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Introduction 

 

There are three chapters in this thesis that explore the concept of asset 

valuation. Each chapter addresses the topic by delving into the fields of asset 

pricing and auctions. I would like to first start by summarizing the different 

methodologies of assessing asset valuation in order to put the research 

findings in context.  

How to value a good, your time, or a financial asset? From simple supply-

demand diagrams to state-of-the-art models of the stochastic discount factors, 

the literature has come a long way in developing the theoretical foundations 

of valuations.  

When testing theories, it is common to take several approaches. Each with 

its own unique benefits and drawbacks.  

The first approach are lab experiments. Experiments help us understand 

how asset markets function. They allow researchers to control for 

confounding effects when testing the impact of the variable of interest.  

The second, and most common approach, relies on classical methods and 

market data. Theory guides the explanatory variables (or predictors) and the 

investigation focuses on trying to test the theory on the data. Theory also helps 

us in selecting the relevant variables which prevents overfitting when 

predicting. The benefit of the approach is the intuition we obtain about the 

underlying mechanisms driving valuation.  

The biggest obstacles in the classical approach include an inability to 

cleanly separate between various theories, such as the rational and behavioral 

debate in asset pricing or more generally omitted variable bias. Another 

problem is an inability to ever put the underlying theories truly to the test. 

Such concerns are typical for example when considering the testability of the 

capital asset pricing model (CAPM). The theoretical concepts need to be 

translated and tested with real world proxies. This naturally raises concerns 

whether acceptance or rejection of the proxy is in fact a rejection of the 

underlying theoretical model.  

Finally, we have the a-theoretical approach. In this approach we ask what 

determines valuation in the real world, and use a plethora of methods and 

signals, to determine the relevant variables. Questions about mechanisms are 
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not key here. Theory is not required. The intuition is often provided; but this 

is not necessary. In fact, an array of workhorse models, including neural 

networks, are inherently black boxes that tell us little about the underlying 

channels.  

Machine learning and more generally data science have seen incredible 

growth in recent years. They represent the move towards the a-theoretical 

approach and have been pushed into the forefront of science by their success 

in a variety of non-finance fields. But finance and economics are also catching 

up in recent years with growing claims that machine learning methods can 

lead to superior out-of-sample valuation forecasts.  

Readers will find three essays in this Ph.D. dissertation. Each addressing 

a separate question and using a different approach. The over compassing topic 

is valuation. 

In Chapter 1, I explore the area of empirical asset pricing. The literature 

in this area has discovered an array of patterns in asset returns that are 

considered anomalous to the predictions of the capital asset pricing model 

(CAPM). Most of this research has focused on single name equities. However, 

in this chapter, I study the cross-section of international equity indices, a less 

explored setting, using the latest methodological developments in forecasting 

techniques. 

Extensive research suggests that predictability may not be profitable after 

transaction costs and short selling fees.  Concerns have also been raised about 

in-sample and out-of-sample premium existence in the cross-section of stock 

returns. Therefore, equity indexes are good setting to test predictability as 

they have low transaction costs, are highly liquid and easy to short sell. 

However, given the small cross-section of equity indices available, 

classical econometric techniques face difficulties incorporating the multitude 

of predictors, especially macroeconomic variables that were selected to 

capture movements in the business cycle, and thus have high between-

predictor correlation. The high-dimensional nature and the ability to deal with 

non-linearity in the functional form make machine learning methods the best 

econometric method for this prediction task.  

I find that allowing for complex interactions among baseline predictors 

significantly improves predictability and profitability. Neural networks and 
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principal component regressions improve out-of-sample predictability in the 

cross-section of country equity index premia as they are able to cast a wide 

net in its specification research and approximate complex nonlinear 

associations.  

In Chapter 2, I explore the area of experimental and theoretical asset 

pricing. Asset comovement is crucial to portfolio allocation and asset pricing 

as it determines market risk. In this chapter, we investigate a rational channel 

for asset comovement by conducting a laboratory experiment that tests 

discount rate dynamics in a consumption-based asset pricing model. We 

investigate if contagion can emerge between two risky assets even though 

their fundamentals are not correlated.  

We observe patterns consistent with the return predictions of the 

Cochrane et al. (2007) model in our data. As predicted by the model, the 

returns of the two assets contemporaneously comove during the shock period, 

and the returns of the shocked asset display momentum in the periods 

following the dividend shock. In addition, the model’s predictions are better 

supported in markets with more sophisticated agents. This is important as the 

intent of the model is to capture the dynamics of markets that are populated 

by rational agents. 

In Chapter 3, I asses valuation in the context of auctions. In our everyday 

life, competition for a prize frequently takes the form of committing capital 

toward winning a contest. Those who spend more money become more likely 

to obtain the prize. An extreme case is winner-take-all competition, which can 

be modelled as an all-pay auction. An all pay auction is a special type of 

auction where irrespective of winning or not, the bid is payed. However, 

money is not the only medium of reward used in competitions. In this chapter, 

together with my co-authors, I study competition in terms of time. Do 

individuals maintain the same strategies across different reward domains 

when it comes to competing in an auction? The theory of auctions assumes a 

similar equilibrium and bidding behaviour regardless of the medium of 

transaction: time or money. 
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In the experiment reported in this chapter, we study whether the bidding 

behavior of agents presents similar patterns when the effort exerted is in terms 

of time rather than money. 

Our results show that agents bidding behaviour is similar in auctions for 

money and for time. Regardless of the reward medium, bidding is on average 

higher than equilibrium levels and participants lose money and time on 

average. 

Cognitive reflection test scores are positively related to earnings in the 

money auction, and in some regression specifications for the time auction. A 

gender effect appears in that women bid more aggressively than men in the 

monetary auction. Thus, while the overbidding behaviour is similar across the 

two mediums of reward, there are some subtle differences in terms of the way 

bidders approach competition with monetary effort rather than time.   
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_______________________ 1 ______________________ 
  _______________________________________________ 

The macroeconomy and the cross-section of 

international equity index returns: 

A machine learning approach 
   _______________________________________________ 

 

 

 

 

 

 

 

Summary: The chapter evaluates the out-of-sample predictive ability of 

machine learning methods in the cross-section of international equity index 

returns using firm fundamentals and macroeconomic predictors. The study 

performs a horserace between classical forecasting methods and the machine 

learning repertoire, including principal component analysis, partial least 

squares, and neural networks. I find that macroeconomic signals seem to 

substantially improve out-of-sample performance, especially when non-linear 

features are incorporated via neural networks. The performance of the country 

bet cannot be explained by standard definitions of risk1.  

 

 

 

 
1 I thank Mungo Wilson, Stefano Cassella, seminar participants at University of Oxford and 

VU Amsterdam University for helpful comments. The author also acknowledges TiU Blade 

Computing Center at Tilburg University for support with computing power. Part of this chapter 

has been written while the author was visiting Said Business School, University of Oxford, 

whose hospitality is most gratefully acknowledged. 
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1.1 Introduction 

The empirical asset pricing literature has discovered an array of patterns 

in asset returns that are considered anomalous because they are not in line 

with the predictions of the capital asset pricing model (Fama and French, 

1992; Fama and French, 2008). Most of this research has focused on single 

name equities, partly due to the availability of rich historical data, with more 

than 400 independent predictive signals proposed in the literature (Hou, Xue, 

and Zhang, 2017). 

Recent studies, however, have raised unsettling doubts about the validity 

and profitability of forecasting signals in the cross-section of stock returns. 

Challenges to the viability of cross-sectional stock return predictability have 

been mainly based on the profitability of signal-based strategies after transac-

tion and short-selling fees, and tests of in-sample and out-of-sample premium 

existence.  

Extensive research suggests that predictability may not be profitable after 

transaction costs and short selling fees. When it comes to trading costs, Novy-

Marx and Velikov (2015) show that a considerable portion of alpha in the 

cross-section of US stock returns can be attributed to trading costs. More gen-

erally, an extensive literature documents that cross-sectional stock anomalies 

disappear as trading frictions decrease in line with the idea that limits to arbi-

trage prevent price correction. For example, Chordia et al. (2014) argue that 

anomalies have diminished in the era of high liquidity and low transaction 

costs. More specifically, they show that an increase in hedge fund assets under 

management, turnover, and short interest have been associated with reduc-

tions in strategy profitability. Nagel (2005) shows that anomalies are pro-

nounced in stocks that are difficult to short sell and Chu, Hirshleifer, and Ma, 

(2018) show that anomalies attenuate when short selling restrictions are re-

laxed. These findings suggest that limits to arbitrage play a significant part in 

the trading of stock anomalies and the lessening of frictions is associated with 

reduced gross alphas as rational arbitrageurs start to take advantage of mis-

pricing.  

Concerns have also been raised about in-sample and out-of-sample pre-

mium existence in the cross-section of stock returns. McLean et al. (2016) 
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provide evidence of extensive out-of-sample premium decay. Alternatively, 

Hou, Xue, and Zhang, (2017) argue that most anomalies are not significant 

even in-sample when a cutoff t-statistics value of three is applied (Harvey, 

Liu, and Zhu, 2016). Moreover, they find that, even for significant replicated 

findings, the magnitude of premiums is much smaller than originally reported.  

The evidence of premium decay combined with extensive trading and 

short-selling costs put in doubt the viability of exploiting predictability in the 

cross-section of stock returns.  

This study researches predictability in a less explored setting, the cross-

section of international equity indices, using the latest methodological 

developments in forecasting. The market for equity indices is one of the 

largest in the world (Wugler, 2010) and it is far easier for an investor to 

change their investment allocation and exposure to the entire equity market 

using an instrument linked to the index, such as: a future, an exchange-traded 

fund (ETF) or a total return swap, rather than trading all of the underlying 

individual stocks.  

According to Ben-David et al. (2018), ETFs have around “$2.5 trillion in 

assets under management (AUM) in the United States ($3.5 trillion globally), 

accounting for about 35% of the volume in U.S. equity markets”. ETFs are 

highly liquid, have little idiosyncratic risk, and deliver a cost-efficient way to 

invest (Madhavan, 2014; Li and Zhu, 2018; Ben-David et al, 2018).  

In addition, while short-selling individual securities can be a costly and 

operationally challenging process (Reed, 2013; Ljungqvist and Qian, 2016), 

taking a short position with a future or total return swap is straightforward and 

low-cost. Equity index futures are inexpensive to trade2. As a result, any 

predictability present in indexes should be easy to exploit both in the long and 

short leg even after transaction costs.  

The relative lack of empirical research and the extensive liquidity of the 

instruments makes the cross-section of equity index returns an interesting 

setting to explore predictability. The current study investigates the out-of-

 
2 The Bid/Ask spread of key futures contracts according to Bloomberg on 23 of September 

2019 was: DAX 12313/12313.5; Nikkei 225 21780/21790; 500 mini 2990.25/2990.5. The 

resulting bid-ask spread of (12313.5-12313)/ 12313 = 0.004% for example, is inconsequential 

relative to the magnitude of anomaly alphas.  
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sample predictability in the cross-section of equity indexes using firm 

fundamentals and macroeconomic variables. 

 

1.1.2 Literature 

Past research in the cross-section of international equity indices focused 

only on a few signals. For example, Cochrane (2007) and Rangvid et al. 

(2014) use dividend yields as predictors for equity returns, while Asness, 

Moskowitz, and Pedersen (2013) show the profitability of momentum and 

book-to-market in predicting the cross-section of global indices and other 

asset classes. Cenedese et al. (2016) sort equity indices into portfolios based 

on dividend yield, term spread and momentum and examines the exchange 

rate response to equity market movements. Instead of using dividend yields, 

Koijen, Moskowitz, and Pedersen (2018) use equity futures prices, and show 

that sorting on carry (dividend yield estimates implied in equity index future’s 

prices) generates positive and unexplained alpha. 

It is important to understand that the cross-section of stocks and the cross-

section of indexes answer two different questions. The cross-section of stocks 

examines what variables predict the expected returns of stock A relative to 

stock B. The cross-section of indexes tries to answer what variables predict 

the expected index returns of country A relative to country B. Resultantly, it 

is not necessary that variables that predict in one setting also work in the other. 

Nevertheless, one of the claims of factor investing is that the intuition of 

predictors can be easily translated across asset classes. Consequently, a 

natural starting point is looking at variables applicable to predicting the cross-

section of stock returns, such as firm fundamentals (Lewellen, 2015).  

The intuition for concepts such as value, that cheap assets should 

outperform expensive assets, is easily translatable to indexes. Variables like 

the aggregate book to market ratio can still capture this intuition. On the other 

hand, variables such as asset growth, for which one of the most prominent 

theories is based on empire building, is not easily translatable to indexes as 

the hypothesis that managers in one country engage in empire building (in 

some years) more than managers in other countries is less intuitive. 
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Investigating the performance of the signals in the cross-section of indexes 

can also serve as a relevant out-of-sample test for the underlying theories.  

To my knowledge, there has not been any research done exploring the 

cross-section of index return where a vast array of both firm fundamental and 

macroeconomic predictors has been investigated jointly.  

The cross-section of international indexes is a natural setting to explore 

the effect of macroeconomic predictors, which are considered in classical 

asset pricing theory as the underlying sources of systematic risk (Chen, Roll, 

and Ross, 1986). Intuitively, the state of the local economy can affect the 

stock market; consequently, knowledge about the business cycle in each 

economy can inform investors about potential relative bets across 

international equity markets. As the results show, standard regression 

methodologies face difficulties incorporating the multitude of predictors, that 

were selected to capture movements in the business cycle, due to high 

between-predictor correlation.  

These limitations can be overcome using the latest forecasting methods in 

machine learning. The recent advancement in computer power and AI has 

seen an increased applicability of machine learning techniques in an array of 

fields such as: clinical medicine (cancer prediction – Kourou et al. (2015)), 

law (crime data – McClendon et al. (2015)), marketing (Ruan, Siau, 2019), 

finance (financial sentiment analysis - Kearney, Liu (2014)), economics (pre-

dicting poverty – Jean et al. (2016)) etc .  

Deep learning applications in asset pricing are still in their early stages. 

Studies focus mostly on shrinkage and dimension reduction-based 

approaches. Moritz et al. (2016) use random forests to predict the future stock 

prices of US firms in a portfolio sorting framework. In the same spirit, Kozak, 

Nagel, and Sanntosh (2019) construct stochastic discount factors and find that 

the ones based on sparse models that use 3-5 principal components have 

higher out-of-sample performance. 

Messmer (2017) and Gu et al. (2018) forecast the cross-section of US stock 

returns employing machine learning techniques, including Neural Networks 

(NNs). They find improvement in out-of-sample predictability compared to 

simple OLS. Feng et al. (2018) mimic the analysis of Goyal and Welch (2007) 

and show that machine learning techniques can predict the return of S&P500 



13 

 
 

 

out-of-sample and perform slightly better for all model specifications. They 

argue that this outperformance is due to non-linear relationships imbedded in 

the functional forms. Bianchi et al. (2019) study the cross-section of bond 

returns and find substantial out-of-sample improvement in R-squared 

compared to linear combinations like in Cochrane and Piazzesi (2005) . 

 

1.1.3 Why machine learning in predictability? 

Relative to pooled ordinary least squares (or Fama - MacBeth (1973) re-

gression ), machine learning algorithms are particularly suitable for predicting 

asset returns and measuring risk premia for several reasons: (1) dimensional-

ity reduction and variable selection, (2) incorporating nonlinearities in the 

functional form, and (3) the ability to exploit time-varying relationships. 

Many classical methods are designed to estimate the relationship between 

y and x (the 𝛽 coefficient). Machine learning methods are not well suited for 

assessing causal relationships between asset returns and characteristics. How-

ever, even though an understanding of the structural relationship is desirable, 

measuring the risk premium of an asset is essentially a forecasting issue. Re-

turn predictability in asset pricing is a problem of estimating �̂� rather than �̂�. 

Machine learning algorithms are specialized in producing the best out-of-

sample predictions without having to indicate a priori the functional form of 

the relation.  

Traditional techniques seem to reach an impasse when it comes to incor-

porating the vast amount of potential predictive signals, especially in the pres-

ence of multicollinearity. This is particularly problematic in the cross-section 

of international equity indices where the number of predictors is large relative 

to the number of observations in the cross-section. Data reduction techniques 

(and variable selection) allows researchers to utilize more predictors than 

there are observations in each period.  

Even though asset theory suggests that non-linear functional forms can 

exist (Chen, 1991), linear methods are prevalent in the asset pricing empirical 

literature. Without making any assumption on the functional form between 

returns and predictors, machine learning techniques implement nonlinearities 

and are well suited to solve complex nonlinear associations. The algorithms 
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account for model specification uncertainty as they cast a wide net in the spec-

ification search.   

Neural Network algorithms can also exploit potential structural changes 

by dynamically learning the time-varying relationship between signals and 

index returns. Rasekhschaffe and Jones (2019) show that the correlation 

between NN forecasts and Carhart’s (1997) factors exhibits significant time-

variation compared to linear model forecasts3.  

To obtain great performance out-of-sample, machine learning algorithms 

use several regularization and tuning methods to achieve an optimal balance 

between in-sample performance and model generalization. Regularization 

techniques and parameter tuning are NN’s secret sauce.  

Contrary to the common misconception that NN’s are unaware of feature 

selection, using prior research and economic intuition when selecting signals 

is essential for robust predictions (Arnott, Harvey, Markowitz, 2018). This 

can overcome in-sample overfitting and help out-of-sample predictability as 

the signal-to-noise ratio is decreased even before the algorithms are trained 

and regularization is applied (Rasekhschaffe et al. 2019).  

 

1.1.4 Main Findings  

The study makes three contributions to the literature. First, it analyzes 

out-of-sample predictability in the cross-section of equity index returns, 

which is a setting where short selling and transaction costs are 

inconsequential. Second, it combines the power of macroeconomic variables 

and firm fundamental signals to forecast the cross-section of equity index 

returns. Finally, it tests the impact of machine learning methods on out-of-

sample predictability and profitability.  

 
3 Rasekhschaffe and Jones (2019) predict the cross-section of US stock returns using a NN with 

four layers and compare the NN forecasts with Beta, Size, Momentum and Value factors 

(Carhart, 1997). They show that there is significant time-variation in correlation between NN 

forecasts and linear factors models. For example, NN forecasts become negatively correlated 

with momentum before its crash (Daniel et al. 2016). Even though one cannot assert whether 

the alpha generated using NN is solely due to market timing, capturing time-varying 

relationships between predictors and returns can significantly improve out-of-sample 

predictability compared to linear methods. 
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In the in-sample analysis, variables such as size and short-term reversal 

which are relevant for the cross-section of stocks seem not to be able to predict 

the cross-section of equity indices. Narratives developed to explain why these 

variables predict the cross-section of stocks, such as inventory imbalances and 

analyst attention respectably, are not easily translatable to indexes. Similarly, 

unlike findings in the literature of stock returns, asset growth leads to higher 

future index return. Firm fundamental hypotheses like empire-building hy-

pothesis seem to not be able to capture the underlying intuition of the variable 

in the cross-section of country indices. The stand-alone predictors with an in-

sample t-stat larger than 3 in portfolio sorts include momentum, output gap, 

earnings-to-price, and sales-to-price.  

