komplexität der Vorlage auf das Wahlverhalten.—Der zweite Aufsatz wurde 

zusammen mit Zohal Hessami verfasst. Darin wird sich mit der Frage auseinandergesetzt, in wie weit 

in einer direkten Demokratie die Wahlbeteiligung und das Abstimmungsverhalten durch die 

Komplexität der Abstimmungsvorlage beeinflusst werden. Mikrodaten von Nachwahlbefragungen, 

administrative Daten und die offiziellen Informationsbroschüren werden für die empirische Analyse 

herangezogen. Neben einer subjektiven Frage nach der Schwierigkeit der Vorlage in der 

Nachwahlbefragung wird die objektive Komplexität mit Hilfe der Wörterzahl der 

Informationsbroschüren approximiert. Wahlen mit einer Wahlbeteiligung unter 100% sind immer durch 

eine Selektion in Wähler und Nicht-Wähler gekennzeichnet. Um diese Selektion bei den statistischen 

Schätzungen zu berücksichtigen wurde ein Heckman-Selektionsmodell genutzt. Die Ergebnisse zeigen, 

dass eine Erhöhung der Komplexität um eine Standardabweichung zu einer 5.4 Prozentpunkte 

geringeren Zustimmungswahrscheinlichkeit führt, sodass bei erhöhter Komplexität von einer Status-

Quo Verzerrung gesprochen werden kann. Da bei höherer Komplexität die Wahlbeteiligung der 

potentiellen Status-Quo Wähler überproportional zurückgeht, verringert sich der Netto Effekt der 
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gestiegenen Komplexität auf einen Rückgang um lediglich 3.1 Prozentpunkte in der 

Zustimmungswahrscheinlichkeit. 

Opportunitätskosten der Zeit und Entscheidungen unter Unsicherheit.— Die dritte Arbeit wurde 

zusammen mit Jan Hausfeld verfasst. Darin entwickeln wir ein mikroökonomisches 

Entscheidungsmodell, in dem die Qualität der Entscheidung von Inputfaktoren – insbesondere von der 

für die Entscheidung aufgewendeten Zeit – abhängt. Um die Modellversagen zu testen, wurde ein 

Laborexperiment durchgeführt, in dem die Versuchspersonen sich zwischen zwei Lotterien entscheiden 

mussten. Dabei wurde der Preis der Zeit, welche für die Lotterieentscheidung genutzt wurde, variiert. 

In strukturellen Schätzungen wurden anschließend die Risikoaversion sowie ein Maß für die 

Abweichung von der normativ korrekten Entscheidung ermittelt. Wie im Modell vorhergesagt, 

reduzierten die Versuchspersonen die – in die Entscheidung investierte – Zeit, sodass sich die 

Verringerung der Entscheidungsqualität durch das rationale Lösen des Zielkonflikts zwischen Kosten 

und Nutzen einer erhöhten Entscheidungsqualität erklären lässt. 
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Abgrenzung 

Den ersten Aufsatz mit dem Titel Paying to Save – Negative Nominal Interest Rates in Developing 

Countries habe ich als alleiniger Autor verfasst. 
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status quo bias habe ich als Koautor zusammen mit Zohal Hessami verfasst. Zohal Hessami hat den 

größeren Anteil der Einführung (I.) und der theoretischen Grundlagen (II.) verfasst. Die Abschnitte III. 

bis VIII. wurden mehrheitlich durch mich verfasst. Alle empirischen Analysen, insbesondere die 

Regressionen, sowie alle Tabellen, Graphen und Abbildungen wurden durch mich erstellt. 

Den dritten Aufsatz mit dem Titel Risky Decisions and the Opportunity Cost of Time habe ich als 

Koautor zusammen mit Jan Hausfeld verfasst. Jan Hausfeld hat das Experiment in Z-Tree programmiert 

und durchgeführt. Ich habe das öknomische Modell verfasst und die strukturellen Schätzungen 

durchgeführt. Jan Hausfeld hat mehrheitlich die Schätzungen im Zusammenhang mit dem Drift-

Diffusion Modell durchgeführt. Ich habe mehrheitlich den Aufsatz niedergeschrieben. 
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Essay 1: Paying to Save –  

Negative Nominal Interest Rates in Developing 

Countries 

SVEN RESNJANSKIJ1 

UNIVERSITY OF KONSTANZ, DEPARTMENT OF ECONOMICS 

I use a country-wide household survey from Ghana to investigate informal savings 

behavior with negative nominal monthly interest rates that exceed 6 percent. The 

empirical results show that the willingness to accept negative interest rates is principally 

explained by the absence of the rule of law or fear of theft. I also find evidence of roles 

for protection of women from appropriation by men and aspects of self-control. The 

results are consistent with a Nietzschean society in which property rights of the weak are 

not protected. 

JEL codes: D14, O12, O16 

Keywords:  informal savings, negative interest rates, theft, rule of law, deposit collectors 

  

                                                             
1 Corresponding authors: Sven Resnjanskij, University of Konstanz, Department of Economics, mailto: Box 138, 78457 Konstanz, 

Germany, sven.resnjanskij@uni-konstanz.de. The author gratefully acknowledges funding by the Graduate School of Decision Sciences 
(GSDS) at the University of Konstanz. The author thanks Heinrich Ursprung, Arje Hillman, and Toke Aidt and other seminar participants at 
the university of Konstanz for their valuable comments and suggestions. All remaining errors are mine. 
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I. Introduction 

Data from the informal savings market in Ghana reveal negative nominal interest rates of more than 

6 percent per month. In this paper, I investigate why people are prepared to accept negative interest 

rates2. My empirical analysis suggests the absence of the rule of law. i.e. the inability to protect private 

property and assets from theft or simple appropriation. Attributes of a Nietzschean society (Hillman 

2004) are therefore present. Inability of the weak to protect themselves from the will of the strong is 

also revealed in the willingness of women to pay negative interest rates to secure their savings from 

male members of their households. Behavioral limitations of self-control play a minor role. 

The paper is structured as follows. In Section  II, I formulate hypotheses and discuss reasons as to 

why savers are willing to accept saving schemes with negative interest rates. Section III describes the 

informal saving scheme in detail. In Section IV, I present descriptive data, elaborate on the empirical 

identification strategy, and present the results. Section V concludes. 

II. Negative interest rates on savings 

A major attribute of financial services in developing countries consists in the relatively high costs. On 

the credit side of the financial market, high interest rates for loans are empirically well documented and 

easily explained by arguments related to asymmetric information, transaction costs, and a weak legal 

environment (Besley 1995; Armendariz and Morduch 2010; Karlan and Morduch 2010). The same is 

true for the large difference in interest rates for savings and loans (Banerjee and Duflo 2007, 2010). I 

focus however on the deposit side and analyze the decision of households to use cost intensive informal 

saving schemes provided by deposit collectors. These schemes are widely used in Ghana and other 

developing countries. Even though the lack of sound alternatives offered by the formal and informal 

finance sector in developing countries limits the choice set of the households, the puzzling question 

remains, as to why households do not substitute away from these expensive saving mechanisms by 

putting their money under the mattress, i.e. by saving at home. 

In formal financial markets negative nominal interest rates on deposits were already observed in the 

great depression (Cecchetti 1988). In the last financial crisis, negative nominal yields on German (and 

other) government bonds emerged. Whereas these incidents can be explained by tax issues, bank 

regulation, and safe haven arguments (Cecchetti 1988), these arguments are clearly inappropriate to 

explain the demand for expensive informal saving schemes in the developing world. 

To explain how the benefits of saving per se may compensate the high costs of saving products, Abel 

et al. (1989) provides a simple microeconomic framework that illustrates why households with an 

uncertain income may be willing to use saving mechanisms with negative interest rates for precautionary 

motives. Furthermore, households may benefit from investing in indivisible goods which require a 

minimum investment that single households are unable to accumulate in the absence of appropriate 

saving mechanisms. Returns to capital in developing countries often exceed 10% per month, as shown, 

                                                             
2 More than 20 years ago, Timothy Besley  (1995) speculated on the rationale behind the demand for this  saving scheme. To the best of my 

knowledge, I am among the first who is providing empirical support of the arguments raised in  Besley  (1995). 
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for example, for investments in microenterprises in Mexico (McKenzie and Woodruff 2006) and 

farming technologies in Ghana and Kenya (Udry and Anagol 2006; Duflo, Kremer, and Robinson 

2011)3. 

Despite high potential benefits form saving, the question remains, as to why households do not reduce 

the cost by substituting away from costly saving mechanisms such as deposit collectors. Especially in 

case of negative nominal deposit rates, households could simply save their money at home with a zero 

nominal interest. In the context of developing countries, possible explanations for such behavior include 

intra-household conflicts (Udry 1996; Anderson and Baland 2002; Duflo 2012), the lack of security, and 

behavioral problems related to self-control problems that are liable to cause time-inconsistent and 

impulsive decisions (Mullainathan and Shafir 2009; Banerjee and Mullainathan 2010). 

Whereas the behavior of collectors is well understood (Steel and Aryeetey 1994; Steel et al. 1997; 

Armendariz and Morduch 2010), quantitative analyses of the demand for the services of informal deposit 

collectors are lacking. Exceptions are the two studies by Ashraf, Karlan, and Yin (2006) and Somville 

(2011). 

Ashraf, Karlan, and Yin (2006) investigate demand for deposit collection services provided by a 

formal bank that differs from the one described in the next section with respect to the related costs and 

the implied term structure. Somville (2011) analyzes a similar savings scheme in urban Benin, but 

focuses on household bargaining motives. 

My study contributes to the existing literature by providing empirical support for some hypotheses 

that have been put forward in the literature. In particular, I provide for the first time empirical evidence 

supporting the hypothesis that public security problems induce people in developing countries to 

substitute away from saving at home towards high-interest services of deposit collectors. My study relies 

on a large, representative country-wide survey that includes rural and urban households. It thereby 

increases the external validity of previous findings related to informal saving derived from rather 

restricted samples. In contrast to randomized controlled studies like the one conducted by Ashraf, 

Karlan, and Yin (2006), I analyze an informal saving product that has been present for several decades 

under market conditions in developing countries. The prevalence of such informal deposit collectors is 

not limited to Ghana. Informal deposit collectors exist in several West African countries, for example  

Nigeria, Niger, Benin, and Togo (Aryeetey and Udry 1997), as well as in India (Rutherford 2000). 

III. The Susu Deposit Collectors 

Deposit collectors in Ghana are called Susu4 collectors. Figure 1 illustrates the term structure of a 

typical Susu savings contract. Households contribute a uniform amount on a daily basis and, usually 

after one month, the Susu collector returns the deposits net of a commission of one day’s contribution. 

                                                             
3 For more evidence for high returns to capital for small scale investments of households in developing countries see i.e. Karlan and Morduch 

(2010). 
4 In francophone countries they are known as Tontiniers (Steel et al. 1997). 
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FIGURE 1. CASH FLOW OF A MONTHLY SUSU SAVING SCHEME  

Notes: This figure illustrates the structure of the Susu saving scheme. The amount “a” denotes the daily deposit the household contributes. 

Therefore, at the end of the month households receive less money than they accumulate during the 

savings period resulting in a negative monthly interest rate of about -6.7 percent5. Susu saving provides 

an excellent opportunity to analyze the demand for expensive informal saving mechanisms. First, Susu 

traders usually restrict their financial activities to deposit collections and do not act as lenders6. The 

savers thus do not have any incentives to signal financial reliability by regularly contributing money to 

an expensive savings account (Opoku-Agyemang and Foltz 2012). Secondly, Susu saving represents a 

door-to-door deposit collection service with quite homogeneous product conditions and observable 

direct costs. The homogeneity of Susu saving allows an empirical analysis of demand behavior of poor 

households without requiring detailed information about the individual financial contracts to control for 

possible heterogeneity. 

IV. Empirical Results 

  Data 

The empirical analysis is based on cross section data from the nationally representative FinScope Ghana 

2010 survey (FinMark Trust 2011). In terms of GDP, human development index, and financial sector 

outreach Ghana can still be considered as representative for many countries in the developing world. 

The Finscope survey was designed to analyze the financial decisions of households in Ghana. The 

Survey was conducted on a country-wide level in autumn 2010 and designed in such a way as to ensure 

a sample representative of the whole country. It contains answers from 3643 households. In face-to-face 

interviews, the heads of the households were asked about financial as well as socio-economic aspects of 

their lives. Table 1 reports the summary statistics of the relevant variables. 32.8 percent of the 

                                                             
5 Assume that a person contributes 1$ for 30 days, it has to pay 1$ interest. However, calculating the monthly interest rate has to account 

fact that deposit payments are made during the whole month and not only at the first day. Over the month, the average amount saved is 15$, 
which then corresponds to 6.7% monthly interest rate. The somewhat meaningless exercise to calculate the annualized percentage rate (APR) 
would yield an APR of -80%. In the year 2010 when the survey used in this paper was conducted, inflation in Ghana was 10.7%, which would 
lead to even more negative real interest rate estimations. 

6 Whereas 14% of sampled households report to save with Susu collectors, less than 1% report to have a loan from the same source. 
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respondents reported to save at home, and 16.4 percent reported to rely on Susu collectors to accumulate 

savings. The mean income per capita is 101.70 GHS (roughly 67 USD) per month. This income was 

mainly generated by self-employment activities.7 

TABLE 1. DESCRIPTIVE STATISTICS OF THE GHANAIAN FINSCOPE SURVEY 

 Endogenous Variables   Exogenous Variables 

  mean SD median   mean SD median 

Susu Saving 16.4% – –  Age of the Responder 37.563 15.991 45 

Saving at Home 32.8% – –  Low Education 41.9% – – 
     Intermediate Education 11.3% – – 
     High Education 8.2% – – 
     Income Score 0.918 0.9600 0.688 
     Financial Literacy 11.89 7.7692 10 
     Gender of Responder (male=1) 45.1% – – 
     Household Size 4.596 4.0396 4 
     Main Earner 50.8% – – 
     Income per capita (GHS) 101.70 136.49 60.10 

     Financial Decision Maker 84.5% 0.3611 – 
     Urban or Rural (Urban=1) 42.0% – – 
     Earns Daily Income 47.0% – – 
     See no Risk 21.4% – – 
     Time to Market 0.4311 0.4834 0.250 
     Time to Public Place 0.1745 0.4237 0.125 
     Trust 0.454 0.2780 0.333 
     Fear of Theft 9.6% 0.2947 – 
     Trust yourself with money 7.4% 0.4368 – 

          No Food 41.7% 0.4931 – 

Notes: SD denotes the standard deviation. Income per Capita is measured in Ghanaian Cedi (GHS). When the survey was conducted in 2010 
the market exchange rate was 0.66 GHS/US$. Financial Literacy is measured on a scale from zero to 32 (highest literacy value). The variable 
Trust has a range from 0 = no trust, to 1 = high trust. Time to Public Places measures the distance to public institutions with a minimum 0 = 
less than 30 min. and 1 = 8 hours. I do not report the median or the standard deviation for binary variables. I describe how I constructed all 
variables in detail in Appendix A.5. 

Source: Author’s calculation using data from (FinMark Trust 2011). 

 Estimation strategy and results 

Figure 2 illustrates the hypothesized relationship between theft, saving at home, and the demand for 

services of Susu deposit collectors. 

                                                             
7 See Appendix A6 for an overview of different income sources. 
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FIGURE 2. THE RELATIONSHIP BETWEEN SUSU SAVING, SAVING AT HOME, AND THEFT 

Due to the binary nature of the measures for saving at home and Susu saving, the estimation strategy 

relies on two probit models. Whereas the first equation captures the effect of theft on saving at home, 

the second equation estimates the effect of saving at home on Susu saving. In principle, these two 

equations could be estimated separately. However, several econometric concerns related to causality 

may arise. First, we cannot rule out the causal relation between Susu saving and saving at home to go in 

both directions (simultaneity bias). Secondly, the existence of omitted variables like the presence of 

other saving mechanisms is likely to be correlated positively or negatively with both saving at home and 

Susu saving, which causes the suspected negative effect of saving at home on Susu saving to be biased 

towards zero. 

I use an instrumental variable estimation strategy to control for the endogeneity of the SaveHome 

variable. In contrast to 2SLS estimation, suitable for continuous outcomes, no two-step procedures to 

estimate probit models with both a binary outcome and a binary endogenous regressor are available 

(Wooldridge 2010, 596). Therefore, I use a full information maximum likelihood approach to estimate 

both equations of the recursive bivariate probit model (Maddala (1983, 123) and Greene (2012, 745)). 

The model has the following appearance: 

(1)              ∗ =  , 1 if  ∗ 0, 

                                                           = 0 otherwise,  

(2)  ∗ =  , = 1 if  ∗ 0, 

                                                               = 0 otherwise, 

                                      with 
ε1 
ε2

| , ∼  0
0

,
1  
 1 . 

The error terms are assumed to be distributed bivariate normal. Note that saving at home appears as the 

dependent variable in the first equation, and as endogenous regressor in the second regression. The 

vector  includes the instrumental variables excluded in the second equation of the bivariate probit 

model. The vectors  and  represent additional controls. 

The variables Theft, Trust yourself with money, and Sand / Mud Floor appear only in the SaveHome 

equation, and serve as instruments for saving at home. The fear of theft and the lack of trust in managing 
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financial issues are assumed to be negatively correlated to saving home. The quality of the house is 

measured by a proxy variable indicating whether the floor of the house consists of mud or sand, which 

is an unambiguous signal for poor housing conditions and should therefore be negatively related to the 

ability to save at home. These instruments are valid, as they credibly affect Susu saving only through 

saving at home. The effect of these variables on Susu saving is mediated through their adverse effect on 

the ability to save at home.8 

Table 2 presents the results of a single equation probit model in column (1) and the correctly specified 

bivariate probit estimations of the first and second equation in the remaining columns. Theft is in all 

bivariate probit specifications negatively and significantly related to the probability of saving at home. 

After controlling for several confounds (column (8)), the threat of theft still decreases the probability of 

saving at home by 7 percentage points. The variable trust yourself with money is positively related to 

saving at home and may be interpreted as a self-estimation of being able to resist spending easily 

available cash on tempting consumption (Bertrand, Mullainathan, and Shafir 2004; Banerjee and 

Mullainathan 2010) and to avoid time inconsistent behavior (Angeletos et al. 2001). After controlling 

for household income in columns (4) to (9), a low housing quality measured by a Sand / Mud Floor 

correlates negatively with the ability to save at home. 

TABLE 2—MAIN ESTIMATES (BIVARIATE PROBIT MODEL) 

Avg. Marg. Effects 
reported 

Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit 
(1)  (2) (3)  (4) (5)  (6) (7)  (8) (9) 

Dep. Variable: Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu 

SaveHome -0.035**   -0.296***   -0.290***   -0.301***   -0.263***  
(0.014) 

  
(0.052) 

  
(0.063) 

  
(0.055) 

  
(0.081) 

Theft   -0.116***   -0.079***   -0.070***   -0.070***  
 

  
(0.023) 

  
(0.024) 

  
(0.024) 

  
(0.025) 

 

Trust yourself  0.054***   0.042**   0.039**   0.041**  
with money 

  
(0.017) 

  
(0.017) 

  
(0.017) 

  
(0.017) 

 

Sand / Mud Floor   0.049*   -0.049**   -0.060***   -0.063***     
(0.026) 

  
(0.023) 

  
(0.023) 

  
(0.024) 

 

Socio-econ. contr. Yes  No No  Yes Yes  Yes Yes  Yes Yes 
Income controls Yes  No No  Yes Yes  Yes Yes  Yes Yes 
Susu supply contr. Yes  No No  No No  Yes Yes  Yes Yes 
Trust controls Yes  No No  No No  No No  Yes Yes 

ρ -  0.744  0.755  0.788  0.692 
P-value of ρ -   0.008   0.010   0.004   0.045 
Log-Likelihood -1401.091  -3665.795  -3461.875  -3440.461  -3421.775 
Observations 3465  3465  3465  3465  3465 

Notes: Average marginal effects based on a bivariate Probit model are reported. Robust standard errors clustered at the enumeration area 
(primary sampling unit) are reported. Average marginal effects of all included variables as well as the underlying coefficients estimates are 
reported in Table 4 and Table 5 in Appendix A.1. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

The inability to save at home causes the demand for Susu collectors. The results of the second stage 

of the bivariate probit models are reported in columns (3), (5), (7), and (9). The probability to rely on a 

                                                             
8 On concern might be the potential relation of the fear of theft and a general feeling of mistrust towards financial service providers in 

general and especially Susu deposit collectors. The data does not support this concern. In later estimations, we enter control variables for trust 
w.r.t. to financial services and Susu collectors (equations (8) and (9) in Table 2). The results are not affected. 
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deposit collector decreases by 26.3 percentage points (from 32 percent to below 6 percent) if the 

household is saving at home (column (9)). The effect of saving at home on Susu saving is significant at 

the one percent level in all specifications. The estimate based on the single probit model in column (1) 

is much lower, which could be explained by an omitted variable bias. 

 The results are robust to controlling for socio-economic variables and household income. Controlling 

for the conditions related to the supply of deposit collectors (i.e. distance to public places or markets) 

does not change the results substantially. The model estimated in columns (8) and (9) includes measures 

for general trust in financial institutions and trust in Susu collectors as additional explanatory variables.9 

Finally, the error terms of the bivariate probit models in Table 2 are positively correlated and 

statistically significant different from zero, implying that after accounting for all effects of the right-

hand side variables, omitted factors still influence saving at home and Susu saving in the same direction. 

A positive correlation also provides evidence for the endogeneity of the SaveHome variable and 

therefore justifies the instrumental variable approach (bivariate probit model) as preferred choice over 

the single equation probit approach. 

Gender Differences in the Use of Susu.—Besley (1995) hypothesized that the service of deposit 

collectors may be used by women to protect their savings from the spouse. Table 3 provides additional 

results to investigate whether women are more likely to rely on deposit collectors. The first model 

(columns (1) and (2)) replicates the estimates presented in columns (8) and (9) in Table 2 and reports 

additional estimates for the marginal effect of being married, female, and the main earner of the 

household. In the second model (columns (3) and (4)), I add the interaction of married and main earner. 

The results show that women have a 6 percentage points higher probability to use Susu deposit 

collectors (column (4)). This can be interpreted as evidence that women try to avoid an unfavorable 

reallocation of money in intra-household conflicts. The argument is supported by a highly significant 

married coefficient indicating a more extensive use of deposit collectors by married men and women. 

Ashraf, Karlan, and Yin (2006) find a similar association between the marital status and the demand for 

door-to-door deposit collectors. Somewhat surprising, the effect of gender and marital status seems to 

influence Susu saving directly rather than through saving at home. One explanation may be that Susu 

saving is also used to substitute away from other saving mechanisms to which other household members 

have access or at least are aware of. Another reason could be gender biased underreporting due to the 

fear that the spouse is becoming aware of hidden savings at home.10 

Still another explanation might be related to the fact that women are very often not the main earner in 

the household. If the income of the male spouse is higher, women are probably less likely to be 

threatened by unfavorable intra-household income redistribution. While we find no significant effect of 

gender on the probability to save at home, the interaction of gender and being the main earner of the 

                                                             
9 In Appendix A.2, I introduce some proxy variables for the demand and access of additional saving mechanisms. I find, some evidence that 

households with access to formal saving mechanisms are less likely to save money at home. However, I find no effect for Susu saving. This 
might be explained by the fact that formal saving products available in developing countries may be not well suited to replace a high frequency 
short term saving scheme like the one provided by the Susu deposit collectors.  

10 Karlan and Zinman (2008) find systematic gender specific underreporting in the context of borrowing. 



  

19 
 

household reveals substantial heterogeneity. In nonlinear models neither the sign or size, nor the t-test 

on the interaction term coefficient are meaningful (Ai and Norton 2003; Greene 2010). Columns (3) and 

(4) in Table 3 therefore report average marginal effects of the bivariate probit model including the 

interaction term.11 Women who are the main earner of the household have a 4.6 percentage point lower 

probability to save at home than their male counterparts. While the gender effect in the probability to 

save at home is significantly different from zero at the 5 percent level for main earners, we find no 

significant gender effect for household members who earn a lower income.12 

The  higher use of expensive deposit collectors by women supports the arguments in Duflo (2012) 

that women empowerment may directly lead to more efficient saving decisions in developing countries. 