The chapter shows that classical methods like Fama-MacBeth, produce 

highly unstable out-of-sample predictions as R-squared drops into negative 

territory. The efficiency of the linear regression is reduced due to the 

relatively high number of signals relative to countries in the cross-section.  

The high-dimensional nature and the ability to deal with non-linearity 

allows machine learning to excel at the prediction task. With an emphasis on 

dimension reduction and multicollinearity mitigation, machine learning 

techniques like principal component regression (PCR) and partial least square 

(PLS) seem to outperform traditional techniques in out-of-sample prediction. 

PCR with macroeconomic predictors produces an out-of-sample R of 4.12% 

and profitable portfolio sorting strategies using predicted returns.  

Allowing for complex interactions among baseline predictors 

significantly improves predictability. Being able to cast a wide net in its 

specification research and approximate complex nonlinear associations, 

macro-NN2 emerges as the best methodology in predicting the cross-section 

of country equity index premia with an out-of-sample R of 4.98%. 

However, deep learning (multiple hidden layers) seems to underperform 

shallow ones (2 hidden layers). This is very likely a result of the amount of 

data used, as the rich data set in biology and text and image processing is far 

larger than in empirical finance.  

The economic gains from using non-linearity are large. For example, 

when sorting country indices in portfolios based on forecasts, the highest 
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average monthly excess return of 1.32% with a monthly SD of 2.5% is 

obtained for macro-NN2. This leads to an annual Sharpe Ratio of 1.83.  

The most successful predictors of the cross-section of international equity 

indices return are macroeconomic variables; among which output gap 

produces an annualized in-sample long-short portfolio sorting alpha of 

approximately 6% with a t-statistic of 4.5. 

The remainder of the chapter has the following structure. Section 1.2 

explains the methodologies. Section 1.3 provides a description of all signals 

used to predict the cross-section of international equity indices. Section 1.4 

reports the empirical results and Section 1.5 concludes.  

 

1.2 Methodology 

There are several methodologies for examining predictability described in 

this section. The general functional form is the following:   

ri,t+1 = f( si,t) + εi,t+1,    [1] 

where rI,t+1 represents the cross-section of equity index excess returns. I 

denote sI,t as the M-dimensional vector of predictors lagged at different rates 

depending on when information is assumed to become available to investors. 

The predictors are lagged in order avoid forward-looking bias and to ensure 

that investors would have had access to the information before making the 

prediction. ΕI,t+1 are the residuals and 𝑓( ) is the functional form.  

Equation [1] implies that in order to predict the index return i at period t, 

the methods will use information from the entire panel.  

 

1.2.1. Portfolio Sorts 

For each signal of interest, I construct every month a set of portfolios by 

sorting countries by the candidate signal. I then assign each index to one of 

three portfolios (low – Portfolio 1, middle – Portfolio 2, high – Portfolio 3).  

I construct tercile portfolios in order to diversify country-specific risk and 

reduce the standard deviation (and standard error) of each portfolio given that 
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there are only 16 countries in the cross-section. A tercile approach is also 

adopted in Asness et al. (2013) 4. 

After the countries are grouped into portfolios, the equally weighted 

portfolios average excess return is calculated. This is equivalent to giving a 

weight of 1/nt where nt is the number of indexes grouped in each portfolio, at 

time t. When the excess return is not available for some entities i in any given 

portfolio at time t, the weights are calculated based on the number of entities 

with available data. I also construct a zero-cost long-short portfolio which 

invests long in Portfolio 3 and shorts Portfolio 1.   

For each long-short portfolio, I test whether an investor can benefit from 

adding a long-short portfolio of the signal implied investment strategy to a 

portfolio that already contains the world market index (CAPM intuition) as 

well as the Global Fama French 5 factors (Fama et al. 2015)5.  

 

CAPM:  Rt
L−S =  αCAPM +  βCAPM(Rt

Mkt − Rt
rf) +  εt,                                        [2] 

 

FF5:  Rt
L−S = αFF5 +  β1(Rt

Mkt −  Rt
rf) +   β2SMB,t +   β3HMLt +   

   + β4RMWt +   β5CMAt + εt ̈ ,       [3] 

 

where Rt
L−S is the return of the zero-cost long-short strategy at point t, αCAPM 

is the intercept (alpha) of the long-short strategy, Rt
Mkt −  Rt

rf represent the 

global excess return; SMB,t represents the size factor, HMLt represents the 

value factor, RMWt is the profitability factor, CMAt is the investment factor, 

 βCAPM is the beta of the L-S strategy to the market factor,  and β is a vector 

containing  β1 , … ,  β5  which are the betas of the long-short strategy to each 

of the factors, and εt , εt ̈  are the residuals. 

 

 
4 When the number of countries is not divisible by 3, the remaining country is added to portfolio 

2.  
5 The FF5 specification is only calculated for the portfolio sorting strategies that use out-of-

sample forecasted returns.  
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1.2.2. Fama-MacBeth 

Fama and MacBeth (1973) is a simple and intuitive approach that provides 

correct standard errors when residuals are correlated in each period (Petersen, 

2009). Fama-MacBeth slopes (δn,1
T+1) are obtained by running in each period 

cross-sectional regressions of excess returns 𝑟𝑖
𝑇 on lagged signals 𝑠𝑚

𝑇−1: 

  Ri
2 = δ1,0

2 + δ1,1
2 s1

1  +  δ1,2
2 s2

1 + ⋯ + δ1,m
2 sm

1 +  εi
2                    [4] 

ri
3 = δ2,0

3 + δ2,1
3 s1

2  +  δ2,2
3 s2

2 + ⋯ + δ2,m
3 sm

2 +  εi
3   [5] 

ri
T+1 = δn,0

T+1 + δn,1
T+1s1

T  +  δn,2
T+1s2

T + ⋯ + δn,m
T+1sm

T +  εi
T+1,   [6] 

 

where 휀𝑖
𝑇+1 is the error term for country index i at time t+1. 

The risk premium is the average slope across cross-sectional regressions6. 

I run univariate Fama-MacBeth regressions for each signal as well as 

multivariate Fama-MacBeth regression with classical predictors.  

 

1.2.3. Machine Learning methods  

1.2.3.1. Principal component (PCR) 

Principal component regression is a popular data-processing and 

dimension-reduction method, with various applications in engineering and 

social science. PCR is a machine learning algorithm, which falls under the 

heading of dimensionality-reduction or data compression. By linearly 

combining predictors, noise is reduced and multicollinearity issues among the 

predictors are alleviated. Principal components are then used to estimate the 

latent factors.  

 
6 The standard errors of cross-sectional Fama-MacBeth regression are one way to deal with 

panel data. An alternative is to use (fixed effects with) clustered standard errors. The structure 

of the dependence of the residuals is used to inform which procedure is more appropriate and 

when both procedures produce similar results (see Petersen, 2009).  
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Modelling the correlation of the cross-section in terms of few unobserved 

latent factors simplifies the multi-dimensionality issue. PCR tries to find 

components that contain the most common variation within the sample of 

predictors. It seeks the linear combinations that best mimic the predictor set.  

Principal component analysis has also gained traction in the field of 

empirical asset pricing, where it has been incorporated in different ways and 

in different stages of the research process. Examples include index 

construction (Baker and Wurgler, 2006) and time-series predictability (Hastie 

et al. 2015). However, very few papers apply such a technique to panel data. 

In this respect I follow a similar methodology to Gu et al. (2018) and Bianchi 

et al. (2019) where I take advantage of the cross-sectional information when 

I apply the dimension reduction techniques. 

Forecasting the one step ahead excess return can be obtained using a two-

steps procedure where dimensionalities are compressed. Firstly, each factor 

is estimated from the predictors and combined into a linear combination 

which contains the covariance of the explanatory variables7. Secondly, I use 

a several factors that explain a large part of the signal variations, to estimate 

the one step ahead excess return via OLS regression. 

I first re-write the linear regression 𝑟𝑖,𝑡+1 = 𝛿𝑠𝑖,𝑡
′ +  휀𝑖,𝑡+1  using vector 

and matrix notations as: 

R = 𝛿S + ∈                      [7] 

To be specific, R is the NT × 1 vector of 𝑟𝑖,𝑡+1 , the variable to be 

forecasted, and let S be the NT × M matrix of stacked candidate predictors 

𝑠𝑖,𝑡 and ∈ is the NT × 1  vector of residuals  휀𝑖,𝑡+1. 

R = 𝛿𝐽(Л𝑱𝑭) +  ∈              [8] 

I form principal components of  {𝑆}𝑡=1
𝑇  to serve as estimates for the 

predictors. As a result, Л𝑱𝑭 represents the dimension reduced set of the initial 

predictors, Л𝑱 is the M × J matrix with the linear combination 

weights ( 𝜔1, 𝜔2 … 𝜔𝐽 )  and used to create the predictive components (an 

 
7 The explanatory used are standardized as PCR is not scale invariant.  
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orthogonal basis for directions of greatest variance). The predictive 

coefficient 𝛿𝐽 is a vector of the size J × 1. 

It is worth noting that the PCR is applied across countries and time in the 

same form. By keeping the same form across time and countries, information 

is leveraged from the entire panel on which the PCR is used. This creates 

stability in estimates. 

 

1.2.3.2 Partial Least Squares (PLS) 

One limitation of PCR is that it ignores the variable that is to be predicted 

as it produces the linear combinations, using the covariance among predictors, 

in the dimension reduction step. For example, the first principal component is 

a linear combination of all signals which maximally represent the variance of 

all predictors. However, because all predictors are approximations to the true 

and unobservable return, they might contain errors that are part of their 

variance, but that is not relevant for forecasting the variable of interest. 

Partial least square is a dimensionality reduction technique as PCR. The 

only difference between the two stands from the fact that PLS considers how 

sensitive the returns are to each explanatory variable. Intuitively, it separates 

out the information in the predictors that is relevant to the variable of interest 

from noise. 

The chapter uses the extended method of PLS put forward by Kelly and 

Pruitt (2013, 2014). PLS is implemented using several OLS regressions8. In 

the first step, I run for each individual regressor a time series regression (M 

nr. of regressions) that take the following form:   

S = θR + ∈̇ ,                     [9] 

where R represents a NT × 1 vector of 𝑟𝑖,𝑡, S is a N(T-1) × 1 vector of 𝑠𝑖,𝑡−1, 

𝜃 is a NT × 1 vector and captures the sensitivity of each predictor to future 

stock return. ∈̇ is a N(T-1) × 1 vector of residuals. 

Therefore, the coefficient 𝜃 in the first-stage time-series regression 

approximately describes how each predictor depends on the return. In the 

 
8 Predictors are standardized to have mean zero and unit variance as PLS is not scale invariant. 
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second step, I ran T cross-sectional regressions across the predictors, on the 

corresponding loading 𝜃 estimated in the previous regression. Now the latent 

factors obtained in the first stage become the explanatory variables. In each 

time period, the second stage cross-section produces estimates of the factors. 

    S = �̂� θ + ∈̈ ,                                  [10] 

 

where S is a NT × 1 vector and captures the predictor stacked across 

countries, 𝜃 is a NT × 1 vector and captures the sensitivity to return. ∈̈ is a 

NT × 1 vector of residuals, �̂� are the latent factor coefficients.  

The third stage regression runs a predictive regression of returns on the 

lagged latent factors obtained in the second step.  

 

R = 𝛿�̂� +  ∈⃛,                               [11] 

 

where R is a N(T+1) × 1 vector of 𝑟𝑖,𝑡+1, �̂� is a NT × 1 vector of  �̂� 𝒕 latent 

factor coefficients from second step regression, 𝛿  is the sensitivity of the 

latent factors and ∈⃛ is a N(T+1) × 1 vector of residuals. 

 

1.2.3.3 Neural Networks – Deep Learning for Asset Pricing 

Neural networks (NN) are a class of supervised learning methods that have 

been developed to mimic how a human brain learns. It has been applied in 

areas such as biostatistics, image and language processing, and neuroscience 

for more than four decades (Hopfield, 1982).  

How do we know that an NN can be used in a prediction problem? The 

“universal approximation theorem” (Hornik et al. 1989) has proved that the 

output of a feed forward NN with at least one hidden layer is very close to the 

true relationship between the predictors (input) and the independent variables 

(output). The theorem states that you can always find a network deep enough 

to achieve any accuracy desired.  

However, training NN models is computationally challenging and past 

limitations in computer power have bounded the popularity of these non-

linear models. The reason for the recent rebirth in interest is due to the 

important contribution the open source community has made with the open-
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source library, called “TensorFlow”9. This library was constructed by Abadi 

et al. (2015) from Google Research unit and is able to transform your 

optimization problem into data flow graphs that can then be calculated using 

the DL networks and AI unit at Google.  

 

Building the NN 

A neural network has the following structure. The leftmost layer is called 

an input layer (inputs are the explanatory variables used). The rightmost layer 

represents the output layer (the predicted returns). The middle layers are 

called hidden layers as the neurons in these layers are neither input nor output 

neurons. Here is where we find non-linear interactions as each neuron uses a 

nonlinear activation function. Each type of neuron (input or hidden) is 

connected to the next layer via weight parameters that transmit the signals 

among neurons at different layers.  

An equivalent to linear regression is an NN with no hidden layers. For 

example, for an NN with no hidden layers and three input neurons (𝑠1, 𝑠2, 𝑠3) 

connected by weight parameters (𝛿1, 𝛿2, 𝛿3) and an intercept 𝑏0, the output 

layer aggregation of all these parameters in a prediction. This prediction can 

be written as: 𝑏0 + ∑ 𝛿𝑖𝑠𝑖
3
𝑖=1  .  

The current study follows the literature and focuses on “feed-forward” 

networks where information only flows forward through the layers, and 

finally to the output10. Each neuron in the hidden layer gets information from 

the input in a linear manner. Then, this information is nonlinearly transformed 

by each neuron in the hidden layer using an “activation function”. After the 

transformation, the information is relayed to the next layer (or the output, in 

the case of a shallow NN).  Lastly, the results of the last hidden layer are 

linearly aggregated into a prediction using a linear activation function.  

 
9 TensorFlow allows you to easily implement deep learning architectures and uses a stochastic 

gradient descent (SGD) to solve the optimization problem.  
10 Given the functional form expressed in equation [1] and the fact that the cross-section is 

compressed in a time-series (which does not have time dependence as the return today is not 

related to the return yesterday), feed-forward networks are the most suited ML techniques to 

accommodates these specifications.  
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The nonlinear activation function can take various forms (sigmoid, 

hyperbolic tangent etc.). The most popular function in the literature is the 

rectified linear unit function (ReLU) : f(x) = max(x,0). This activation 

function has been shown to have the benefit of circumventing vanishing 

gradient problems and be computationally attractive (Feng et al. 2018 and 

Bianchi et al. 2019). The same function is used for all nodes in the hidden 

layers.  

To formally define an NN, let R ∈  ℝ𝑁𝑇× 1 be a vector of asset returns, S 

∈  ℝ𝑁(𝑇−1)× P a high dimensional vector of predictors. Each hidden layer (L) 

is a vector which contains neurons. The number of neurons in each layer 

provides the length of the vector. Each layer also contains the activation 

functions (f). Each neuron in the layer applies the activation function to the 

aggregated signals. The first layer is the input layer and contains no activation 

function. The matrixes of weights (𝜃1 , 𝜃2 , … , 𝜃𝑘) and the biases (𝑏1, 𝑏2, … 

, 𝑏𝑘) are the structures that are estimated by training the NN.  Biases are what 

statisticians call an intercept. The reason why it is labelled differently in NN 

literature is that it wants to signify that each intercept is not biased by the 

previous layer.  

Formally, the NN is composed by univariate semi-affine functions: 

 𝑓𝑏,𝜃 : = 𝑓1
𝑏1𝜃1 ∘  𝑓2

𝑏2𝜃2   ∘  ⋯  ∘  𝑓𝑘
𝑏𝑘𝜃𝑘                   [12] 

𝑓𝑥
𝑏𝑥𝜃𝑥(S) : = 𝑓𝑥 (𝑏𝑥 + 𝜃𝑥𝑆),       ∀ 1 ≤ 𝑥 ≤ 𝑘          [13] 

An NN with k hidden layers can be written using the following hierarchical 

model: 

R = �̿� + �̿� 𝐿𝑘                (Output Layer)    [14] 

𝐿𝑘 = 𝑓𝑘 (𝑏𝑘 +  𝜃𝑘𝐿𝑘−1)                                    (Hidden Layer k)   [15] 

𝐿𝑘−1 = 𝑓𝑘−1 (𝑏𝑘−1 + 𝜃𝑘−1𝐿𝑘−2)                       (Hidden Layer k-1)   [16] 

⋮ 

𝐿1 = 𝑓1 (𝑏1 + 𝜃1𝐿0  )                                    (Hidden Layer 1)   [17] 

𝐿0 = S                                            (Input Layer)   [18] 
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To put the NN structure in context with the PC and PLS framework 

presented in the previous sections, the formula in the output layer can be 

thought as a predictive factor model explained in Equation [8] and 𝐿𝑘  as a 

latent factor. In that case, researchers will usually use a two-step procedure. 

First, they will estimate the latent factors and then the coefficients �̿� and �̿� by 

regression. In the NN framework, the non-linear S latent factor and �̿� and �̿� 

are estimated jointly. So, instead of using a traditional additive structure, the 

NN method uses a composition of factors extracted from the algorithm.  

How do we decide on the number of hidden layers or neurons? In the 

current study, several network architectures are considered. A single hidden 

layer network is constructed first and then the methodology expanded to 

deeper NNs. The number of hidden layers is capped at three as more data is 

needed to support a richer parametrization. All layers are fully connected.  

I follow the literature (Bianchi et al. 2019; Gu et al. 2018) and select the 

number of neurons in each hidden layer such that the number decreases from 

the first layer to the last at a geometric rate according to Masters (1993). The 

shallow NN, named NN1, contains a hidden layer with 32 neurons. NN2 

contains two hidden layers, each containing 32 and 16 neurons respectively 

and finally, NN3 has three hidden layers with 32, 16, 8 neurons respectively.  

 

Solving the optimization problem (Stochastic-Gradient Descent) 

Given the nonlinearity and non-convexity of NN problems, in order to 

calculate the weights and biases of an NN algorithm, a computationally 

intensive non-convex optimization procedure is needed. A common 

stochastic optimization technique used to train NNs is the stochastic gradient 

descent (SGD) method (Bengio et al, 2016). At each step of the training, a 

random sample, which is called a “batch”, is drawn. The parameters of the 

SGD are initially defined and then the SGD is run iteratively. In each iteration, 

the parameters are calculated by minimizing the loss function.   
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Overfitting – Regularization tools 

The aim of an NN computational algorithm is to have a good out-of-

sample forecast performance and in-sample model fit. The machine learning 

literature has developed several regularization tools to achieve this optimal 

balance. The current chapter uses adaptive learning rate, penalties (L1 and 

L2), mini-batching, early stopping, and dropout. 