TABLE 3—ADDITIONAL RESULTS (BIVARIATE PROBIT MODEL) 

Avg. Marg. Effects 
reported 

Saving Behavior and Gender  Identification 

Bivariate Probit  Bivariate Probit  Bivariate Probit 

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

Dep. Variable: SaveHome Susu  SaveHome Susu  SaveHome Susu 

SaveHome  -0.263***   -0.283***   -0.035 
  

 
(0.081) 

  
(0.073) 

  
(0.088) 

Theft -0.070***   -0.070***     
  (0.025) 

  
(0.024) 

    

Trust yourself with money 0.041**   0.040**     
  (0.017) 

  
(0.017) 

    

Sand / Mud Floor -0.063***   -0.062***     
  (0.024) 

  
(0.023) 

    

Married -0.004 0.053***  -0.013 0.054***  -0.005 0.057*** 
  (0.018) (0.015) 

 
(0.018) (0.016) 

 
(0.018) (0.013) 

Female -0.018 0.064***  -0.016 0.060***  -0.016 0.072*** 
  (0.017) (0.016) 

 
(0.017) (0.016) 

 
(0.017) (0.013) 

Main Earner 0.014 0.047***  0.016 0.045***  0.017 0.043*** 
  (0.018) (0.015) 

 
(0.018) (0.015) 

 
(0.019) (0.014) 

Gender Heterogeneity         
Female | Not Main Earner    0.014 0.048**    
  

   
(0.025) (0.020) 

   

Female | Main Earner    -0.046** 0.072***    
  

   
(0.023) (0.025) 

   

Female (Not vs. Main Earner)   0.061 -0.024    
P-value of     0.067 0.454    

ρ 0.692  0.747  0.000 
P-value of ρ 0.045  0.025  0.999 
Log-Likelihood -3421.775  -3418.970  -3432.437 
Observations 3465  3465  3465 

Notes: Average marginal effects based on a bivariate Probit model are reported. Robust standard errors clustered at the enumeration area 
(primary sampling unit) are reported. In all models the largest set of controls is used as in the bivariate probit model presented in Table 2 
columns (8) and (9). The reported results of the interaction terms of female and main earner can be interpreted as effect of gender for the group 
of “not main earners” (female | not main earner) and for the group of main earners (Female | main earner). The underlying coefficients 
estimates are reported in Table 8 in Appendix A.3. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

                                                             
11 The underlying coefficient estimates are reported in Table 8 in Appendix A.3. 
12 The probability to save at home is 6.1 percentage points lower (p-value = 0.067) for women who are the main earners of the household 

compared to women who do not earn the main income. Appendix A.3 provides further results related to the interaction effect estimated in 
Table 3. 
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Source of identification and alternative estimation strategy.—The bivariate probit results in columns 

(5) and (6) in Table 3 provide further support for the chosen estimation strategy. While linear estimation 

methods like 2SLS rely entirely on the exclusion restriction for identification, bivariate probit models 

have exclusion restrictions and nonlinearity as sources of identification (Wilde 2000; Altonji, Elder, and 

Taber 2005; Greene 2012). Since assumptions about the functional form are rather arbitrary, statements 

about causality should not rest on an identification mainly driven by the functional form. Following 

Altonji, Elder, and Taber (2005), I compare the results of the bivariate probit models with a similar 

bivariate probit model that does not include the exclusion restrictions to identify the source of 

identification (columns (5) and (6)). After dropping all instrumental variables from the first equation, 

the estimated marginal effect for saving at home reported in column (6) decreases substantially and 

becomes clearly insignificant. This sensitivity to the exclusion restriction indicates that the identification 

of the model is primarily driven by the exclusion restrictions rather than by the functional form 

assumptions of the bivariate probit model. 

Due to the popularity of linear IV regression, I follow Angrist and Pischke (2009) and perform 

standard linear 2SLS IV regression as an alternative to the bivariate probit model used in the paper. 

Lewbel, Dong, and Yang (2012) show however that the use of linear regressions in case of a binary 

depended variable can be misleading13. The results of the robustness exercise should therefore be 

interpreted with care. The linear 2SLS results are qualitatively similar and presented in Appendix A.4. 

V. Conclusion 

The rule of law is a prime responsibility of the government (Hillman 2009). I have investigated a case 

where, because of imperfect property rights, a population is disadvantaged by finding itself in 

circumstances in which there is willingness to accept negative interest rates of more than 6 percent per 

month. The negative interest rates are a clear disincentive for savings and are socially unjust in that it is 

the poorer parts of the population who, because of the inability to access formal financial markets, pay 

the negative interest rates. 

The results point out that savings decision of households in developing countries can be described as 

a rational response to incentives present in a Nietzschean society in which the strong dominate the weak 

(Hillman 2004). I find only little evidence for irrational behavior. 

In the final analysis, the abolishment of very expensive saving schemes is likely to do more harm than 

good to households lacking access to appropriate alternatives. Rather than imposing tighter regulation 

on the informal saving market, adequate protection of personal property provided by the government 

would resolve the inefficiency and injustice of negative interest rates. 

  

                                                             
13 Lewbel, Dong, and Yang (2012) provides a simulated example in which the coefficient estimates of the linear probability model do not 

even have the correct sign. 
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Appendix 

A.1 Bivariate Probit Estimates with all covariates 

TABLE 4—MAIN ESTIMATION WITH ALL CONTROLS (BIVARIATE PROBIT MODEL, MARGINAL EFFECTS) 

Avg. Marg. Effects 
reported 

Probit  Bivariate Probit  Bivariate Probit   Bivariate Probit  Bivariate Probit 

(1)  (2) (3)  (4) (5)   (6) (7)  (8) (9) 
Dep. Variable: Susu  SaveHome Susu  SaveHome Susu   SaveHome Susu  SaveHome Susu 

SaveHome -0.035**   -0.305***   -0.290***    -0.301***   -0.263*** 
  (0.014) 

  
(0.065) 

  
(0.063) 

 
 

 
(0.055) 

  
(0.081) 

Theft   -0.094***   -0.079***    -0.070***   -0.070***  
  

  
(0.023) 

  
(0.024) 

  
 (0.024) 

  
(0.025) 

 

Trust yourself with money  0.057***   0.042**    0.039**   0.041**  
  

  
(0.018) 

  
(0.017) 

  
 (0.017) 

  
(0.017) 

 

Sand / Mud Floor   0.062**   -0.049**    -0.060***   -0.063***  
  

  
(0.028) 

  
(0.023) 

  
 (0.023) 

  
(0.024) 

 

Socio-economic contr. 
       

 
     

Main Earner 0.043***     0.020 0.050***   0.015 0.048***  0.014 0.047*** 

 (0.014) 
    

(0.018) (0.015) 
 

 (0.018) (0.015) 
 

(0.018) (0.015) 
Financial Decision  0.085***     0.010 0.090***   0.013 0.089***  0.015 0.090*** 
Maker (0.018) 

    
(0.025) (0.021) 

 
 (0.025) (0.021) 

 
(0.024) (0.020) 

See no Risk 0.008     -0.108*** -0.039*   -0.106*** -0.041**  -0.103*** -0.022 

 (0.016) 
    

(0.021) (0.020) 
 

 (0.020) (0.020) 
 

(0.020) (0.022) 
Gender (Male=1) -0.072***     0.022 -0.063***   0.017 -0.063***  0.018 -0.064*** 

 (0.014) 
    

(0.017) (0.016) 
 

 (0.017) (0.016) 
 

(0.017) (0.016) 
Married 0.057***     0.007 0.057***   -0.002 0.055***  -0.004 0.053*** 

 (0.013) 
    

(0.018) (0.015) 
 

 (0.018) (0.015) 
 

(0.018) (0.015) 
Age -0.002***     -0.002*** -0.003***   -0.002*** -0.003***  -0.002*** -0.003*** 

 (0.000) 
    

(0.001) (0.000) 
 

 (0.001) (0.000) 
 

(0.001) (0.000) 
Low formal educ. -0.028*     -0.008 -0.030*   -0.006 -0.031*  -0.006 -0.030* 

 (0.016) 
    

(0.023) (0.016) 
 

 (0.023) (0.016) 
 

(0.023) (0.016) 
Mid-level education -0.038     -0.054 -0.056**   -0.055 -0.057**  -0.053 -0.053* 

 (0.027) 
    

(0.038) (0.028) 
 

 (0.038) (0.028) 
 

(0.037) (0.027) 
High education -0.055     -0.071 -0.086**   -0.078 -0.088***  -0.075 -0.075** 

 (0.033) 
    

(0.048) (0.034) 
 

 (0.048) (0.034) 
 

(0.048) (0.034) 
Financial Literacy -0.003**     -0.005*** -0.004***   -0.005** -0.004***  -0.005*** -0.005*** 

 (0.001) 
    

(0.002) (0.001) 
 

 (0.002) (0.001) 
 

(0.002) (0.001) 
Size of Household 0.004     0.007** 0.006*   0.006* 0.006*  0.006* 0.005* 

 (0.003) 
    

(0.003) (0.003) 
 

 (0.003) (0.003) 
 

(0.003) (0.003) 
Income controls 

        
 

     

Income Score 0.035***     -0.072*** 0.017   -0.045** 0.022  -0.045** 0.022 

 (0.011) 
    

(0.017) (0.015) 
 

 (0.018) (0.014) 
 

(0.018) (0.014) 
No Food -0.039***     -0.078*** -0.062***   -0.077*** -0.062***  -0.078*** -0.060*** 

 (0.012) 
    

(0.018) (0.014) 
 

 (0.018) (0.014) 
 

(0.018) (0.015) 
Main income is  0.097***     -0.018 0.079***   -0.016 0.077***  -0.017 0.084*** 
daily (0.015) 

    
(0.017) (0.018) 

 
 (0.017) (0.018) 

 
(0.017) (0.018) 

Susu Supply-Side contr. 
       

 
     

Urban 0.007         -0.058** -0.021  -0.057** -0.012 

 (0.017) 
       

 (0.027) (0.017) 
 

(0.027) (0.018) 
Time to Public  -0.198**         0.310*** -0.072  0.309*** -0.101 
Place (0.083) 

       
 (0.102) (0.095) 

 
(0.103) (0.101) 

Time to Market 0.036*         -0.021 0.030  -0.022 0.030 

 (0.022) 
       

 (0.029) (0.023) 
 

(0.029) (0.023) 
Trust controls 

        
 

     

Trust 0.134***            0.031 0.134*** 

 (0.024) 
       

 
   

(0.032) (0.027) 
No Trust in Susu -0.070**             -0.069** 

 (0.028) 
       

 
    

(0.031) 
ρ -  0.744  0.755   0.788  0.692 
Log-Likelihood -1401.091  -3665.795  -3461.875   -3440.461  -3421.775 
Observations 3465  3465  3465   3465  3465 

Notes: Average marginal effects based on a bivariate Probit model are reported. Standard errors are robust and clustered at the enumeration 
area (primary sampling unit). Marginal effects of the income score and household size are based on a quadratic specification (see Table 5). 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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TABLE 5—MAIN ESTIMATION WITH ALL CONTROLS (BIVARIATE PROBIT MODEL, COEFFICIENTS) 

  

Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit 

(1)  (2) (3)  (4) (5)  (6) (7)  (8) (9) 
Dep. Variable: Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu 

SaveHome    -1.287***   -1.318***   -1.359***   -1.231*** 
  

   
(0.215) 

  
(0.228) 

  
(0.193) 

  
(0.318) 

Theft   -0.278***   -0.248***   -0.219***   -0.219***  
  

  
(0.073) 

  
(0.078) 

  
(0.077) 

  
(0.080) 

 

Trust yourself with money  0.161***   0.127**   0.120**   0.124**  
  

  
(0.052) 

  
(0.053) 

  
(0.052) 

  
(0.054) 

 

Sand / Mud Floor   0.170**   -0.149**   -0.187**   -0.197***  
  

  
(0.075) 

  
(0.073) 

  
(0.074) 

  
(0.076) 

 

Socio-economic contr             
Main Earner      0.059 0.192***  0.047 0.185***  0.043 0.186*** 

 
     

(0.055) (0.058) 
 

(0.055) (0.058) 
 

(0.055) (0.060) 
Financial Decision       0.030 0.373***  0.040 0.362***  0.046 0.387*** 
Maker 

     
(0.075) (0.102) 

 
(0.075) (0.102) 

 
(0.075) (0.105) 

See no Risk      -0.336*** -0.152**  -0.330*** -0.160**  -0.322*** -0.088 

 
     

(0.067) (0.076) 
 

(0.067) (0.074) 
 

(0.067) (0.086) 
Gender (Male=1)      0.065 -0.241***  0.050 -0.241***  0.053 -0.255*** 

 
     

(0.050) (0.070) 
 

(0.051) (0.067) 
 

(0.051) (0.074) 
Married      0.020 0.219***  -0.007 0.208***  -0.012 0.212*** 

 
     

(0.052) (0.062) 
 

(0.053) (0.062) 
 

(0.053) (0.066) 
Age      -0.007*** -0.011***  -0.006*** -0.011***  -0.006*** -0.011*** 

 
     

(0.002) (0.002) 
 

(0.002) (0.002) 
 

(0.002) (0.002) 
Low formal educ.      -0.023 -0.112*  -0.019 -0.113*  -0.019 -0.116* 

 
     

(0.066) (0.060) 
 

(0.066) (0.060) 
 

(0.067) (0.061) 
Mid-level education      -0.162 -0.214*  -0.167 -0.215**  -0.161 -0.210* 

 
     

(0.115) (0.110) 
 

(0.115) (0.109) 
 

(0.115) (0.110) 
High education      -0.217 -0.343**  -0.240 -0.347**  -0.231 -0.307** 

 
     

(0.151) (0.143) 
 

(0.153) (0.141) 
 

(0.153) (0.146) 
Financial Literacy      -0.016*** -0.015***  -0.014** -0.014***  -0.015*** -0.018*** 

 
     

(0.006) (0.005) 
 

(0.006) (0.005) 
 

(0.006) (0.005) 
Size of Household      0.023** 0.036*  0.019 0.036*  0.020 0.034* 

 
     

(0.012) (0.020) 
 

(0.012) (0.020) 
 

(0.012) (0.020) 
Size of Household      -0.000 -0.002  -0.000 -0.002  -0.000 -0.001 
squared 

     
(0.000) (0.001) 

 
(0.000) (0.001) 

 
(0.000) (0.001) 

Income controls              
Income Score      -0.240*** 0.182*  -0.130 0.209**  -0.133 0.206** 

 
     

(0.083) (0.097) 
 

(0.087) (0.090) 
 

(0.087) (0.097) 
Income Score       0.016 -0.064**  -0.003 -0.068***  -0.002 -0.063** 
squared 

     
(0.025) (0.025) 

 
(0.026) (0.024) 

 
(0.026) (0.025) 

No Food      -0.236*** -0.240***  -0.234*** -0.238***  -0.235*** -0.240*** 

 
     

(0.055) (0.052) 
 

(0.055) (0.051) 
 

(0.055) (0.054) 
Main income is       -0.053 0.299***  -0.049 0.289***  -0.051 0.327*** 
daily 

     
(0.049) (0.076) 

 
(0.050) (0.074) 

 
(0.050) (0.083) 

Susu Supply-Side contr.             
Urban         -0.172** -0.080  -0.172** -0.049 

 
        

(0.081) (0.065) 
 

(0.081) (0.070) 
Time to Public          0.931*** -0.273  0.929*** -0.399 
Place 

        
(0.309) (0.365) 

 
(0.310) (0.413) 

Time to Market         -0.064 0.115  -0.065 0.119 

 
        

(0.087) (0.087) 
 

(0.087) (0.093) 
Trust controls              
Trust            0.093 0.531*** 

 
           

(0.097) (0.123) 
No Trust in Susu             -0.300* 

 
            

(0.153) 
ρ -  0.744  0.755  0.788  0.692 
Log-Likelihood -1401.091  -3665.795  -3461.875  -3440.461  -3421.775 
Observations 3465  3465  3465  3465  3465 

Notes: Coefficients and robust standard errors clustered at the enumeration area (primary sampling unit) are reported. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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A.2 Controlling for Access to Formal Banking System Proxies 

TABLE 6—CONTROLLING FOR ACCESS TO FORMAL BANKING SYSTEM PROXIES (BIVARIATE PROBIT MODEL) 

Avg. Marg. Effects 
reported 

Bivariate Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit  Bivariate Probit 

(1) (2)  (3) (4)  (5) (6)  (7) (8)  (9) (10) 
Dep. Variable: SaveHome Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu 

SaveHome  -0.263***   -0.248***   -0.242***   -0.267***   -0.235*** 
  

 
(0.081) 

  
(0.092) 

  
(0.090) 

  
(0.076) 

  
(0.091) 

Theft -0.070***   -0.070***   -0.068***   -0.070***   -0.069***  
  (0.025) 

  
(0.025) 

  
(0.026) 

  
(0.025) 

  
(0.026) 

 

Trust yourself 0.041**   0.039**   0.041**   0.041**   0.040**  
with  money (0.017) 

  
(0.017) 

  
(0.017) 

  
(0.017) 

  
(0.017) 

 

Sand / Mud Floor -0.063***   -0.063***   -0.061***   -0.061***   -0.059**  
  (0.024) 

  
(0.024) 

  
(0.023) 

  
(0.023) 

  
(0.023) 

 

Having Bank ID    -0.085** -0.013        -0.075* -0.008 
  

   
(0.041) (0.032) 

       
(0.041) (0.032) 

Want to know more     0.021 0.085***     0.082*** 0.021 
ways of saving money 

     
(0.018) (0.017) 

    
(0.017) (0.018) 

Want to know how to        -0.017 0.015  -0.011 0.018 
open bank account 

         
(0.019) (0.015) 

 
(0.019) (0.015) 

Socio-econ contr. Yes Yes  Yes Yes  Yes Yes  Yes Yes  Yes Yes 
Income controls Yes Yes  Yes Yes  Yes Yes  Yes Yes  Yes Yes 
Susu supply contr. Yes Yes  Yes Yes  Yes Yes  Yes Yes  Yes Yes 
Trust controls Yes Yes  Yes Yes  Yes Yes  Yes Yes  Yes Yes 

ρ 0.692  0.652  0.635  0.703  0.615 
Log-Likelihood -3421.775  -3419.204  -3407.102  -3419.969  -3403.728 
Observations 3465  3465  3465  3465  3465 

Notes: Average marginal effects based on a bivariate Probit model are reported. Robust standard errors clustered at the enumeration area 
(primary sampling unit) are reported. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

A.3 Interaction with Gender – Coefficient Estimates 

This section provides additional results related to the interaction effect between gender and being a 

main earner estimated in Table 3 in the paper. Table 7 reports the share of females being main earner. 

In the majority of households (59 percent), the main earner is male. 

TABLE 7—FREQUENCIES: WOMEN AND MAIN EARNER 

  Main Earner  
    no yes Total 

Gender 
Male 30.7% 59.0% 45.2% 

Female 69.3% 41.0% 54.8% 

Notes: Frequencies are based on the sample used in Table 8 (N=3465). 

Table 8 provides the underlying coefficient estimates used to calculate the average marginal effects 

and the interaction effect reported in Table 3. 
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TABLE 8—CONTROLLING FOR ACCESS TO FORMAL BANKING SYSTEM PROXIES (BIVARIATE PROBIT MODEL) 

Coefficients reported 
Saving Behavior and Gender  Identification 

Bivariate Probit  Bivariate Probit  Bivariate Probit 

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

Dep. Variable: SaveHome Susu  SaveHome Susu  SaveHome Susu 

SaveHome  -1.231***   -1.307***   -0.160 
  

 
(0.318) 

  
(0.270) 

  
(0.413) 

Theft -0.219***   -0.220***     
  (0.080) 

  
(0.078) 

    

Trust yourself with 
money 0.124**   0.121**     
  (0.054) 

  
(0.053) 

    

Sand / Mud Floor -0.197***   -0.193**     
  (0.076) 

  
(0.076) 

    

Married -0.012 0.212***  -0.039 0.212***  -0.015 0.257*** 
  (0.053) (0.066) 

 
(0.055) (0.071) 

 
(0.054) (0.060) 

Female -0.053 0.255***  0.044 0.196**  -0.047 0.327*** 
  (0.051) (0.074) 

 
(0.076) (0.086) 

 
(0.050) (0.062) 

Main Earner 0.043 0.186***  0.148* 0.130  0.050 0.194*** 
  (0.055) (0.060) 

 
(0.082) (0.093) 

 
(0.056) (0.064) 

Female x Main Earner    -0.182* 0.072    
  

   
(0.100) (0.126) 

   

ρ 0.692  0.747  0.000 

P-value of ρ 0.045  0.025  0.999 

Log-Likelihood -3421.775  -3418.970  -3432.437 

Observations 3465  3465  3465 
Notes: Coefficients and robust standard errors clustered at the enumeration area (primary sampling unit) are reported. All models are 
estimated with socio-economic, income, Susu supply side, and trust controls as reported in models (8) and (9) in Table 4. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

Figure 3 plots the predicted probability of saving at home in panel (a) and of using the Susu collector 

in panel (b). The reported estimates in the lower half of Table 3 correspond to the difference in the 

predicted probabilities illustrated in Figure 3. In Table 3 column (3) the estimate for Female x Not Main 

Earner (Female x Main Earner) equals 0.014 (-0.046) and corresponds to the difference between the 

left (right) bars in Figure 3 panel. The difference in the gender difference depending on whether one 

compares the sex of the main household earner or not is denoted as Diff.-in-Diff. in Figure 3. 
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(a)      (b)  

FIGURE 3. INTERACTION EFFECT BEWEEN GENDER AND MAIN EARNER WITH RESPECT TO SAVINGS BEHAVIOR 

Notes: This figure plots the predictions of the bivariate probit model including the interaction effect between gender and being the main earner 
of the household (Table 3 , columns (3) and (4)). P-values on the differences are based on the estimates of the bivariate probit model. 

A.4 Results based on Linear Probability 2SLS Model 

Chiburis, Das, and Lokshin (2012) conduct simulation exercises to compare the performance of the 

bivariate probit model to linear 2SLS. In most cases the bivariate probit model outperforms the linear 

2SLS model. The simulation results suggest that coefficient of the 2SLS are especially uninformative 

when the treatment probability is low. In our case the treatment probability (reporting the fear of theft 

as thread to household income) is below 10 percent. Even in a single equation linear probability model, 

the estimated coefficient may be misleading. 1 Lewbel, Dong, and Yang (2012) shows that the 

coefficient estimates of the linear probability model do not even have the same sign as the probit 

estimates. The results reported in this section should therefore be interpreted with care. 

The estimates of the linear IV 2SLS model support the main findings in the paper. In some 

specifications, the results of the first stage F-Statistics on the instruments point towards a weak 

instruments problem. I report the p-values on the effect of saving at home on Susu saving based on three 

different weak instrument robust inference techniques. In all specifications, the p-value associated to the 

effect of saving at home on Susu are below 5 percent. 
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TABLE 9—IV RESULTS BASED ON LINEAR PROBABILITY 2SLS MODEL 

  OLS  LPM 2SLS  LPM 2SLS  LPM 2SLS  LPM 2SLS 
  (1)  (2) (3)  (4) (5)  (6) (7)  (8) (9) 

Dep. Variable: Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu  SaveHome Susu 
SaveHome -0.038***   -0.492***   -0.613**   -0.551**   -0.545** 
  (0.014) 

  
(0.171) 

  
(0.249) 

  
(0.233) 

  
(0.230) 

A-R Wald, F (p value) 
   

[0.013] 
  

[0.033] 
  

[0.033] 
  

[0.035] 
A-R Wald, w2 (p value) 

   
[0.011] 

  
[0.030] 

  
[0.030] 

  
[0.032] 

Stock-Wright, LM (p value) 
  

[0.014] 
  

[0.035] 
  

[0.034] 
  

[0.037] 

Theft   -0.112***   -0.067**   -0.056**   -0.057**  
  

  
(0.028) 

  
(0.026) 

  
(0.027) 

  
(0.026) 

 

Trust yourself with money  0.054***   0.044**   0.044**   0.044**  
  

  
(0.019) 

  
(0.019) 

  
(0.019) 

  
(0.018) 

 

Sand / Mud Floor   0.058*   -0.051*   -0.067**   -0.067**  
  

  
(0.030) 

  
(0.030) 

  
(0.030) 

  
(0.030) 

 

Socio-econ. contr. Yes  No No  Yes Yes  Yes Yes  Yes Yes 
Income controls Yes  No No  Yes Yes  Yes Yes  Yes Yes 
Susu supply controls Yes  No No  No No  Yes Yes  Yes Yes 
Trust controls Yes  No No  No No  No No  Yes Yes 

A-P First Stage F-Stat -  10.39   5.03   4.98   5.06  
Hansen J Test -  0.633   0.692   0.510   0.566  
Endog. Test -   0.004   0.009   0.013   0.012 
Observations 3465  3465 3465  3465 3465  3465 3465  3465 3465 

Notes: Instrumental variable estimates based on 2SLS. Robust standard errors clustered at the enumeration area (primary sampling unit) are 
reported. P-values robust to weak instruments are reported in brackets. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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A.5 Variable Description 

TABLE 10. DESCRIPTION OF ENDOGENOUS VARIABLES 

Variable Name Short Description  Full Description 
Saving at Home Respondent currently saves 

money at home 

 
Binary variable that equals 1 if the household saves at home. Zero otherwise.  

Susu Saving Respondent currently save 
with Susu deposit 
collectors. 

 
Binary variable that equals 1 if the household saves relies on services offered 
by Susu deposit collectors to save money. Zero otherwise. 

TABLE 11. DESCRIPTION OF EXOGENOUS VARIABLES 

Variable Name Short Description  Full Description 
Age Age of head of household 

 
The variable captures the self-reported data of the respondent. It is noisy 
variable as figure 12 indicates. I cancelled out all observations with a household 
head with an age less than 15. Such persons are excluded by the definition of 
the survey design, because only persons above an age of 14 years were targeted 
by the surveyors. 

Low Education Education of the respondent 
 

A binary variable that equals 1 if the respondent has at least primary school 
completed but no secondary degree. 

Intermediate 
Education 

Education of the respondent 
 

A binary variable that equals 1 if the respondent has at least secondary school 
completed but no university degree. 

High Education Education of the respondent 
 

A binary variable that equals 1 if the respondent has an university degree or 
higher. 

Financial Literacy Measure of financial literacy 
 

The measure of financial literacy captures answers of the household about 
different financial terms. The household reports whether he "heard and 
understand", "only heard" or "never heard" the following terms: Susu, Shares 
in stock exchange, Debit Card, Credit Card, Hire purchase, Microfinance, 
Insurance, Islamic Banking, Co-operatives, Cheque Book/Check, ATM, E-
Zwitch, Money Transfer, Mortgage/Home Loan, Minimum Balance, Mobil 
Phone Banking. The tem "E-Zwitch" refers to a Ghanaian electronic payment 
system. I follow (Patrick Honohan and Michael King 2011) and code 2 points 
for "heard and understand" 1 point for "heard". The variable has a range 
between [0, 32]. To avoid dropping observations in case of missing answers on 
single questions, I scaled up the financial literacy score if answers were 
missing. If for instance a person has not answered 2 of the 16 questions than I 
multiplied his score by the factor 16/14. 

Gender Gender of the respondent 
 

Binary variable describing the gender of the responder. Male = 1. Female = 0. 

Gone without 
enough food 

How often respondent has 
gone without enough food 

 
Binary variable measuring whether respondent has gone without enough food 
within the past year. The variable can take the following values: yes (1) and no 
(0). 

I See no Risk Estimation of risks threating 
the household 

 
Binary variable that equals 1 if the respondent reported to see no threat for the 
income of the household. 

Income per 
Household 
Member 

Self-reported per capita 
Income of the household 

 
The income variable is ordinal variable representing income of household 
within equal intervals. I drop the last (open) interval because possible 
heterogeneity in interval size would cause challenges to treat income as ordinal 
variable. However only 0.38% percent of households in the data set fall into the 
last category, therefore the loss of generality is limited. The household income 
is divided by the number of persons living within the household. 

Involved in 
Financial 
Decisions 

Measures whether 
respondent is involved in 
financial decisions 

 
Binary variable that equals 1 if the respondent answered “yes” on “Are you 
involved in making financial decisions for the household?”. 0 if the answer was 
“no”. 

Main Earner Respondent is main earner 
of the household 

 Binary variable measuring whether the respondent reported to be the main 
earner of the household.  Equals 1 if “yes” than, zero otherwise. 

Main income 
received daily 

Income frequency of the 
respondent 

 
Binary variable measuring whether household receives his main income on a 
daily basis. 1 if yes, otherwise 0. 

Married Marital status of the 
respondent. 

 
Binary variable that equals 1 if household is currently married and 0 otherwise. 

No of Household 
members 

Number of people living in 
the household 

 
Number of People living in the household above an age of 14. 

Sand / Mud Floor Quality of the floor of the 
house. 

 Binary variable that equals 1 if the household lives in a house with a sand or 
mud floor, zero otherwise. 

Theft Threat of theft 
 

Binary variable, which indicates whether the respondent reported theft as the 
biggest threat to the household income. 
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Variable Name Short Description  Full Description 
Time to Market Time the household needs to 

get to public places 

 
This variable captures the reported time the household needs to reach the 
market. The construction and the scale of the variable is the same as for the 
variable “Time to Public Place “. 

Time to Public 
Place 

Time the household needs to 
get to public places 

 
This variable captures the reported time the household needs to reach the 
primary school, health clinic/hospital and the post office. Surveyed persons 
choose between different time intervals. I used the mean of the interval 
boundaries and for the last open time interval (more than have a day) I assume 
8 hours. Therefore, the variable's unit is hours. I scaled the variable by the 
number of answers. It has a range of [0,8]. It can be interpreted as the average 
time the household need to get to a public place. I use this as proxy for the 
supply side of financial service providers. 

Trust in Financial 
Institutions 

Measure of trust in financial 
institutions 

 
The variable Trust measures the trust of the respondent in financial institutions 
like banks and informal savings clubs. Households get one point for each 
answer if they disagreed with the statements: "Banks take advantage of people", 
"You don't trust informal associations with your money", and "You do not trust 
them (banks) with your money". Which leads to maximum score (highest trust) 
of 3 and minimum score of zero (lowest trust level). The variable is normalized 
to one. Missing values are treated like described for the Financial Literacy 
variable. 

Trust yourself with 
money 

Trusting yourself to look 
after own money 

 Binary variable that is equal to 1 if responder agreed on the statement "You 
trust yourself to look after your money". 0 otherwise. 

Urban or Rural Living in an urban or rural 
area 

 
Binary variable measuring whether the household lives in an urban (1) or rural 
(0) area. 

Wealth Score Measures the relative wealth 
of the household 

 
The wealth score is based on questions about the ownership of household items 
and housing facilities using weights derived from a Principal Component 
Analysis (PCA). PCA was conducted separately for rural and urban households 
and results were pooled afterwards. 

 

A.6 Income Source of Household Heads in Ghana 

FIGURE A.1 MAIN SOURCE OF INCOME FOR HOUSEHOLD HEADS IN GHANA 

 

Source: Author calculations using data from (FinMark Trust 2011). 
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Essay 2: Complex ballot propositions, individual voting 

behavior, and status quo bias 

ZOHAL HESSAMI & SVEN RESNJANSKIJ1 

UNIVERSITY OF KONSTANZ, DEPARTMENT OF ECONOMICS 

 

Does the complexity of a referendum proposition matter for how well direct democracy 

is able to reflect the electorate’s preferences? We develop a novel measure of proposition 

complexity based on word counts of official pre-referendum booklets. We estimate a 

Heckman selection model on Swiss micro-data from representative post-referendum 

surveys on 223 propositions in 1981-2010. Increasing the complexity of propositions 

from the 10th to the 90th percentile decreases turnout by 21.6 ppts and the approval rate 

by 5.6 ppts. This implies a considerable status quo bias of an additional 12% of rejected 

propositions. 
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I. Introduction 

Direct legislation provides citizens with the opportunity to directly set policies. This influence comes 

at a cost, however. Voters have to decide about ballot propositions on a broad variety of issues. Often 

several propositions are at stake on the same day.2 In each case, voters can choose between the status 

quo (rejecting the proposition) and the proposed ballot measure (accepting the proposition). Since “a 

defining characteristic of many propositions is complexity” (Lupia 1994, p.63), voters may face 

considerable difficulties in estimating the personal consequences of accepting or rejecting a proposition. 

Various authors even go so far to assert that ordinary voters may not be sufficiently competent to take 

important political decisions (Magleby 1984; Cronin 1999).3 In any case the extent to which voters have 

a hard time deciding on a proposition likely varies across propositions with differing complexity.4  

The theoretical literature predicts that the complexity of propositions has a negative influence on the 

individual decision to turn out. One reason is that voters may derive less utility from turning out when 

they are less confident about their voting decision, which in turn should depend on the complexity of 

the proposition and voters’ issue-related knowledge and education level (Matsusaka 1995). In a similar 

vein, the swing voter’s curse theory predicts that less informed voters may rationally prefer to abstain 

from voting even when they have a strict preference in favor or against a proposition (Feddersen and 

Pesendorfer 1996). The empirical implication of these two theories is that on average voters should be 

more reluctant to participate in a referendum with increasing proposition complexity; this effect should 

be larger for less educated individuals.  

The theoretical literature also provides various arguments why voters may be more likely to reject 

propositions (i.e. prefer the status quo) with increasing complexity. First, according to Samuelson and 

Zeckhauser (1988) the existence of uncertainty - which in turn may be due to the complexity and a 

resulting poor understanding of an issue - may lead to a status quo bias (i.e. exaggerated conservativism 

in one’s voting behavior). Kahneman, Knetsch, and Thaler (1991) point towards loss aversion as driving 

factor for the status quo bias, whereas Quattrone and Tversky (1988) point out that a status quo bias may 

also arise from risk aversion derived from the concave curvature of the utility function. Second, 

Eichenberger and Serna (1996) argue that complexity increases the likelihood that voters make random 

errors in assessing the costs and benefits of a proposed ballot measure. Due to the nature of the voting 

procedure these random errors may have asymmetric effects on the outcome of a referendum and lead 

to a higher likelihood of rejecting a proposition. Third, a behavioral literature emphasizes that heuristics 

(such as the status quo heuristic) are primarily used in situations where people have to trade off the effort 

required in decision-making and the accuracy of one’s decision (Gigerenzer and Gaissmaier 2010). 

Gerber and Lupia (1999) identify a consensus among scholars that average citizens in direct 

democracies lack competence to make informed choices. From a rational choice perspective voter’s 

																																																													
2 Crowded ballots have been subject to criticism for many decades (see for instance Lapalombara and Hagan (1951)). 
3 In one of the most influential previous studies on proposition complexity, Magleby (1984) examines California ballots during the 1970s 

and argues that more than 17 years of formal education would be required to understand an average proposition as stated on a ballot. 
4 In a similar vein, Matsusaka (1992) underlines that the severity of low information and high uncertainty about the consequences of ballot 

measures varies from issue to issue.  
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characteristics that help to mitigate the uncertainty related to the content of the proposition should help 

to reduce the status quo bias. In this vein, better informed or better educated voters may have to invest 

less effort to understand the content of the proposition and are less likely to rely on the status quo 

heuristic in their decision-making process. Therefore, highly educated voters are less likely than less 

educated voters to reject propositions due to their complexity. The empirical implication of these three 

theories is that on average voters should be more likely to reject propositions with increasing 

complexity; again, this effect should be larger for less educated individuals.  

Even though the theoretical literature provides clear predictions that higher proposition complexity 

increases the likelihood that voters abstain from voting or reject propositions, evidence on the role of 

complexity in direct legislation is scarce.5 Higher complexity in direct legislation has been found to be 

associated with (i) a lower awareness of the propositions at stake (Nicholson 2003; Kriesi 2008), (ii) an 

interference with the pre-referendum deliberative process (Frey 1994), difficulties to translate political 

preferences into policy choices (Selb 2008); (iii) lower turnout or higher roll-off6 (Bowler, Donovan, 

and Happ 1992; Bowler and Donovan 1998; Reilly and Richey 2011), (iv) a stronger inclination to reject 

propositions (Bowler and Donovan 1998), and (v) a stronger reliance on parliamentary 

recommendations (Stadelmann and Torgler 2013).7 In particular, Reilly and Richey (2011) study the 

effect of the readability of propositions in terms of language and find that the number of propositions 

per ballot (as a measure of ballot complexity) has no independent effect on aggregate drop-off rates once 

readability is included in the regression model. This provides evidence that the individual complexity 

of propositions has effects that go beyond ballot-specific complexity measures.  

This paper makes three substantive contributions to the literature. One key challenge is to provide a 

suitable measure of complexity. Our first contribution is therefore to develop a new measure for 

proposition complexity. Conceptually, we take a different approach than the existing literature by 

constructing a measure of the underlying complexity of ballot propositions.8 Most of the existing 

empirical literature resorts to a convenient measure of ballot complexity which counts the number of 

propositions that were at stake on the same day (Selb 2008; Stadelmann and Torgler 2013). 

Alternatively, some studies use the number of words or number of lines devoted to a proposition on a 

ballot as a measure of proposition prolixity (Bowler, Donovan, and Happ 1992; Nicholson 2003; Kriesi 

2008). The first measure only takes into account how many propositions voters have to deal with on the 

same day and thus does not capture the complexity of an individual proposition. The second measure 

refers to a point in time where a voter has already taken a first decision – when a voter has already turned 

																																																													
5 In a precursory study, Hessami (2016) analyzes the effect of proposition complexity on aggregate referendum outcomes using the number 

of subjects per proposition as a measure of complexity. 
6 The roll-off rate – also referred to as the drop-off rate – captures the share of incomplete ballots that are submitted. Ballot roll-off indicates 

that voters choose to skip some ballot questions for instance due to high complexity of single propositions or crowded ballots. 
7 A related literature focuses on the position of a proposition on the ballot and analyzes the effect of so-called choice or decision fatigue on 

various outcomes such as abstention or the likelihood of rejection a proposition (Bowler, Donovan, and Happ 1992; Bowler and Donovan 
1998; Selb 2008; Matsusaka 2015; Augenblick and Nicholson 2016). 

8 Existing measures (ballot complexity and proposition prolixity) conceptually target complexity at a more superficial level, i.e. the number 
of propositions on a ballot and the proposition content as stated on the ballot. Our measure of proposition complexity does not require citizens 
to read the information booklets to be exposed to the complexity of a proposition. Instead, the length of the information text in the official 
information booklet concerning a proposition serves as a proxy of the underlying complexity of a proposition. 
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out and is sitting in front of the ballot. The second approach thus ignores voters who abstain in the first 

place. The complexity of a proposition that voters are exposed to prior to a referendum is the variable 

of interest which we capture with our novel complexity measure based on an extensive data collection 

effort for 276 federal referenda in Switzerland over the time period from 1981 to 2010. We use 

information provided in official pre-referendum booklets and in constructing this measure, we follow 

the literature which regards complex propositions as those that are “lengthy (…) and technical” (Lupia 

1994, p.65). While the level of technicality is subjective and difficult to measure, the length of the 

description of propositions can be measured.9 Since 1978, the Swiss government is obliged by law to 

disseminate a written information booklet before each referendum to all eligible voters (Schweizer 

Bundesrat 1978). We record the number of words in the information and debate section in this booklet 

for each proposition.  

Our second contribution is that to our knowledge we are the first to study the effect of complexity on 

voting behavior – or on voting behavior in direct legislation more generally – using an econometric 

specification which addresses sample selection. For any proposition voters face two decisions: (i) 

whether to participate in the referendum and (ii) conditional on participation whether to choose the status 

quo (reject the proposition) or the ballot measure (accept the proposition).10 Since the second decision 

(“vote decision”) is only observable for citizens that participate in the referendum, the classic sample 

selection problem arises (Heckman 1978, 1979). In our case, the selection bias is a participation bias.11 

Previous studies ignore sample selection and typically use aggregated data on the turnout rate or the 

share of yes- or no-votes as the dependent variable. We apply a structural approach based on two 

estimation equations (Heckman selection model). We solve the endogeneity problem by means of an 

exclusion restriction, i.e. we include a variable that influences the individual participation decision but 

which is arguably orthogonal to the vote decision. This allows us to portray more accurately how 

complexity affects individual voting behavior and to disentangle a direct effect of complexity on the 

vote decision and possible indirect effects via the participation decision. In view of existing theoretical 

contributions such as the swing voter’s curse theory it appears of utmost importance to us to take into 

account potential interrelations between participation and vote decisions. 

Our third contribution is to investigate the transmission channel for status quo bias due to proposition 

complexity. This has not been investigated in previous studies. Samuelson and Zeckhauser (1988) list a 

wide variety of explanations and channels for status quo bias but the empirical literature has so far rarely 

attempted to provide evidence on underlying channels. Our individual-level data on voting behavior 

allows us to dig deeper than previous literature. In particular, we validate the theoretical mechanisms 

proposed in the literature by investigating whether the effect of complexity on voting behavior is 

																																																													
9 This approach is partially inspired by Lupia (1994). He analyzes data on exit polls for five insurance reform propositions in California in 

1988 to study the role of information shortcuts (partisan cues, etc.) for individual voting behavior. Information is a particularly salient issue 
for these five propositions due to their unusual complexity and the fact that official information pamphlets were handed out to voters. 

10 In the context of our setting, the pre-reform situation represents the status quo. Voters are asked to approve a set of reforms in the ballot 
measure. Hence, a rejection implies that the pre-reform situation will prevail. In addition, note that the default in referendums is always the 
pre-reform situation. Therefore, a no-vote, which is conceptually a vote in favor of the status quo, is in effect a vote for the pre-reform situation. 

11 For propositions on immigration issues, Krishnakumar and Müller (2012) find a participation bias of 17 ppts which is quite substantial. 
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mediated by voters’ education level and the campaign intensity in national newspapers for a referendum 

on a particular proposition. Finally, we conduct five robustness tests which either validate our 

complexity measure or investigate the role of alternative transmission channels that may drive our main 

estimation results. 

We provide evidence that voters that have to decide on more complex propositions are more likely to 

reject them. An increase in complexity by one standard deviation is associated with an increase in the 

likelihood of rejecting a proposition of 5.4 percentage points (ppts). When we account for participation 

bias this effect is roughly 2.3 ppts smaller. Voters with a lower ability to understand complex issues (i.e. 

with a lower education level) are on average more than 10% more likely than highly educated voters to 

abstain from voting and to reject propositions. This effect is twice as large for propositions at the 90th 

percentile compared to propositions at the 10th percentile of the complexity distribution in our sample. 

Finally, our estimation results suggest that when the campaign intensity in newspapers is higher, voters 

are on average more inclined to participate in a referendum but are also more likely to reject a 

proposition. Overall, this implies that higher campaign intensity creates a kind of “illusion of 

competence” which leads to an even larger status quo bias.12 

We conduct five robustness tests that address potential concerns regarding our complexity measure 

and the possibility that alternative transmission channels drive our main estimation results. First, we use 

an alternative measure of proposition complexity based on voters’ stated perception of how difficult it 

was for them to form an opinion about the consequences of rejecting or accepting a propositions. The 

estimation results are very similar. Our objective complexity measure, however, has the advantage that 

it is unrelated to individual characteristics and can thus be used to study the interaction between voters’ 

characteristics and proposition complexity. Second, we use data on a survey question that indicates 

whether a respondent has or has not used the official information booklet. We find that our estimation 

results for the effect of complexity on individual voting behavior do not differ between booklet users 

and nonusers. This indicates that our complexity measure indeed captures proposition complexity at a 

deeper level. Third, additional estimations show that our complexity measure and our main estimation 

results are not confounded by the fact that more complex propositions are perceived by voters as more 

important. Fourth, we provide evidence that the government does not strategically manipulate 

proposition complexity to induce voters to vote in line with the government’s recommendation. Finally, 

we provide estimation results showing that our main estimation results and the size of our estimates is 

not contaminated by those propositions where survey bias as identified by Funk (2015) is particularly 

large.  

Our results have important policy implications. Direct democracy is often criticized as an elitist 

instrument that provides certain socioeconomic groups or powerful interest groups with disproportionate 

power. Our findings suggest that less educated citizens, i.e. citizens with weaker cognitive abilities, are 

																																																													
12 Hodler, Luechinger, and Stutzer (2015) find that lowering voting costs due to the introduction of postal voting is related to an increase in 

turnout, lower average political knowledge and education in the voting sample. In contrast to Hodler, Luechinger, and Stutzer  (2015), our 
estimation approach allows not only to investigate changes in the composition of the electorate, but also the overall effect of the vote outcome 
within a structural voting model. 
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disinclined to vote when propositions are highly complex. Lijphart (1997, p.1) claims that such “unequal 

participation spells unequal influence” and thereby calls the legitimacy of referenda on complex issues 

into question. However, in line with the concept of the swing voter’s curse (Feddersen and Pesendorfer 

1996), we find that biased citizens are more likely to abstain from voting which renders the vote outcome 

informationally superior since it mitigates the status quo bias in the vote outcome. By estimating the 

participation bias, we contribute a quantitative dimension to the discussion of the underlying trade-off 

between a representative vote outcome (Lijphart 1997) and an informationally superior vote outcome 

(Feddersen and Pesendorfer 1996). 

Second, we find that campaign intensity as measured by ad space in newspapers reduces the 

participation bias, but does not affect the status quo bias. An obvious implication of these findings is 

that media attention, does not necessarily increase voters’ competence. Governments should rather 

invest more resources in general education to form politically mature citizens who are able to make 

informed decision even if propositions are unusually complex.  

Finally, our structural estimation approach that models voting as a process of two sequential decisions 

– the decision to participate and the actual voting behavior – allows us to identify mechanisms which 

were hidden in previous work based on reduced form estimates. 

The remainder of the paper is structured as follows. Section II discusses theoretical considerations of 

the effect of proposition complexity on individual voting behavior. Section III presents the empirical 

strategy. Section IV describes the data. Section V presents the main estimation results. Section VI 

presents evidence on transmission channels and section VII results of five robustness tests. Section VIII 

concludes. 

II. Theoretical Considerations 

 Proposition complexity and the participation decision 

The theoretical literature predicts that the complexity of propositions has a negative influence on the 

individual decision to turn out. In the following, we will discuss briefly a few contributions which 

support this prediction. 

Downs (1957) and Riker and Ordeshook (1968) introduce a theory of voting based on a rational trade-

off between the costs of voting and the expected benefits. Matsusaka (1995) extends the traditional 

rational voter model by highlighting the role of limited information. Voters are portrayed as utility-

maximizing consumers who receive higher payoffs from casting their vote when they are more confident 

of their vote choice. One could extend this argument by taking into account that the amount of 

information that a voter needs to reach a certain level of confidence depends on the complexity of the 

issue at stake. In addition, Matsusaka (1995) states that information is meant to comprise specific 

information about an issue as well as general knowledge (the education level). This implies that more 

educated voters are less inclined to abstain from voting. We propose that it is the interaction between 



	 	

39 
 

the complexity of a policy issue and voters’ levels of education that influences whether voters will 

participate in an election or not. 

In a similar vein, the swing voter’s curse theory argues that less informed voters may rationally prefer 

to abstain from voting even when they have a strict preference in favor or against a proposition 

(Feddersen and Pesendorfer 1996). 

The empirical implication of these two theories is that on average voters should be more reluctant to 

participate in a referendum with increasing proposition complexity, and this effect should be stronger 

for individuals with a low level of education. 

 Proposition complexity and the vote decision 

The theoretical literature also provides various arguments why voters may be more likely to reject 

propositions with increasing complexity (i.e. to prefer the status quo). We will discuss three 

contributions in the following. 

First, Samuelson and Zeckhauser (1988) were among the first to draw wide attention to the issue of 

status quo bias in decision-making. They conducted a number of experiments which showed that 

individuals disproportionately tend to stick with the status quo. The authors draw on a broad range of 

insights from economics, psychology and decision theory to provide theoretical explanations for status 

quo bias. One of these explanations is the existence of uncertainty. The authors state that an early choice 

may have substantial advantage over an alternative. This could be for instance the status quo in a certain 

policy area before a referendum takes place. From a consumer choice perspective, Samuelson and 

Zeckhauser (1988) argue that consumers remain loyal to a chosen brand as long as their utility from 

consuming this product is above a certain threshold. In the context of referendums this implies that as 

long as voters enjoy a minimum level of utility or do not significantly suffer from the status quo they 

may reject a proposition and may not even bother to find out whether they might benefit from a policy 

change. The authors also argue that “the choice to undertake a decision analysis is itself a decision” (p. 

35).  If these costs are high, voters may only conduct this analysis once, take a decision, and then defer 

to this choice in the future. If we apply these ideas to the context of direct democracy, one could argue 

that both the complexity of propositions and voters’ education levels determine how large the cost of 

analysis is and whether a proposition is rejected or may be accepted.  

Second, a key insight of Eichenberger and Serna (1996) is that individual errors in the assessment of 

expected benefits, even if random, have asymmetric effects on the referendum outcome due to the nature 

of the voting procedure. A proposition may benefit an average voter; i.e. the associated policy changes 

generally increase net-utility (which seems plausible based on the general quality of governance in 

Switzerland). For an individual voter, however, these policy changes may or may not be beneficial. The 

complexity of a proposition increases the variance of the expected benefits of a proposition for a given 

voter. When complexity is higher, a larger number of voters will believe that this proposition is very 

beneficial or very harmful for them, i.e. individual errors become larger. Technically speaking, the tails 

of the distribution of expected benefits become fatter. The larger number of voters who (wrongly) 
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believe that the proposition is very beneficial for them is inconsequential for the referendum outcome. 

These voters would vote in favor of the proposition even if it were less complex. The larger number of 

voters who (wrongly) believe that the proposition is very harmful, however, has substantive 

consequences for the referendum outcome. Some of the voters who actually benefit from the proposition 

now underestimate its benefits and reject the proposition. This mechanism is likely to vary with the 

education level of voters. Random errors may be less relevant for more educated voters who are better 

equipped to process complex information or more specifically to gauge the personal costs and benefits 

of complex propositions. Related to this, Eichenberger and Serna (1996) state: “it is difficult to measure 

the complexity of an issue independently from the individuals’ human capital” (p.140). 

Third, a behavioral literature emphasizes that heuristics (such as the status quo heuristic) are primarily 

used in situations where people have to trade off the effort required in decision-making and the accuracy 

of one’s decision (Gigerenzer and Gaissmaier 2010). Therefore, better informed or better educated 

voters may have to invest less effort and are less likely to rely on the status quo heuristic in their decision-

making process. Highly educated voters will therefore be less likely than less educated voters to exhibit 

a status quo bias, even though they may also reject propositions because they are highly complex.  

The empirical implication of these three theories is that on average voters should be more likely to 

reject propositions with increasing proposition complexity; this effect should be stronger for individuals 

with a low level of education.  

III. Empirical Strategy 

 Participation bias and endogeneity 

For any proposition that is at stake, voters face two decisions: (i) participation versus abstention and 

(ii) conditional on participation the status quo (reject the proposition) versus the ballot measure (accept 

the proposition). Since the vote decision is only observable for the subset of citizens that participate in 

the referendum, the classic sample selection problem may arise (Heckman 1978, 1979).  

We hypothesize that the participation and the vote decision are both influenced by the complexity of 

a proposition. The two decisions can be represented by the following binary choice models: 

(1)  									 ∗ 	 	 ,				 1	if		 ∗ 0,	

																																																															 0	otherwise. 

(2)  - ∗ 	 , - 1	if		 - ∗ 0,	

																																																			 - 0	otherwise. 

where vector  includes a set of control variables.13 In equation (1), the complexity of the entire ballot 

is relevant for the participation decision (i.e. the sum of complexity across all propositions on a ballot), 

whereas in equation (2) the complexity of individual propositions is relevant for the vote decision. 

																																																													
13 For notational convenience, we use the same Greek letters indicating the coefficients to be estimated in equation (1) and (2). However, 

they can represent different estimates in each equation. We stick to this convention throughout the paper. 
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According to Heckman (1979), the effect of self-selection of citizens into the voting sample can be 

interpreted as omitted variable problem in the voting equation (2). Several solutions to this problem may 

come to mind. 