Learning rate is an important parameter of the SGD method which can be 

tuned in order to decrease overfitting. It controls how much the weights 

change in response to the estimated error after each iteration. On one hand, a 

small learning rate can lead to a long process as the weights only slightly 

change after each iteration. This can make the process get stuck. On the other 

hand, a too large value can result in a quicker convergence to a suboptimal 

solution. The classical SGDs use a single learning rate for the entire 

optimization procedure and iteration. New developments in SGD 

calculations, try to use adaptive learning rates, examples are Adaptive 

Gradient Algorithm (AdaGrad) (Duchi et al. 2011). Updating the learning rate 

decreases in-sample performance and increases out-of-sample fit. The current 

study adopts the adaptive moment estimation (Adam), an efficient version 

(Kingma et al. 2014) which adapts the learning rate using the mean of the 

gradients and their variance. The mathematical equations behind the 

algorithm are described in Appendix A. 

To train the model, and induce regularization in the weight parameters and 

biases, a mean squared loss function (L(𝜃, 𝑏| 𝑗 )) is minimized to provide an 

in-sample fit. In order to decrease variance in the set of estimated weights and 

impose regularization, an L1 (LASSO) and L2 (Ridge)11 penalty terms are 

added to the loss function, in line with (Goodfellow et al. 2016; Bianchi et al. 

2019). The penalties shrink the weights and biases of the NN by imposing a 

penalty on their size.  

 

ℒ𝑀(𝜃, 𝑏| 𝑗 ) = ℒ(𝜃, 𝑏| 𝑗 ) + 𝜎1∅𝐿1(𝜃| 𝑗 )  +  𝜎2 ∅𝐿2(𝜃| 𝑗 ),           [19] 

 

 
11 These constraints are also used in linear statistics. The L1 norm is called a LASSO regression 

(Tibshirani, 1996), and the L2 norm is called a ridge regression 
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where 𝜃 is the collection of weights in the training set j, b is the collection of 

NN biases in the training set j. For L1 regularization, ∅𝐿1(𝜃| 𝑗) is the sum of 

all L1 norms for the weights in the NN; L2 regularization via ∅𝐿2(𝜃| 𝑗) 

represents the sum of squares of all the weights in the NN. The constants 𝜎1 

and 𝜎2 are parameters that control the size of the shrinkage/regularization. 

 

LASSO penalty (L1)   ∅𝐿1(𝜃| 𝑗 ) =  ∑ |𝜃𝑗|
𝑝
𝑗=1                            [20] 

Ridge penalty (L2)              ∅𝐿2(𝜃| 𝑗 ) = ∑ 𝜃𝑗
2𝑝

𝑗=1                 [21] 

 

LASSO shrinks the weights towards zero and thus reduces the number of 

features in each layer. In the NN context, it ensures that neurons do not need 

to connect to all other neurons.  The Ridge model is a shrinkage method that 

makes sure that variables are not becoming overly large. 

To improve gradient computations the training data is split into mini 

batches. Each gradient is calculated on each batch such that the update is built 

on a small subsample of the data each time. This decreases the computational 

power needed for each iteration and improves regularization as it updates the 

weights and biases based on different time regimes.  

Early stopping is a regularization technique that finds the optimal number 

of parameter update by evaluating the validation error. Each repeated update 

is called an epoch. Early stopping enables the training of the NN to stop earlier 

if the loss has ceased to improve over several consecutive epochs. This is the 

minimum number of times the model needs to loop through all the 

combinations, to train the parameters using only the training sample.  For a 

description of regularization properties of early stopping see Goodfellow et 

al. (2016) and for the mathematical algorithm see Gu et al. (2018), Appendix 

B.  

In addition to early stopping the current chapter uses also Dropout 

regularization technique12 as in Bianchi et al. (2019). Dropout was first 

 
12 Dropout is similar to batch normalization, a regularization technique that standardizes the 

batches. Ioffe et al. (2015) shows that batch normalization provides comparable regularization 

benefits. 
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introduced by Srivastava et al. (2014) and it aims to regularize the number of 

hidden units in a layer. For each batch of data, neuron connections are 

randomly dropped using a Bernoulli random variable. Therefore, many 

possible combinations in terms of the numbers of neurons in each hidden layer 

are created. The subset of networks is then averaged to obtain the forecasted 

weights.  

 

Sample Splitting 

For a deep NN, it is easy to fit any model well in-sample. Therefore, 

substantial research in machine learning literature has focused on ways to 

alleviate overfitting concerns. In addition to the regularization techniques 

explained in the previous section, careful consideration has also been given 

to sample splitting. Similar to the financial literature, the data is split into in- 

and out-of-sample. However, since a NN does not have a prior for model 

complexity, a need arises for an approach that tackles also model complexity. 

As a result, the data set is not only split into two parts, but three parts called: 

training data (in-sample split of 70% of the data), validation data (model 

tuning on 10% of the data), test sample (out-of-sample divide on the 

remaining data). In the present study, the three sample sets all maintain a 

temporal ordering of the data.  

First, parameter values are estimated using the training subsample. Then, 

the parameters are tuned on the validation sample. Using the estimated model 

obtained from analyzing the training set, the NN predicts the returns in the 

validation sample. Next, the optimization function is calculated on the 

prediction errors obtained using the validation set and after each step, the 

parameters get adjusted. A commonly used method, in this case, is cross-

validation (CV). Usually, this technique implies that the training data is split 

into several folds and then the model is constantly updated and validated over 

these folds13.  

A summary of all methods used in this chapter is shown in Table . 

 

 
13 The time dependent feature of the financial data is not considered as the functional form 

described in Equation [1] does not depend on t. 
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Table 1. Methods used in the present study 

Method Description 

PS Univariate Portfolio Sorting 

FM Univariate, Multivariate 

PLS Partial Least Square 

PCR Principal Component Regression 

NN1 Neural Network with 1 hidden layer and 32 nodes 

NN2 Neural Network with 2 hidden layers and 32 and 16 nodes  

NN3 Neural Network with 3 hidden layers and 32, 16 and 8 nodes  

 

1.2.4. Out-of-sample forecast evaluation 

A common approach for assessing out-of-sample return forecast is to 

utilize a recursive method whereby observations are gradually added to the 

sample as they become available to investors in real-time (Goyal and Welch, 

2007). More specifically, at the end of every month, the model is estimated 

again with the expanded data set before making the next one step ahead 

prediction.  

To calculate out-of-sample performance, the study applies the recursive 

methodology of increasing the sample size each year while keeping the 

history for the training sample. The validation sample maintains a fixed 

rolling sample, as does the test sample.   

To assess the predictive power of each methodology, I calculate the out-

of-sample R2 following Campbell and Thomson (2007) and Gu et al. (2018)14: 

 

𝑅2
𝑂𝑆 =  1 −  

∑ (𝑟𝑖,𝑡− �̂�𝑖,𝑡)
2

(𝑖,𝑡)∈𝑇𝑠

∑ (𝑟𝑖,𝑡− 𝑟𝑖,𝑡̅̅ ̅̅ )
2

 (𝑖,𝑡)∈𝑇𝑠

,    [22] 

 

where  �̂�𝑖,𝑡 is the predicted return at time t, 𝑇𝑠 represents the testing subsample 

on which the model is constructed. Prediction errors are pooled across country 

 
14 Campbell and Thomson’s (2007) out-of-sample R calculation is standard in the literature 

(Rapach et al. 2014; Bianchi et al. 2019 among others) 
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indexes and periods. When 𝑅2
𝑂𝑆 > 0, the forecast model has better predictive 

power than the naïve benchmark of average historical return.  

For testing the significance of model forecasts, I use the Diebold et al 

(1995) test and adapt it following Harvey et al. (1997) (similar to Xiu et al. 

(2018) and Bianchi et al. (2019)), to incorporate the bias correction. The test 

statistic for model 1 and 2 is: 

 

𝑑𝑚𝑚1𝑚2 = 
𝑑 ̅

𝜎𝑑 ̅

 ,                       [23] 

𝑑𝑡+1 =  
1

𝑛
 ∑ ((𝑒𝑗,𝑡+1

𝑚1 )
2

−  (𝑒𝑗,𝑡+1
𝑚2 )

2
)𝑛

𝑗=1  ,    [24] 

 

Let n be the number of indices in the sample at t+1,  𝑒𝑗,𝑡+1
𝑚1  is the prediction 

error for model 1 of index j at time t+1,  𝑑 ̅ is the mean of 𝑑𝑡+1 over the out-

of-sample period and 𝜎𝑑 ̅ its standard error.   

1.3. Cross-sectional predictors 

1.3.1. Firm fundamentals 

The empirical asset pricing literature has shown significant cross-sectional 

predictability for US stock returns. This is evident in the performance of 

characteristic sorted portfolios and the significance of predictive slopes in 

Fama-MacBeth cross-sectional regressions, both in-sample (Fama et al. 2008) 

and out-of-sample (Lewellen, 2015).  

Datastream Global indices data allows us to test whether balance sheet 

data at the constituent level can also explain the cross-section of international 

equity returns15. To my knowledge, this is the first study to utilize multiple 

balance sheet level signals to predict the cross-section of international equity 

returns. 

For a limited number of firm-level signals, studies have shown that there 

is predictability in the cross-section of stock returns and this effect has been 

found also in the cross-section of indices (Bhojraj et al. 2006). The most 

 
15 The fundamental datatypes in Datstream Global database are sourced from Worldscope. 
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prominent of such phenomenon is momentum. In this study, momentum is 

measured as the 11-month cumulative return during the first 12 months prior 

to and ending one month prior to the period of measuring. This is a common 

measure used to predict stock returns in the literature (Jegadeesh et al. 1993, 

Fama et al. 1996), but also predicting international equity and bond markets 

(Fama and French, 2012; Jostova et al. 2013, Asness et al. 2013).  

 

Mi,t =  ∏ (Ri,m + 1) − 1m∈{t−11:t−1} ,        [25] 

 

where 𝑀𝑖,𝑡 is the momentum of index i measured at the end of month t, 

represents the return of index i in month m, covering months t-11 through t-

1. 

When computing momentum, the month prior to the measurement date is 

skipped in order to avoid the 1-month reversal (short-term momentum) which 

is most commonly attributed to liquidity issues or market issues (Lehmann, 

1990; Asness, 1994; Grinblatt et al. 2004). The short-term momentum is a 

strategy where you are selling the recent winners and buying the recent losers. 

Numerous studies have also found that stocks with a low book value of 

equity (Chan, Jegadeesh, and Lakonishok, 1995) generate higher returns. The 

book-to-market ratio is described as the logarithm of the book value of equity 

divided by the market value of equity. I take as a proxy for book value – 

shareholders’ equity which is lagged by 12 months to avoid any potential 

forward-looking bias. Market value is expressed in million units in local 

currency and is calculated as the sum of the share price multiplied by the 

number of ordinary shares outstanding. 

Besides incorporating signals like momentum, reversal, and book-to-

market, following Lewellen (2015) the universe is further expanded to include 

also size, asset growth, earnings-to-price, sales-to-price, debt-to-price, growth 

of book value of equity, return on assets and turnover. These firm 

characteristics seem to be highly persistent in monthly stock data (for USA 

equities) according to Lewellen (2015). 

Following the literature, Size is measured as the logarithm of the market 

value of equity at the end of the previous month. Asset growth – the growth 

in total assets for the prior fiscal year, can measure a firm’s investment and 
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growth (Daniel et al. 2006; Cooper et al. 2008). Studies have also found that 

the earnings-to-price ratio (E/P) seems to be positively related to returns of 

stocks (Fama and French, 2006). The ratio is calculated by taking earnings of 

the prior fiscal year divided by the market value at the end of the prior month. 

Sales-to-price ratio is the ratio of prior fiscal year sales divided by last 

month market value. Similarly, the debt-to-price ratio is the ratio of debt in 

the previous month divided market value.  

Empirical studies have found that earnings can explain the cross-section 

of stock returns (Balakrishnan et al. 2010). To construct the return of assets, 

I divide previous year’s net income by total assets. 

Average monthly turnover at time t (𝑇𝑅𝑡) is constructed by dividing 

turnover by market value (𝑀𝑉𝑡). Turnover by value (𝑉𝐴𝑡) is the closing price 

for each stock multiplied by the aggregation of the number of shares traded.  

 

TRt =
VAt

MVt
                     [26] 

 

1.3.2. Macroeconomic fundamentals 

Beginning with Chen et al. (1986), researchers have used macroeconomic 

variables to try to predict stock returns. Notable variables like inflation or 

industrial production have received mixed results (McQueen et al. 1993; Chan 

et al. 1998; Lamont, 2000). Term spread16 and short rates have also been well 

known to predict future macroeconomic activity in economic literature 

(Harvey, 1988; Estrella and Miskin, 1998; Hamilton et al. 2000). Focusing 

only on the short end of the yield curve, the negative relation between short 

rates and future equity market returns has been recognized in the time series 

and cross-section of stock returns for some time (Fama, 1981).  

Variables like term premium, dividend yield, and short-term rate have 

been used to describe movements of the business cycle when trying to capture 

the time-series profitability of momentum-based portfolio strategies in 

international stock equity returns (Chordia et al. 2002; Antoniou et al. 2007). 

The dividend yield is defined as dividends expressed as a percentage of 

 
16 The difference between the ten-year government bond and 3-month rate is the term spread. 
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market value (dividends over the last 12 months divided by price at the end 

of the last month).   

In addition to the common macroeconomic variables usually employed 

when it comes to equity predictability, Credit-to-GDP gap is also tested as a 

potential signal. This choice is motivated by research that has looked at the 

impact credit had on stock return via monetary policy (Bernanke et al. 2005).  

Similar to Chava et al. (2015), who proxies credit by measuring bank loan 

supply changes, this study uses the difference between the level of credit 

given to households and non-financial firms, expressed as a percentage of 

GDP (credit-to-GDP ratio) and its long-term trend. This ratio can help capture 

turning points in the business cycle, an upsurge in credit directed to 

unproductive parts of the economy that create financial instability in the 

economy (Borio and Drehmann, 2011; Giese et al. 2014). Rapid credit 

expansion can lead to a build-up of financial imbalances (Minsky, 1982; 

Kindleberger, 2000) and credit growth has been documented to precede crises 

(Schularick et al. 2012; Gourinchas et al. 2012).  

A common macroeconomic measure of the aggregate state of the 

economy, but severely understudied in the literature of asset pricing 

predictability, is the output gap. Output gap has been shown to forecast the 

time series of US stock returns both in-sample and out-of-sample, as well as 

for G7 countries (Cooper and Priestley, 2008). Also, a strong relationship is 

documented between business cycles measured by output gap and currency 

returns (Riddiough and Sarno, 2018). This study is the first one to look at 

relative positions in country indexes which are ranked based on the output 

gap. The output gap is the percentage deviation of “potential” output from its 

long-run trend. Like methods adopted in the macroeconomic literature (Corte 

et al. 2016) output is measured using total industrial production index and the 

gap is calculated using the filter proposed by Hodrick and Prescott (HP, 

1980). The output is thus decomposed into its trend and cyclical components. 

The trend is a proxy for “potential” output and its cyclical component 

represents the output gap. For a mathematical description of the Hodrick-

Prescott Filter, see Appendix B. 

For the analysis, I use data available 6 months before (if I predict the return 

in July (t+1), I use data available in January). This ensures that all countries 
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have the industrial production data available for the investor. In the out-of-

sample analysis, the output gap is estimated each quarter using only data 

available at the period of the estimation to prevent lookahead bias.  

An overview of all signals used is presented in the table below. 

 

Table 2. Signals 

Firm Fundamental Signals Macroeconomic Signals 

Momentumt-1 Term Premiumt-1 

Reversalt-1 Log(Dividend Yieldt-12) (Valuet-12) 

Log(Market valuet-1)(Sizet-1) Output Gapt-6 

Log(Book-to-markett-12)(Valuet-12) Short Ratet-1 

Log(Earnings-to-price Yr-1) (Profitability Yr-1) Log(Credit-to-GDP gapt-12) 

Log(Sales-to-priceYr-1) (ProfitabilityYr-1) CPIt-1 

Asset GrowthYr-1 (Investments Yr-1) Industrial Productiont-6 

Turnover growtht-1  

Debt-to-Price growtht-1  

Return-on-AssetsYr-1  

 

1.4. Data and results  

1.4.1. Data and descriptive statistics 

I obtain information for sixteen developed countries (Australia, Austria, 

Belgium, Canada, Denmark, France, Germany, Italy, Japan, The Netherlands, 

Norway, Spain, Sweden, Switzerland, United Kingdom, and the United 

States) from the “Datastream Global Equity Indices” database. The indices 

are value-weighted (by market capitalization), denominated in local 

currency17 and aim to cover the broad stock market of each country.  

 
17 Following Hjalmarsson (2010) and Rapach et al. (2013), excess returns are measured in 

local currency. Cenedese et al. (2016) calculates an international long-short strategy based on 

several signals and shows that when using dollar-denominated excess returns, the exchange 

rate component of the dollar return is zero, on average. Therefore, the results presented in the 

current study should remain similar even after incorporating a hedging portfolio. Nevertheless, 

in order to be able to actively trade this portfolio, investor should incorporate currency hedges 
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The sample period and the countries18 included in the analysis are 

determined by data availability of the firm and macroeconomic predictors. 

The data is collected at a monthly frequency19 from Datastream and 

incorporates data between 02/1980 to 09/2018. Returns are derived from 

“Total return indices20” (similar to Rapach et al. 2013; Cenedese et al. 2016). 

Excess returns are calculated in relation to each country’s 3-month Treasury 

Bill or, when unavailable, the interbank rate.21   

 
with respect to the investor’s country of origin in order to accurately calculate the portfolio’s 

monthly weights and alpha. 
18 The Indexes are calculated by the data provider using a representative sample of large stocks 

determined on a quarterly frequency with the aim to cover 75% to 80% of the market 

capitalization of the underlying market. The indices are updated daily. The index constituents 

are chosen based on their market capitalization (whereby large stocks are preferred) and 

availability of data. The fundamental data available for each stock as well as the aggregated 

data based on market value for each index is sourced from Worldscope. The data is populated 

monthly, quarterly, and semi-annually. When firm data is only available at a lower frequency 

than monthly, the data is converted to monthly by copying the data point during the months 

that add up to the frequency in question. Table 1C in APPENDIX C presents the correlation 

between Datastream Global Equity Indices and the Morgan Stanley Country Indices (MSCI) 

counterparts. I focus on the Datastream Indices given the availability of aggregate balance sheet 

data for each index.  The indices representing the same country across data providers are highly 

correlated on average. More information about the dataset can be found at: 

http://www.datastream.jp/wp/wp-

content/uploads/2017/02/DatastreamGlobalEquityIndicesUGissue05.pdf . 
19 The analysis is performed with monthly data given the data availability of macroeconomic 

(and firm fundamental) variables. The highest frequency of macroeconomic variables is 

monthly. This is consistent with studies that examine the time-series predictability of the equity 

premium using macroeconomic variables (Chordia; Abadi, M., Agarwal, A., Barham, P., 

Brevdo, E., Chen, Z., Citro, C., ... & Ghemawat, S. (2015). TensorFlow: large-scale machine 

learning on heterogeneous systems. Software available from tensorflow. org. 2015. URL 

https://www. tensorflow. org. 