A first idea would be to restrict the sample to the voting population, i.e. to ignore the first equation 

and only rely on the data of the subsample of citizens who actually voted. This approach completely 

ignores the fact that complexity (and any other variable) that alters the decision to vote in favor of a 

proposition may also change the composition of voters participating in the election. This would cause 

either an upward or downward bias in α depending on how voters and non-voters differ in their response 

to complexity. If an increase in complexity causes citizens which otherwise would have voted against 

the proposition to abstain from voting, then  (a measure of the magnitude of the status quo bias) would 

be downward biased in regression equation (2), overstating the extent of the status quo bias.14 

A second potential solution is to control for participation in the vote decision equation and to use an 

instrument for the potentially endogenous participation decision. However, an IV approach is not 

feasible since the vote decision is only observable for citizens who participate in a referendum. 

 Another solution for the omitted variable problem in equation (2) is to control for all characteristics 

of the participating decision by adding additional variables in equation (2). Even after controlling for all 

observable characteristics, the selection process might still be driven by unobservable factors. Building 

on the literature on status quo bias (Samuelson and Zeckhauser 1988), unobserved characteristics of 

respondents such as the ability to cope with complex propositions or preference parameters like risk 

aversion may influence whether they are willing to bear the participation costs and whether they are 

biased towards supporting the status quo. 

Our solution to the described selection problem is to use a Heckman selection model, which is 

identified with the help of an exclusion restriction, i.e. we include a variable in the first equation that 

influences the participation decision but which is arguably orthogonal to the vote decision. In doing so, 

we can estimate the magnitude of the selection bias – which is synonymous to the participation bias –  

and correct our estimates regarding the effect of complexity on the individual vote decision for this bias. 

In this paper, the analysis of self-selection of citizens into the sample of voters should not be 

understood as a primarily statistical problem, but rather as an attempt to bring the statistical analysis 

closer to the structure of the underlying political-economic theory related to the act of voting. 

 Exclusion restriction and Heckman selection approach 

Without an exclusion restriction in equation (1), identification would solely rely on the bivariate 

normality assumption for the functional form of the error terms. Wooldridge (2010) shows that 

identification based on this assumption alone can be misleading and produce spurious results. In our 

setting, a valid exclusion restriction requires a variable that influences participation but that has no direct 

effect on the vote decision.  

																																																													
14 In equation (2), a status quo bias corresponds to a negative estimate of . 
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Based on a sizable literature on the relationship between the closeness of elections and turnout, we 

include the ex-post approval share of a proposition, i.e. the share of yes-votes among all valid votes that 

are cast, as a valid exclusion restriction. A positive correlation between the closeness of an election and 

the individual likelihood to cast one’s vote is firmly grounded on various theoretical arguments. The 

seminal literature asserts that the benefit of voting increases with the probability of casting the decisive 

vote (Downs 1957; Riker and Ordeshook 1968). This probability is higher when an election is contested. 

This has been denoted in the literature as the Downsian Closeness Hypothesis (Matsusaka and Palda 

1993). A second prominent explanation for this positive relationship relies on more mobilization efforts 

(lowering participation costs) by stakeholders in contested elections which affects the individual 

probability to participate in the referendum (Denver and Hands 1974; Key and Heard 1984; Cox and 

Munger 1989). On the other hand, there is no reason why a close election would make it more likely 

that voters support or reject propositions, i.e. there is no correlation between the vote decision and the 

closeness of elections.15  

Our Heckman selection approach can be described by the following two binary choice equations:  

(3) 												 ∗ 	 	 ′ , 1	if		 ∗ 0,	

		 0	otherwise,																						 

(4)  - ∗ 	 , - 1	if		 - ∗ 0,	

	 - 0	otherwise,																								 

                                      with | , ∼ 	 0
0
,
1 	
	 1 , 

where  captures the exclusion restriction.16 The error terms  and  are assumed to be distributed 

bivariate normal with , ∼ 	 	 0, 0, 1, 1, , where  denotes the correlation between 

the error terms. By estimating  within the Heckman selection model, we are able to control for 

unobserved factors influencing both the turnout and vote decision. An estimate of  different from zero 

would point towards a presence of a selection (participation) bias justifying the Heckman selection 

model as preferred estimation strategy over the simple probit estimates based on equations (1) and (2). 

As in section III.A, in the participation equation complexity is aggregated at the ballot level, whereas in 

the voting equation complexity is included at the proposition level. Vector x includes a number of control 

variables for standard voter characteristics: female dummy, age, education level, knowledge about the 

proposition, married dummy, Protestant dummy, employed dummy.17 We additionally include dummies 

for the canton in which the respondent is living, the year in which a referendum is held and the policy 

																																																													
15 In principle, the share of yes-votes depends on the sum of individual vote decisions and may appear to be an invalid exclusion restriction 

at first sight. However, the absolute number of valid votes for each proposition in the time interval covered in our sample (1981-2011) was on 
average 2 million. Therefore, the individual vote decision has a negligible influence on the share of yes-votes. Another thought experiment 
illustrating the validity of our exclusion restriction. Imagine a new variable for the share of yes-votes is constructed where we exclude the vote 
of one individual. The value of the adjusted share of yes-votes would change only to a very small degree, which would not affect our estimation 
results. 

16 To be more precise, we will include the approval share as well as its square since we expect an inversely U-shaped relationship. 
17 Brunner, Ross, and Washington (2011) show that economic conditions shape preferences on direct-democratic legislation. In our 

estimations, this would at least be partially captured by the employed dummy. Funk and Gathmann (2015) provide evidence that female voters 
make different choices on direct-democratic propositions in Switzerland than male voters. 
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area in which a proposition falls.18 The inclusion of additional controls is a straight-forward way to 

control for a selection bias in equation (4), if selection is only driven by observables. However, it is 

unlikely that voters’ preferences as well as their capacity to understand complex proposition can be fully 

accounted for by the inclusion of standard socio-economic variables. The empirical results of the 

selection model presented in section V.B support this view. 

We use the log of the number of words for the information text of a proposition as the complexity 

measure (more details will be provided in section IV.B) since we expect that the same absolute increase 

in the number of words of the information text has a stronger effect on voting behavior for instance for 

an increase from 100 to 200 words than for an increase from 1000 to 1100 words, i.e. relative rather 

than absolute differences are relevant for voters. All hypothesis tests are based on standard errors that 

are clustered at the ballot level. As suggested by Freedman and Sekhon (2010), we solve the two-

equation model in equations (3) and (4) using full information maximum likelihood estimation19 instead 

of the two-step procedure originally introduced by (Heckman 1978, 1979). The first precursory study 

that estimates two probit equations in a Heckman selection framework is Van de Ven and van Praag 

(1981). 

IV. Data Description 

 Post-referendum survey data 

We use data from standardized and representative polls conducted after each national referendum in 

Switzerland since 1981. The GfS Research Institute in Berne conducts these surveys on behalf of the 

Institutes of Political Science at the Universities of Berne, Geneva, and Zurich (FORS - Swiss 

foundation for research in social sciences 2012). A random sample of 700 to 1000 eligible voters is 

selected from the Swiss telephone book and surveyed within two weeks after the elections.20 

What is most important for our purposes is that the VOX survey asks citizens about their participation 

in each referendum as well as their individual vote decision. These are our dependent variables in 

equations (3) and (4). The respondent is also asked about his knowledge about the proposition, the kind 

of media consulted prior to the referendum, the perceived importance of the vote, and various personal 

characteristics (age, gender, education, marital status, profession, etc.). Summary statistics for all 

variables at the respondent level are to be found in table A.1 in the appendix. 

																																																													
18 Status quo bias and the willingness to participate in referenda may differ across cantons for cultural reasons. Year dummies allow us to 

capture common shocks in specific time periods as well as trends in participation and vote decisions. Policy area fixed effects reduce the 
variation in proposition complexity by the amount that is exclusively due to the policy area. 

19 The log-likelihood function from which the parameters have to be estimated is given by: ln , , , , ; , , , , ,

∑ lnΦ , ,, ∑ lnΦ , 	 ,, ∑ Φ
. The variables Participate and Yes-vote are denoted by  and . Parameters corresponding to the participation equation (3) are denoted 

by a subscript , whereas parameters denoted by  correspond to the voting equation (4). Φ  represents the bivariate normal cdf. Φ denotes 
the standard normal cdf. 

20 The interviews are conducted as follows. The interviewer calls, introduces himself and asks whether there is an eligible voter in the 
household. If there are several eligible voters in a household, the one who has his birthday on the earliest day in the year is interviewed. 
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 Official information booklets and complexity measure 

Since 1978, the Swiss government is obliged by law (Schweizer Bundesrat 1978) to mail a written 

information booklet before each national referendum to all eligible voters. The office in charge of 

writing the information booklet (“Bundeskanzlei”) has to follow strict legal rules regarding the content 

of the information material. The booklets are required to be short, objective, transparent, and in line with 

the principle of proportionality (Bundesgericht 2008). It is explicitly forbidden by law to influence the 

decision-making process of voters towards accepting the proposition.21 

Each proposition has a separate chapter in the booklet. The booklets on average have a total size of 

around 50 pages. Each chapter usually consists of four sections, a short summary, a detailed information 

section, a debate section comparing arguments against and in favor of the proposition, and a legal section 

in which parts of the wording of the law are published that would change if the referendum is successful. 

We construct a novel proposition complexity measure based on the information booklets. We use 

standard office software that transfers the booklets into a machine-readable format that allows us to 

count the number of words in the information and debate section for each proposition. Highly complex 

propositions are associated with a more detailed and therefore longer description in the booklet. The 

strict legal framework requires a short and balanced booklet text and prohibits that the government 

agency in charge of writing the information booklets influences voters by exaggerating the view of the 

government. We therefore argue that the length of the information text is determined solely by the 

necessity to provide longer descriptions of more complex propositions to ensure that the content of the 

information booklets complies with legal requirements.22 

Several mechanisms may cause the complexity of a proposition to be positively associated with the 

number words used in its information text. First, the content of the proposition itself is difficult to 

understand. In that case, one would expect a more extensive description to make the topic of the 

proposition accessible to the average citizen. Second, a proposition that implies various individual policy 

measures in a certain policy area requires a description of each policy measure and therefore requires a 

longer description in the official booklet. 

																																																													
21 In a robustness test reported in section VII.D, we find no empirical evidence for a correlation between the Government recommendation 

and our text based complexity measure. 
22 An alternative measure for complexity could be constructed based on the legal text that would change if a referendum is successful. Each 

proposition gives rise to a change to the constitution or to existing laws. Huber and Shipan (2002), however, argue that the detailed language 
and the resulting length of the legal text might be driven by politicians’ incentives to delegate policy making to other policymaking authorities 
such as bureaucrats. 
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FIGURE 1. DISTRIBUTION OF THE PROPOSITION COMPLEXITY MEASURE 

Notes: This figure depicts the variation in our proposition complexity measure using a Gaussian kernel density plot with a kernel bandwidth 
of 100 words. The dashed red line represents the median of the complexity measure. The dotted grey lines correspond to the 10th, 25th, 75th, 
and 90th percentiles, respectively. For better readability, the information text axis is restricted to values below the 99th percentile. 

Figure 1 illustrates the large variation in proposition complexity in our sample of 276 federal 

referendums in Switzerland between 1981 and 2010. The median length of the information text is around 

1,500 words; roughly 80 percent of the observations lie between 900 and 2,300 words. 

V. Estimation Results 

 Probit estimations for the participation and vote decision 

In this section, we report estimation results that we obtain when ignoring participation bias. We 

estimate two separate estimation equations (see equations (1) and (2)) using the probit estimator. The 

benefit of this exercise is to obtain a benchmark based on a naïve empirical strategy and to be able to 

assess how different the results are from the case when we account for participation bias (see section 

V.B). 

Table 1 collects the regression results for the participation decision (models (1) to (4)) and the vote 

decision (models (5) to (8)).23 We report average marginal effects instead of probit coefficients. Note 

that the sample size for the estimation of the vote decision is only about half as large ( 107.420  as 

the sample used for the estimation of the participation decision ( 204.818  since we only observe 

the vote decision for citizens who participated in the referendum.  

																																																													
23 Summary statistics for the variables used in the regressions are provided in table A.1 in the appendix. 
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TABLE 1—PROBIT ESTIMATION RESULTS: COMPLEXITY AND THE INDIVIDUAL PARTICIPATION AND VOTE DECISION 

Avg. Marginal Effects 
reported 

Dep. Var.: Participation  Dep. Var.: Yes-Vote 

(1) (2) (3) (4)   (5) (6) (7) (8) 

Complexity (ballot) -0.098*** -0.104*** -0.115*** -0.122***       
(0.036) (0.036) (0.043) (0.036) 

     

Complexity (proposition)     -0.085** -0.081** -0.093*** -0.105***       
(0.040) (0.035) (0.034) (0.030) 

Rural -0.003 -0.010** -0.008* -0.008  -0.040*** -0.035*** -0.036*** -0.037***  
(0.005) (0.004) (0.005) (0.005) 

 
(0.007) (0.007) (0.007) (0.007) 

Female -0.003 -0.004 -0.004 -0.002  0.020*** 0.023*** 0.024*** 0.024***  
(0.006) (0.006) (0.006) (0.006) 

 
(0.008) (0.007) (0.006) (0.006) 

Age 0.005*** 0.005*** 0.005*** 0.005***  -0.001** -0.000* -0.000 -0.000  
(0.000) (0.000) (0.000) (0.000) 

 
(0.000) (0.000) (0.000) (0.000) 

Education 0.044*** 0.044*** 0.036*** 0.035***  0.016*** 0.017*** 0.018*** 0.018***  
(0.003) (0.003) (0.002) (0.002) 

 
(0.005) (0.004) (0.003) (0.003) 

Proposition Knowledge 0.056*** 0.056*** 0.065*** 0.068***  0.027** 0.031*** 0.028*** 0.028***  
(0.005) (0.005) (0.005) (0.004) 

 
(0.012) (0.008) (0.007) (0.006) 

Married 0.071*** 0.069*** 0.073*** 0.072***  -0.012* -0.012** -0.013*** -0.013***  
(0.007) (0.006) (0.006) (0.006) 

 
(0.006) (0.006) (0.005) (0.005) 

Protestant 0.017*** 0.011* 0.021*** 0.020***  -0.006 -0.009* -0.007 -0.007  
(0.005) (0.006) (0.005) (0.005) 

 
(0.007) (0.005) (0.004) (0.005) 

Employed -0.002 -0.006 -0.005 -0.005  0.003 0.001 -0.001 -0.001  
(0.006) (0.006) (0.006) (0.005) 

 
(0.006) (0.006) (0.006) (0.006) 

Canton dummies No Yes Yes Yes  No Yes Yes Yes 
Referenda type dummies No Yes Yes Yes  No Yes Yes Yes 
Year dummies No No Yes Yes  No No Yes Yes 
Policy area dummies No No No Yes  No No No Yes 

Pseudo R2 0.140 0.149 0.164 0.172 0.009 0.058 0.070 0.087 
Observations 204818 204818 204818 204818   107420 107420 107420 107420 

Notes: The table establishes the negative and significant effect of complexity on eligible voter’s probability to participate in a referendum and 
to vote in favor of a proposition. Average marginal effects based on probit regressions are reported in all specifications. The marginal effect of 
age is based on age and its squared term. Heteroskedasticity-robust standard errors clustered at the ballot level are reported in parentheses. 
Summary statistics are provided in table A.1 in the appendix. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

The results for models (1) to (4) suggest that the (average marginal effect) coefficients of all 

complexity measures are negatively and significantly related with the probability of participating in the 

referendum.24 The magnitude of the negative effect of complexity on participation is considerable. Based 

on our estimates in model (4), when complexity increases by one standard deviation (i.e. the information 

text is 3992 words longer at the ballot level), citizens on average have a 6.4 ppts lower probability to 

participate in the referendum.25 These results are robust to the inclusion of fixed effects for cantons, 

referenda type, years, and policy areas. The results also show that more educated, more politically 

interested and more knowledgeable voters are significantly more likely to participate in a referendum. 

A reasonable explanation is that these voters have to invest fewer resources to estimate the consequences 

																																																													
24 The high significance levels in our statistical tests are not driven by the large sample size used in the regression analysis. Our objective 

complexity measure varies only at the proposition, respectively ballot level. Therefore, we correct our standard errors by clustering at the ballot 
level, allowing observations within a ballot to be correlated. The power of our statistical tests is therefore determined by the number of 
independent observations (ballots) in our estimation sample. With respect to the relatively low number of 74 ballots, high significance levels 
cannot be attributed to the size of the entire sample, but rather to a large quantitative effect (as we will illustrate later in this section) and maybe 
to relatively low noise in our estimates regarding the effect of complexity on voting behavior. 

25 This value is calculated based on a centralized change of one standard deviation in the complexity measure based on the log of the word 
count. 
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of their vote decision. The results for models (5) to (8) show that proposition complexity has a 

significantly negative effect on the probability of voting in favor of a proposition. Based on our estimates 

in model (8), when complexity increases by one standard deviation (i.e. the information text is 895 

words longer at the proposition level), citizens on average are 4.6 percentage points less likely to vote 

in favor of a proposition. The inclusion of fixed effects slightly increases the precision (through lower 

standard errors) and the size of the estimated marginal effect.26  

In Figure 2, we plot the results for the most complete models (models (4) and (8)) to discuss in more 

detail the size of our estimates.27 The shaded areas indicate the 95 percent confidence intervals. The 

vertical dotted lines illustrate the distribution of proposition complexity in our sample by indicating the 

10th, 25th, 50th, 75th, and 90th percentiles. 

 

FIGURE 2. EFFECT OF COMPLEXITY ON THE INDIVIDUAL PARTICIPATION AND VOTE DECISION 

Notes: This figure depicts the statistically significant negative effect of complexity on the probability that a voter participates in a referendum 
and votes in favor of a proposition. We plot average predicted probabilities against complexity. The estimates in panel (a), and (b) are calculated 
based on the estimation results for models (4) and (8) in Table 1. The shaded area in panels (a) and (b) represents the 95 percent confidence 
interval band of the predicted probabilities. The dotted vertical lines correspond to the 10th, 25th, 50th, 75th, and 90th percentiles of complexity, 
respectively. For better readability, the information text axis is restricted to values below the 99th percentile is plotted. 

According to Figure 2, the predicted participation rate for a low-complexity ballot (complexity at 90th 

percentile) is around 65% and falls below 50% for a high-complexity ballot (10th percentile). The 

predicted probability of voting in favor of a proposition drops by slightly less than 10 percentage points 

when comparing a low-complexity proposition (90th percentile) with a high-complexity proposition (10th 

percentile). Our estimation results based on a naïve empirical strategy that ignores participation bias 

point toward substantial status quo bias in voting behavior due to complexity. In the next section, we 

																																																													
26 These results derived from our objective, information text-based complexity measure are quantitatively in the same ballpark as the results 

derived with a subjective, survey-based measure. For comparison, we report the results based on our subjective complexity measure in table 
A.8 in the appendix. We find that citizens who reported difficulties to form an opinion have a 12.3 percentage point lower probability to 
participate in the election and a more than 5 percentage point lower probability to vote in favor of a proposition than citizens reporting no 
difficulties. The results of both, objective and subjective complexity measures provide strong empirical evidence for the existence of a status 
quo bias in the behavior of participating voters. However, the subjective survey based complexity measure might be confounded with 
observable and unobservable individual characteristics. We discuss this point in detail in section VII.A 

27 We follow McCloskey and Ziliak (1996) and Ziliak and McCloskey (2008), suggesting that the size of the estimate is at least as important 
as the statistical significance. The following graphical representation of the nonlinear relationship relies on comments in Wooldridge (2004) 
and Greene (2010). 
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will apply a more sophisticated empirical strategy to account for participation bias and thereby obtain 

unbiased estimation results. 

 Heckman estimations to identify and correct for participation bias 

As described in section III.B, we include the variables approval share and approval share squared in 

our estimations to implement the exclusion restriction.28 To test the validity of this approach, we regress 

the participation dummy on our measure for the voter’s expectation of a narrow voting decision using a 

probit estimator. Table 2 provides the regression results. We find a statistically significant hump-shaped 

relationship which we also illustrate in Figure 3. The highest participation rate is indeed associated with 

a close election outcome (share of yes-votes ~ 50%).29 

TABLE 2—CLOSENESS OF THE REFERENDUM OUTCOME AND PARTICIPATION 

Probit coefficients reported 
Dep. Var.: Participation 

(1) (2) (3) (4) 

Complexity (ballot) -0.322*** -0.326*** -0.404*** -0.412***  
(0.110) (0.111) (0.124) (0.109) 

Exclusion Restriction 
    

Approval Share 1.721*** 1.677*** 1.785*** 1.709***  
(0.593) (0.636) (0.658) (0.656) 

Approval Share squared -2.076*** -1.980*** -2.223*** -2.058***  
(0.579) (0.617) (0.678) (0.668) 

Canton dummies No Yes Yes Yes 
Referenda type dummies No Yes Yes Yes 
Year dummies No No Yes Yes 

Policy area dummies No No No Yes 

Pseudo R-squared 0.140 0.149 0.164 0.172 
Observations 204818 204818 204818 204818 

p-value for joint significance of linear and quadratic terms in:  
   Approval Share 0.000 0.003 0.001 0.003 

Notes: The table illustrates the significant hump-shaped effect of the approval share on the probability to participate in a referendum. Regression 
coefficients based on probit regressions are reported in all specifications. The variable approval share measures the share of yes-votes obtained 
from the official Swiss election data (University of Bern, Institute of Political Science 2013). The table also reports the p-value for the joint 
significance of the variable approval share and its squared term. All equations are estimated including individual controls as in Table 1. 
Heteroskedasticity-robust standard errors clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

																																																													
28Instead of relying on the quadratic specification, we could use a measure for the distance of the share of yes-votes from the 50% threshold. 

Our approach, however, is preferable. It allows the effect to be nonlinear, thereby we do not impose a hump-shaped relationship with a peak 
around 50%, but it is a result of the estimation. We therefore not only test whether the share of yes votes turns out to be a statistical significant 
regressor, but also whether the implied quadratic functional form is (i) indeed hump-shaped (negative coefficient of the approval share squared 
variable) and (ii) has its peak around 50% (see Figure 3) as theory would predict. 

29A second condition for the validity of our exclusion restriction is that the expectation of a narrow voting decision should have no direct 
effect on the decision to vote in favor of a proposition. This does not exclude the possibility of an indirect effect via the decision to participate, 
which does not violate the assumptions regarding to a valid exclusion restriction in the Heckman selection model. 
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FIGURE 3. (EXPECTED) NARROW OUTCOME ON YES VOTE 

Notes: This figure illustrates the hump-shaped relationship between an (expected) narrow referendum outcome and the probability that a citizen 
participates in a referendum. We plot the average predicted probability against the share of yes-votes. The estimates in panel (a), (b), (c) and 
(d) are calculated based on the results for probit regressions, in particular models (1) to (4) in Table 2. The shaded area represents the 95 percent 
confidence interval band of the predicted probability of participation. 

Table 3 presents the estimated coefficients for the Heckman selection model.30 The coefficients for 

the complexity measure have the expected negative sign and are significant at the 1 percent level. The 

estimated coefficient  measures the correlation between the error terms of the participation and the 

voting equation and can be interpreted as a measure of unobserved factors affecting both the 

participation and vote decision. The estimate for  is positive and statistically significant in all 

specifications. This implies that unobserved factors affect the probability to participate and the 

probability to vote in favour of the proposition in the same direction.31 This means that the indirect effect 

of complexity on the vote decision through the participation decision is positive. Higher complexity 

																																																													
30 Note that the number of observations is smaller in table 3 than in tables 1 and 2 (191669 instead of 204818). The reason is that in the two-

equation Heckman selection model any missing observation in the voting equation will also lead to a missing observation in the participation 
equation. 

31In all specifications we find the size of the correlation decreasing, as we include further controls and fixed effects. This result nicely 
illustrates the interplay between observables and unobservables in the model. Controlling for observable determinants decreases the role that 
unobserved factors play in determining the participation and vote decision. However, even in model (4) in Table 3, where we control for canton, 
referenda, year, and policy area differences (as well as socio-economic factors, which are included in all specifications in Table 3), the 
correlation coefficient  is still quantitatively large and precisely measured. 



	 	

50 
 

increases the probability that citizens (who otherwise would have voted against the proposition) are 

overwhelmed by complexity and therefore abstain from voting. 

TABLE 3—ESTIMATION RESULTS FOR HECKMAN SELECTION MODELS: COMPLEXITY AND THE INDIVIDUAL PARTICIPATION AND VOTE 

DECISION 

 Heckman coefficients 
reported 

Heckman (1)   Heckman (2)   Heckman (3)   Heckman (4) 

(1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2)  (4-1) (4-2) 

Dep. Variable: Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote 

Complexity  -0.266***   -0.282***   -0.331***   -0.341*** 
(proposition) 

 
(0.054) 

  
(0.082) 

  
(0.082) 

  
(0.079) 

Complexity -0.357***   -0.384***   -0.479***   -0.502***  
(ballot) (0.106) 

  
(0.121) 

  
(0.134) 

  
(0.119) 

 

Exclusion Restriction            
Approval Share 0.750   1.185   1.260*   1.428*   

(0.542) 
  

(0.774) 
  

(0.761) 
  

(0.733) 
 

Approval Share square -1.918***   -2.026***   -2.208***   -2.149***   
(0.506) 

  
(0.646) 

  
(0.763) 

  
(0.755) 

 

Unobserved Factors            
rho 0.892  0.555  0.517  0.395 

Wald test (p-value) 0.000   0.033   0.005   0.001 

Canton dummies No  Yes  Yes  Yes 

Referenda type dummies No  Yes  Yes  Yes 

Year dummies No  No  Yes  Yes 

Policy area dummies No  No  No  Yes 

Observations 191669   191669   191669   191669 

Notes: The table provides the estimated coefficients of the Heckman selection model and establishes the negative and significant effect of 
complexity on voter’s probability to participate and vote in favor of a proposition. The table also reports the correlation  between the error 
terms of both equations, as well as the corresponding p-values. All equations are estimated including individual controls as in Table 1. 
Heteroskedasticity-robust standard errors clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

The participation bias arises due to observed and unobserved factors which affect both decisions. 

Table 4 reports estimates for the resulting participation bias based on the regression results in column 

(4) in Table 3. Whereas on average only 46.8% of those citizens who are against the proposition 

participated in the referendums, 67.8% of the citizens who are in favour of the proposition participated 

in the referendums. The resulting participation bias in the average referendum outcome equals roughly 

11 ppts. 

TABLE 4—PARTICIPATION BIAS OF THE VOTING OUTCOME 

Voting Preferences and Behavior     
  Voting Yes Pr(v=1|π=1) 0.525 

  Preferring Yes Pr(v=1) 0.417 

  Participation Bias Pr(v=1|π=1) - Pr(v=1) 0.108 

Participation Behavior   
  Participation Pr(π=1) 0.555 

  Participation of Yes-Voters Pr(π=1|v=1) 0.678 

  Participation of No-Voters Pr(π=1|v=0) 0.468 

Notes: The table establishes the resulting participation bias of 10.8 percentage points and illustrates that potential yes-voters are more likely to 
participate than potential No-voters. The estimates are based on the model estimates in column (4) of Table 3. 

Since coefficients in nonlinear models (especially when these coefficients are associated with 

variables appearing in both the selection and the outcome equation of a Heckman selection model) are 
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difficult to interpret, we report average partial effects for our main variables of interest in Table 5. We 

also compare them with the respective results from the naïve single equation probit specifications as 

described in equations (1) and (2). The indirect effect of complexity on the vote outcome, 1|

1) – that can be identified with the Heckman approach – is positive. An increase of one standard 

deviation in complexity increases the average probability of voting in favor of a proposition by 2.3 

percentage points (5th column in Table 5). Higher complexity reduces the turnout rate of potential no-

voters more strongly than for potential yes-voters. However, the indirect effect is quantitatively not large 

enough to offset the opposing negative direct effect of complexity on the vote decision (-5.4 percentage 

points). 

TABLE 5—PARTIAL EFFECTS OF HECKMAN MODELS 

APE of ± 0.5 SD 
Probit   Probit   Heckman 

π=1   v=1|π=1   π=1 v=1|π=1 v=1 

Complexity   -0.046***   -0.054*** -0.051*** 
(proposition) 

  
(0.013) 

  
(0.013) (0.011) 

Complexity -0.082***    -0.082*** 0.023***  
(ballot) (0.020)       (0.019) (0.007)   

Notes: The table summarizes the average partial effects of a change of one standard deviation (centered,  ± 0.5 SD) in each complexity measure 
on participation and voting behavior based on the single equation models (column (4) in Table 2, and column (8) in Table 1) and the Heckman 
selection model (column (4-1) and (4-2) in Table 3). The Heckman model allows for an indirect effect of the variable Complexity (ballot) on 
the vote outcome via altering the participation decision. This indirect effect increases the probability of voting in favor of a proposition by 2.3 
percentage points if complexity changes by one SD (centered). Even though quantitatively important, the indirect effect is outweighed by the 
negative direct effect of complexity on the probability of voting in favor of a proposition of -5.4 percentage points. All results are based on 
regression estimates using the estimation sample used in the Heckman regressions (n=191669). 

Based on the estimates in Table 5, one might be tempted to accept the probit estimate for the average 

effect of complexity on voting behavior (-4.6 ppts) as a reasonable approximation for the Heckman 

estimates consisting of both direct (5.4 ppts) and indirect (2.3 ppts) effects of complexity. Yet, the 

direction of the bias of the probit estimates is systematically related to the complexity of the ballot. 

Figure 4 illustrates this by comparing the predictions for the vote outcome of the probit and the Heckman 

approach. Since probit estimates only based on the sample of voters neglect the participation decision 

of potential voters, they underestimate the probability of voting in favor of a proposition in cases in 

which complexity of the corresponding ballot is very high. This leads to lower participation and the 

neglected positive participation effect is strong, whereas they overestimate the probability of voting in 

favor of a proposition when ballot complexity is very low. The difference in the predictions between the 

probit and Heckman estimation results is quantitatively substantial and sometimes the probit estimator 

predicts that the proposition is accepted, while the Heckman estimator predicts that the proposition is 

rejected in the case of low complexity ballots. The opposite sometimes occurs for highly complex 

ballots. 
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FIGURE 4. COMPARISON OF PROBIT AND HECKMAN ESTIMATION RESULTS:  PREDICTED PROBABILTIES OF VOTING IN FAVOR OF A PROPOSITION  

Notes: This figure compares the results for the naïve probit estimations in section V.A with the Heckman estimation results in section V.B for 
the effect of complexity on individual voting behavior. We plot the average predicted probability of voting in favor of a proposition against 
the complexity of the proposition (direct effect) and the complexity of the ballot (indirect effect). The probit estimation (equation (2)) neglects 
the indirect effect. Therefore, the probit estimations are independent of ballot complexity. The estimates in the above figure are based on the 
estimates for model (4) in Table 3. The dotted vertical lines correspond to the 10th, 25th, 50th, 75th, and 90th percentiles of the respective 
complexity measure, respectively. For better readability, the information text axes are restricted to values between the 5th and 95th percentile. 

The last column in Table 5 provides the estimate of the effect of proposition complexity on the voting 

behavior of the entire electorate Pr 1 , including voters and non-voters. This estimate can be 

interpreted as the effect of complexity on the preference in favor of an approval of a proposition of the 

country’s population. This effect can only be identified with the Heckman model.  

In Table 4, the difference between the average probability of voting in favour of a proposition 

(Pr 1| 1 52.5%) and the average probability of preferring an approval of a proposition 

(Pr 1 41.7%) becomes evident. As denoted in the last column in Table 5, an increase of 

proposition complexity by one standard deviation reduces the average preference in the population for 

an approval of the proposition by 5.1 percentage points. This effect can be interpreted as the status quo 

bias in the entire population of a country, independently of the turnout decision.32 

 Simulations of the policy impact 

We conclude the presentation of the Heckman estimation results with a policy simulation exercise. 

We investigate to what extent proposition complexity may decisively influence a referendum outcome, 

i.e. tilt the aggregate outcome from approval to rejection and vice versa. In our policy simulation we fix 

complexity at the ballot and proposition level at the 10th percentile and calculate the individual 

																																																													
32 With a single equation regression model (such as the probit model in equation (2)), which focuses on the behavior of voters, these results 

could not be obtained. 
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predictions for each of the 191,669 observations in the sample. Afterwards, we repeat this exercise based 

on the 90th percentile.33 We refer to these as low and high complexity scenarios. 

In line with the results in Table 5, we find that the direct effect of proposition complexity (ignoring 

the participation effect) leads to a reduction in the probability of voting in favor of a proposition by 11.8 

ppts. However, the participation effect partially offsets the decline in approval. The predicted 

participation rate decreases by 21.6 ppts. Since the participation rate of citizens who would vote against 

the proposition declines disproportionately, the participation effect of ballot complexity (via the 

participation effect) on the approval rate leads to an increase of 6.1 ppts. In total, an increase in ballot 

and proposition complexity from the 10th percentile to the 90th percentile causes the approval rate to 

decline by 5.6 ppts. Relying on a simple probit estimation (for the subsample of voters, ignoring the 

participation effect) would result in a predicted decline in the approval rate by 9.4 ppts. This implies an 

overestimation of the complexity effect by more than 67%. 

In the final step of our simulation exercise, we average the individual predictions across propositions 

to obtain a collapsed data set containing the predicted approval rate for 223 propositions. Is complexity 

likely to alter the referendum outcome? We investigate in how many cases complexity causes the 

approval rate to decline below 50%. Figure 5 plots the cumulative distribution of the 223 propositions 

with respect to their (predicted) approval rate in the case of the low (red line) and high (blue line) 

complexity scenario. The left panel illustrates the joint complexity effect based on the Heckman 

approach. 

 

FIGURE 5. SIMULATION ON THE EFFECT OF COMPLEXITY ON APPROVAL 

Notes: N=223. This figure illustrates the effect of an increase in the complexity from the 10th percentile (low complexity scenario) towards the 
90th percentile (high complexity scenario). The figure is based on estimates of the approval rate for 223 propositions from 74 propositions. 

The vertical distance between the red and the blue line at the 50% approval rate threshold (dashed 

vertical line) is 27. This means that 27 out of 223 propositions would have been rejected in the high 

																																																													
33 For the proposition complexity measure, the increase in complexity from the 10th to the 90th percentile represent an increase from 937 and 

2346 words. Whereas an increase in the ballot complexity level from the 10th to the 90th percentile is associated with an increase from 2820 
and 11635 words. The estimates in this section are based on the Heckman model (4) in Table 4. 
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complexity scenario but not in the low complexity scenario. The right panel presents the difference in 

the approval rate if only the direct effect of complexity is at work, i.e. ignoring the offsetting 

participation effect. Without the participation effect, 54 propositions would have fallen below the 50% 

approval rate threshold. Again, the naïve probit model strongly exaggerates the effect of complexity on 

the number of tilted referendum outcomes: it predicting 44 additional rejected proposals. The difference 

between the predicted joint effect (Heckman model) and the probit model predication is again large (27 

vs. 44 additional rejected propositions) and also statistically highly significant ( 223, 4.14,

0.001).34 

VI. Channels 

In this section, we investigate whether the complexity-induced status quo bias in the vote decision is 

indeed driven by the mechanisms proposed in the theoretical literature. If this were the case, we should 

observe that citizens with a lower education level – who are less informed and less capable of 

understanding the consequences of a proposition – are more likely to reject a proposition. In addition, 

we investigate whether higher campaign intensity in the newspapers is able to mitigate the effect of 

complexity on status quo bias by lowering information costs and the likelihood of random errors. 

 Complexity and education 

The availability of an objective complexity measure is particularly valuable when interacting 

proposition complexity with individual voter characteristics such as education. Let , 	 ,  

denote the subjective complexity of a proposition which depends on the objective complexity of the 

proposition , a vector of observable individual characteristics  and a vector of unobservable 

individual characteristics (such as intelligence or cognitive skills) denoted by . Highly educated 

people may be better able to deal with complex issues leading to differences in voters’ reaction to 

complex propositions across education levels.35 Voter’s education is, however, also likely to be 

correlated with unobservable characteristics . The corresponding interaction term between 

subjective complexity and education is , , 	 , . It is, however, not clear how to 

interpret the estimate for this interaction term because as education changes, the perceived subjective 

complexity  changes as well.36 We circumvent the problems related to a subjective complexity 

measure (Eichenberger and Serna 1996) and use our objective text-based measure of complexity which 

is uncorrelated with individual voter characteristics, thus we estimate  which has a clear 

interpretation. 

																																																													
34 The test is based on a paired t-test. To correct the test procedure for clustering at the ballot level, we used a block bootstrap t-test relying 

on 999 replications. 
35 We indeed find that subjective complexity is positively related to objective complexity and negatively related to education. Table A.8 in 

the appendix provides the empirical results. 
36 The only way how the level of subjective complexity can stay constant w.r.t. to a change of complexity is if we assume a simultaneous 

change in unobservable characteristics offsetting the effect of education on the level of subjective complexity.  
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Since educated people are more likely to understand the consequences of complex propositions, we 

formulate the following hypothesis: with increasing complexity, less educated voters are more likely to 

use the status quo heuristic. To test this hypothesis, we re-estimate the Heckman selection model 

described in section III.B including an interaction term between proposition complexity and a university 

degree dummy which equals 1 for citizens with a university degree and 0 otherwise.37 We estimate the 

following Heckman selection model: 

(5) ∗ 	 λ	 γ	 	 ′ ,	

																		 1	if		 ∗ 0, 0	otherwise, 

(6)  - ∗ 	 λ	 γ	 ,	

		 - 1	if		 - ∗ 0, - 0	otherwise. 

Table 6 presents the estimation results. The upper part of the table reports regression coefficients; the 

lower part of the table reports the marginal effect for the variables of main interest. 

TABLE 6—STATUS QUO BIAS AND THE INTERACTION BETWEEN COMPLEXITY AND EDUCATION 

  Heckman (1)   Heckman (2)   Heckman (3)   Heckman (4) 

 (1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2)  (4-1) (4-2) 

Dep. Variable: Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote 

Complexity  -0.344***   -0.334***   -0.343***   -0.353*** 
(proposition) 

 
(0.083) 

  
(0.086) 

  
(0.082) 

  
(0.082) 

Complexity -0.527*** -0.493*** -0.517*** -0.516*** 
(ballot) (0.121) 

  
(0.136) 

  
(0.120) 

  
(0.121) 

 

University degree    0.349*** 0.241***  0.341*** 0.217***  0.390 -0.521     
(0.026) (0.040) 

 
(0.025) (0.035) 

 
(0.399) (0.537) 

Log Info Text (proposition) x Uni 
         

0.100            
(0.073) 

Log Info Text (ballot) x Uni          -0.006            
(0.047) 

 

Marginal Effects Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1) 

Complexity  -0.128***   -0.131***   -0.128***   -0.128*** 
(proposition) 

 
(0.033) 

  
(0.036) 

  
(0.032) 

  
(0.032) 

Complexity -0.168*** 0.039***  -0.158*** 0.055***  -0.164*** 0.041***  -0.164*** 0.041*** 
(ballot) (0.038) (0.013) 

 
(0.042) (0.016) 

 
(0.037) (0.013) 

 
(0.037) (0.013) 

University degree    0.110*** 0.057***  0.106*** 0.055***  0.106*** 0.053*** 

    (0.009) (0.011) 
 

(0.008) (0.011) 
 

(0.008) (0.011) 

Topic dummies Yes  No  Yes  Yes 

Observations 191669   191669   191669   191669 

Notes: The table reports the estimates of the interaction effect between the objective complexity measure and education (university degree vs. 
no university degree) and therefore indicates heterogeneity in the response to complexity for voters with different education levels. Probit 
coefficients are reported in the upper half of the table. Average marginal effects for the variables of interest are reported in the lower half of 
the table. The average marginal effect associated with the interaction term is illustrated Figure 6. All regressions are estimated with fixed 
effects for year, canton and referenda type and controls for individual characteristics. Heteroskedasticity-robust standard errors clustered at the 
ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

																																																													
37 Distinguishing citizens’ education levels only w.r.t to university and non-university degree keeps the analysis tractable and ensures that 

we can interpret our education unambiguously w.r.t. high and low education. 
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Model (1) in Table 6 provides the estimation results that we obtain when we do not control for citizen’s 

education.38 A university degree dummy is introduced in model (2), (3) and (4). Citizens with a 

university degree have an ~11 ppts higher probability to participate in a referendum and a ~6 ppts higher 

probability to vote in favor of a proposition. The coefficient for the interaction term between university 

education and complexity is positive but insignificant. However, neither the size nor the sign nor the 

statistical significance can be interpreted for interaction effects in nonlinear models (Ai and Norton 

2003; Berry, DeMeritt, and Esarey 2010; Greene 2010).39 To quantify the size and statistical significance 

of the interaction effect we follow the suggestion by Greene (2010) and analyze the predicted 

probabilities of participation and yes-voting for citizens with and without a university degree. Figure 6 

and Figure 7 present the corresponding graphs. 

 

FIGURE 6. PREDICTED PROBABILTIES OF VOTING IN FAVOR OF A PROPOSITION - VOTERS WITH AND WITHOUT UNIVERSITY DEGREE 

Notes: This figure illustrates the heterogeneous effect of complexity on voters’ probability to vote in favor or against a proposition for voters 
with respect to different education levels. Voters without a university degree change their voting behavior stronger towards the status quo as 
complexity rises. The figure plots the average predicted probability against the complexity of the proposition (direct effect) and the complexity 
of the ballot (indirect effect). The estimates in Figure 6 are based on the estimates of model (4) in Table 6. The dotted vertical lines correspond 
to the 10th, 25th, 50th, 75th, and 90th percentile of the respective complexity measure. For better readability, the information text axes are restricted 
to values between the 5th and 95th percentile. 

The slope of the surfaces in Figure 6 illustrates the marginal effect of complexity on the likelihood of 

accepting a proposition conditional on voters’ education level. Panel (a) illustrates status quo bias for 

both education groups. Voters with a lower education level vote against a proposition more often than 

highly educated voters holding a university degree, even when propositions have a low level of 

complexity. However, the effect of complexity on the likelihood of rejecting a proposition is weaker for 

highly educated voters. The difference in the expected probability of voting in favor of a proposition 

																																																													
38 This means that Model (1) in Table 6 only differs from Model (4) in Table 3 in the sense that the education is not controlled for. 
39 Hence, using a t-test to assess statistical significance of the coefficient of the interaction term is also invalid. 
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with a low level of proposition complexity is below 3%. This gap increases to about 8% for more 

complex propositions. 

 

FIGURE 7. DIFFERENCE IN THE PREDICTED PROBABILTY OF „YES-VOTE“ BETWEEN VOTERS WITH & WITHOUT UNIVERSITY DEGREE 

Notes: This figure illustrates the “difference in difference” w.r.t. the response to complexity of citizens with and without a university degree. 
The estimates in Figure 7 are based on the estimates of model (4) in Table 6. The dotted vertical lines correspond to the 10th, 25th, 50th, 75th, 
and 90th percentile of the respective complexity measure. For better readability, the information text axes are restricted to values between the 
5th and 95th percentile. 

Figure 7 plots the difference in the predicted probability of voting in favor of a proposition for 

university and non-university educated citizens. The predicted difference is not statistically different 

from zero for relatively easy propositions and increases to a statistically significant difference of more 

than 8 percent for more complex propositions. The gap between university and non-university citizens 

more than doubles if complexity increases. Based on the empirical results, we find lower educated 

citizens to be more affected by an increase in complexity than higher educated ones. 

 Complexity and campaign intensity  

A second implication of the channels proposed in the theoretical literature is that higher campaign 

intensity lowers the costs of information and therefore mitigates the status quo bias. Gerber and Lupia 

(1999) describe conditions under which information on campaign spending increases voter competence. 

However, Selb (2008) does not find a significant effect of campaign intensity on the ability of citizens 

to vote in line with their preferences. In this subsection, we test whether the status quo bias is less 

pronounced if costs for the acquisition of information on the proposition are lower. Lowering costs to 

access information – for instance due to more information campaigns – is expected to mitigate perceived 

complexity and should therefore reduce proposition complexity. Our proxy for information costs is 

related to the campaign intensity measured by the number of ads related to a given proposition in the six 
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major Swiss newspapers before the voting day.40 We estimate the following equations of the Heckman 

model41: 

(7)  ∗ 	 λ	 	

																																																					 γ	 	 ′ ,	

																							 1	if		 ∗ 0, 0	otherwise, 

(8)       - ∗ 	 λ	 	

																																							 γ	 ,	

																 - 1	if		 - ∗ 0, - 0	otherwise. 

In model (1) in Table 7, we reproduce our main results for the subsample for which data on information 

costs is available. 

TABLE 7—STATUS QUO BIAS AND THE INTERACTION BETWEEN COMPLEXITY AND CAMPAIGN INTENSITY 

  Heckman (1)   Heckman (2)   Heckman (3) 

 (1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2) 

Dep. Variable: Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote 

Complexity  -0.325***   -0.341***   -0.341*** 
(proposition) 

 
(0.082) 

  
(0.101) 

  
(0.125) 

Complexity -0.493***   -0.571***   -0.660***  
(ballot) (0.120) 

  
(0.097) 

  
(0.126) 

 

Campaign Intensity    0.167*** 0.035  -0.485 0.010 
(Number of Ads x 100) 

   
(0.032) (0.023) 

 
(0.319) (0.170) 

Log Info Text (proposition) x Campaign 
      

0.003         
(0.020) 

Log Info Text (ballot) x Campaign      0.072**  

       (0.035) 
 

Marginal Effects Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1) 

Complexity  -0.121***   -0.126***   -0.125*** 
(proposition) 

 
(0.032) 

  
(0.038) 

  
(0.042) 

Complexity -0.155*** 0.041***  -0.178*** 0.041***  -0.184*** 0.042*** 
(ballot) (0.037) (0.013) 

 
(0.030) (0.013) 

 
(0.034) (0.013) 

Campaign Intenstity    0.052*** 0.001  0.040*** 0.002 
(Number of Ads) 

   (0.010) (0.008) 
 

(0.009) (0.011) 

Observations 180337   180337   180337 

This table illustrates that the intensity of the coverage of the campaign regarding to a proposition in the media does not change the general 
tendency of the effect of complexity on voter’s probability to participate and vote in favor of a proposition. The variable campaign intensity is 
a measure of the number of ads related to a given proposition in the 6 major Swiss newspapers. All regressions are estimated with fixed effects 
for year, canton and referenda type and controls for individual characteristics. Heteroskedasticity-robust standard errors clustered at the ballot 
level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 

In model (2) and (3), we introduce the campaign intensity measure as well as an interaction term. 

Higher campaign intensity measured by an absolute increase in ads by 100 is associated with a 

statistically significant increase of 4 to 5.2 ppts in the participation rate. However, the effect of 

complexity on the approval rate is quantitatively low and insignificant. The results suggest that higher 

																																																													
40 We thank Hans-Peter Kriesi for kindly providing access to this data. 
41 The assumed structure of the error term in all following Heckman estimations is similar to the one described in section III.B. 
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campaign intensity mitigates the negative effect of complexity on participation. This result is supported 

by Figure 8. The effect of complexity on participation rates for a representative low (25th percentile in 

campaign intensity distribution) proposition is compared to proposition characterized by high 

proposition complexity (75th percentile in campaign intensity distribution). 

 

FIGURE 8. PREDICTED PROBABILTY OF PARTICIPATION  W.R.T. CAMPAIGN INTENSITY 

Notes: This figure illustrates the heterogeneous effect of complexity on voters’ probability to participate in an election with respect to different 
levels of campaign intensity. Low (high) campaign intensity is represented by the value at the 25th (75th) percentile in the campaign intensity 
measure. As ballot complexity increases, citizens’ participation rate decreases less, if campaign intensity is high. The figure plots the average 
predicted probability against the complexity of the proposition (direct effect) and the complexity of the ballot (indirect effect). The estimates 
in Figure 8 are based on the estimates of model (3) in Table 7. The dotted vertical lines correspond to the 10th, 25th, 50th, 75th, and 90th percentile 
of the respective complexity measure. For better readability, the information text axes are restricted to values between the 5th and 95th percentile. 

 When ballot complexity increases, participation rates decrease more in case of relatively low 

campaign intensity. This suggests that a high campaign intensity may weaken the negative effect of 

complexity on participation. 

Figure 9 plots the predicted probability of voting in favor of a proposition.42 The estimates in the 

figure illustrate that the status quo bias is arising in roughly similar size in proposition with low and high 

campaign intensity, when proposition complexity increases. The intersection of both surfaces in Figure 

9 along the ballot complexity axis illustrates the difference in the indirect effect transmitted through the 

heterogeneous response with respect to participation illustrated in figure 8.  

																																																													
42 The participation decision is only affected by the ballot complexity channel. Hence, the two surfaces in Figure 8 are parallel with respect 

to proposition complexity. We still use the 3-dimensional illustration, to make comparison among the Figure 8 and Figure 9 easier. 
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FIGURE 9. PREDICTED PROBABILTY OF „YES-VOTE“ W.R.T. CAMPAIGN INTENSITY 

Notes: This figure illustrates the heterogeneous effect of complexity on voters’ probability to vote in favor of a proposition in an election with 
respect to different levels of campaign intensity. Low (high) campaign intensity is represented by the value at the 25th (75th) percentile in the 
campaign intensity measure. The figure plots the average predicted probability against the complexity of the proposition (direct effect) and the 
complexity of the ballot (indirect effect). The estimates in Figure 9 are based on the estimates of model (4) in Table 7. The dotted vertical lines 
correspond to the 10th, 25th, 50th, 75th, and 90th percentile of the respective complexity measure. For better readability, the information text axes 
are restricted to values between the 5th and 95th percentile. 

The (indirect) participation effect of complexity mitigates the status quo bias in the vote outcome, 

because biased voters are more likely to stay at home. This effect is lower if campaign intensity is high, 

which can be seen by a lower slope of the blue surface with respect to ballot complexity in Figure 9. 

Even the quantitative effect is fairly small, still our results suggest that lower information cost not 

necessarily decrease the status quo bias because a higher share of relatively uninformed or uneducated 

voters is participating in the elections. This effect may be somewhat surprising, however it is within the 

range of possible expected results, if one includes the effect of the participation decision on the vote 

outcome. When exposed to high campaign intensity, citizens may overestimate their competence, which 

would explain the increase in turnout, whereas a high campaign intensity does not appear to mitigate the 

increase in the status quo bias for complex propositions. 

Why high campaign intensity does not mitigate the status quo bias.—We conclude the discussion on 

campaign intensity with an example that illustrates the magnitude of our results. Similar to the estimates 

presented in Table 5, we investigate how the complexity-induced change in voting behavior is mediated 

by different levels of campaign intensity. Figure 10 is based on the estimates of the Heckman model (3) 

reported in Table 7.  
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FIGURE 10. THE INTERACTION OF A CHANGE IN COMPLEXITY AND CAMPAIGN INTENSITY 

Notes: This figure illustrates the effect of a change by one standard deviation (centered, ± 0.5 SD) in ballot and proposition on the participation 
and vote decision for different levels of campaign intensity. The vertical dotted lines correspond to the 10th, 25th, 50th, 75th, 90th, 95th, and 99th 
percentile in the distribution of the campaign intensity measure. The dashed lines indicate the 95% confidence intervals. The figures are based 
on the estimates reported in Table 7. 