Antoniou; Cooper). Consequently, looking at equity returns at a daily frequency would not 

improve predictability because the predictive signals are changing at a slower pace. The use of 

daily data would be more appropriate if the predictive signal was only a macroeconomic 

announcement such as the announcement of central bank monetary policy (Savor, P). 

Datastream calculates the total return index using the following formula: 

𝑅𝐼𝑡 = 𝑅𝐼𝑡−1
𝑃𝐼𝑡

𝑃𝐼𝑡−1
(1 +

𝐷𝑌𝑡

100𝑛
 ),    [27] 

where 𝑅𝐼𝑡 is the return on the index at time t, 𝑃𝐼𝑡 is the price of the index at period t,  𝐷𝑌𝑡 is 

the dividend yield at time t and n is the number of working periods in a year. 
21 Data on short-term rates was constructed using Datastream and the FRED database. 

http://www.datastream.jp/wp/wp-content/uploads/2017/02/DatastreamGlobalEquityIndicesUGissue05.pdf
http://www.datastream.jp/wp/wp-content/uploads/2017/02/DatastreamGlobalEquityIndicesUGissue05.pdf
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Unless otherwise noted, macroeconomic data was collected from 

Datastream. The credit-to-GDP gap signal was obtained from the Bank of 

International Settlements website and Industrial production comes from the 

OECD database (where monthly “vintage” data was collected)22.  Except for 

the credit-to-GDP gap, which is available at a quarterly frequency, all other 

series are at a monthly frequency23. 

 

Table 3. Monthly summary statistics for excess returns of equity indexes 

 

Country R SD Sharpe  Max Min Skew Kurtosis 

Australia 0.35 3.95 0.09 10.02 -13.97 -0.54 3.41 

Belgium 0.36 4.88 0.07 11.89 -27.19 -1.18 7.27 

Canada 0.44 4.16 0.11 14.87 -21.03 -0.91 7.00 

Denmark 0.52 5.12 0.10 14.77 -19.62 -0.69 4.35 

France 0.42 5.21 0.08 14.97 -16.63 -0.58 3.76 

Germany 0.34 5.37 0.06 14.80 -20.49 -0.83 4.44 

Italy 0.06 6.17 0.01 20.73 -18.11 -0.03 3.54 

Japan -0.07 5.72 -0.01 16.82 -25.07 -0.48 4.78 

Netherlands 0.44 5.24 0.08 11.68 -25.29 -1.23 6.53 

Austria 0.25 5.86 0.04 19.52 -28.98 -1.13 7.13 

Norway 0.46 6.47 0.07 20.55 -31.70 -1.15 6.82 

Spain 0.37 5.80 0.06 20.15 -21.92 -0.34 3.99 

Sweden 0.57 6.29 0.09 24.44 -18.71 -0.38 4.14 

United Kingdom 0.35 4.24 0.08 12.14 -14.63 -0.54 4.10 

US 0.59 4.39 0.14 14.66 -18.56 -0.78 5.37 

Switzerland 0.54 4.46 0.12 18.24 -20.32 -0.85 6.10 

World 0.37 4.61 0.08 13.80 -22.27 -0.74 5.40 

Note: The excess return in local currency, “R” (expressed in % terms), is calculated as the index return 

minus the three months government bond rate (or the interbank rate). The world index, which is built 
bottom-up from individual stocks, uses the USA three-month T-bill rate in the excess return calculation.  

 

 
22 The OECD database is called Original Release Data and Revisions Database and contains 

data that is free of revisions, data that was available to investors in real time. This provides 

time series that do not have a look ahead bias.  
23 Quarterly data was interpolated to monthly data by freezing the last available observation.  



36 

 
 

 

 

Table 3 reports the summary statistics of monthly excess return for all 

countries. The average excess monthly return varies from -0.07% for Japan to 

0.59% for the US. Norway and Sweden have the highest volatility. For 

countries like the US, Switzerland, Canada, and Denmark the monthly Sharpe 

ratio is above 0.10, with the highest Sharpe of 0.14 for the US.  

Table 4 also presents summary statistics for the risk-free rates. In recent 

years, countries like Belgium, France, Germany, Denmark, Netherlands, 

Austria, and Sweden, have also experienced negative short-term interest rates.  

 

Table 4. Monthly summary statistics of short-term rates 

Country Rf  SD Max Min Skew Kurtosis 

Australia  0.61 0.22 1.63 0.14 0.79 2.45 

Belgium  0.41 0.24 1.35 -0.03 0.65 2.57 

Canada  0.44 0.24 1.59 0.01 0.82 2.98 

Denmark  0.43 0.29 1.40 -0.03 0.46 2.38 

France  0.46 0.26 2.13 -0.03 1.14 4.42 

Germany  0.33 0.23 1.07 -0.03 0.54 2.75 

Italy  0.57 0.35 1.64 -0.04 0.48 1.97 

Japan  0.20 0.17 1.04 0.001 1.00 2.80 

Netherlands  0.34 0.23 1.07 -0.03 0.45 2.58 

Austria  0.38 0.23 1.27 -0.03 0.61 2.79 

Norway  0.55 0.26 1.34 0.06 0.37 1.75 

Spain  0.44 0.35 1.27 -0.05 0.44 2.01 

Sweden 0.47 0.33 1.39 -0.07 0.33 1.75 

UK  0.49 0.29 1.31 0.001 0.33 2.17 

USA  0.35 0.19 1.27 0.001 0.75 3.31 

Switzerland  0.23 0.22 0.85 -0.07 0.74 2.74 
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1.4.2. Portfolio sorting results and univariate Fama-MacBeth 

analysis 

For each signal24, I construct three equally weighted portfolios by ranking and 

sorting countries based on the value of the predictive signal. The procedure is 

repeated monthly. I then investigate the performance of the three signal sorted 

portfolios as well as the long-short bet. A summary statistic of all signals is 

presented in Table 5.  

Table 5. Summary Statistics of Predictors 

Signal Mean SD Max Min Skew Kurtosis 

Momentumt-1 8.5 21.04 -64.8 10.1 124.5 8.5 

Reversalt-1 0.65 5.25 -31.04 1.12 25.26 0.65 

Log(Market valuet-1)  

(Sizet-1) 13.69 2.07 9.10 13.50 20.35 13.69 

Log(Book-to-markett-12)  

(Valuet-12) 5.93 0.44 4.65 5.91 7.18 5.93 

Log(Earnings-to-priceYr-1) 

(Profitability Yr-1) -2.82 0.35 -4.44 -2.81 -1.59 -2.82 

Log(Sales-to- priceYr-1)  

(ProfitabilityYr-1) 6.63 0.44 5.43 6.59 8.03 6.63 

Asset Growth Yr-1  

(Investments Yr-1) 0.009 0.05 -0.64 0.00 0.87 0.009 

Turnover growtht-1 0.012 0.31 -1.87 -0.01 3.76 0.012 

Debt-to-Price growtht-1 0.001 0.10 -1.07 -0.01 1.21 0.001 

Return-on-AssetsYr-1 0.018 0.01 -0.03 0.02 0.06 0.018 

Term Premiumt-1 0.001 0.001 -0.01 0.001 0.005 0.001 

Log(Dividend Yieldt-12) 

(Valuet-12) 0.89 0.45 -0.84 0.93 2.51 0.89 

Output Gapt-6 0.01 0.02 -0.21 0.001 0.08 0.01 

Short Ratet-1 0.003 0.003 -0.001 0.003 0.02 0.003 

Credit-to-GDP gapt-12 5.03 0.30 4.11 5.04 5.68 5.03 

CPIt-1 2.04 1.56 -2.50 1.94 13.08 2.04 

Industrial Productiont-6 94.61 16.81 47.78 98.55 135.17 94.61 

 

A detailed description of how each variable is constructed is described in Appendix C, Table 

2C. The statistics are calculated across time and countries. Momentum and Reversal are 

displayed in percentage terms. See Table 2C, Appendix C for variable definitions. 
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Table 6. shows the results for the signal sorted portfolios. Panels (a), (b) 

and (c) look at firm fundamentals and technical indicators. The results suggest 

that size doesn’t seem to generate a profitable investment strategy. This result 

also suggests that constructing equally weighted portfolios should not have a 

meaningful impact on performance; in other words, constructing equally 

weighted signal portfolios whereby small countries are overweighed, should 

not automatically improve the performance of both the bottom and top 

portfolios relative to the value-weighted world benchmark. 

 The set of insignificant variables also includes (1) growth of book value 

of equity, (2) return on assets, (3) debt-to-price, (4) turnover, and (5) reversal.  

Table 6. Univariate portfolio sorts 

Panel A – Firm Fundamentals Signals 

Market capitalization (Size) 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.41% 1.84 4.8% 0.09 0.03% 0.19 

2 0.51% 2.54 4.3% 0.12 0.14% 1.11 

3 0.39% 2.01 4.1% 0.09 -0.01% -0.15 

L-S -0.02% -0.20 2.7% -0.01 -0.04% -0.35 

Book-to-market (Value) 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.38% 1.89 4.2% 0.09 -0.03% -0.25 

2 0.45% 2.14 4.5% 0.10 0.03% 0.24 

3 0.64% 2.94 4.6% 0.14 0.22% 1.6 

L-S 0.26% 2.78 2.4% 0.11 0.25% 2.58 

Asset growth (Investments) 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.36% 1.52 4.44% 0.08 -0.16% -1.08 

2 0.46% 2.16 4.42% 0.10 0.04% 0.34 

3 0.64% 3.16 4.26% 0.15 0.21% 2.00 

L-S 0.28% 2.86 2.62% 0.15 0.37% 2.59 

Earnings-to-price (Profitability) 

 R t-stat SD Sharpe αCAPM t-stat 

1 0.22% 1.11 4.1% 0.05 -0.15% -1.34 

2 0.45% 2.21 4.4% 0.10 0.08% 0.66 

3 0.58% 2.64 4.7% 0.12 0.21% 1.45 

L-S 0.37% 3.09 2.5% 0.15 0.36% 2.98 
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Panel B: Firm Fundamentals Signals   
Sales-to-price  

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.27% 1.38 4.2% 0.07 -0.13% -1.18 

2 0.52% 2.51 4.4% 0.12 0.12% 0.93 

3 0.61% 2.73 4.7% 0.13 0.19% 1.32 

LS 0.34% 3.08 2.3% 0.15 0.32% 2.85 

Debt-to-price 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.59% 2.87 4.3% 0.14 0.22% 1.70 

2 0.37% 1.82 4.3% 0.09 -0.004% -0.04 

3 0.38% 1.73 4.6% 0.08 -0.03% -0.22 

LS -0.21% -1.71 2.6% -0.08 -0.25% -2.01 

Return on assets 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.59% 2.65 4.6% 0.13 0.17% 1.19 

2 0.48% 2.33 4.3% 0.11 0.06% 0.49 

3 0.47% 2.20 4.4% 0.11 0.03% 0.27 

LS -0.12% -1.10 2.3% -0.05 -0.14% -1.25 

Momentum 

 
R t-stat  SD Sharpe  αCAPM t-stat  

1 0.20% 0.95 4.5% 0.04 -0.17% -1.3 

2 0.51% 2.50 4.3% 0.12 0.12% 1.09 

3 0.58% 2.68 4.6% 0.13 0.2% 1.43 

LS 0.38% 3.11 3.0% 0.13 0.38% 2.97 

Reversal 

 
R t-stat  SD Sharpe  αCAPM t-stat  

1 0.49% 2.32 4.6% 0.11 0.09% 0.74 

2 0.47% 2.35 4.3% 0.11 0.09% 0.77 

3 0.35% 1.69 4.5% 0.08 -0.02% -0.12 

LS -0.14% -1.11 2.7% -0.05 -0.11% -0.86 

Turnover 

 
R t-stat  SD Sharpe  αCAPM t-stat  

1 0.35% 1.51 4.5% 0.08 0.05% 0.37 

2 0.36% 1.62 4.3% 0.09 0.07% 0.54 

3 0.57% 2.42 4.5% 0.13 0.26% 1.97 

LS 0.21% 1.87 2.2% 0.10 0.21% 1.80 

Note: Portfolio 1 (“1”) is an equally weighted portfolio with the lowest value of the signal, 
whereas portfolio 3 (“3”) is an equally weighted portfolio with the highest values of the signal. 

The zero-cost long-short portfolio (L-S) provides the summary statistics for the portfolio that 

goes long portfolio 3 and short portfolio 1
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I also calculate CAPM alphas (Sharpe, 1964; Lintner, 1965; Mossin, 1966) 

to examine whether the patters observed in the average portfolio returns can 

be explained by beta to the world stock market portfolio25. Intuitively, alphas 

in time-series regressions ask if investors would benefit from including the 

left-hand side strategy in a portfolio that already contains the right-hand side 

assets (Ferson and Lin, 2014).  

The spanning tests (𝛼𝐶𝐴𝑃𝑀) suggest similar conclusions as the excess 

return findings, except for debt-to-price whereby the spanning tests lead to 

marginally significant long-short alphas Nevertheless, a set of signals do 

generate large and significant alphas. For example, momentum generates a 

long-short alpha of 0.38% monthly with a t-statistic of 2.97. Similarly, book-

to-market generates a monthly alpha of 0.25% with a t-statistic of 2.58.  

Result 1: Momentum and book-to-market seem to predict the cross-section 

of international equity indices and are in line with the literature (Bhojraj et 

al. 2006; Asness et al. 2013). Signals such as asset growth (investments), 

sales-to-price, and profitability can also significantly predict the cross-

section. However, the asset growth anomaly has the opposite sign relative to 

findings in the cross-section of international stock returns. 

Cooper, Gulen, and Schill (2008) investigate the effect of asset growth on 

stock returns and they find that stocks with higher total asset growth attain 

lower future returns. However, unlike previous findings in the stock literature, 

I find that high asset growth leads to higher future index return. 

Understanding this puzzle requires revisiting prominent theories for the asset 

growth anomaly. For example, overinvestment or the empire-building 

hypothesis (Titman, Wei, and Xie, 2004) no longer hold across indexes as it 

is difficult to argue that the average asset growth rate in one country relative 

to another is because of the average empire-building of managers in different 

 
25 I do not report alphas to the Fama-French three or five-factor model as they are not as easily 

tradable as their index counterparts. The Fama-French factors require trading in individual 

securities, investment in stocks with very small market capitalization, and the short-selling of 

individual stocks. The fact that the Fama-French factors are not easily tradable invalidates their 

use as right-hand side assets when analysing equity indices. 
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countries. However, higher asset average growth in a country may signal 

higher profitable investment opportunities.  

Table 7 shows the results for the macroeconomic signals. Inflation and 

industrial production negatively predict future returns although only the 

CAPM alpha of industrial production is marginally significant. The Dividend 

Yield and the Short-term rate seem to be only marginally significant; this is 

similar to the findings that explore the cross-section of international stock 

returns (Hjalmarsson, 2010).  

Table 7. Univariate portfolio sorts  

Panel A: Macroeconomic Signals 

Term Premium 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.32% 1.31 4.3% 0.07 -0.05% -0.19 

2 0.50% 2.47 4.4% 0.11 0.12% 0.98 

3 0.47% 2.33 4.4% 0.11 0.08% 0.92 

L-S 0.15% 1.96 2.3% 0.07 0.13% 1.85 

Industrial Production 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.50% 2.59 4.2% 0.12 0.15% 1.25 

2 0.45% 2.23 4.4% 0.10 0.08% 0.66 

3 0.32% 1.52 4.5% 0.07 -0.07% -0.59 

L-S -0.18% -1.66 2.4% -0.08 -0.22% -1.99 

Credit-to-GDP gap 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.35% 1.62 4.6% 0.08 -0.02% -0.14 

2 0.46% 2.38 4.1% 0.11 0.11% 0.95 

3 0.48% 2.30 4.5% 0.11 0.10% 0.81 

L-S 0.13% 1.17 2.4% 0.06 0.12% 1.03 

CPI 

 
R t-stat  SD Sharpe  αCAPM t-stat  

1 0.49% 2.46 4.3% 0.11 0.11% 0.96 

2 0.45% 2.24 4.3% 0.10 0.06% 0.55 

3 0.36% 1.71 4.5% 0.08 -0.02% -0.12 

L-S -0.14% -1.14 2.6% -0.05 -0.13% -1.09 

Short term rate 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.60% 3.15 4.1% 0.15 0.23% 2.15 

2 0.39% 1.90 4.5% 0.09 0.01% 0.10 

3 0.34% 1.57 4.6% 0.07 -0.05% -0.35 

L-S -0.27% -2.06 2.8% -0.10 -0.28% -2.15 
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Dividend Yield 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.33% 1.65 4.2% 0.08 -0.04% -0.32 

2 0.45% 2.11 4.5% 0.10 0.06% 0.47 

3 0.56% 2.72 4.4% 0.13 0.19% 1.48 

L-S 0.23% 2.00 2.5% 0.09 0.23% 1.93 

Output Gap 

 R t-stat  SD Sharpe  αCAPM t-stat  

1 0.73% 3.58 4.4% 0.17 0.36% 2.84 

2 0.36% 1.75 4.4% 0.08 -0.02% -0.20 

3 0.24% 1.20 4.4% 0.06 -0.13% -1.10 

L-S -0.49% -4.48 2.3% -0.21 -0.49% -4.50 

Interestingly, results show that the output gap is the strongest sorting 

signal with an annualized long-short alpha of approximately 6% with a t-

statistic of 4.5. The output gap is a tradable investment approach that takes 

advantage of the cross-sectional spread in business cycle conditions. The 

strategy invests in the stock market of countries with low output gap 

(industrial production below trend) and sells stock market indexes of 

countries with high output gap. Intuitively, countries below trend will speed 

up towards trend while the countries above trend are overheating and will 

slow down. Therefore, the output gap works like a value-reversal strategy 

whereby you buy countries that are below trend (and are cheap value-like) 

which will reverse towards trend (reversal). 

In addition to portfolio sorts, I also look at Fama-MacBeth regressions. 

Portfolio sorts have a similar interpretation as cross-sectional regressions, 

with the main difference in this specific setting being the effect of leveraged 

observations (countries with extreme values of the signals) on the slope.  