Panel (a) in Figure 10 shows how the participation rate changes when ballot complexity increases by 

one standard deviation for different levels of campaign intensity. The complexity-induced decrease in 

the participation rate ranges from about 10 ppts (for low campaign intensities) to less than 5 ppts (for 

high campaign intensities). The total effect of complexity (i.e. the sum of the direct and the indirect 

effect) on the approval rate is illustrated in panel (b). Since the participation rate decreases with 

campaign intensity, the positive participation effect of campaign intensity on the approval rate – 

represented by the blue line in panel (b) – declines, while the negative direct effect is almost constant as 

campaign intensity increases. The total effect of complexity on the approval rate illustrated by the black 

line; the effect slightly increases with increasing campaign intensity indicating that higher campaign 

intensity does not mitigate the arising status quo bias as complexity increases. This supports our findings 

described above. 

VII. Robustness tests 

In this section, we discuss the results for five robustness tests. We only discuss the main findings here. 

Tables and figures are available in the appendix.  

 Subjective proposition complexity 

First, we re-run our main estimations using an alternative complexity measure which is based on 

survey-based subjective perceptions of the complexity of individual propositions as stated by Swiss 

citizens.43 In the post-referendum VOX surveys, citizens were asked whether it was difficult for them to 

																																																													
43 We do not use the subjective complexity measure in the main analysis of this paper because it has several shortcomings compared to our 

objective complexity measure. First, it is potentially endogenous. For instance, non-participants may ex post justify their absenteeism with the 
excuse that it was difficult to decide. A second shortcoming arises due to the correlation of subjective complexity with citizens’ characteristics 
(see results in Table A.8 in the appendix). While the difficulty to form an opinion about a proposition is clearly associated with the objective 
complexity of a proposition , the subjective measure is most likely confounded with observable 	  and unobservable  individual 
characteristics like education and income or intelligence, which determine the individual ability to understand the content of complex 
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form an opinion about the proposition (survey question: “Did you find it rather easy or rather difficult 

given the provided information to imagine the impact of a yes- or no-vote on yourself with regard to this 

proposition?”). The binary variable difficulty to form an opinion is a straightforward indicator for the 

subjective complexity of the proposition.44 

All estimation results are qualitatively in line with our previous results reported in section V.B (see 

tables A.2 and A.3 in the appendix for comparison). This provides additional support that our booklet-

based objective complexity measure is indeed a valid measure of the underlying complexity of a 

proposition and that complexity has a considerable effect on individual voting behavior in referenda. 

 Does it matter whether voters read the information booklet? 

We argue that the length of the text describing a proposition in the official information booklet serves 

as proxy for the complexity of the proposition, independently of whether the voter has actually seen or 

bothered to read the booklet.45 An alternative mechanism which may explain the link between the length 

of the information text and the complexity of the proposition works as follows: If voters read a complex 

description of a proposition in the information booklet, they might be overwhelmed by the length of the 

information text itself. This would open up the possibility that a voter is overwhelmed not because the 

underlying proposition is complex, but rather because the description of the proposition is complex.  

If this alternative mechanism drives our main estimation results, a first empirical implication is that 

including a dummy that indicates whether a citizen has used the relevant information booklet should 

significantly affect our estimates for the effect of complexity on individual voting behavior. A second 

empirical implication of this potential mechanism is that the length of the information text should alter 

individual voting behavior only for those voters who actually use the information booklet. We test 

whether this mechanism is empirically relevant by estimating the following model: 

(9)      ∗ 	 λ	 γ	 	 ′ ,	

																		 1	if		 ∗ 0, 0	otherwise, 

(10)  	 - ∗ 	 λ	 γ	 ,	

											 - 1	if		 - ∗ 0, - 0	otherwise, 

where Booklet is a dummy variable that indicates whether a voter has used the information booklet. If 

the alternative channel is relevant, the effect of our complexity measures on the status quo bias should 

diminish or at least decrease substantially. 

																																																													
propositions. Therefore, the survey measure gives rise only to a subjective measure of complexity, which we denote by , 	 , . The 
confoundedness with variables such as education will make it difficult to use the subjective measure to identify heterogeneity in voters’ 
response to complexity with respect to education, since interacting education with the subjective measure is problematic as we discussed in 
section VI.A. A problem we do not face when using our objective booklet-based complexity measure, which is independent of individual 
characteristics. 

44 In the participation equation, we use the more general survey question: “In general, did you find it rather easy or rather difficult given 
the provided information to imagine the impact of a yes- or no-vote on yourself?” 

45 The booklets provide a reputable and widely used information source for a majority of voters (Rohner 2012). 
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Table A.4 in the appendix presents the estimation results. The lower part of the table reports average 

marginal effects. The inclusion of the booklet dummy does not affect the joint effect of proposition and 

ballot complexity on the likelihood to vote against a proposition (model (2)). Model (3) includes the 

interaction term.46 These effects are independent of proposition complexity and are therefore not directly 

linked to the effect of proposition complexity on the vote outcome.47 As mentioned before, an 

insignificant point estimate for the interaction term does not indicate a nonlinear interaction effect 

between proposition complexity and booklet use (Greene 2010). Therefore, we plot the predicted 

probabilities of participation and supporting a proposition for voters and nonvoters in figures A.2 and 

A.3 in the appendix. The results show that regardless of whether voters have read or not, proposition 

complexity has a similar effect on voting behavior. We conclude that the alternative channel is not 

empirically relevant and that the underlying complexity of a proposition is relevant for individual voting 

behavior. 

 Proposition complexity and proposition importance 

More important propositions may be associated with longer booklet texts. Therefore, our complexity 

measure may be confounded. If so, the question arises whether importance and not complexity is the 

mechanism that drives the effect of our complexity measure on voting behavior. Voters may be more 

likely to participate in a referendum if they perceive the proposition to be important.  In addition, the 

importance of a proposition likely mitigates the status quo bias because voters should be more likely to 

invest resources in understanding complex propositions when they perceive them as important. If our 

text-based complexity measure is indeed confounded with the importance of the proposition, our 

estimates should be downward biased, i.e. the true effect of complexity on the probability of abstaining 

from voting and rejecting a proposition is larger. To check for this possibility, we estimate the following 

models: 

(11)  								 ∗ 	 λ	 	 ′ ,	

																																				 1	if		 ∗ 0, 0	otherwise, 

(12)  - ∗ 	 λ	 ,	

																													 - 1	if		 - ∗ 0, - 0	otherwise, 

where Importance is a categorical dummy variable (scaled from 0 (unimportant) to 10 (highly important) 

measuring two types of importance that a survey respondent attaches to a proposition. In particular, the 

VOX survey asks the following questions: “How important are the consequences of the proposition for 

you personally?” and “How important are the consequences of the proposition for our country?” 

																																																													
46 These results also provide interesting evidence of an effect that is not important for the mechanism that is tested here but which may be 

of interest to readers. Voters using the information booklet are 2 ppts more likely to vote in favor of a proposition and almost 18 ppts more 
likely to participate in a referendum (see models (2) and (3)) in Table A.4. This shows that when voters make an effort of collecting more 
information they are more likely to turn out and less likely to reject a proposition. This is in line with previous theoretical considerations on 
the role of information for voting behavior (Matsusaka 1995; Feddersen and Pesendorfer 1996), even though of course the decision to read the 
booklet is endogenous. 

47 The role of the media – official sources and private media sources like television and newspapers – in the decision process in direct 
democracies and the relation between proposition complexity and media use by citizens is left for further research. 
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Since the survey questions about the perceived proposition importance were only asked in a subset of 

the referendums in our sample, we re-estimate our baseline model in column (1) in table A.5 in the 

appendix to obtain a benchmark with this smaller sample. The estimates are not substantially affected 

by this change in sample size. When we control for proposition importance, the negative effect of 

(objective) complexity on voting behavior increases only slightly (column (2) and (3)). This suggests 

that proposition complexity, and not proposition importance, is the driving force behind the negative 

effect. The average marginal effect of proposition importance on the probability of voting in favor of a 

proposition is positive and highly significant as we expected. This suggests that the importance of a 

proposition indeed influences voting behavior. We conclude that while proposition importance makes it 

more likely that voters turn out and support a proposition, our complexity measures do not seem to be 

confounded by proposition importance and our baseline results are not significantly altered. 

 Endogeneity of proposition complexity: Strategic manipulation by the government? 

Another concern is that the government may manipulate the information text of a proposition to 

influence citizens’ voting behavior. Note however that the scope for manipulation by changing the 

booklet text is limited due to legal restrictions on the drafting of the booklets (see section IV.B) as well 

as the absence of systematic differences in the effect of complexity on voting behavior between booklet 

users and non-users (see section VII.B above). Nevertheless, in this section we investigate whether the 

complexity of propositions (as measured by the length of the information text) is systematically smaller 

(larger) when the Swiss government supports (is against) a proposition. We estimate the following 

model:  

(13)  y 	 	, 

where GovernmentAgainst is a dummy variable that is 1 when the National Council advises voters to 

reject a proposition and 0 when the National Council advises voters to support a proposition. The data 

for this variable is taken from official election data provide by the University of Bern, Institute of 

Political Science (2013). If indeed the government attempts to manipulate voters, we expect that the 

estimate for α is positive and significant. 

The estimation results are reported in table A.6 in the appendix. We find that there is no significantly 

positive correlation between the government’s voting recommendation and our complexity measure. We 

conclude that our complexity measure is not confounded by attempts of the government to influence 

referendum outcomes in its favor.48  

 Potential survey bias in post-referendum surveys 

A general concern with post-election surveys is so-called survey bias, i.e. the possibility that voters’ 

responses are not truthful. Comparing the aggregate results of the VOX survey (FORS - Swiss 

																																																													
48 Note that our results do not prove that the government has no power at all to influence voting decision in a referendum. However, our 

results show that such manipulation does not appear to occur via the complexity of propositions. See Selb (2008) for details on the limits of of 
Swiss national government to influence the composition and content of ballots. 
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foundation for research in social sciences, 2012) and official election data (University of Bern, Institute 

of Political Science, 2013), Funk (2015) provides evidence for a significant difference in the share of 

yes-votes in the VOX survey compared to the official data in about half of the referendums. She also 

clearly indicates in her paper which propositions are affected by survey bias.49 This allows us to test 

whether our estimation results on the effect of complexity on individual voting behavior may be 

contaminated by survey bias. Due to a sense of civic duty, voters may feel pressured to state that they 

participated in a referendum when they actually did not. It is, however, ex ante not clear how this may 

relate to the effect of complexity on turnout or especially on the actual vote decision. The main purpose 

of this exercise is to obtain somewhat “cleaner” estimates in our baseline models by excluding those 

propositions where Funk (2015) provides evidence for survey bias. 

We re-estimate our baseline Heckman model for different subsamples, in which we systematically 

exclude propositions with the highest survey bias as identified in Funk (2015). Table A.7 in the online 

appendix summarizes the estimation results. In columns (1) to (4), we report estimates for different 

subsamples excluding 5%, 10%, 25%, and 50% of the propositions with the highest survey bias as 

reported in appendix table 2 in Funk (2015). Even if we exclude 50% of the propositions with the highest 

survey bias our results remain fairly unaffected. We conclude that there is no systematic influence of 

survey bias on the effect of complexity on individual voting behavior. 

VIII. Conclusion 

This paper investigates how the complexity of propositions affects individual participation and voting 

behavior in a direct democracy. We combine a novel complexity measure based on the official 

information booklets with individual post-referendum survey data from the 276 referenda taken from 

1981 to 2010 at the federal level in Switzerland.  

We find that the more complex propositions are, the less likely are citizens to participate and, if they 

do so, to support a proposition. These findings are consistent with the idea of a status quo bias when 

issues are too complex.  Our Heckman estimation results strongly support the view that absenteeism 

mitigates the status quo bias in the vote outcome. More educated voters respond less to increasing 

complexity and exhibit a lower status quo bias. Higher campaign intensity increases turnout, but has no 

mitigating effect on the status quo bias. A possible explanation is that higher campaign intensity does 

not reduce information costs but rather provides the voters with an illusion of competence. Alternatively, 

the intensity of the campaign may be a poor measure of information cost. 

Two competing mechanisms determine the impact of complexity on the status quo bias in the vote 

outcome.  A direct effect – confronted with higher complexity, voters tend to vote in favor of the status 

quo, and an indirect participation effect – increasing complexity reduces the percentage of biased 

																																																													
49 Note that our objective is to explain voting behavior at the individual level rather than predicting exact aggregate referendum outcomes. 

Whenever we rely on aggregate data in our estimations we use official election data. In the estimations in Table 2, we rely on the share of 
approval votes to identify the Heckman selection model, where we took the data from the official election data from the University of Bern, 
Institute of Political Science (2013). Funk (2015) also shows that the survey bias varies across specific proposition topics. We include topic 
fixed effects meaning we rely on differences in the probability of voting yes within each topic category. Our point estimates usually increase 
and get more precise with topic fixed effects, maybe due to control for biases mentioned in Funk (2015). 
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citizens among the voters and therefore mitigates the status quo bias. Both effects are well known in the 

literature. We contribute to the literature by estimating the magnitude of both effects which allows us to 

identify the dominating mechanism. We find that neglecting the indirect participation effect would 

overestimate the effect of complexity on the referendum outcome by almost 50%. The sheer magnitude 

of the opposing indirect effect calls attention to the importance of treating the voting behavior as 

outcome of two sequential choices. To the best of our knowledge our study is among the first ones using 

a Heckman selection model to account for the structure of the voting process. 

In the final analysis, the normative assessment of the decline in turnout triggered by topic complexity 

depends on the trade-off between a representative vote outcome (Lijphart 1997) and an informationally 

superior vote outcome (Feddersen and Pesendorfer 1996). We provide evidence for the latter mechanism 

suggesting that policy measures like the introduction of mandatory voting may be counterproductive. 

Our results suggest that improving the general level of education seems to be an appropriate measure to 

reduce the bias in the vote outcome.  
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Appendix 

 

FIGURE A.1. VARIATION IN THE BOOKLET-BASED COMPLEXITY MEASURE 

Notes: This figure depicts the variation in the booklet-based objective complexity measure aggregated on the ballot level which is used to 
identify the complexity of the ballot. It is based on a Gaussian kernel density plot with a half-width of 500 words. The dashed red line denotes 
the median of the complexity measure. The dotted grey lines correspond to the 10th , 25th , 75th , and 90th  percentile. For better readability, the 
information text axis is restricted to values below the 99th percentile. 
 
 
 

 

FIGURE A.2. PREDICTED PROBABILTY OF PARTICIPATION AND THE BOOKLET READING CHANNEL 

Notes: This figure illustrates the heterogeneous effect of complexity on voters’ probability to vote in favor of a proposition in an election with 
respect to different levels of campaign intensity. Low (high) campaign intensity is represented by the value at the 25th (75th) percentile in the 
campaign intensity measure. As ballot complexity increases, citizens’ participation rate decreases less, if campaign intensity is high. The figure 
plots the average predicted probability against the complexity of the proposition (direct effect) and the complexity of the ballot (indirect effect). 
The estimates in Figure A.2 are based on the estimates of model (3) in Table A.4. The dotted vertical lines correspond to the 10th, 25th, 50th, 
75th, and 90th percentile of the respective complexity measure. For better readability, the information text axes are restricted to values between 
the 5th and 95th percentile. 
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FIGURE A.3. BOOKLET READING, COMPLEXITY AND VOTING BEHAVIOR 

Notes: This figure illustrates that booklet readers and non-readers voting behavior is fairly similar w.r.t. their reaction to complexity. 
 The figure plots the average predicted probability against the complexity of the proposition (direct effect) and the complexity of the ballot 
(indirect effect). Figure A.3 is based on the estimates of model (3) in Table A.4. The dotted vertical lines correspond to the 10th, 25th, 50th, 75th, 
and 90th percentile of the respective complexity measure. For better readability, the information text axes are restricted to values between the 
5th and 95th percentile. 

 

 

TABLE A.1—DESCRIPTIVE STATISTICS 

Voters and non-voters (N=191669)  Only voters (N=106817) 

  Mean SD Median      Mean SD Median  

Log Complexity (ballot) 8.58 0.52 8.5  Log Complexity (proposition) 7.33 0.44 7.3 

Complexity (ballot) 6.10 3.38 5.1  Complexity (proposition) 1.73 1.55 1.5 

Rural 0.35 0.48 1  Rural 0.35 0.48 1 

Female 0.50 0.50 1  Female 0.47 0.50 0 

Age 47.00 17.39 44  Age 49.85 16.79 49 

Education 2.71 1.54 2  Education 2.93 1.61 2 

Proposition Knowledge (ballot) 4.80 2.98 4  Proposition Knowledge 1.62 0.60 2 

Married 0.59 0.49 1  Married 0.65 0.48 1 

Protestant 0.43 0.49 0  Protestant 0.45 0.50 0 

Employed 0.61 0.49 1   Employed 0.60 0.49 1 

Notes: The table reports the descriptive statistics for the sample used in regressions in Table 3. The log of the complexity measures are used in 
the estimations. We also report the descriptive statistics for the untransformed complexity measures (text length in thousands of words). 
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TABLE A.2—(EXPECTED) NARROW ELECTION DECISION AND PARTICIPATION (SUBJECTIVE COMPLEXITY MEASURE) 

Probit coefficients reported 
Dep. Var.: Participation 

(1) (2) (3) (4) 

Difficult to Form an Opinion -0.362*** -0.345*** -0.334*** -0.325***  
(0.018) (0.017) (0.016) (0.016) 

Exclusion Restriction 
    

Approval Share 1.757*** 1.697** 1.554** 1.975***  
(0.638) (0.678) (0.625) (0.585) 

Approval Share square -1.944*** -1.819*** -1.718*** -2.001***  
(0.629) (0.659) (0.628) (0.582) 

Canton dummies No Yes Yes Yes 
Referenda type dummies No Yes Yes Yes 
Year dummies No No Yes Yes 

Policy area dummies No No No Yes 

Pseudo R-squared 0.138 0.143 0.161 0.168 
Observations 181747 181747 181747 181747 

p-value for joint significance of linear and quadratic terms in:  
   Approval Share 0.005 0.018 0.020 0.003 

Notes: The table illustrates the significant hump-shaped effect of the approval share and the probability to turn out in the elections. Regression 
coefficients based on probit regression are reported in all specifications. The variable approval share measures the share of yes-votes obtained 
from the official Swiss election data (University of Bern, Institute of Political Science 2013). The table also reports the p-value for the joint 
significance of the variable approval share and its squared term. Heteroskedasticity-robust standard errors clustered at the ballot level are 
reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
 
 

TABLE A.3—HECKMAN SELECTION MODELS (SUBJECTIVE COMPLEXITY MEASURE) 

  Heckman (1)  Heckman (2)  Heckman (3)  Heckman (4) 

 (1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2)  (4-1) (4-2) 

Dep. Variable: Participation Yes-Vote  Participation Yes-Vote  Participation Yes-Vote  Participation Yes-Vote 

Difficult to Form an Opinion -0.188***   -0.211***   -0.194***   -0.176*** 
(proposition) 

 
(0.020) 

  
(0.030) 

  
(0.024) 

  
(0.023) 

Difficult to Form an Opinion -0.327***   -0.376***   -0.365***   -0.355***  
(ballot) (0.033) 

  
(0.021) 

  
(0.019) 

  
(0.018) 

 

Exclusion Restriction            
Approval Share 1.091*   1.460*   1.236   1.962***   

(0.632) 
  

(0.833) 
  

(0.786) 
  

(0.748) 
 

Approval Share squared -2.153***   -1.961***   -1.683**   -2.151***   
(0.603) 

  
(0.747) 

  
(0.809) 

  
(0.749) 

 

Unobserved Factors            
rho 0.879  0.388  0.299  0.233 

Wald test (p-value) 0.000  0.048  0.005  0.011 

Canton dummies No  Yes  Yes  Yes 

Referenda type dummies No  Yes  Yes  Yes 

Year dummies No  No  Yes  Yes 

Policy area dummies No  No  No  Yes 

Observations 166787  166787  166787  166787 

Notes: The table provides the estimated coefficients of the Heckman selection model and establishes the negative and significant effect of 
complexity on voter’s probability to participate and vote in favor of a proposition. The table also reports the correlation  between the error 
terms of both equations, as well as the corresponding p-values. All equations are estimated with individual controls as reported in table A3.2, 
fixed effects for the ballot year, referenda type and the canton in which the eligible voter lives. Heteroskedasticity-robust standard errors 
clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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TABLE A.4—STATUS QUO BIAS AND THE USE OF INFORMATION BOOKLETS 

  Heckman (1)   Heckman (2)   Heckman (3) 

 (1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2) 

Dep. Variable: Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote 

Complexity (proposition)  -0.317***   -0.311***   -0.317***   
(0.088) 

  
(0.087) 

  
(0.081) 

Complexity (ballot) -0.697***   -0.614***   -0.551***   
(0.148) 

  
(0.141) 

  
(0.154) 

 

Booklet-reader    0.864*** 0.088***  2.060*** 0.022 

 

   
(0.049) (0.028) 

 
(0.694) (0.308) 

Complexity (proposition) x Booklet-reader 
      

0.009 

 

       
(0.040) 

Complexity (ballot) x Booklet-reader      -0.139*  

 
      

(0.082) 
 

Avg. Marginal Effects Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1) 
Complexity (proposition)  -0.114***   -0.111***   -0.112***  

 (0.032)   (0.031)   (0.031) 

Complexity (ballot) -0.142*** 0.017**  -0.114*** 0.011*  -0.115*** 0.011*  
(0.029) (0.008) 

 
(0.026) (0.006) 

 
(0.025) (0.006) 

Booklet-reader    0.177*** 0.016**  0.177*** 0.016** 

 

   
(0.010) (0.007) 

 
(0.010) (0.007) 

Observations 128101   128101   128101 

This table establishes the robustness of the negative and significant effect of complexity on voter’s probability vote in favor of a proposition 
when controlling for the actual use of the booklet by the voter. The variable using information booklet is binary and equals one if the voter 
reports the use of the information booklet. All regressions are estimated with fixed effects for year, canton and referenda type and controls for 
individual characteristics. Heteroskedasticity-robust standard errors clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
 

TABLE A.5—PERCEIVED IMPORTANCE OF PROPOSITIONS AND COMPLEXITY 

 Personal Importance  Country Importance 
Aver. Marginal 

Effects  
reported 

Heckman (1)  Heckman (2)  Heckman (3)  Heckman (4) 

(1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2)  (4-1) (4-2) 

Dep. Variable: Participation Yes-Vote  Participation Yes-Vote  Participation Yes-Vote  Participation Yes-Vote 

Complexity -0.140***   -0.157***   -0.137***   -0.161*** 
(proposition) 

 
(0.048) 

  
(0.047) 

  
(0.048) 

  
(0.047) 

Complexity -0.158*** 0.026**  -0.136*** 0.027**  -0.155*** 0.028**  -0.155*** 0.027** 
(ballot) (0.035) (0.013) 

 
(0.028) (0.013) 

 
(0.035) (0.014) 

 
(0.034) (0.013) 

Personal Importance   0.033*** 0.018***           
(0.002) (0.003) 

      

Country Importance         0.013*** 0.022***           
(0.001) (0.003) 

Observations 132022  132022  127439  127439 

Notes: This table establishes the robustness of the negative and significant effect of complexity on voter’s probability vote in favor of a 
proposition when controlling for the perceived importance of the proposition. Both importance measures are measured on a scale from 0 to 10, 
where 0 = unimportant, 5 = medium importance, 10 = high importance. All regressions are estimated with fixed effects for year, canton and 
referenda type and controls for individual characteristics. Heteroskedasticity-robust standard errors clustered at the ballot level are reported in 
parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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TABLE A.6—GOVERNMENT RECOMMENDATION AND COMPLEXITY 

   Dep. Var.: Complexity 

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

Government Recommendation  -0.197 -0.163 -0.370 -0.455 -0.140 
(Federal Council Advice = No) 

 
(0.151) (0.129) (0.729) (0.572) (0.713) 

Individual Controls  No Yes Yes Yes Yes 

Canton dummies  No Yes Yes No Yes 
Referenda type dummies  No No Yes Yes Yes 
Year Dummies  No No Yes Yes Yes 
Topic dummies  No No No Yes Yes 

R-squared  0.006 0.102 0.109 0.217 0.329 

Observations   205175 205175 205175 205175 205175 

Notes: This table shows that there is no statistically significant relationship between the government’s voting recommendation and our 
complexity measure. The dependent variable is the number of words used in the information text per proposition. The results suggest that the 
government does not strategically manipulate the information text of a proposition. OLS coefficients are reported in columns (1) to (5). The 
variable government recommendation is binary and equals one if the government recommends voting against a proposition. Heteroskedasticity-
robust standard errors clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
 
 
 

TABLE A.7—EXCLUSION OF PROPOSITIONS LIKELY TO SUFFER FROM SURVEY BIAS 

  
Heckman (1) 
exclude 5%   

Heckman (2) 
exclude 10%   

Heckman (3) 
exclude 25%   

Heckman (4) 
exclude 50% 

 (1-1) (1-2)  (2-1) (2-2)  (3-1) (3-2)  (4-1) (4-2) 

Dep. Variable: Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote   Participation Yes-Vote 

Complexity (proposition) -0.315*** -0.312*** -0.298*** -0.280***   
(0.079) 

  
(0.078) 

  
(0.070) 

  
(0.074) 

Complexity (ballot) -0.536***   -0.526***   -0.523***   -0.597***   
(0.115) 

  
(0.117) 

  
(0.117) 

  
(0.113) 

 

Exclusion Restriction 
           

Approval Share 1.605**   1.537**   2.293***   2.871***   
(0.669) 

  
(0.696) 

  
(0.821) 

  
(0.895) 

 

Approval Share squared -2.494***   -2.450***   -3.145***   -3.808***   
(0.698) 

  
(0.736) 

  
(0.850) 

  
(0.901) 

 

Avg. Marginal Effects Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)  Pr(π=1) Pr(v=1|π=1)

Complexity (proposition)  -0.119***   -0.118***   -0.111***   -0.104***  

 
(0.032) 

  
(0.031) 

  
(0.027) 

  
(0.029) 

Complexity (ballot) -0.167*** 0.049***  -0.164*** 0.045***  -0.163*** 0.043***  -0.186*** 0.051***  
(0.035) (0.014) 

 
(0.036) (0.013) 

 
(0.036) (0.011) 

 
(0.035) (0.016) 

Unobserved Factors            
rho 0.420  0.398  0.381  0.394 

Wald test (p-value) 0.000  0.001  0.000  0.002 

Observations 183755   176675   154548   112335 

Notes: The table establishes the robustness of the main results in Table 3 with respect to a potential survey bias as described in Funk (2015). 
In columns (1) to (4), estimates for different subsamples excluding the 5%, 10%, 25%, and 50% of the propositions with the highest survey 
bias as reported in appendix table 2. Heckman coefficients are reported in the upper half of the table. Average marginal effects for the variables 
of interest are reported in the lower half of the table. Complexity represents the log of the number of words used in the information text in the 
official booklets per proposition or aggregated at the ballot level. All regressions are estimated with fixed effects for year, canton and referenda 
type and controls for individual characteristics. Estimations that use the participation dummy as the dependent variable include complexity at 
the ballot level; estimations that use the yes-vote dummy as the dependent variable include complexity at the proposition level. 
Heteroskedasticity-robust standard errors clustered at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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TABLE A.8—SUBJECTIVE COMPLEXITY AS FUNCTION OF OBJECTIVE COMPLEXITY AND EDUCATION 

Dep. Var.: Difficulty to Form Opinion (Ballot)  Difficulty to Form Opinion (Proposition) 

Avg. Marginal Effects reported (1) (2) (3) (4)  (5) (6) (7) (8) 

Complexity (ballot) 0.019** 0.092*** 0.092*** 0.087***       
(0.009) (0.023) (0.022) (0.018) 

     

Complexity (proposition)      0.049*** 0.075*** 0.084*** 0.086***       
(0.018) (0.014) (0.016) (0.013) 

Education  -0.042*** -0.042*** -0.042***   -0.030*** -0.029*** -0.029***   
(0.002) (0.002) (0.002) 

  
(0.002) (0.002) (0.002) 

Individual Controls No Yes Yes Yes  No Yes Yes Yes 

Canton dummies No Yes Yes Yes  No Yes Yes Yes 

Referenda type dummies No Yes Yes Yes  No Yes Yes Yes 

Year dummies No No Yes Yes  No No Yes Yes 

Policy area dummies No No No Yes  No No No Yes 

Observations 182639 182639 182639 182639  170094 170094 170094 170094 

Notes: This table establishes the positive effect of objective complexity on subjectively perceived complexity on the ballot as well as on the 
proposition level. In all specifications, Education is negatively correlated with the subjective complexity dummies. The results suggest 
subjective complexity can be described as function of objective complexity and individual characteristics like education. Average marginal 
effects based on probit regressions are reported in all columns. The variables complexity (ballot) and complexity (proposition) refer to the 
objective complexity measure based on the log of the word count. Alternative specifications using the untransformed word count produce 
similar results. The variable education ranges from 1 (mandatory school) to 6 (university). Heteroskedasticity-robust standard errors clustered 
at the ballot level are reported in parentheses. 
*** Significant at the 1 percent level. 
  ** Significant at the 5 percent level. 
    * Significant at the 10 percent level. 
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Essay 3: Risky Decisions and the Opportunity Cost of 
Time 
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Are decision errors compatible with rational behavior? We develop a 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 elicit preferences 

and decision errors. We find no evidence that decreasing decision time in the face of 

higher opportunity costs is irrational. Such a behavior is quite 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 and test a theoretical model in which a 

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

Our economic model is based on the seminal work of Becker (1965) and Minzer (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. Analyzing the investment of time into the quality of 

economic decisions under risk, our work relates to behavioral studies on how time pressure induced by 

fixed decision deadlines alters behavior under risk (Kocher, Pahlke, and Trautmann 2013; Nursimulu 

and Bossaerts 2013).2 Stigler (1961) introduced the costs of  information. Our study complements the 

work of Caplin, Dean, and Martin (2011) on the effect of information search on decision making. Based 

on the idea of Simon (1955), Caplin, Dean, and Martin (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 may however provide easy access to all information. Despite fast access 

to all relevant information, 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. 

In line with the Thinking, Fast and Slow metaphor (Kahneman 2011), we indeed find evidence for a 

positive causal effect of increased time invested in the decision on the decision quality. However, our 

interpretation of a fast decision is in stark contrast to the interpretation of fast and error prone as 

irrational. Instead, 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. 

We conduct an experiment in which we exogenously vary the opportunity costs of time spent in the 

choice between two monetary lotteries. We replicate the seemingly puzzling finding of a positive 

correlation between decision errors and decision time, and show that this correlation is dominated by 

the (omitted) difficulty of the decision. Instrumenting the decision time with opportunity costs, reveals 

a strongly negative causal effect of decision time on errors. Confronted with higher opportunity costs, a 

DM reduces time invested in the lottery decision which reduces decision quality and increases the 

number of inferior lottery choices. 

The notion of irrational behavior has often led to paternalistic policies or more recently nudges to 

improve individual decisions. This has been criticized as it assumes that some authority knows what is 

                                                             
2 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. 
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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 liberal measures to improve decision quality, i.e. by reducing the 

decision complexity and information costs or increasing the decision making ability of agents. 

In section II, we introduce our economic model. Section III describes the experiment to test the model 

and the data set. Our structural estimation results are provided in section IV. Section VI discusses 

potential extensions of our approach. We conclude in section VII. 

II. Decision under Risk and Time-dependent Opportunity Costs 

In this section, we present a model describing a rational decision maker who is faced with a risky 

decision. The decision maker trades off investing time in making a correct lottery choice against a well-

defined opportunity cost of time. The risky choice is between two lotteries ℒ = {𝐿, 𝑅} where 𝑅 

(𝐿) denotes the lottery with the higher (lower) expected utility.3 The agent decides on the optimal 

allocation of time 𝑇 on the lottery decision 𝑡𝑑 and the alternative use 𝑡𝑜. 𝑢𝑑 denotes the expected utility 

related to the lottery choice, whereas uo relates to the utility derived from the alternative use of time 

which can be interpreted as opportunity costs of the lottery decision. The opportunity costs are 

deterministic and increasing in 𝑡𝑜 (𝜕𝑢𝑜 𝜕𝑡𝑜⁄ > 0). Furthermore, opportunity costs may differ, which is 

captured by 𝛼. A higher 𝛼 is assumed to increase the marginal utility of an additional second allocated 

not to the lottery choice (𝜕2𝑢𝑜 𝜕𝑡𝑜𝜕𝛼⁄ > 0). The expected utility of the lottery decision depends on the 

two available lotteries and the probability 𝜋 of selecting the lottery with the higher expected utility (𝑅). 

The probability 𝜋 is increasing in the time invested in the decision (𝜕𝜋 𝜕𝑡𝑑⁄ > 0) and may also depend 

on the individual characteristics 𝛾 such as education, skills, and the difficulty of the lottery decision 𝛿. 

The agent maximizes 

(1)  max
𝑡𝑜,  𝑡𝑑

 𝑢𝑑(𝜋(𝑡𝑑, 𝛾, 𝛿) , ℒ) +𝑢𝑜(𝑡𝑜, 𝛼)    s. t.           𝑡𝑜 + 𝑡𝑑 = 𝑇 

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

(2)  
𝜕𝑢𝑑

𝜕𝜋

𝜕𝜋

𝜕𝑡𝑑⏟  
𝑀𝑈𝑑

=
𝜕𝑢𝑜

𝜕𝑡𝑜⏟
𝑀𝑈𝑜

 

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

higher expected utility4. The LHS of equation (2) describes the positive marginal utility of time spent 

for the lottery decision. If we further assume5 𝜕2𝜋 𝜕𝑡𝑑
2⁄ < 0, we find that 𝑀𝑈𝑑 is decreasing in 𝑡𝑑. The 

RHS of equation (2) describes the marginal utility of time w.r.t. 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 𝑀𝑈𝑜 towards 𝑀𝑈𝑜′. 

                                                             
3 For the sake of a notational convenience, we assume 𝑅 ≻ 𝐿 ⟺ 𝐸[𝑢(𝑅)] > 𝐸[𝑢(𝐿)] throughout the paper. 
4 The increase of 𝐸[𝑢𝑑] is zero if the two available lotteries yield the same expected utility (𝐸[𝑢(𝑅)] = 𝐸[𝑢(𝐿)]. 
5 This assumption is intuitive. The probability 𝜋 has an upper bound of 1, leading to the intuitive assumption that 𝜋 approaches 1 with a 

decreasing rate. In our two-lottery set up we can further assume π(0, γ, δ) = 0.5, which corresponds to a random choice between the lotteries 

if no resources are invested in the lottery decision. 
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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 form investing a unit of time in the lottery decision and in the alternative activity (𝑀𝑈𝑑 

and 𝑀𝑈𝑜) are equalized. An increase in opportunity costs 𝛼 shifts the 𝑀𝑈𝑜 upwards to 𝑀𝑈𝑜′ and leads to 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. 

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. 

III. Data Collection and Experimental Design 

 Recruitment for Lab Experiment 

112 subjects (28 in each treatment) 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 within the treatments. 

 Experimental Protocol 

The experiment consisted of four parts (Figure 1). First, the participants completed all four questions 

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

the Multiple Price List (MPL) of Holt and Laury (2002).6 

                                                             
6 The Berlin Numeracy test and the Holt-Laury 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. 
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Afterwards, subjects played 180 lotteries with two states and a wide variety of probabilities.7 We use 

a random lottery design which has been used in a several prominent experiments investigating decisions 

under risk (Harrison and Rutström 2008). Finally, subjects completed a smaller version of the Raven’s 

Test. 

 

FIGURE 2. SETUP OF THE EXPERIMENT 

Note: 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. 

 Treatment-Dependent Opportunity Costs of Time 

Time pressure in the lottery task was implemented by time dependent costs in a between subject design. 

All subjects had a maximum time of 15 seconds to make a lottery choice. Subjects, in the time cost 

treatments, were told that they receive the outcome from the lottery plus points from a “Time Account”. 

In each round, there were €3 on the time account and the time account yielded no negative points. 

Every second (and millisecond) subjects lost8 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 conditions, another 28 

subjects were assigned to the control treatment. For subjects in the no time costs treatment, the time 

dependent costs of the lottery decision were equal to zero. 

IV. Estimation Results 

 Decision Time and Opportunity Costs 

The model described in section II predicts a decrease in time invested in the lottery decision as 

opportunity costs increase. Figure 3 presents the average time spent for 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 cent and 30 cent treatment, a t-test with standard errors clustered at 

the subject level reveals significant differences (𝑝 < 0.01) across the time spent for the lottery decision 

across all treatments.9 

                                                             
7 Appendix I presents the set of lottery pairs used in the experiment to gather the choice data. 
8 The instructions said “For every second faster than X seconds, you gain Y cents on your time account“, to avoid a loss frame.    
9 These results also maintain for alternative nonparametric tests described in the notes below Figure 3. 
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FIGURE 3. TIME INVESTED IN THE LOTTERY DECISION 

Notes: This graph plots the average time subjects spent for 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. 

 Structural Estimates 

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 lottery choices in favor of the lottery 

with lower expected utility. We elicit the risk preferences, which determine the expected utility 

associated with a lottery. Given the risk preferences, we then determine errors in the lottery choices. To 

elicit risk preferences we assume a CRRA utility function 𝑢(𝑥) = 𝑥1−𝜌 (1 − 𝜌)⁄ . Furthermore, we 

assume that errors in the lottery decision are more likely, if, ceteris paribus, the difference in the expected 

utility (∆𝐸[𝑢]) of the two available lotteries is small. A lottery decision in favor of the preferred lottery 

(𝑅) depends on  ∆𝐸[𝑢] = 𝐸[𝑢(𝑅)]− 𝐸[𝑢(𝐿)] and the realization of a random decision error 휀~𝑁(0,1). 

This implementation of a decision error is known as the Fechner error specification (Fechner 1860; Hey 

and Orme 1994).10 The standard normal distribution of 휀 ensures that large realizations of the error term 

are less likely than small ones. Whenever ∆𝐸[𝑢] + 𝜏 ⋅ 휀 < 0, the DM chooses the inferior lottery 𝐿 and 

deviates from the EU prediction.11 The parameter 𝜏 measures the size of the error. A higher 𝜏 corresponds 

to more expected decision errors. We estimate our structural parameters 𝜌 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: 

(3)  𝐶ℎ𝑜𝑖𝑐𝑒∗ = ∆𝐸[𝑢(𝜌; ℒ)] + 𝜏 ⋅ 휀,  𝑤𝑖𝑡ℎ 휀~𝑁(0,1), 

                                                             
10 The Fechner error specification has been used as the main specification in several previous studies using stochastic expected utility 

models, see for instance (Harrison, List, and Towe 2007; Bruhin, Fehr-Duda, and Epper 2010; Caplin, Dean, and Martin 2011). Alternative 

error specifications based on stochastic expected utility models are discussed in Harless and Camerer (1994) and Loomes and Sugden (1995). 

Starmer (2000) provides a comprehensive review of different error specifications.  
11 Appendix B presents a detailed derivation of our structural estimation procedure. 
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where 𝐶ℎ𝑜𝑖𝑐𝑒 = 𝑅 if 𝐶ℎ𝑜𝑖𝑐𝑒∗ ≥ 0 and 𝐶ℎ𝑜𝑖𝑐𝑒 = 𝐿 if the latent variable 𝐶ℎ𝑜𝑖𝑐𝑒∗ is negative. To test 

our theoretical predictions, we allow 𝜌 and 𝜏 to depend on the treatment condition. We also investigate 

potential heterogeneity with respect to individual characteristics of subjects as well as estimates on the 

individual level. 

Table 1 presents the structural estimates on the treatment level.12 The first three columns present 

results of structural estimations without an explicit error term. We find no treatment effect on the risk 

aversion parameter 𝜌. 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 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 section II.13 However, we find a strong pattern 

in the magnitude of decision errors. The errors increase most in the 100cent treatment. In all three 

treatments, the increase 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 conduct fewer decision errors 

and are less risk averse. We find some evidence that lower numeracy skills, measure by the Berlin 

Numeracy test (BNT) are correlated with a lower decision quality. 

                                                             
12 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 (𝜌) 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 𝐸𝑈(𝑅) > 𝐸𝑈(𝐿) ⇒ Pr(𝐶ℎ𝑜𝑖𝑐𝑒 = 𝑅) = 1, Pr(𝐶ℎ𝑜𝑖𝑐𝑒 = 𝐿) = 0 holds. 
13 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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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.14 

*** 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 (𝑝∆𝜌: 𝑛𝑜 𝑣𝑠.  10 = 0.140, 𝑝∆𝜌: 𝑛𝑜 𝑣𝑠.  30 = 0.334, 𝑝∆𝜌: 𝑛𝑜 𝑣𝑠.  100 = 0.973). In contrast we 

find a highly statistical significant increase in the decision error  (𝑝∆𝜏: 𝑛𝑜 𝑣𝑠.  10 = 0.003, 𝑝∆𝜏: 𝑛𝑜 𝑣𝑠.  30 =

0.003, 𝑝∆𝜏: 𝑛𝑜 𝑣𝑠.  100 = 0.000). 

                                                             
14 Moffatt (2015) and Cameron and Miller (2015) provide the technical details on the bootstrap procedure. 
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FIGURE 4. INDIVIDUAL ESTIMATES 

Notes: N=111. For one individual the maximum likelihood estimator did not converge. The 𝜌 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 (∆𝐸[𝑢] = 0.11) assuming that the 

lottery 𝑅 has a higher expected utility than lottery 𝐿. 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 =

0.153) in the no time pressure control group. The yellow curve corresponds to high decision error (𝜏 =

0.153 + 0.130 = 0.283) estimate for the 100 cent treatment. Given a lottery choice with ∆𝐸[𝑢] = 0.11, 

the estimated treatment effect of the decision error of 𝜏 = 0.130 translates into an increase in the 

probability of choosing the suboptimal lottery by 11 percentage points from 24 to 35%.15 

 

                                                             
15 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 ∆𝐸[𝑢] becomes small. ∆𝐸[𝑢] = 0.11 represents an average utility difference across lotteries. 
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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 ∆𝐸[𝑢] = 0.11, 𝜏𝑛𝑜 = 0.153,  𝜏ℎ𝑖𝑔ℎ = 0.283 (0.153 +

0.130). 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 (100cent) treatment group. 

 Further Results and Alternative Specifications 

In Appendix F, we discuss the influence of measures of cognitive ability and education. The economic 

model of rationality described in section II explicitly allows for a correlation between individual 

characteristics 𝛾 and the decision quality defined as the probability to choose the superior lottery 𝜋, 

which is (negatively) related to the Fechner error 𝜏 in the econometric specification 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 forthc.), 

we find no evidence for a link between cognitive measures and risk preferences. 

In Appendix D, we check the validity 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 to the structural estimates. The Holt-

Laury estimates might also serve as control for individual heterogeneity in risk preferences within and 

across treatments. 

The model described in section II 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.16 Our estimates are however robust 

against relaxing these assumptions. In Table 8 in Appendix E, we provide evidence that error pattern 

and the stability of risk preferences described in our main results are unchanged if we assume that the 

DM integrates the entire payoff from both time account and lottery choice into the lottery decision. 

                                                             
16 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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Results are 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 set. 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 𝜌 across subjects in order to investigate whether pattern 

of the decision errors still prevails. Again, we find the same pattern that 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. 

V. Empirical Puzzles Related to the Investment of Time in Economic Decisions 

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 is small and an improved quality of the lottery decision increases expected utility 

only slightly (Dickhaut et al. 2013; Krajbich, Oud, and Fehr 2014). Second, longer decision times were 

found to correlate with a higher incidence of decision errors. 

In this section, we show that both puzzles can be explained by our model of rational agents. Particular, 

we provide evidence that – while the correlation between decision time and quality is indeed negative – 

the causal effect of an increase in decision time on the quality of the decision is positive as predicted by 

our rational agent model. 

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

Gabaix et al. (2006), Chabris et al. (2009), Dickhaut et al. (2013), and Krajbich, Oud, and Fehr (2014) 

find that more effort – as measured by decision time – is exerted when the utility difference between the 

two possible choices is small. Substituting the time constraint into the maximization problem (1), the 

agent chooses an optimal time span 𝑡𝑑
∗  for selecting a lottery: 

(4) 𝑚𝑎𝑥
 𝑡𝑑
 𝑈 ≡ 𝜋(𝑡𝑑 , 𝛾, 𝛿) ⋅ 𝐸[𝑢(𝑅)] + (1 − 𝜋(𝑡𝑑 , 𝛾, 𝛿)) ⋅ 𝐸[𝑢(𝐿)] +𝑢𝑜(1 − 𝑡𝑑 , 𝛼). 

Based on the first order condition in equation (5), a smaller utility difference ∆𝐸[𝑢] = 𝐸[𝑢(𝑅)] −

𝐸[𝑢(𝐿)] makes a decision error less costly, and requires a lower 𝑡𝑑, since 𝜕𝜋 𝜕𝑡𝑑⁄  is assumed to be positive. 

(5)  
𝜕𝑈

𝜕𝑡𝑑
= (𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)]) ⋅

𝜕𝜋

𝜕𝑡𝑑⏟
>0

+
𝜕𝑢𝑜

𝜕𝑡𝑑⏟
<0

=
!
0 

Moffatt (2005), Dickhaut et al. (2013), and Krajbich, Oud, and Fehr (2014) find exactly the opposite. 

Based on their finding, Krajbich, Oud, and Fehr (2014) conclude that the observed pattern in time 

allocation cannot be explained by a (stochastic) expected utility model and suggest the drift-diffusion 

model (DDM) as a superior theoretical alternative. To investigate the discrepancy between these 

findings and our model, we proceed as follows: We first provide a short review of the DDM. Then we 

show that 𝜕𝑡𝑑
∗ 𝜕∆𝐸[𝑢] < 0⁄ , can be rationalized with the help of the model introduced in section I. Finally, 
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we estimate the DDM with our data and show that, contrary to Krajbich, Oud, and Fehr (2014), the 

DDM does not provide strong support for the claim that decision time correlates negatively with the 

utility difference (𝜕𝑡𝑑 𝜕∆𝐸[𝑢] < 0⁄ ).  

As-If Expected Utility Model and the Neuro-founded Drift Diffusion Model.—While expected utility 

(Neumann and Morgenstern 1944) has its roots in axiomatic theory, the drift diffusion model (DDM) 

emulates the decision process the human brain actually relies on. Decision values are encoded by 

neurons that transmit all-or-nothing information (Krajbich, Oud, and Fehr 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 model is usually interpreted as an as-

if model, 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.17 The DDM assumes that the 

decision maker observes two types of signals indicating 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. Figure 6 presents a graphical representation of the DDM. The bold line 

shows how the RDV develops across time. The dashed line represents the drift rate (𝜇). 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).18 

 

FIGURE 6. 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 (𝜇). 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 

                                                             
17 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, Oud, and Fehr (2014) who provide short surveys on the use of the DDM in the economic literature. 
18 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. 
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signals.19 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 6 this would mean that the RDV 

path hits the lower boundary. 

Following Krajbich, Oud, and Fehr (2014), the difficulty of decision and therefore the drift rate is 

decreasing in the utility difference between the two available lotteries. The RDV evolves according to: 

(6)  𝑅𝐷𝑉𝑡 = 𝑅𝐷𝑉𝑡−1 + 𝑣×∆𝐸[𝑢] + 휀. 

The drift rate is determined by the product 𝑣×∆𝐸[𝑢]. The stochastic element of the choice process is 

represented by 휀~𝑁(0, 𝜎2). 

Theoretical and Empirical Predictions of the DDM with respect to decision time.—According to 

equation (6), the drift diffusion model clearly predicts that decision time varies negatively with the 

expected utility difference. When the expected utility difference is small (μ∆𝐸𝑈), the decision time is 

longer than when the expected utility difference is large (𝜇∆𝐸𝑈̅̅ ̅̅ ̅̅ ), because it is more difficult to 

discriminate between the two lotteries.20 As a result, the evidence accumulation process is slower. The 

comparison of the two accumulation processes is illustrated in Figure 6. Similar to Moffatt (2005), 

Dickhaut et al. (2013), Krajbich, Oud, and Fehr (2014),21 we find a robust negative correlation between 

the time invested in the decision and the estimated expected utility difference (Figure 7).22 

                                                             
19 In our experiment, the quality of the signal might be related to the lottery choice specific difficulty to choose the superior lotter. 
20 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. 
21 Several studies find a robust negative correlation between the decision time and the difference in the values of choices (see e.g. (Gabaix 

et al. 2006; Chabris et al. 2009). 
22 A bivariate linear regression of decision time on ∆𝐸[𝑢] reveals a highly significant negative slope coefficient of −1.35 (𝑡 = 8.19, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 < 0.001, 𝑛 = 19,906). Standard errors were clustered at the subject level. 
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FIGURE 7. 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. 

Based on their finding, Krajbich, Oud, and Fehr (2014) conclude that the DDM correctly predicts this 

relationship, while an (stochastic) expected utility model does not. Our results do not support this view. 

We allow the measure of difficulty 𝛿 of a decision to codetermine the probability 𝜋(𝑡𝑑 , 𝛾, 𝛿) of making 

a correct decision. In line with the reasoning of the DDM, we assume that the difficulty 𝛿 is decreasing 

in ∆𝐸[𝑢] (a small value of ∆𝐸[𝑢] is associated with higher difficulty), and assume 𝜕𝜋 𝜕(∆𝐸[𝑢])⁄ > 0. 

Reformulating the first-order condition from equation (5) gives 

(7)  
𝜕𝑈

𝜕𝑡𝑑
= ∆𝐸[𝑢]⏟  
𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒
𝑒𝑓𝑓𝑒𝑐𝑡

⋅
𝜕𝜋(𝑡𝑑,𝛾,∆𝐸[𝑢])

𝜕𝑡𝑑⏟      
𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦
𝑒𝑓𝑓𝑒𝑐𝑡

+
𝜕𝑢𝑜

𝜕𝑡𝑑⏟
<0

=
!
0. 

Equation (7) illustrates the trade-off between responding to a higher difficulty and a lower importance 

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

equation (7) and decreases the optimal time invested in the decision (𝑡𝑑
∗) because 𝜋 is assumed to be an 

increasing and concave (𝜕2𝜋 𝜕𝑡𝑑
2⁄ < 0) function in 𝑡𝑑. But, a lower ∆𝐸[𝑢] also increases the difficulty to 

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

choose the superior lottery at any given decision time (𝜕𝜋 𝜕∆𝐸[𝑢]⁄ > 0), but also decreases the marginal 

utility from spending an additional unit of time in the lottery decision (𝜕2𝜋(𝑡𝑑 , 𝛾, ∆𝐸𝑈) (𝜕𝑡𝑑𝜕(∆𝐸𝑈)) ⁄ <

0), the difficulty effect will lead to more time invested in the lottery choice and thereby counteracts the 

importance effect. Signing 𝜕𝑡𝑑
∗ 𝜕∆𝐸𝑈⁄  is therefore an empirical question. In contrast to the interpretation of 

Krajbich, Oud, and Fehr (2014), our results suggest that a negative correlation between 𝑡𝑑 and ∆𝐸[𝑢] 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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 Is time an essential resource in the decision production function? 