In general, Table 8 shows that the Fama-MacBeth regressions support the 

findings of the portfolio sorts. Signals such as momentum, book-to-market, 

earnings-to-price, asset growth, sales to price, term premium, dividend yield, 

and output gap seem to cross-sectionally predict stock index returns in in-

sample univariate regressions.  
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Table 8. Univariate in-sample analysis 

Panel A: Firm fundamentals and technical predictors 

Signal 𝛽𝐹𝑀 t-stat 

Momentumt-1 0.0001 2.95 

Reversalt-1 0.0004 0.23 

Log(Market valuet-1) 0.007 1.67 

Log(Book-to-markett-12)  0.003 2.34 

Log(Earnings-to-priceYr-1)  0.005 2.64 

Log(Sales-to- priceYr-1)   0.002 2.41 

Asset Growth Yr-1 1.13 2.19 

Turnover growtht-1 0.005 1.87 

Debt-to-Price growtht-1 -0.02 -1.89 

Return-on-AssetsYr-1 -0.02 -0.32 

Panel B: Macroeconomic signals 

Signal 𝛽𝐹𝑀 t-stat 

Term Premiumt-1 1.20 2.05 

Log(Dividend Yieldt-12)  0.002 2.27 

Output Gapt-6 -0.17 -4.86 

Short Ratet-1 -0.60 -1.54 

Credit-to-GDP gapt-12 0.00002 1.18 

CPIt-1 -0.0003 -0.90 

Industrial Productiont-6 -0.0001 -0.99 

Note: This table reports slopes and t-statistics from in-sample univariate Fama-MacBeth regression of 
excess index returns on a lagged signal. Standard errors are calculated using the Newey and West (1987) 
adjustment with 4 lags. 

Like Cooper and Priestley (2008) findings in US stock returns and the G7 

countries, the results indicate a robust negative correlation between the output 

gap and expected returns. The univariate out-of-sample results presented in 

Table 9 support this result. 
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Table 9. Univariate out-of-sample analysis 

 

Panel A: Firm fundamentals and technical predictors 

Signal 𝑅𝑜𝑠
2  

Momentumt-1 -1.13 

Reversalt-1 -0.42 

Log(Market valuet-1) -0.30 

Log(Book-to-markett-12) 0.31 

Log(Earnings-to-priceYr-1) -0.06 

Log(Sales-to-priceYr-1) -0.19 

Asset GrowthYr-1  -1.08 

Turnover growtht-1 0.12 

Debt-to-Price growtht-1 0.25 

Return-on-AssetsYr-1 -0.64 

Panel B: Macroeconomic signals 

Signal 𝑅𝑜𝑠
2  

Term Premiumt-1 0.64 

Log(Dividend Yieldt-12)  0.12 

Output Gapt-6 3.12 

Short Ratet-1 0.14 

Credit-to-GDP gapt-12 -0.25 

CPIt-1 0.17 

Industrial Productiont-6 -0.03% 

Note: For each characteristic, the table presents monthly out-of-sample 𝑅𝑜𝑠
2 , following 

Campbell and Thomson (2007), for Fama-MacBeth (FM) regressions. The out-of-sample 

errors are obtained using a recursive window which starts using approximately 65% of 
the full sample and recursively adds one more month in an expanding way. The out-of-

sample period covers the last 10 years of the data set. The results are reported in 
percentage (%) terms 

 

Result 2: The univariate Fama-MacBeth regressions and the portfolio 

sorts show that most macroeconomic signals seem to be insignificant or 

marginally significant with the exception of output-gap who has a t-statistic 

of 4.5.  
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1.4.3. Out-of-sample results using different methodologies 

In this section I present a horse race between different methodologies 

(Fama-MacBeth, PCR, PLS and Neural Networks) and model specifications 

(firm fundamental variables, macroeconomic variables, all variables). I focus 

on one-month holding period returns and consider a balanced panel. To 

predict the out-of-sample excess return, I use a recursive window method 

which adds one more month in an expanding way.  

The dimension reduction techniques use 4 components in order to capture 

enough variation in the data. For NNs, as I roll forward the architecture 

remains constant. In order to diminish overfit concerns, the models have been 

fitted only once on the training set. A description of hyperparameters for NNs 

can be found in Appendix D. 

Table 10 summarizes the out-of-sample predictive R2 performance of all 

21 model specifications. Following Campbell and Thomson (2007), the out-

of-sample R2 measures the reduction in mean squared forecast error of a 

competing model relative to the historical average benchmark. When the R2 

is positive, the competing model outperforms the naïve benchmark (the 

average).  

Table 10. Out-of-sample prediction performance 

 All var. 
Macroeconomic 

Variables 

Firm 

Characteristics 

Size + Value 

+ Inv. + Prof. 

+ Mom. 

Fama-MacBeth - - - -42.1 

PLS  1.5 0.61 0.63 0.27 

PCR  3.2 4.12 0.8 1.08 

NN1  2.07 2.76 0.91 1.16 

NN2 3.87 4.98 1.65 1.73 

NN3 3.31 4.27 1.22 1.31 

Note; The table shows monthly out-of-sample 𝑅2, following Campbell and Thomson (2007), for Fama-

MacBeth (FM) regressions using: all variables (All var.), only macroeconomic variables (Macro. Var.), 

only firm fundamental variables (Firm Fundamentals var.), only value, investment, profitability plus 
momentum (Value + Inv. + Prof. + Mom). A similar procedure is also used for machine learning 

methodologies such as PCR (4 components), PLS (4 components), and Neural Networks with one to 3 

layers (NN1 –NN3). The out-of-sample errors are obtained using a recursive window and adds one more 
month in an expanding way. The out-of-sample period covers the last 10 years of the data set. The results 

are reported in percentage (%) terms.  
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 The benchmark model is the multivariate Fama-MacBeth regression 

where the explanatory variables are the classical firm fundamentals identified 

as relevant for explaining the cross-section of expected stock-returns (Size, 

Value, Investments, Profitability, and Momentum) (see Fama and French, 

2018) 26.  

 The benchmark model seems to perform terribly out-of-sample, with a 

monthly out-of-sample R2 of -42.1%. The highly negative out-of-sample R-

squared indicates that an investor would be better of just using the historical 

average excess return to all indices in all months, in line with the time-series 

forecasting conclusions of Goyal and Welch (2007).  

When dimension reduction is utilized the predictions are significantly 

improved. PLS modestly increases the monthly out-of-sample R2 to 0.27% 

when using only the classical predictors and 1.5% when using all variables. 

This suggests that combining the signals into low-dimension components 

takes out the noise in the data and the new linear latent factors are better able 

to predict the cross-section of equity indices return. Even though the out-of-

sample R2 can seem small for prediction models, they can be economically 

significant, as Campbell et al. (2007) argue.  

Since factors that explain most of the variation in the signals might not 

also explain variation in returns, we would expect PLS to perform better than 

PCR. PLS also considers the sensitivity of returns to each explanatory 

variable. However, across all specifications, PCR outperforms PLS.  As PLS 

imposes a functional form and it is very likely that structural breaks exist in 

the series, PCR is likely to perform better in this context. This finding is 

similar to Gu et al. (2018) and Bianchi et al. (2019).   

Neural Networks seem to be the best technique at predicting equity index 

returns out-of-sample. Incorporating nonlinearities and signal interactions 

seems to matter even more than addressing multicollinearity issues and 

dimensionality concerns. However, the results come with a caveat. The 

benefits of the neural network above other dimensionality techniques like 

PCR seem to depend on the number of layers, and the type of input variables.  

 
26 The Fama-MacBeth methodology is unable to accommodate all the macroeconomic or 

firm fundamental predictors as there are only 16 countries in each cross-section. Therefore, 

only one specification of Fama-MacBeth is ran.  
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In the case where classical firm fundamental factors are used, the out-of-

sample R2 varies from 1.16% to 1.73%, across different NN architectures. 

Both shallow and deep NNs seem to beat the performance of the other 

machine learning techniques used in this study. Even if the size of the R2 is 

small, this can still create valuable economical profits for investors (Campbell 

et al. 2007). 

Result 3: Using firm fundamentals as signals, neural networks provide the 

best out of sample predictability compared to Multivariate Fama-MacBeth 

(Benchmark), PC, PLS.  

Using macroeconomic variables as signals, seems to be the most 

successful model specification regardless of the type of characteristics used. 

The best performing machine learning methodology with macroeconomic 

signals is NN2 with a monthly out-of-sample R2 of 4.98%.  

Result 4: Deep neural networks perform better relative to methodologies that 

only incorporate dimension reduction and the multivariate FM benchmark. 

However, the benefits of deep networks seem to decrease after two hidden 

layers. In contrast, shallow NNs have a lower out-of-sample R2 compared to 

PCR.  

 Consistent with existing evidence on bond return predictability (Bianchi 

et al. 2019), the results point to the idea that the underlying relation between 

macroeconomic variables and expected returns seems to contain non-

linearities and complex predictor interactions. This has been recognized in the 

asset pricing literature (Chen, 1991). When nonlinearities are present in the 

underlying data generating process, the problem with linear estimation and 

inference is that it can lead to unstable coefficients and lower forecasting 

power for macroeconomic signals. Deep NN methods address these 

shortcomings, while allowing different non-linear functional form 

specifications. 

An adjusted Diebold-Mariano test for pairwise comparison among 

forecasts (described in Section 1.2.4) is used to assess the significance of the 

predictive performance. The results are presented in Table 11. 
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Table 11. Comparing out-of-sample prediction performance 

 

 All variables 

 FM PLS PCR NN1 NN2 NN3 

PLS - -     

PCR - 4.96 -    

NN1 - 3.20 -0.86 -   

NN2 - 5.78 2.05 2.34 -  

NN3 - 5.12 0.51 -1.08 -0.47 - 

 Macroeconomic Variables 

 FM PLS PCR NN1 NN2 NN3 

PLS - -     

PCR - 4.06 -    

NN1 - 3.22 -2.06 -   

NN2 - 4.63 1.55 3.23 -  

NN3 - 4.09 0.23 2.68 -1.26 - 

 Firm Characteristics 

 FM PLS PCR NN1 NN2 NN3 

PLS - -     

PCR - 0.62 -    

NN1 - 1.24 0.81 -   

NN2 - 2.37 1.99 1.25 -  

NN3 - 1.76 1.80 1.43 -0.35 - 

   Size+ Value + Investment + Profitability + Momentum 

 FM PLS PCR NN1 NN2 NN3 

FM -      

PLS 6.2 -     

PCR 8.06 2.1 -    

NN1 8.12 2.31 0.72 -   

NN2 8.64 2.76 1.30 0.35 -  

NN3 8.27 2.49 1.01 0.19 -0.42 - 

Note: An outperformance of the row forecast with respect to the column forecast is signalled by a positive 

number. Several types of methods are investigated: PCR, PLS, Neural Networks with one to 3 layers (NN1-

NN3). Bold numbers indicate that the difference is significant at the 5% level.  

A positive statistic suggests that the row model’s forecast performs better 

than the column models’ forecast. The outperformance of all models that 

incorporate dimensionality reduction, non-linearity, and regularization, with 

respect to the benchmark classical FM model, is highly significant. PLS 

seems to underperform the other machine learning methods significantly, 

confirming the idea that incorporating the variability of the variable of interest 

might lead to overfitting. PCA seems to do very well. This seems to suggest 
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that the macroeconomic characteristics are fundamentally noisy predictors; 

thus, incorporating them into lower dimensions, diminishes the noise and 

uncovers the correlated signals.   

 

4.4. Expected return sorted portfolios 

I sort country indices into portfolios based on predicted returns. More 

specifically, at the end of each month, I sort equity indices into three equal-

weighted portfolios based on the model predicted returns. I focus on the long-

short market-neutral portfolio that buys the indices with the highest predicted 

return in the cross-section and shorts equity indices with the lowest predicted 

return.  

Table  Table 12 presents the excess returns and Sharpe ratios of portfolios 

with differences in model predicted returns. Across all methodologies, using 

only the macroeconomic predictors leads to the best L-S portfolio returns.  

The highest average monthly excess return is NN2 (Macroeconomic 

signals) with 1.32% excess return (15.8% annualized), and a monthly SD of 

2.5% (annualized out-of-sample Sharpe Ratio of 1.82). In addition, the time-

series mean for the LS portfolio is highly statistically significant, with a t-

statistic of 7.2. This is in line with finding in Table 10. 

However, the NN2 LS portfolio monthly excess return decreases from 

1.32% to 1.18% when using macroeconomic signals relative to pooling all 

predictors.  Feeding the NN a large amount of irrelevant data can increase 

runtime and decrease out-of-sample profitability. This is not surprising as 

feature selection is one of the most effective ways of decreasing signal-to-

noise issues in machine learning.  

As NN update their parameters, the inclusion of irrelevant variables tends 

to increase in-sample performance at a loss of generalization. If many 

irrelevant variables are fed to the NN, testing the model out-of-sample using 

a recursive window can lead to unprofitable predictions as the errors 

accumulate over time. Rasekhschaffe and Jones (2019) show that feature 

selection ex-ante can increase the signal-to-noise ratio and avoid overfitting 

when predicting the cross-section of US stock returns. 
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Table 12. Predicted Portfolio returns 

  Partial Least Square (PLS)  

 Macroeconomic Variables Firm Characteristics All variables 

 R t-stat SD SR R t-stat SD SR R t-stat SD SR 

P1 0.55% 1.84 4.1% 0.13 0.68% 2.39 3.9% 0.17 0.45% 1.50 4.1% 0.11 

P2 0.53% 1.61 4.5% 0.12 0.55% 1.80 4.2% 0.13 0.63% 2.06 4.2% 0.15 

P3 0.80% 2.61 4.2% 0.19 0.64% 1.91 4.6% 0.14 0.77% 2.35 4.5% 0.17 

LS 0.25% 2.02 1.7% 0.15 -0.04% -0.26 2.1% -0.02 0.32% 2.09 2.1% 0.15 

    Principal Component Regression (PCR)    

 Macroeconomic Variables Firm Characteristics All variables 

 R t-stat SD SR R t-stat SD SR R t-stat SD SR 

P1 0.07% 0.19 5.0% 0.01 0.61% 2.04 4.1% 0.15 0.48% 1.50 4.4% 0.11 

P2 0.59% 2.02 4.0% 0.15 0.72% 2.30 4.3% 0.17 0.53% 1.73 4.2% 0.13 

P3 1.20% 4.22 3.9% 0.31 0.50% 1.56 4.4% 0.11 0.86% 2.81 4.2% 0.20 

LS 1.12% 5.30 2.9% 0.39 -0.11% -0.84 1.8% -0.06 0.38% 3.06 1.7% 0.22 

Neural Networks (NN1) 

 Macroeconomic Variables Firm Characteristics All variables 

 R t-stat SD SR R t-stat SD SR R t-stat SD SR 

P1 0.12% 0.51 3.2% 0.04 0.23% 0.83 3.8% 0.06 0.3% 1.15 3.8% 0.08 

P2 0.66% 2.10 4.3% 0.15 0.37% 1.27 4.0% 0.09 0.4% 1.23 3.9% 0.09 

P3 1.09% 3.65 4.1% 0.27 0.53% 1.65 4.4% 0.12 0.9% 2.68 4.6% 0.20 

LS 0.97% 4.93 2.7% 0.36 0.30% 1.96 2.1% 0.14 0.6% 2.74 2.9% 0.20 

Neural Network (NN2) 

 Macroeconomic Variables Firm Characteristics All variables 

 R t-stat SD SR R t-stat SD SR R t-stat SD SR 

P1 0.14% 0.52 3.7% 0.04 0.32% 1.04 4.2% 0.08 0.22% 0.84 3.6% 0.06 

P2 0.48% 1.57 4.2% 0.11 0.49% 1.56 4.3% 0.11 0.51% 1.63 4.3% 0.12 

P3 1.46% 4.55 4.4% 0.33 0.82% 2.68 4.2% 0.20 1.10% 3.59 4.2% 0.26 

LS 1.32% 7.24 2.5% 0.53 0.50% 3.26 2.1% 0.24 1.18% 5.99 2.7% 0.44 

Neural Network (NN3) 

 Macroeconomic Variables Firm Characteristics All variables 

 R t-stat SD SR R t-stat SD SR R t-stat SD SR 

P1 0.21% 0.82 3.5% 0.06 0.27% 0.84 4.4% 0.06 0.31% 1.15 3.7% 0.08 

P2 0.92% 2.87 4.4% 0.21 0.39% 1.24 4.3% 0.09 0.51% 1.79 3.9% 0.13 

P3 1.20% 3.92 4.2% 0.29 0.62% 1.93 4.4% 0.14 1.26% 4.32 4.0% 0.32 

LS 0.99% 5.66 2.4% 0.41 0.35% 2.40 2.0% 0.18 0.95% 4.82 2.7% 0.35 

Note: This table reports the performance of prediction-sorted portfolios in the out-of-sample period. The 

holding period is 1 month. “R” is the average excess return of the prediction sorted portfolio. Portfolio 1 

(“1”) is an equally weighted portfolio and contains the excess returns of the indices with the lowest value 
of the signal, whereas portfolio 3 (“3”) is an equally weighted portfolio that contains the indices with the 

highest values of the signal. The zero-cost long-short portfolio (L-S) provides the summary statistics for 
the portfolio that goes long portfolio 3 and short portfolio 1.  
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Result 5: When sorting the forecasted returns into portfolio, the highest 

average monthly L-S portfolio excess return is found when using a NN with 2 

hidden layers using only macroeconomic variables as signals. 

Using only firm characteristics leads to negative out-of-sample alphas for 

PLS and PCR. In general, it seems that macroeconomic variables have much 

more predictive power than firm fundamentals. The conclusions do not 

extensively change if I consider risk-adjusted returns, see Table 13. 

 

Table 13. Risk-adjusted performance of Portfolio Sorting  

on Predicted Returns 

 PLS PCR NN1 NN2 NN3 

All variables 

𝜶𝑪𝑨𝑷𝑴 0.35% 0.41% 0.32% 0.58% 0.42% 

t-stat [𝜶𝑪𝑨𝑷𝑴] [2.26] [3.36] [2.97] [3.88] [3.72] 

𝜶𝑭𝑭𝟓 0.39% 0.22% 0.27% 0.49% 0.42% 

t-stat [𝜶𝑭𝑭𝟓] [2.03] [2.84] [2.66] [3.65] [3.20] 

Macroeconomic variables 

𝜶𝑪𝑨𝑷𝑴 0.28% 1.18% 0.76% 1.34% 1.22% 

t-stat [𝜶𝑪𝑨𝑷𝑴] [2.27] [5.91] [3.23] [6.17] [5.54] 

𝜶𝑭𝑭𝟓 0.19% 1.15% 0.62% 1.20% 1.17% 

t-stat [𝜶𝑭𝑭𝟓] [2.09] [5.02] [2.77] [5.54] [5.07] 

Firm characteristics 

𝜶𝑪𝑨𝑷𝑴 -0.09% -0.08% -0.03% 0.08% 0.01% 

t-stat [𝜶𝑪𝑨𝑷𝑴] [-0.58] [-0.70] [-0.92] [0.33] [0.22] 

𝜶𝑭𝑭𝟓 -0.20% -0.14% -0.10% 0.02% -0.06 

t-stat [𝜶𝑭𝑭𝟓] [-0.86] [-1.32] [-1.13] [1.27] [-0.97] 

Note: This table reports the  𝛼𝐶𝐴𝑃𝑀 (and its t-statistic) which is the intercept 

from a time-series regression of each long-short portfolio on the excess return 

of the world Datastream Global equity index and the  𝛼𝐹𝐹5 (and its t-statistic) 

which is the intercept from a time-series regression of each L-Sh portfolio on 
the Fama-French Global 5 factors. 
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1.5. Conclusion 

The chapter makes several contributions. First, it analyzes out-of-sample 

predictability in the cross-section of country equity index returns, a less 

researched setting where short selling and transaction costs are 

inconsequential.  