Applications of the DDM usually find a puzzling empirical regularity – a negative correlation between 

decision time and probability to choose the superior option. This finding is in stark contrast to the crucial 

assumption that time is valuable resource in the production of sound economic reasoning (𝜕𝜋 𝜕𝑡𝑑⁄ > 0). 

In the DDM the drift towards the preferred decision boundary causes a correct choice. However, the 

lower the drift rate, the longer continues 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. 

Hence, changes in the drift rate caused by a variation in the difficulty of a decision, produce a negative 

correlation between decision time and quality. 

 In this subsection, we first 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 highlighting how well the as-if expected utility model can 

represent the basic underlying choice mechanisms. 

To reproduce the empirical evidence for a negative correlation between decision time and quality, we 

estimate the following regression: 

(8)  𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝐶ℎ𝑜𝑖𝑐𝑒 = 𝛽1 + 𝛽2 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑇𝑖𝑚𝑒 + 𝛃𝐗 + 𝜖, 

where 𝐗 denotes a vector of additional controls. Column (1) in Table 2 contains the estimate of 𝛽2 based 

on the linear probability model. The coefficient is negative and highly significant suggesting than 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 is likely to be positively correlated with DecisionTime 

and negatively correlated the probability of a CorrectChoice. Based on the standard omitted variable 

formula, 𝛽2 is downward biased. A straightforward approach to correct for the omitted variable bias is to try 

to control for the difficulty of the decision. In model (3) in Table 2, we include the expected utility distance 

as proxy variable for the difficulty in the regression.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 difference as proxy 

for the decision difficulty. Still, there is a lot of ambiguity around the difficulty measure w.r.t. to the 

                                                             
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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functional form and the inherent subjective nature of the difficulty of a decision.24 Therefore, it is illusive to 

claim that after controlling for the expected utility difference, 𝛽2 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 identity the causal effect of decision time on the quality of the decision measured 

as probability to choose the superior lottery. The results are presented in models (4) to (6) in Table 2. 

The negative relation between the opportunity costs and the decision time, measured in the first stage as 

the effect of the treatment dummies on the decision time produces 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. 

Finally, we show that the drift diffusion model essentially predicts the same positive causal effect, 

despite the fact that many studies using the DDM find a negative correlation between decision time and 

quality. As discussed in the previous section, a higher difficulty of the decision results in a lower drift 

rate. In addition, closer boundaries are affected by the speed-accuracy trade-off (Ratcliff and McKoon 

2008).26 Closer boundaries decrease the decision time and consequently the opportunity costs of the 

                                                             
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 IV.A. 
26 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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decision at the expense of more decision errors. Figure 8 illustrates the effect of closer boundaries. In 

the right panel (b), closer boundaries decrease the expected time, the RDV needs to cross the upper 

boundary. 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. 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 studies lacking exogenous variation in the opportunity costs of time may identify a negative 

correlation between decision time and quality by variation in the difficulty among the decision tasks, 

but are 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 within the DDM framework, we estimate the DDM parameters on the treatment level using the 

fast-DM software developed by (Voss and Voss 2007; Voss, Voss, and Lerche 2015). Table 4 provides 

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 (𝜇) 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 = 1 in the stochastic component of the DDM (휀~𝑁(0, 𝜎2)) to identify the parameters of the DDM ( see e.g. Ratcliff (1978), Krajbich, 

Oud, and Fehr (2014)). Since the position of the two lotteries was randomized in the experiment 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, 𝜇, NDT, we also estimate the parameters related to the variability of the drift rate 𝜇 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 opportunity costs of the decision time increase. We also find 



  

95 

 

some (mixed) evidence for an increase in the drift rate. A higher drift rate would point towards a higher 

decision quality, whereas lower 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 (𝑡�̂�) 

 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 (∆𝐵) 75.1% 66.6% 65.5% 63.2%  2.73 1.76 1.68 1.50 

 Drift (∆𝜇) 65.3% 68.2% 70.4% 67.3%  1.88 1.87 1.86 1.87 

 Both (∆𝐵 & ∆𝜇) 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 (𝑡�̂�) 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 based on the DDM suggest that a change in boundaries would predicts a decline 

of the correct choice probability from 75.1 percent in the no cost control group to below 64 percent in 

the 100cent 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. Like the empirical and theoretical 

consideration within the expected utility framework, the application of the 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 well as as-if model as it provides similar 

results 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, like the one we suggest in the paper. 

VI. Further Research and Limitations of the Study 

We successfully test several comparative statics of the economic model introduced in section II and 

demonstrate that decision errors cannot be simply interpreted as irrational behavior. However, our 

theoretical framework does not provide an exact point estimate on the optimal allocation of time. This 

would require further structural assumptions on the decision making process captured by 𝜋 in our model. 

The specific functional form of 𝜋 determines the rate of improvement in the lottery decision and is therefore 

instrumental to determine the exact optimal time investment in the lottery choice.  

Another open question concerns the influence of prior beliefs of the decision maker on the range of 

outcomes, which may be reached by alternative lottery choices. We introduce an extension of our model 



  

96 

 

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 𝜋, whereas the utility difference ∆𝐸[𝑢], which can be 

interpreted as measure of the importance of the lottery decision, is predetermined and known to the 

decision maker. We relax this assumption in Appendix I and assume that ∆𝐸[𝑢], is not deterministic but 

rather an a priori unknown random variable, whose properties might be learned by interpreting signals 

at a very early stage of the decision making process. As we demonstrate in section V, even without an 

early stage, our basic model is able to produce similar predictions as the process-oriented DDM.27 

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 various ways, lead to fewer 

decision errors.28 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. 

VII. Conclusion 

What kind of a model of rationality do we seek? We introduce a simple model in which a rational 

decision maker trades-off the quality and opportunity costs of the decisions in a rational manner. 

In contrast to related extensions of the rational model (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 decision 

improves decision quality, and provides a number of testable predictions. 

To test the prediction that decision errors can be rationalized by high opportunity costs, we test main 

implications of our model using a structural econometric approach. Our study provides evidence that 

decision errors vary positively with opportunity costs of decision making, which is in line with the 

rational prediction that decision errors are more likely because higher opportunity costs induce a lower 

time investment in the decision quality. Despite the existence of a negative correlation between decision 

time and quality, we find a strong positive causal effect of time invested in the lottery decision on the 

quality of the decision, which supports the validity of or economic model. We find no evidence that risk 

preferences change with respect to decision time, which allows a normative interpretation of the model 

based on the stable preference assumption (Stigler and Becker 1977). 

In the final analysis, our results suggest that so-called behavioral anomalies manifested as errors in 

economic decisions might be the outcome of a rational trade-off, in particular if (1) the problems are 

complex, (2) opportunity costs of investing time and other resources to improve decision making are 

                                                             
27 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. 
28 Results are provided in Table 14 in Appendix I. 
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high, and (3) individual decision skills are low. Remaining decision errors might then not be interpreted 

as irrational behavior alone, but as a result of a rational trade-off under given constraints. 

In a sense, our work is related to the theory of human capital. No economist would describe the fact 

as irrational that not every individual has the skills to be productive enough to earn the wage of a Wall 

Street manager. In the same vein, why should it be irrational that not everyone has the ability and skills 

to make the best decision? In both cases, the productivity of the worker or the ability of the decision 

maker depends on individual skill level. The investment into these skills provide the rationale for 

education and more general for the formation of human capital. In the basic labor-supply model, in 

addition to the wage rate, income depends on the hours worked, determined by solving the trade-off 

between working more and increase earnings or spending the time on alternative uses (i.e. leisure as 

determinant of the opportunity costs of time). Similarly, the income earned from a decision depends on 

the time spent in the decision making process, which is determined by the same underlying trade-off. 
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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 (𝜌) assuming the utility 

function, 

(9)  𝑢(𝑥) =
𝑥1−𝜌

1−𝜌
, 

where 𝑥 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)  ∆𝐸[𝑢] = 𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)]. 

The econometric specification assumes a cumulative distribution function of the normal distribution 

Φ(∆𝐸[𝑢]) connecting ∆𝐸[𝑢] 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(∆𝐸[𝑢]) is used to map the probability to choose the right lottery to 

the difference in the expected utilities of two available lotteries (𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)]). 

To account for treatment dependent decision errors, we use the Fechner error specification 

(11)  ∆𝐸[𝑢] + 𝜏 ⋅ 휀,  𝑤𝑖𝑡ℎ 휀~𝑁(0,1). 

𝜏 denotes the structural error parameter and 𝑁(0,1) the standard normal CDF. We estimate 𝜌 and 𝜏 with 

the following structural equation 

(12)   𝐶ℎ𝑜𝑖𝑐𝑒∗ = (𝑝𝑅,1 ⋅
𝑥𝑅,1
1−𝜌

1−𝜌
+ 𝑝𝑅,2 ⋅

𝑥𝑅,2
1−𝜌

1−𝜌
) − (𝑝𝐿,1 ⋅

𝑥𝐿,1
1−𝜌

1−𝜌
+ 𝑝𝐿,2 ⋅

𝑥𝐿,2
1−𝜌

1−𝜌
)

⏟                                
𝐸𝑈(𝑅)−𝐸𝑈(𝐿)

+ 𝜏 ⋅ 휀 + 𝜖, 

 𝑤𝑖𝑡ℎ 𝐶ℎ𝑜𝑖𝑐𝑒 = {
1 (𝑅),  𝑖𝑓 𝐶ℎ𝑜𝑖𝑐𝑒∗ ≥ 0, 
0 (𝐿)  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.          

  

Furthermore the difference in expected utility (𝐸𝑈(𝑅) − 𝐸𝑈(𝐿)) is standardized  according to Wilcox 

(2011) to be bounded within the interval [−1,1], through dividing by the maximum expected utility 

difference (𝑤) that can be generated by the states of two available lotteries. The error term is denoted 

by 𝜖. 

We allow 𝜌 and 𝜏 to depend on the treatment condition represented here by the change in the 

opportunity costs 𝛼 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) 𝐶ℎ𝑜𝑖𝑐𝑒∗ = (𝑝
𝑅,1
⋅
𝑥𝑅,1
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼,𝒛)
+ 𝑝

𝑅,2
⋅
𝑥𝑅,2
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼,𝒛)
)− (𝑝

𝐿,1
⋅
𝑥𝐿,1
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼, 𝒛)
+ 𝑝

𝐿,2
⋅
𝑥𝐿,2
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼, 𝒛)
 )  + 𝜏(𝛼,  𝒛) ⋅ 휀 + 𝜖   

Estimates for 𝜌(𝛼,  𝒛) and 𝜏(𝛼,  𝒛) in equation (13) are obtained by using maximum likelihood 

estimation. Let ∆𝑊𝐸[𝑢] = ∆𝐸[𝑢]/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(∆𝑊𝐸[𝑢] + 𝜏 ⋅ 휀 > 0) 

                                                = 𝑃 (휀 > −
∆𝑊𝐸[𝑢]

𝜏
)  

Since we assume 휀~𝑁(0,1), we estimate 𝑃(𝑅) with 

 𝑃(𝑅) = 1 − Φ [−
∆𝑊𝐸[𝑢]

𝜏
]           
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 = Φ[
∆𝑊𝐸[𝑢]

𝜏
]          

Where Φ[⋅] denotes the CDF of the standard normal distribution. The log-likelihood is therefore given 

by 

(15) ln 𝐿(𝜌, 𝜏; 𝑐ℎ𝑜𝑖𝑐𝑒, 𝛼, 𝒛) = ∑ (𝐶ℎ𝑜𝑖𝑐𝑒 ⋅ ln (Φ [
∆𝑊𝐸[𝑢]

𝜏
]) + (1 − 𝐶ℎ𝑜𝑖𝑐𝑒) ⋅ ln (1 −Φ [

∆𝑊𝐸[𝑢]

𝜏
]))𝑛

𝑖=1 . 

Generating a variable 𝑦𝑦𝑖 with 𝑦𝑦𝑖 = 1 if the right lottery is chosen and  𝑦𝑦𝑖 = −1 if the left lottery is 

chosen, we can rewrite (15) in more compact form. Using the detailed formulation of (13) gives 

(16) ln 𝐿(𝜌, 𝜏; 𝐶ℎ𝑜𝑖𝑐𝑒, 𝛼, 𝒛) = ∑ ln( Φ [𝑦𝑦𝑖

(𝑝𝑅,1⋅
𝑥𝑅,1
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼,𝒛)
+𝑝𝑅,2⋅

𝑥𝑅,2
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼,𝒛)
)−(𝑝𝐿,1⋅

𝑥𝐿,1
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼, 𝒛)
+𝑝𝐿,2⋅

𝑥𝐿,2
1−𝜌(𝛼, 𝒛)

1−𝜌(𝛼, 𝒛)
 )

𝑤⋅𝜏(𝛼, 𝒛)
])𝑛

𝑖=1 , 

from which we estimate our structural risk preference (𝜌) and decision error (𝜏) parameters, which 

depend on the lottery choice, opportunity costs (𝛼) and a vector of socio-economic characteristics (𝒛).29 

 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 (𝑁 = 111).30 

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 𝜌 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  𝜌 and 𝜏 across treatments, a Mann-Whitney U rank sum test which treats the 

individual 𝜌 and 𝜏 estimates as ordinal data effectively controlling the influence of extremely large 

observations.31 

                                                             
29 Equation (16) also presents the functional form of the likelihood function used in the STATA program. 
30 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 𝜌 < −150, and cannot be exactly determined. The Fechner error estimate is relatively low around 𝜏 ≈ 0.2 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). 

31 Using expected utility, we implicitly assume cardinal measurement of utility. The t-test on the difference in means requires 𝜌 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 𝜌 between the 10cent and the no costs treatment is driven by three implausibly small 𝜌 

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 𝜌. Based on the Mann-Whitney U test, the probability 𝑃(𝜌𝑇 < 𝜌𝐶) 

of a subject from the 10cent condition is more risk seeking (lower 𝜌) is 61 percent32 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)). 

 

                                                             
32 In Table 6, we report 𝑃(𝜌𝑇 > 𝜌𝐶), hence the probability 𝑃(𝜌𝑇 < 𝜌𝐶) is equal to 1 − 𝑃(𝜌𝑇 > 𝜌𝐶). 
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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 
costs 

0.08 0.760  0.50 0.973  100cent - no 
costs 

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 procedure33 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 however 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 (−0.95, 1.37),34 whereas the structural CRRA 

measure is not. Furthermore, Andersson et al. (2016 forthc.) show that in Holt-Laury tasks decision errors 

bias the elicited CRRA risk preferences towards risk neutrality, which also explains the relatively low 

correlation.35 

                                                             
33 A screenshot of the Holt-Laury task is provided in the detailed description of the experiment in the online appendix. 
34 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 < −0.95 (𝜌 > 1.37). 
35 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,36 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). 

 

 

                                                             
36 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 (𝑥) =
𝑥1−𝜌

1−𝜌
. We do not explicitly define the utility about final 

wealth, but rather we 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.37 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 income38 (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. 

                                                             
37 Wakker (2008) provides a discussion on the behavior of power utility function when the argument is zero. 
38 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 (3), 

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 (3) specifies the nonlinear relationship between the measure of risk aversion included in the 

utility difference ∆𝐸[𝑢(𝜌; 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 𝜌 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, Brown, and Shapiro (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 (Holt and 

Laury 2002). Andersson et al. (2016 forthc.) replicate the results of Dohmen et al. (2010) and find that the 
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correlation between risk aversion and cognitive skills is an artefact of the choice list procedure. In line with  

Andersson et al. (2016 forthc.) 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 (2013a, 2013b) 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 

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. 
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To empirically validate the predictions of our model we therefore 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,39 we estimate the expo-

power utility function as suggested by Holt and Laury (2002) and first proposed by Saha (1993) of the 

following form: 𝑢(𝑥) = (1 − exp(−𝑎𝑥1−𝜌))/𝑎) with 𝑎 ≠ 0, 1 − 𝜌 ≠ 0, and 𝑎 ⋅ (1 − 𝜌) > 0. Since 

−𝑢′′(𝑥) ⋅ 𝑥 𝑢′(𝑥)⁄ =  𝜌 + 𝑎(1 − 𝜌)𝑥1−𝜌, the function includes constant absolute and constant relative 

risk aversion as special cases. When 𝑎 goes to zero, 𝜌 can be interpreted as the CRRA coefficient. 

Whereas, with 𝜌 approaching zero and 𝑎 > 0, the function exhibits CARA of 𝑎. For cases in-between 

with  𝑎 and (1 − 𝜌) 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 

𝜌 can be (approximately) be interpreted as CRRA coefficient. The results of model (1) in Table 11 

suggest implausibly high estimates of 𝜌 = −2.667 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 𝜌 and 𝑎 in column (2) and (3) jointly determine the risk preferences. Since both 𝜌 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), 𝜌 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. 

                                                             
39 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 (𝑢(𝑥) = (1 −
exp(−𝑎𝑥1−𝜌))/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 (𝜇) 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 = 1 in the stochastic component of the DDM (휀~𝑁(0, 𝜎2)) to identify the parameters of the DDM (see e.g. Ratcliff (1978), 

Krajbich, Oud, and Fehr (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, 𝜇, NDT, we also estimate the parameters related to the variability of the drift rate 𝜇 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 (𝑡�̂�) 

 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 (∆𝐵) 83.5% 73.7% 72.8% 69.2%  2.60 1.75 1.70 1.50 

 Drift (∆𝜇) 68.7% 74.9% 79.0% 78.3%  1.90 1.86 1.83 1.84 

 Both (∆𝐵 & ∆𝜇) 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 (𝑡�̂�) 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 ∆𝐸[𝑢]. 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 ∆𝐸[𝑢]. One way to incorporate the rational response 

to information cues in our economic model introduced in section II, is presented below. Assuming again 

that 𝑅 ≻ 𝐿, including the time constraint in the maximization problem from equation (1), and defining 

the structure of the utility related to the lottery decision as 𝑈 ≡ 𝜋(𝑡𝑑 , 𝛾, 𝛿) ⋅ 𝐸[𝑢(𝑅)] + (1 − 𝜋(𝑡𝑑, 𝛾, 𝛿)) ⋅

𝐸[𝑢(𝐿)] gives the following maximization problem:  

(17)  𝑚𝑎𝑥
𝑡𝑑

 𝜋(𝑡𝑑, 𝛾, 𝛿) ⋅ 𝐸[𝑢(𝑅)] + (1 − 𝜋(𝑡𝑑 , 𝛾, 𝛿)) ⋅ 𝐸[𝑢(𝐿)] +𝑢𝑜(1 − 𝑡𝑑 , 𝛼), 

the optimal allocation of time invested in the lottery decision 𝑡𝑑 is given by 

(18)  (𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)])
𝜕𝜋

𝜕𝑡𝑑
= −

𝜕𝑢𝑜

𝜕𝑡𝑑
. 

Additional to the assumption that more time invested into the lottery decision increases the quality of 

the decision (𝜕𝜋 𝜕𝑡𝑑⁄ > 0), we assume that the increase in the decision quality becomes smaller as more 

time is invested (𝜕2𝜋 𝜕𝑡𝑑
2⁄ < 0). This seems natural since the probability 𝜋 cannot exceed one, hence an 
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appropriate structure of the function for 𝜋 should suffice lim𝑡𝑑→∞ 𝜋 = 1. 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 𝜕𝑢𝑜 𝜕𝑡𝑑⁄ < 0. 

The expected utility difference ∆𝐸[𝑢] = 𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)] 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 ∆𝐸[𝑢]̃ ∼ 𝑁(0, 𝜎2). In the optimality condition (18), we assume 𝑅 ≻ 𝐿 ⇔ ∆𝐸[𝑢] > 0. Since we 

assumed ∆𝐸[𝑢]̃ ∼ 𝑁(0, 𝜎2), ∆𝐸[𝑢] is truncated normally distributed within the interval ∆𝐸[𝑢] ∈ (0,∞). The 

conditional expectation of ∆𝐸[𝑢] is given by 𝐸[∆𝐸[𝑢]|∆𝐸[𝑢] > 0] = 𝜎√2 𝜋𝑖⁄ ≈ 0.8𝜎, where 𝜋𝑖 ≈

3.14159, refers to the mathematical constant.40 Replacing 𝐸[𝑢(𝑅)] − 𝐸[𝑢(𝐿)] with 𝐸[∆𝐸[𝑢]| ∆𝐸[𝑢] >

0] = 𝜎√2 𝜋𝑖⁄  in equation (18) gives 

(19)  𝜎√2 𝜋𝑖⁄
𝜕𝜋

𝜕𝑡𝑑
= −

𝜕𝑢𝑜

𝜕𝑡𝑑
. 

Further assume that high lottery payoffs are interpreted as a signal for the possibility of a large ∆𝐸[𝑢]   

represented by a higher variance 𝜎2 in ∆𝐸[𝑢]. A high lottery payoff could then – without changing the 

a priori mean of the distribution of ∆𝐸[𝑢]̃  which is still zero (∆𝐸[𝑢]̃ ∼ 𝑁(0, 𝜎2)) – lead to an increase 

in the time invested into the decision, because a higher 𝜎 would require a lower 𝜕𝜋 𝜕𝑡𝑑⁄ , which requires 

a larger 𝑡𝑑 due to the concavity of 𝜋 in 𝑡𝑑. 

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 𝜌 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 pattern41 is quite similar to our main 

specifications. In specification (2), we fix 𝜌 to 𝜌 = 0.193 for all treatment groups, which corresponds to 

                                                             
40 The general form of the conditional expectation of ∆𝐸[𝑢] with ∆𝐸[𝑢] > 𝑎 and mean 𝐸[∆𝐸[𝑢]| ∆𝐸[𝑢] > 0] = 𝜎 ⋅ 𝜆(𝛼), where 𝜆(𝛼) 

denotes the Inverse Mills Ratio 𝜆(𝛼) = 𝜙(𝛼) (1 −Φ(𝛼))⁄  and 𝛼 = (𝑎 − 𝜇)/𝜎. With 𝜇 = 0 and 𝑎 = 0, the conditional expectation of ∆𝐸[𝑢] 

can be simplified to 𝐸[∆𝐸[𝑢]| ∆𝐸[𝑢] > 0] = 𝜎√2 𝜋𝑖⁄ . 
41 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 𝜌 to be 𝜌 = 0.5. 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 𝜌 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 𝜌 = [0.008,0.193]). In specification (4), we allow for no heterogeneity in the decision error. By 

fixing 𝜏 = 1, 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.: 𝜌𝑡𝑟𝑒𝑎𝑡 = 0  𝜌𝑡𝑟𝑒𝑎𝑡 = 0.193  𝜌𝑡𝑟𝑒𝑎𝑡 = 0.5  𝜏𝑡𝑟𝑒𝑎𝑡 = 1 

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 𝜌, 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 decision 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.42 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.  

                                                             
42 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 
  𝑝1 𝑝2 𝑥1 𝑥2  𝑝1 𝑝2 𝑥1 𝑥2    𝑝1 𝑝2 𝑥1 𝑥2  𝑝1 𝑝2 𝑥1 𝑥2 

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 

Notes: First Question of the Berlin Numeracy Test. 
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FIGURE 12. INSTRUCTIONS AND LOTTERY CHOICES IN THE HOLT-LAURY TASK I 

Notes: Screen contains instructions of the Holt-Laury task. 

 

FIGURE 13. I INSTRUCTIONS AND LOTTERY CHOICES IN THE HOLT-LAURY TASK II 

Notes: Screen contains instructions of the Holt-Laury task. 
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FIGURE 14. INSTRUCTIONS OF A LOTTERY DECISION 

Notes: The instructions were presented before the subjects made their 180 lottery choices. 

 

FIGURE 15. INSTRUCTIONS OF A LOTTERY DECISION (NO TIME COSTS) 

Notes: The instructions were presented before the subjects made their 180 lottery choices. 
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FIGURE 16. INSTRUCTIONS OF A LOTTERY DECISION (10 CENT TREATMENT) 

Notes: The instructions were presented before the subjects made their 180 lottery choices. 

 

FIGURE 17. INSTRUCTIONS OF A LOTTERY DECISION (30 CENT TREATMENT) 

Notes: The instructions were presented before the subjects made their 180 lottery choices. 
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FIGURE 18. INSTRUCTIONS OF A LOTTERY DECISION (100 CENT TREATMENT) 

Notes: The instructions were presented before the subjects made their 180 lottery choices. 

 

FIGURE 19. SCREEN OF LOTTERY DECISION FROM THE LOTTERY SAMPLE (SAME FOR ALL TREATMENTS) 

Notes: Lottery choice #35. The display of the lottery choice was identical across treatments. 
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FIGURE 20. RAVEN TEST INSTRUCTIONS 

Notes: … 

 

FIGURE 21. RAVEN TEST – EASY TASK (TASK 2 OUT OF 12) 

Notes: (we used every third picture of Raven….) 
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FIGURE 22. RAVEN TEST – HARD TASK (TASK 11 OUT OF 12) 

Notes: … 

 

FIGURE 23. QUESTIONAIRE ON SOCIO-ECONOMIC CHARACTERISTICS 

Notes: Example of a screen containing socio-economic questions used in the experiment. 
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