Second, the study tests the joint significance of both firm fundamentals, 

technical, and macroeconomic variables in the cross-section of international 

equity indexes. In addition to using predictors that are known to work across 

different settings, such as value and momentum (Asness et al, 2013), that 

paper also considers a plethora of balance sheet and macroeconomic 

variables.  

Third, the chapter provides a horserace between forecasting 

methodologies applied to the cross-section of international equity premiums. 

It tests if classical methods (e.g. Fama-MacBeth), principal components 

regression (PCR), partial least squares (PLS), and neural networks can 

improve forecasting accuracy relative to a naive benchmark.  

The results show that there are significant out-of-sample performance 

improvements when machine learning methodologies are employed 

especially when incorporating macroeconomic signals. A cross-sectional 

investment strategy constructed using monthly forecasts earns an annualized 

Sharpe ratio of 1.82. The performance of the country bet cannot be explained 

by standard definitions of risk. The results highlight the importance of going 

beyond classical methodologies and signals when predicting the cross-section 

of international equity premiums.  
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1.6. APPENDIX 

APPENDIX A 

Algorithm 1: Adam Stochastic Gradient Descent 

Initialize the parameters 𝑩𝟎 = 0, 𝑪𝟎 = 0, 𝒃𝟏= 0.9, 𝒃𝟐 = 0.999, ∈ = 𝟏𝟎−𝟖, 

𝒒 = 0.001 

WHILE  𝒘𝒕 not converged DO 

|

|

|

|

𝐭 ← 𝐭 + 𝟏

𝐁𝐭 =  𝐛𝟏 ∙  𝐁𝐭−𝟏 + (𝟏 − 𝐛𝟏)  ∙   
𝛛𝐋

𝛛𝐰𝐭

𝐂𝐭 =  𝐛𝟐 ∙  𝐂𝐭−𝟏 + (𝟏 −  𝐛𝟐)  ∙   [
𝛛𝐋

𝛛𝐰𝐭
]

𝟐

�̌�𝐭 =  
𝐁𝐭

𝟏 −  𝛝𝟏
𝐭

 �̌�𝐭 =  
𝐂𝐭

𝟏 − 𝛝𝟐
𝐭  

𝐰𝐭+𝟏 =  𝐰𝐭 −  
𝐪

√�̌�𝐭+ ∈
 ∙  �̌�𝐭

 
 

END 

Output: The parameter vector 𝒘𝒕 

 

 

 

APPENDIX B 

Hodrick-Prescott Filter Methodology is applied by calculating the trend of the 

output (log(𝐼𝑝)𝑖,𝑡
𝑇𝑟𝑒𝑛𝑑), the filter minimizes the following:  
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where log(𝐼𝑝)𝑖,𝑡 is the logarithm of industrial production at time t for country 

i, 𝜕 measures the relative weight attached to control smoothness and 

following Prescott et al., (1990), 𝜕 is set to 14400. The cyclical component of 

log(𝐼𝑝) is then given by: 

Ct = log(𝐼𝑝)𝑖,𝑡 – log(𝐼𝑝)𝑖,𝑡
𝑇𝑟𝑒𝑛𝑑 

APPENDIX C 

Table 1C. MSCI Indices and Global Equity Indices 

MSCI Datastream Correlation 

MSCI Australia DS Market Australia 0.97 

MSCI Belgium DS Market Belgium 0.97 

MSCI Canada DS Market Canada 0.98 

MSCI Denmark DS Market Denmark 0.97 

MSCI France DS Market France 0.98 

MSCI Germany DS Market Germany 0.97 

MSCI Italy DS Market Italy 0.97 

MSCI Japan DS Market Japan 0.97 

MSCI Netherlands DS Market Netherlands 0.97 

MSCI Austria DS Market Austria 0.96 

MSCI Norway DS Market Norway 0.95 

MSCI Spain DS Market Spain 0.96 

MSCI Sweden DS Market Sweden 0.96 

MSCI UK DS Market UK 0.98 

MSCI USA DS Market USA 0.98 

MSCI Switzerland DS Market Switzerland 0.97 

MSCI World DS Market World 0.98 

Note: The table presents the correlation between Datastream Global 

Equity Indices (DS) and the Morgan Stanley Country Indices (MSCI) 

counterparts. 
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Table 2C. Predictor description 

Panel A : Datastream variables 

Variable Formula Datastream Key 

Momentumt-1 100 ∗ ∏ (Ri,m + 1) − 1

m∈{t−11:t−1}

 RI 

Reversalt-1 100 ∗ Rt−1 RI 

Log(Market valuet-1)(Sizet-1) Log(Market Valuet-1) MV 

Log(Book-to-market) (Valuet-12) Log(Shareholders equityt-12/Market Valuet-12) DWSE/MV 

Log(Earnings-to-priceYr-1) (Profitability Yr-1) log(1/PEt-12) PE 

Log(Sales-to-priceYr-1)  (ProfitabilityYr-1) Log(SalesYr-1/Market Valuet-1) DWSL/MV 

Asset Growth Yr-1 (Investments Yr-1) Log(Total Assetst-12) - log(Total Assetst-24). DWTA 

Turnover growtht-1 
Log(TRt-1) – log(TRt-2), where 

TRt-1 = Turnover by valuet-1/Market Valuet-1 

VA/MV 

Debt-to-Price growtht-1 
log(DePt-1) – log(DePt-2), where 

DePt-1= Net Debtt-1/Market Valuet-1 

DWND/MV 

Return-on-AssetsYr-1 Net Incomet-12 / 
1

𝑛
∑ Total Assetst

23
𝑡=12  DWNP/DWTA 

Log(Dividend Yieldt-12) (Valuet-12) 

∑ (𝐷𝑌𝑖,𝑡−12 ∗  𝑀𝑉𝑖,𝑡−12)𝑛
𝑖=1 / ∑ 𝑀𝑉𝑖,𝑡−12

𝑛
𝑖=1 , where 

𝐷𝑌𝑖,𝑡−12 is index i dividend yield at time t-12 and 

𝑀𝑉𝑖,𝑡−12 is the market value of index i at time t 

DY 
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Table 2C. Predictor description. (continued) 

Panel B: Other Databases 

Variable Database Formula 

Term Premiumt-1 
FRED and 

Datastream 
(Long Ratest-1 – Short Ratest-1)/100 

Output Gapt-6 OECD 

 Log(𝐼𝑝)𝑖,𝑡 – log(𝐼𝑝)𝑖,𝑡
𝑇𝑟𝑒𝑛𝑑 , where Ip stands for industrial 

production. A detail description, see  

 

APPENDIX B 

Short Ratet-1 FRED and OECD Rate/100 

Log(Credit-to-GDP gapt-12) BIS 

Credit-to-GDP ratiot-12 – Credit-to-GDP ratioTrend, Credit-to-

GDPt = Dt  – Yt 

where Dt  = Outstanding Non-Financial Debtt , 

Yt = Gross Domestic Productt 

CPIt-1 OECD No transformation 

Industrial Productiont-6 OECD No transformation 
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APPENDIX D 

 

Table 1D. Summary hyperparameters 

 NN1 – NN3 

L1 penalty L1 𝜖 {0.001, 0.00001} 

L2 penalty L2 𝜖 {0.001, 0.00001} 

Learning Rate LR 𝜖 {0.001, 0.01} 

Epochs 50 

Patience 2 

SGD Adam 

Activation function for the hidden layers RELU 

Dropout 0.2 

Patience P 𝜖 {2, 5} 

Loss function MSE 

Note: The table describes the hyperparameters tuned in each NN specification 
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_______________________ 2 ______________________ 
  _______________________________________________ 

Contagion and return predictability in asset markets 

An experiment with two Lucas trees   

_______________________________________________ 

 

Co-Author: Charles N. Noussair27 

 

Summary: Using a laboratory experiment, we investigate whether contagion 

can emerge between two risky assets, even when their fundamentals are not 

correlated. To guide our experimental design, we use the ‘Two trees’ asset 

pricing model developed by Cochrane et al. (2007). The model makes time-

series and cross-section return predictions following a shock to one of the two 

assets’ dividend distributions. As the model predicts, we observe a positive 

autocorrelation in the shocked asset, a positive contemporaneous correlation 

between the two assets, and time-series and cross-sectional return 

predictability from the dividend-price ratio. In line with the rational 

foundation of the model, the model’s predictions have stronger support in 

markets with relatively sophisticated agents.  

 

 

 

 
27 Department of Economics and Economic Science Laboratory, Eller College of Management, 

The University of Arizona;  

We have benefitted from discussions with Peter Bossaerts, Tibor Neugebauer, and participants 

at the American Economic Association (ASSA) 2020 Conference, the IAREP/SABE 2019 

Conference, the 2019 Experimental Finance Conference, the 2018 Theory and Experiments in 

Monetary Economics Conference, the 2019 TIBER Symposium at Tilburg University, and 

seminars at Tilburg University and University College London. 
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2.1. Introduction 

Asset co-movement is a central notion in finance, and is crucial to 

portfolio allocation and asset pricing, as it is a determinant of overall market 

risk. Standard asset pricing theory postulates that the price of an asset equals 

the sum of its expected discounted cash flows. Consequently, under standard 

theory, co-movement between two risky assets can typically only be caused 

either by common shocks to either firm fundamentals or to investors’ 

preferences.  

 Nevertheless, a number of rational channels for asset co-movement in 

the absence of a common shock have been proposed. These include correlated 

information (King and Wadhwani, 1990), correlated liquidity shocks (Calvo, 

2004), and market integration (Bordo et al. 2014). However, these rational 

explanations do not seem to fully account for the extent of equity co-

movement observed empirically. As a result, several behavioral factors have 

been suggested. These include market overreaction due to coordination failure 

which can lead to self-fulfilling crises (Diamond and Dyvbig, 1983), a shock 

to one asset serving as a “wake-up call” for investors to reassess 

vulnerabilities in other markets (Goldstein, 1998; Goldstein et al 2000), 

information mirages (Camerer and Weigelt, 1991)28 regarding the correlation 

between assets, and asymmetric information between informed and 

uninformed traders (Kodres et al. 2002)29. 

In this study, we conduct a laboratory experiment to evaluate a rational 

account of how asset co-movement can arise. That is, we consider whether 

contagion in asset price movements arises in an environment in which a 

rational model predicts that it can appear, even though there is no correlation 

between the underlying fundamental values of different assets. The 

environment has the structure of a consumption-based asset pricing model, 

and is inspired by the ‘Two trees’ asset pricing model developed by Cochrane, 

 
28 Noussair and Xu (2015) study the appearance of information mirages in a laboratory 

experiment and find that asset price contagion can appear in an asymmetric information setting 

where investors overreact to mispricing in one of the markets. 
29 In an interesting experimental study, Cipriani et al. (2013), using portfolio rebalancing as a 

mechanism, implement the effect of asymmetric information on asset price co-movement by 

imposing a portfolio imbalance penalty in the traders’ trade-off function. 
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Longstaff and Santa-Clara (2007). An extension of the ‘One tree’ model of 

Lucas (1978), the ‘Two trees’ model provides a rational account of how co-

movement in returns between two risky assets whose fundamentals (cash 

flows) are uncorrelated can arise.  In the model, contagion is driven by a 

diversification motive. Our study focuses on several specific implications of 

the model regarding asset return dynamics. In particular, we consider the 

cross-sectional and time-series pattern of returns of both assets following a 

shock to the fundamental value of one asset. To our knowledge, we are the 

first to study a market with more than one Lucas tree in an experimental 

setting. 

In the experiment, there are two Lucas trees, which can be traded over a 

number of periods. Their fundamental values are subject to dividend shocks. 

Consumption comes only from consuming the fruit of the trees (dividends). 

Co-movement between asset returns emerges due to a diversification motive 

with respect to aggregate consumption.   

The effect of the diversification motive can be intuitively understood with 

an example where one of the two assets undergoes a positive dividend shock. 

The shocked asset’s share of total investor wealth increases, while the relative 

share of the non-shocked asset becomes smaller. Consequently, the non-

shocked asset becomes less correlated with aggregate consumption. As a 

result, the diversification benefit of the non-shocked asset increases, which 

leads to greater demand for that asset that raises its current price. Therefore, 

a positive, permanent dividend shock to one asset is associated with a price 

appreciation of the non-shocked asset as well, and a positive 

contemporaneous correlation between their returns.  

After a positive shock, the price of the shocked asset continues to drift 

upward. This occurs because the shocked asset makes up a larger share of 

dividends than prior to the shock and thus brings lower diversification 

benefits. It, therefore, has higher future returns in equilibrium than the return 

that was expected before the shock. The result is that the returns of the 

shocked asset exhibit serial autocorrelation. Furthermore, after a positive 

shock to an asset, the expected return of the non-shocked asset is lower in the 

future, as its price has increased in the period of the shock while its dividend 

has remained constant.  
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In our experiment, we find strong support for the predictions of the Two-

trees model. There is a contemporaneous correlation between the two assets, 

indicating contagion of the form predicted by the model. Momentum persists 

in the returns of the shocked asset, as expected. However, momentum is also 

present in the returns of the non-shocked asset, which is contrary to the 

model's predictions. The observed momentum in the non-shocked asset 

appears to be due to backward-looking expectations, as if individuals expect 

prior price trends to continue. 

 The model’s predictions are better supported in markets with relatively 

sophisticated agents, as measured by their Cognitive Reflection Test scores 

(Frederick, 2005). This is important as the intent of the model is to capture 

the dynamics of markets that are populated by rational, sophisticated agents, 

who have strong incentives. 

The chapter is organized in the following manner. Section 2 briefly 

discusses related work. Section 3 presents the adjusted asset pricing model 

providing the structure for our experimental markets. Section 4 characterizes 

the laboratory implementation of the model and describes the challenge of 

translating the model’s assumptions into an experimental framework. Section 

5 analyses the experimental data, and Section 6 concludes.  

2.2. Previous Literature 

There are very few experiments focusing on testing general equilibrium 

models of asset pricing. Several experimental studies have evaluated equity 

asset pricing models such as the Arrow and Debreu complete-markets model, 

the capital asset pricing model (CAPM), and augmented CAPM (Bossaerts 

and Plott, 2004; Bossaerts et al. 2007; Asparouhova et al. 2014)30. More 

recently, the formation of a bond price, when interdependencies exist between 

initial public offering (IPO) prices and default risk, has been carefully 

examined using a lab experiment. Based on the bond pricing model of Merton 

(1974), Weber, Duffy and Schram (2018) find that even with limited 

 
30 For a review of the experimental asset market literature, see Bossaerts (2009), Noussair and 

Tucker (2013), Powell and Shestakova (2016) or Morone and Nuzzo (2017). 
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experience, investors seem to learn to set an IPO price for the bonds that is 

close to theoretical predictions.  

To our knowledge, the experimental research that is most closely related 

to ours is the work of Asparouhova et al. (2016) and Crockett et al. (2018), 

who test the aggregate predictions of the Lucas (1978) model, the predecessor 

of the ‘Two trees’ asset pricing model studied in this chapter.  

Asparouhova et al. (2016) study a setting with two assets, a tree yielding 

uncertain dividends depending on the state of nature, and a bond with a 

specific dividend. There are two types of agents, one endowed with bonds and 

the other with trees, interacting in multiple indefinite horizons. Cash (which 

comes from dividends and trading income) disappears at the end of each 

period, and only assets carry over to the next period. Cash held at the end of 

the final period is credited as consumption. Because this consumption 

constitutes the entire earnings for the experiment, an equivalent optimization 

problem is created to that of maximizing a discounted stream of dividends. 

Asparouhova et al. observe that the tree trades at lower prices than the bond, 

prices move with fundamentals, and expected returns vary across states as 

predicted (they are higher in the low state). Agents smooth consumption and 

hedge fundamental risk by buying trees when their income is high and selling 

them when it is low. 

 Crockett et al. (2018) study a setting in which one asset can be traded in 

a double auction market. There are two types of traders, with each type 

receiving income at different periods following a two-period cycle (income 

vs. shares), to stimulate trade and consumption smoothing. The study follows 

a 2x2 design, with traders having either concave or linear utility, and the 

dividend being either high or low. They find that under concave utility, 

consumption smoothing and relatively low prices are observed, and that 

prices are higher the greater the dividends are. 

The empirical finance literature provides mixed findings when it comes 

to dividend yield return predictability. Early studies, such as Campbell (1990) 

and Cochrane (1992), find that dividend yields predict returns. Furthermore, 

Cochrane (2007) argues that the power of the test can be increased by testing 

the joint hypothesis that either returns or dividend growth are predictable. On 

the other hand, authors such as Goyal and Welch (2007) argue that there is 
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limited out-of-sample return predictability. We can test this hypothesis for our 

experimental market. Because of the predictable price dynamics after a shock, 

the model postulates that dividend-to-price ratios would have some 

explanatory power in terms of returns in the cross-section and in the time-

series.  

 

2.3. The model and hypotheses 

While not having the specific goal of explaining contagion, the Cochrane 

et al. (2007) model does provide a formal account of how contagion in asset 

prices can arise even when fundamentals are uncorrelated. The model 

assumes continuous time; we describe here a modified version of the model 

in discrete time. The setting is as follows. There is a stationary endowment 

economy with an infinite horizon. There is a fixed supply of two assets (called 

trees), indexed by i =1,2, that have tradable shares that yield dividends (which 

can be viewed metaphorically as fruit from a tree).  The dividends/fruits are 

not storable, but rather must be consumed in the current period. Therefore, 

aggregate consumption at time t, 𝐶𝑡, is equal to the sum of the two stochastic 

dividend streams, 𝐷𝑖,𝑡 , multiplied by the percentage of shares that come from 

each tree:  

Ct = x D1,t  + (1 − x) D2,t                                             [1]   

In [1], x is the percentage of shares that are of asset 1. A state variable for 

this economy is constructed from the relative contribution of each asset to 

consumption. The share in consumption of the dividend contribution of one 

asset,  𝑠1,𝑡 , can be written as:  

 

s1,t =
x D1,t 

x D1,t  +  (1 − x) D2,t
=  

x D1,t 

Ct
                           [2] 
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The assets are in positive net supply31. There is also a riskless asset in 

zero net supply and the interest rate is constant. No short selling is allowed. 

Investors are modeled as a representative agent, who maximizes the 

discounted expected utility of consumption, with a logarithmic utility 

function U(Ct) = ln(Ct), and a rate of time preference of 𝛽 :   

 

max  𝔼𝑡  [ ∑  𝛽k  ln(𝐶𝑡+𝑘)

∞ 

𝑘=0

 ]                                                    [3] 

      

  If we apply the Euler equation, as in the two-country setting of Lucas 

(1982), the price of a tree yielding a given a dividend stream equals: 

 

P1,t =  𝔼t  [ ∑  βk 

∞

k=0

Ct

Ct+k
  D1,t+k ]                                             [4] 

 

The dividend streams generated by each asset follow a random walk:  

 

D1,t+1 = D1,t +  εi,t,                                                       [5] 

 

where the length of the time discretization interval is ∆𝑡 =  1, and the 

stochastic process is 휀𝑖,𝑡  ~ 𝑁(0,1). 

Using equation [2], we can rewrite equation [4] to derive the 

price/consumption ratio for the first asset: 

 

   
𝑃1,𝑡

𝐶𝑡
=  𝔼𝑡  [ ∑  𝛽𝑘  

∞

𝑘=0

𝑠1,𝑡+𝑘 ]                                                    [6] 

   

 
31 If an asset were in zero net supply, then every long position in the asset must be offset by a 

compensating short position. On the other hand, if the asset is in positive net supply, there need 

not be corresponding short positions. Indeed, in the Cochrane et al. (2007) model, short 

positions in the risky asset are not permitted. 
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Equation [6] can be used to show that the price-dividend ratio of the 

first asset can also depend on the share of the second asset in aggregate 

consumption:  

 

   
𝑃1,𝑡

𝐷1,𝑡
=    

𝑥

𝑠1,𝑡
 
𝑃1,𝑡

𝐶𝑡
 =    

𝑥

1 − 𝑠2,𝑡
 
𝑃1,𝑡

𝐶𝑡
                                           [7] 

 

Under this price process, the return of each asset equals: 

 

𝑅1,𝑡 =
𝑃1,𝑡 − 𝑃1,𝑡−1

𝑃1,𝑡−1
+  

𝐷1,𝑡

𝑃1,𝑡−1
                                                   [8] 

 

We can rewrite equation [8] as: 

𝑅1,𝑡+1 =  
(

𝑃1,𝑡+1

𝐷1,𝑡+1
+ 1) 

𝑃1,𝑡

𝐷1,𝑡

𝑃1,𝑡

𝐷1,𝑡

− 1                                             [9] 

Replacing the dividend yield  
𝐷1,𝑡

𝑃1,𝑡
  by  𝑑1,𝑡 and using equation [5], equation 

[9] becomes: 

𝑅1,𝑡+1 =  (
1

𝑑1,𝑡+1
+ 1) (𝑑1,𝑡) (1 +

휀𝑖,𝑡

𝐷1,𝑡
)                                   [10] 

 

Taking the expectation of equation [10], we obtain the expected return as 

a function of dividend yield: 

 

  𝔼𝑡(𝑅1,𝑡+1) =  (
1

𝑑1,𝑡+1
+ 1) (𝑑1,𝑡)                                   [11] 

 

Thus, the price of an asset is a function of consumption, which can be 

rewritten as a function of the state variable, the share of the asset in aggregate 
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consumption. This property leads to several notable predictions. These 

predictions constitute the hypotheses for our experiment. 

Hypothesis 1: There is a positive contemporaneous correlation in the returns 

of the two assets.   

If the dividend share of one of the assets increases, then the return of the 

other asset also increases, as it becomes more valuable from a diversification 

perspective. This happens because of the increased correlation of the 

appreciating asset with aggregate consumption. Similarly, a decrease in the 

expected dividend of one of the assets lowers the price for both assets. 

Specifically, the dividend share changes when the dividend stream has a 

permanent shock. In the model, this is due to the random nature of the 

dividend process. The change in dividend share, along with the assumptions 

that the agent holds both assets and that the market clears instantaneously, 

generate the contagion dynamics of the model. A shock to one of the assets 

leads to contagion, as prices of both assets adjust immediately to reflect the 

change in return due to demand for diversification.  

The relationship between the return of the shocked asset ( 𝑅𝑆 ) and that of 

the non-shocked asset (𝑅𝑁𝑆) can be summarized as follows: 

 

corr(RS, RNS) > 0                                              [12]   

 

Hypothesis 2: Time series predictability – there is momentum in the return of 

the shocked asset 

For the asset whose dividend distribution gets positively and permanently 

shocked, its current price and return increases. However, there is an 

underreaction of the price to the dividend shock as the asset becomes a larger 

part of total consumption, and therefore needs to offer greater expected 

returns to compensate for its reduced diversification benefit. Prices do not 

immediately fully adjust to the shock, but rather drift upward over time. A 

similar pattern is observed in case of a negative shock. The underreaction 

leads to positive autocorrelation in the expected return of the shocked asset:  
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corr (Rt
S, Rt+1

S ) > 0                                                     [13]   

 

 

Hypothesis 3: After a shock, the expected return of both assets can be 

predicted by the dividend yield of either asset.  

The third pattern is that dividend yields forecast future returns as in 

equation [11]. However, because expected return is a function of dividend 

yield, which can be rewritten as a function of the dividend share of the other 

asset, the dividend yield can also forecast returns cross-sectionally. Therefore, 

the return of each asset can be predicted by its own dividend yield or the 

dividend yield of the other asset.  

{
corr (

DS

PS  , RS) > 0  

  corr (
DS

PS  , RNS) > 0  
                                            [14]   

 

2.4. Implementation in the lab  

2.4.1. General description of the experiment 

Participants were bachelor’s and master’s students at Tilburg University, 

the Netherlands and bachelor’s students at The University of Arizona, USA. 

Each subject could participate in at most one session of the experiment. A 

session lasted approximately 3 hours, and eight participants took part in each 

session. A show-up fee of 5 Euros/7 US Dollars was awarded to each 

participant. At the beginning of each session, the three-question Cognitive 

Reflection Test (CRT, Frederick, 2005)32 was administered to all participants. 

 
32 The cognitive reflection test (CRT), described in Frederick (2005), is widely used in the 

experimental asset market literature (Corgnet et al., 2014; Breaban et al., 2015; Noussair et al., 

2016). The CRT is a test that consists of three verbally formulated questions of an algebraic 

nature and is designed to observe the willingness and capacity of the agents to override an 

intuitive response that is incorrect. It is sometimes interpreted as a measure of cognitive ability.  
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For each CRT question solved correctly, 1 Euro/Dollar was awarded.  

Afterward, subjects participated in markets, in which they could trade two 

assets. A continuous double auction mechanism (Smith, 1962) was employed, 

implemented with the z-tree platform (Fischbacher, 2007), to enable trade. 

The markets used an experimental currency called ECU, convertible to 

Euros or Dollars at the end of the session.  The session was divided into 

several consecutive markets. At the beginning of each market, the 

environment, including the endowments of traders, was reinitialized. Each 

market lasted an uncertain number of periods. At the end of each period, the 

market closed, and the asset paid a dividend, but asset holdings carried over 

to the next period.   

At the beginning of the first period of a market, participants received a 

portfolio of assets and cash. Two risky assets, called Asset A and Asset B, 

could be traded during each period in a centralized marketplace. In each 

period, the asset yielded a dividend, which was stochastic. All participants 

were aware of the dividend process for each asset.  They did not know the 

portfolio holdings of other individual participants during each market, but the 

aggregate endowment of each asset was known to all participants, as assumed 

in the Two-trees model. The contagion effect in the model also requires that 

subjects are aware that all participants are holding a similar number of assets. 

Therefore, the aggregate number of assets for each security was made 

common knowledge, and their initial endowments were identical.  

 

2.4.2. Timing of events within a market 

Each participant began period 1 of each market with 10 shares of asset A 

and 4 shares of asset B. At the start of each of the first two periods, Asset A 

and Asset B both paid a stochastic dividend of either 200ECU or 300ECU, 

each with probability 0.5. At the beginning of every fourth period starting 

with period 3, that is, in periods 3, 7, 11, etc…, a permanent shock to one of 

the dividend distributions occurred. The dividend shock happened with 

 
The papers cited above find that individual CRT scores correlate positively with trading profits, 

and that a cohort’s average CRT score correlates negatively with the difference between market 

prices and underlying fundamentals. 
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certainty and the timing was known beforehand by market agents33. However, 

they did not know in advance which asset would be subject to the dividend 

shock or whether the shock would be positive or negative. It was explicitly 

stated that the shock to one asset would not affect the dividend distribution of 

the second asset, and thus, that the dividends on the two assets were 

uncorrelated.    

There was a 50% probability that the dividend shock would be positive 

or negative. There was also a 50% probability that any one of the assets would 

be shocked. In case of a negative shock in period 3, the distribution of the 

shocked asset changed to (150ECU, 250ECU)34, with each realization 

occurring with equal probability. In case of a positive shock, the distribution 

of the shocked asset changed to (250ECU, 350ECU), each occurring with 

equal probability. Thus, there was a 50 ECU increasing shift in the 

distribution from a positive shock, and a 50 ECU decreasing shift from a 

negative shock. The adjusted dividend distribution remained in effect until 

another shock occurred.  

At the beginning of each period, a loan was provided to each trader. The 

loan was automatically repaid at the end of the period by subtracting it from 

the cash obtained from dividends and from selling assets in the current period. 

This ensured that consumption was only equal to dividends and that there was 

no other income entering the market, but also that there was still enough cash 

in the market to meet liquidity needs. The loan amounted to 17500ECU35. To 

further increase the liquidity in the market, dividends were paid at the 

beginning of each period, including the first period of the market. Since all 

traders were holding the same portfolio initially, all traders had the same 

starting wealth.  

 
33 Alternatives would be for the dividend shock to happen unexpectedly during the experiment, 

or with participants having no previous knowledge of the distribution. Such design choices 

would not have been in line with the model, and would have added another layer of 

fundamental value uncertainty. 
34 In the experiment, dividends are stationary in levels rather than growth rate. This design 

feature is important as it does not require more cash to come into the market, which itself is 

associated with higher prices, over time.
35 Using simulations, the fundamental value of each asset is calculated to be 751.06 ECU in 

expectation. This corresponds to an average Cash-to-Asset ratio of 0.79.  
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At the end of every period, after the loan was paid back, the remaining 

cash each trader held (denominated in terms of experimental currency), was 

transformed into consumption (in terms of Euros/Dollars). This cash came 

from dividends and any net capital gains from transactions performed during 

the period.  The conversion into consumption was done according to a 

logarithmic exchange rate of Euros/Dollars= 0.112* ln (ECU) 36. Cash was 

not transferred across periods, and thus savings were not possible. Asset 

holdings carried over from one period to the next.   

During the trading period, each participant could see, on her screen, the 

amount of Euros/Dollars she has consumed in each previous period and could 

potentially use the history information to facilitate consumption smoothing. 

 In case of negative cash holdings at the end of the period, which could 

occur if a trader had insufficient cash to repay her loan, the conversion rate 

was ECU/5100. That is, individuals had 1 Euro/Dollar subtracted from their 

earnings balance for every 5100 ECU that their holdings were negative at the 

end of a period.  

 

2.4.3. Timing of events in a session 

After the experimenter read the instructions, there was a seven-minute 

practice period in which participants could become familiar with the 

mechanics of making purchases and sales in the computerized market. A 

practice market was then played to allow the participants to get used to the 

market setting, assets, and dividends. To test the understanding of 

participants, a quiz was administered37.  

Subjects then traded in a succession of markets. Each time a market 

finished, and a new market began, the holdings of the participants were reset 

to the initial levels. The dividend distribution was also reinitialized to the 

 
36 A payoff table with many rows corresponding to possible cash levels in ECU and the 

Euros/Dollars that they converted to, was provided for the participants’ reference during the 

experiment (see Appendix C).
37 The quiz was checked on the spot, in private. If there was a question answered incorrectly, 

the correct response was given and explained to the participant.  
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starting distribution 38 . Within each market, each trading period lasted 2 

minutes.   

The block termination rule (Frechette and Yuksel, 2017)39 was employed 

to end the market. The probability that the market would end during any given 

period was ¼. Ending the market meant that no subsequent activity after the 

market ended counted toward earnings. Blocks of four periods were played 

without interruption. Participants were only informed after every block of 

four periods whether the market had ended and if so, in which period. If the 

market continued beyond four periods, then another four period-block would 

be played and so on.  To our knowledge, this block termination strategy has 

never been previously used in an asset market environment. Consumption in 

all periods before termination and over all markets constituted total earnings, 

except for the initial practice market.  

 

2.4.4. Discussion of implementation challenges 

We draw on the model of Cochrane et al. (2007) for hypotheses about 

market behaviour in the experiment, and we recognize that the experimental 

environment contains substantial departures from the model. We do not 

intend to reproduce the exact environment described in the model. Instead, 

we consider whether some predictions of the model are observed in our 

environment, in which we have an opportunity to find (or fail to find) support 

for the predictions. Our environment contains many of the essential features 

of the model. These include an asset market with two uncorrelated assets, 

incentives to maximize a logarithmic utility function, and shocks to the 

dividend distribution.  

 
38 We informed participants that they would participate in one or more markets, each consisting 

of an unknown number of periods. If one of the markets ended with more than 25 minutes of 

the 3-hour session remaining, another market was conducted. If there were fewer than 25 

minutes remaining, the participants were informed that the market they just finished playing

was the last market, and the session was ended. The experiment did not surpass the 3-hour limit 

in any session.   
39 This procedure allows the creation of the same incentives that exist in an infinite horizon 

with discounting, but unlike the standard random termination method proposed by Roth and 

Murninghan (1978), it allows a minimum of four periods of data from each market to be 

gathered.
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To be tractable, a model typically needs simplifying assumptions. For 

example, the two-tree model assumes two assets, no share repurchases, 

logarithmic utility, etc. The assumptions of a model can impede empirical 

testing, if the assumptions are not satisfied in the data set used for testing. The 

core intuition of the model is, nevertheless, valuable, despite the obstacles 

faced when conducting empirical tests. A laboratory experiment allows us to 

impose many of the simplifying assumptions of the model and is, therefore, a 

natural way to examine the model’s predictions. The experimental approach 

enables researchers to control and observe many parameters that are difficult 

to impose and observe in non-laboratory financial markets; such as 

uncorrelated dividend shocks, the presence of exactly two asset markets, and 

logarithmic incentives to consume.  

Consumption: In the experimental asset pricing literature, which tests 

consumption-based models in the laboratory, several methods have been used 

to create incentives to consume. Asparouhova et al. (2016) use an endogenous 

consumption smoothing mechanism. They do not include a concave exchange 

rate and rely on subjects’ homegrown risk aversion. Consumption occurs only 

at the end of the last period of the market. It is up to the participants to avoid 

holding too much cash in one period instead of investing it in assets. In 

contrast, Crockett et al. (2018) exogenously impose concave utility with a 

concave exchange rate from experimental currency to US dollars. Like 

Crockett et al. (2018), and in line with the Cochrane et al. (2007) model, we 

impose a logarithmic ECU-dollar/EURO exchange rate to motivate 

consumption smoothing and trading.  

At the end of each period, the end-of-period ECU balance is converted to 

Euro/Dollars and placed in a private account that cannot be used to purchase 

assets. This constitutes consumption for that period. Assets are long-lived, 

and inventories of assets are carried over to the next period. Assets only perish 

at the end of the market and do pay their dividends in the final period of the 

market.  

The trade-off that investors have to make every period involves how 

much to consume now versus in the future. They then have to obtain the asset 

portfolio that is suitable to achieve their target. If they want to consume more 

in the current period, they would need to sell some of their assets. If they want 
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to consume more in future periods, then it would be in their interest to save 

by investing in assets, as assets can be carried across periods. In this respect, 

assets are the only intertemporal store of value. However, due to the concavity 

of the logarithmic function, accumulating a lot of cash to be converted will 

not amount to much Euros/Dollars. The conversion function incentivizes 

participants to spread out consumption across time to avoid the low marginal 

values associated with large conversions. Thus, participants have an incentive 

to smooth consumption.  

Risk-free asset: A risk-free asset could be introduced in the experiment 

by incorporating an additional market where the price of the risk-free asset 

would be determined by supply and demand. However, the ‘Two trees’ model 

assumes that the risk-free asset is in zero net supply. In a multi-agent 

environment, zero-net supply implies that either no agent is holding risk-free 

assets or that some agents are shorting the risk-free asset, while some others 

are holding the asset.  

Adding an additional market, where participants are borrowers or lenders, 

can lead to two additional complications. First, the borrower-lender market 

will require the price of the risk-free asset to be set by the market. However, 

in the model, the risk-free rate is determined exogenously, and it depends on 

the dividend shock of the risky asset and not on the market itself. Second, a 

market would add additional complexity to an experimental environment that 

is already cognitively demanding for participants.  

Given all these extra complexities created by the introduction of a risk-

free asset, we do not incorporate such an asset. Instead, in line with the model, 

we assume that there is zero-net supply of risk-free asset. In equilibrium, 

investors have portfolio weights only in the risky assets and not in risk-free 

asset.  

Liquidity:  In the Two-trees model, prices adjust automatically. In reality, 

prices in markets adjust by investors selling and buying the assets. Even 

though the Two-trees model abstracts from the traders’ need to have cash as 

prices adapt instantaneously, the creation of a functioning market demands 

that the participants have cash at their disposal so that trade can take place.  

Therefore, a loan at zero interest is introduced at the beginning of each period 

which is repaid automatically at the end of the period. This ensures that the 



85 

 
 

 

loan is not used to smooth consumption and hence does not enter the utility 

function. The loan is intended only to guarantee that there is sufficient 

liquidity for trade to take place.  

 

2.5. Results 

A total of 51 markets were conducted. The total number of dividend 

shocks across all sessions was 66, of which 37 were for asset A (19 positive 

and 18 negative) and 29 for asset B (16 positive and 13 negative). If we 

consider only the first shock in a market as an observation, the total number 

of dividend shocks is 51, of which 29 were for asset A (16 positive and 12 

negative) and 23 for asset B (13 positive and 10 negative)40. The maximum 

number of periods played in any market was 12.  

As the model predicts, the price of asset B was higher on average (by 60 

ECU) than the price for asset A. Also, consistent with the model, the return 

on asset A was on average greater than B. This is illustrated in Figure 1. 

Because the number of units of asset B in circulation is smaller than the 

number of assets A, the dividend share of asset B in the economy is smaller. 

Therefore, asset B has a greater value due to its diversification potential and 

a lower expected return in equilibrium. 

 

 

 

 

 

 
40 In session 3, market 4, period 3, one unit of asset B was traded at a price of 10000, which 

was 10 times the maximum observed fundamental value in any market. This one trade is very 

likely to be an error. However, it greatly affects the average price for that asset in that period 

as there only a few transactions in that period.  Therefore, we omit this observation from our 

analysis.  
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Figure 1. Average asset returns 

Note: This figure illustrates the returns of assets A and B over time averaged 
across all markets in all sessions.   

We now evaluate the hypotheses discussed in Section 241. We organize 

the analysis as a series of results corresponding to each hypothesis.  

Result 1: There is strong contagion, that is, significant positive 

contemporaneous correlation is present in the returns of the two assets. 

 

 

 

 

 

 

 
41 To perform our analysis, for each asset, we average the price across the traded shares in each 

period. If no asset was traded in the period, the average midpoint of the bid-ask spread over the 

period is used.  

0
.5

1
1
.5

0
.5

1
1
.5

0
.5

1
1
.5

0 5 10 15

0 5 10 15 0 5 10 15

Session 1 Session 2 Session 3

Session 4 Session 5 Session 6

Sesssion 7 Session 8

Return A Return B

Period



87 

 
 

 

Figure 2. Contemporaneous contagion 

 
Note: The line of best fit represents a robust pooled OLS regression. Panel (a) illustrates that returns during 
all shock periods and Panel (b) the returns during the first shock in the market. 

 

Table 1. Contemporaneous contagion hypothesis 

Note: Column (a) contains the results where all shocks in a market are included, and (b) includes 

only one shock per market. Column (c) contains the results from the sessions where the average CRT 
score of participants is above 1.5, which is the average CRT score across sessions.  Column (d) 

reports the results from the sessions where the average CRT score is below 1.5. Standard errors are 

clustered at the session level for all regressions. *** and ** indicate significance at the 1% and 5% 
levels, respectively. The t-statistics are reported in parenthesis. 
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Figure 2 illustrates a strong positive correlation between the returns of the 

shocked and non-shocked asset in the period of the shock. It shows that 

greater returns on the shocked asset, given on the horizontal axis, are 

accompanied contemporaneously by higher returns on the other, non-shocked 

asset. 

The presence of positive contemporaneous contagion in returns is 

confirmed when estimating the following regression specification: 

    R 𝑡𝑠ℎ𝑜𝑐𝑘

 NS =  β0 +  β1R𝑡𝑠ℎ𝑜𝑐𝑘

S +  ε𝑡𝑠ℎ𝑜𝑐𝑘

 NS ,                         [15] 

where NS stands for non-shocked asset and S is the asset that experiences a 

dividend shock; 𝑡𝑠ℎ𝑜𝑐𝑘 represents the period in which the return is calculated; 

ε𝑡𝑠ℎ𝑜𝑐𝑘

 NS  is the error, β0 the intercept, and β1 the slope of the regression. 

We pool observations across the two assets, as either of them can receive 

a dividend shock, and perform a pooled OLS regression. Markets within a 

session are concatenated. We estimate the models on two subsets of data: (1) 

all shock periods for all markets and sessions, and (2) only the periods of the 

first dividend shock in all markets and sessions. As in, for example Frechette 

(2012) or Petersen (2009), we cluster the errors at the session-level.  

Table 1. shows that, in line with the model, we find a positive 

contemporaneous correlation between shocked and non-shocked assets. The 

magnitude of the relationship is quite large; a 1% increase in shocked asset 

return is associated with a 0.4% increase in the returns of the non-shocked 

asset (Panel (a))42.  

A critical determinant of the pricing behaviour in experimental asset 

markets is the cognitive sophistication of traders. This is measured here by 

the Cognitive Reflection Test (CRT). On average, the CRT score over all 

sessions was 1.543. In Table , we estimate the model separately for those 

sessions in which the average CRT score was greater to, and less than or equal 

 
42 When only one dividend shock per market is accounted, we test for autocorrelation in the 

panel and we find none (Wooldridge test, p= 0.17, F= 2.35). We also test whether session-level 

fixed or random effects are more appropriate (Hausman test, p= 0.0002; chi2(1)= 13.61). We 

find that fixed effects should be used. Under the fixed-effect specification, the β1 coefficient 

decreases to 0.18%, but remains significant. A 1% increase in the shocked asset is associated 

with a 0.18% increase in the return for the non-shocked asset as well. 
43 Summary statistics of CRT scores are detailed in the Appendix B. 
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to, 1.5. We find that those sessions with high average CRT scores exhibit 

significant cross-sectional correlation in returns, while those with low scores 

do not have a significant relationship. More sophisticated groups show greater 

adherence to the model’s predictions.   

The following result shows that Hypothesis 2, which concerns 

momentum in returns, is also supported44. 

Result 2: There is strong momentum in the return of the shocked asset  

 

Figure 3. Time series predictability 

 
Note: The line of best fit represents the estimate of a robust pooled OLS regression. Panel (a) includes the 

returns from all shocks in each market and Panel (b) contains only those returns corresponding to the first 
shock in each market. 

Figure 3 illustrates the return of the shocked assets in the shock period, 

plotted against the returns of the shocked asset in the following period. The 

 
44 Similar co-movement between the return of the shocked and non-shocked asset can also 

be found in other periods of the market. However, as we have seen in Figure 1, during the first 

periods, prices were on average below the expected dividend. Therefore, when calculating 

returns, it might be useful to check correlations in terms of capital gains only without the 

dividend yields. Indeed, the results in Table 1A, Appendix A confirms that when only 

incorporating capital gains, the expected pattern is observed. Table 2A presents a sample 

splitting of the correlation hypothesis based on the type of shock (positive or negative). 
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line of best fit represents the estimates of a robust pooled OLS regression. The 

line is strongly positively sloped, suggesting autocorrelation in returns.  

To more formally evaluate the hypothesis, we estimate regression 

specifications of the following form:  

 R 𝑡𝑠ℎ𝑜𝑐𝑘+1
 S =  α +  βR𝑡𝑠ℎ𝑜𝑐𝑘

S +  ε𝑡𝑠ℎ𝑜𝑐𝑘+1
 S  ,                        [16] 

where S indicates that the asset experienced a dividend shock; 𝑡𝑠ℎ𝑜𝑐𝑘 is the 

period when the shock occurred, α is the intercept, β represents the sensitivity 

of next period return to current period return, and ε𝑡𝑠ℎ𝑜𝑐𝑘+1
 S  are the residuals 

for the shocked asset. The model predicts a positive coefficient on lagged 

returns. The results are presented in Table 2.  

Table 2. Time series predictability - Momentum 

 
Note: Column (a) shows the results when all shocks in the market are included and (b) includes only one 

shock per market. Column (c) contains the results from the sessions where the average CRT score of 

participants is above 1.5, which is the average CRT score across sessions.  Column (d) reports the results 

from the sessions where the average CRT score is below 1.5. Standard errors are clustered at the session 

level in all regressions. *** and ** indicate significance at the 1% and 5% levels, respectively. t-statistics 
are reported in parenthesis. 

The estimates reveal significant momentum, supporting Hypothesis 2. A 

1% increase in the return of the shocked asset is associated with a 0.46% 
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increase in the next period’s return45. The last two columns report estimates 

separately for sessions with relatively high and low average CRT scores. As 

for Hypothesis 1, the groups with a relatively high level of sophistication are 

those that support Hypothesis 2 at a greater level of both economic and 

statistical significance. 

We now turn our attention to a more subtle implication of the first two 

hypotheses of the model: negative cross-serial correlation in returns. That is, 

a dividend shock to one asset moves the return of the other asset in the 

opposite direction in the period after the dividend shock.  As noted in the first 

hypothesis, both assets should have positive returns in the period following a 

positive dividend shock to one of the assets. The non-shocked asset 

experiences a one-time increase in demand (its price increases) during the 

shock period because of its increased attractiveness, due to an increase in 

diversification potential. Thus, in the period after the shock, the return of the 

non-shocked asset will be lower, as the price remains at the same higher level 

given the shock, but the dividends stay at the same level as before the shock. 

Consequently, the expected return of the non-shocked asset decreases, while 

for the shocked asset, the return continues to be greater than before the shock, 

due to momentum in returns. The opposite pattern is at work after a negative 

shock occurs. 

This cross-sectional relationship can be summarized with the following 

equation:    

    

 

where NS stands for non-shocked asset and S represents the asset with a shock, 

𝑡𝑠ℎ𝑜𝑐𝑘 is the period in which the asset suffers a dividend shock; �̇� is the 

intercept, �̇� is the sensitivity of the return of the non-shocked asset to the 

return of the shocked asset, and ε𝑡𝑠ℎ𝑜𝑐𝑘+1
 NS  are the residuals. As before, we pool 

 
45 When only one dividend shock per market is accounted, we test for fixed effects (Hausman 

test, p= 0.13; chi2(1)= 2.42) and random or pooled OLS should be used (LM test, p= 0.012, 

chibar2(1)= 5.05), we find the random effect model should be employed. Under this 

specification, the slope coefficient remains 0.4%, and significant. Table 3A presents a sample 

splitting of the correlation hypothesis based on the type of shock (positive or negative). 

  R 𝑡𝑠ℎ𝑜𝑐𝑘+1
 NS =  �̇� + β̇R𝑡𝑠ℎ𝑜𝑐𝑘

S +  ε𝑡𝑠ℎ𝑜𝑐𝑘+1
 NS ,                    [17] 
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the data across the two assets and estimate the model for all the dividend 

shock periods, across markets, using all of the data as well as only including 

the first dividend shock.  

Figure 4. Cross-serial Correlation 

 
Note: Panel (a) includes the returns from all shocks in each market, and Panel (b) contains only those 
returns corresponding to the first shock in each market. 

The existence of cross-serial correlation is illustrated in Figure 4, but the 

direction of the cross-serial correlation is the opposite of the one predicted. 

We find positive, rather than negative, correlation between the two assets in 

the periods following the dividend shock. Table 3 shows that a 1% increase 

in the return of a shocked asset is associated with a 0.36% increase in the next 

period return for the non-shocked asset (column (a))46. 
 

 

 

 

 
46 When only one shock per market is considered, we conclude that a fixed effects model should 

be used (Hausman test, p = 0.000; chi2(1) = 26.92). In this case, we find no significant 

correlation and a smaller economic significance.  
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Table 3. Cross-serial Correlation 

 
Note: Column (a) contains the results where all shocks in a market are included and (b) includes only one 

shock per market. Column (c) contains the results from the sessions where the average CRT score of 

participants is above 1.5, which is the average CRT score across sessions.  Column (d) reports the results 
from the sessions where the average CRT score is below 1.5. Standard errors are clustered at the session 

level for all regressions. *** and ** indicate significance at the 1% and 5% levels, respectively. The t-
statistics are reported in parenthesis. 

 

The failure to observe cross-serial correlation in returns in the 

hypothesized direction is associated with the presence of momentum in the 

non-shocked asset. As seen in Figure 5, the returns of the non-shocked asset 

also seem to show positive momentum after the dividend shock. Table 4 

provides estimates of the extent of the momentum of the non-shocked asset.  
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Table 4. Momentum in the non-shocked asset 

 
Note: Column (a) contains the results where all shocks in a market are included and (b) includes only one 

shock per market. Column (c) contains the results from the sessions where the average CRT score of 
participants is above 1.5, which is the average CRT score across sessions.  Column (d) reports the results 

from the sessions where the average CRT score is below 1.5. Standard errors are clustered at the session 

level for all regressions. *** and ** indicate significance at the 1% and 5% levels, respectively. The t-
statistics are reported in parentheses. 

Figure 5. Momentum in the non-shocked asset. 

 
Note: This figure illustrates the return of the non-shocked asset, in the period of the dividend shock, plotted 
against its return in the following period. The line of best fit represents a robust pooled OLS regression. 

Panel (a) includes the returns from all shocks in each market, and Panel (b) contains only those returns 
corresponding to the first shock in each market. 
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The estimates show that a 1% increase in return for the non-shocked asset 

is associated with a 0.74% increase in the subsequent period’s return (Table 

4. Panel(a)). What is surprising is that markets with more sophisticated agents 

display stronger momentum in returns, not only for the shocked asset but for 

the non-shocked asset as well. This is consistent with agents’ expectations 

and projections being influenced by recent trends (Smith et al. (1988); 

Marimon and Sunder, 1993; Haruvy et al., 2007), and this influence being 

stronger for relatively sophisticated agents. Our findings are stated as Result 

3. 

Result 3: There is positive cross-serial correlation in the two assets’ returns 

after the shock. There is momentum in returns for both assets in the same 

direction as the shock. 

We now turn our attention to the third hypothesis, that dividend yields 

predict returns cross-sectionally. Our main observation is stated as our fourth 

result.  

Result 4: After a shock, the expected return of both assets can be predicted by 

the dividend yields of either asset. 

We test the hypothesis for each of the two assets by estimating the 

following specification: 

 

                                            R m,t+1
 i =  α +  β

𝐷𝑚,𝑡
𝑖

𝑃𝑚,𝑡
𝑖

+  ε m,t+1
 i  ,                         [18] 

 

where i represents the asset, m stands for markets and t for periods. For each 

market t always begins with period three (after the first shock). 

As observed in Table 5, the estimated slope coefficient of 0.9 means that 

an increase of 1% in the dividend yield in the prior period increases the return 

of asset i by nearly 1% in the current period. The returns are predicted by the 

dividend-price ratio. The return of asset j shows a similar pattern, though to a 

lesser extent.  The dividend yield for one asset also has predictive power for 

the subsequent return of the other asset. The positive signs on these 
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coefficients are predicted by the model. For both assets, the statistical 

significance is high, with a t-statistic greater than 6.  

 

2.5. Conclusion 

The model of Cochrane et al. (2007) posits that some fundamental market 

dynamics are at work when more than one asset is trading simultaneously. 

These dynamics contrast sharply with the proposition that the price of an asset 

is a function of its expected dividend stream only and is unaffected by the 

dividend that is paid on other assets.  

While the patterns predicted under the Cochrane et al. model require risk 

aversion and a resulting motive to diversify, which we have imposed in our 

experiment, it was by no means clear to us beforehand that the dynamics 

predicted by the model would be observed. The Cochrane et al. (2007) model 

proposes that the investment decision is made in consideration of the 

diversification potential of an asset rather than its past performance. It 

assumes rational expectations, rather than the use of past data to form 

expectations. These are strong assumptions and we find it impressive that the 

model predicts the empirical patterns in our experiment so well. 

 The model shows that a shock to the fundamental value of one asset 

causes momentum in the asset’s own returns, but also a change in the return 

of the non-shocked asset. A consequence of these patterns is that future 

returns exhibit some predictability based on the current dividend yield. The 

model provides a compelling account of how co-movement in returns can 

arise without correlation in fundamentals, even when all traders are fully 

rational. 

The results of our experiment confirm that contagion can arise between 

two risky assets even if their fundamentals are not correlated, even when 

traders have only a modest level of experience and sophistication. Moreover, 

following a dividend shock, the shocked asset exhibits autocorrelation in 

returns. We observe that dividend yields are predictive of future returns. Thus, 

the basic predictions of the model are seen in the experimental data.  

We also observe momentum in the returns of the non-shocked asset, 

leading to an absence of cross-serial negative correlation. While our failure to 
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find this secondary and subtle prediction shows the limits of the model’s 

ability to predict precisely, we find it impressive that the main patterns 

predicted by the model can be observed in such a complex environment when 

individuals are so inexperienced in asset trading and valuation.   

Why is there momentum in the non-shocked asset and thus a failure to 

observe negative cross-serial correlation in our data? The model predicts that 

returns in the non-shocked asset would change direction in the period after 

the shock. However, a body of evidence from experimental economics 

suggests that individuals’ expectations are influenced by trends and adaptive 

components, that is, they are backwards-looking (Marimon and Sunder, 1993; 

Haruvy et al., 2007; Anufriev et al., 2019). When the tendency of individuals 

is to believe that past trends are influencing future price trajectories, it makes 

it unlikely that a reversal in price momentum caused by a ripple effect of a 

prior shock would be observed. 

An increase to the Cash-to-Asset ratio has been shown (Caginalp et al, 

1998; Ackert et al, 2006) to potentially increase the prices of assets and hence 

their returns. Therefore, one might suspect that the observed momentum in 

the shocked asset or the contemporaneous correlation in returns could appear 

due to a changing Cash-to-Asset ratio. However, as presented in Appendix A, 

Table 2A and Table 3A. even during negative shock periods (when the Cash-

to-Asset ratio decreases), contemporaneous contagion and momentum in the 

shocked asset are still present.  

The model’s predictions are better supported in markets with relatively 

sophisticated agents, where sophistication is measured with a Cognitive 

Reflection Test. This is an important finding, as the intent of theoretical asset 

pricing models is to capture the behaviour of rational, sophisticated traders. 

A pattern in which a model predicts better when agents are more sophisticated 

bodes well for the model. 

Perhaps the most important implication of the Cochrane et al. model is 

that dividend yields predict returns both in the time series and cross-section. 

We find the same type of predictability in our data. This indicates that in our 

markets, trading based on dividend yields is profitable, as it is in the model.  
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2.7. APPENDIX 

 

APPENDIX A 

 

Table 1A. Overview of return correlations at different periods 

Panel (a) Panel (b) 

 Result 

0.64*** 

0.62*** 

0.65*** 

 Result 

0.26 

0.38*** 

0.003 

Corr(R2
NS, R2

S) Corr(R2
NS, R2

S) 

Corr(R3
NS, R3

S) Corr(R3
NS, R3

S) 

Corr(R4
NS, R4

S) Corr(R4
NS, R4

S) 

Note: This table shows the results of pair wise return correlations between the non-shocked and shocked 
asset. Panel (a) contains the results when return is calculated as capital gain plus dividend yield, and (b) 

includes only capital gain without dividend yield. ***, ** indicate significance at the 1%, and 5% level, 

respectively. 

 

 

 

 

Table 2A. The contagion hypothesis for each shock type 

 (a) 

Positive Shocks  

(b) 

Negative Shocks 

   Rt
S   0.32*** 0.35* 

 (4.71) (2.24) 

Constant -0.05 0.05 

 (-2.85) (1.74) 

R – squared 0.10 0.10 

N 35 31 

Note: This table presents the results of the regressions of non-shocked asset returns on shocked asset 

returns. Column (a) contains the results where only positive dividend shocks are included, and (b) only 
negative dividend shocks. Standard errors are clustered at the session level for all regressions. *** , ** and 

*  indicate significance at the 1%, 5% levels, and 10% level, respectively. The t-statistics are reported in 

parenthesis. 
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Table 3A. The momentum hypothesis for each shock type 

 

 (a) 

Positive Shocks  

(b) 

Negative Shocks 

   Rt
S 0.64** 0.51** 

 (2.79) (2.46) 

Constant 0.19 0.44*** 

 (1.11) (3.20) 

R – squared 0.32 0.20 

N 35 31 

Note: This table shows the results of regressing the shocked asset returns in the period after the shock on 

lagged returns in the shock period. Column (a) contains the results where only positive dividend shocks 

are included, and (b) only negative dividend shocks. Standard errors are clustered at the session level for 
all regressions. *** , ** and *  indicate significance at the 1%, 5% levels, and 10% level, respectively. The 

t-statistics are reported in parenthesis. 

 

 

 

APPENDIX B 

 

   Table 1B. Distribution of CRT scores 

 

CRT Frequency Per cent Cumulative 

0 11 17.19 17.19 

1 22 34.38 51.56 

2 18 28.13 79.69 

3 13 20.31 100.00 

Total 64 100 - 
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Table 2B. Average and dispersion of CRT scores in each session 

 

APPENDIX C 

 

Instructions Experiment: 

1. General Instructions 

Welcome to our experiment. If you follow the instructions and make good 

decisions, you might earn a substantial number of euros during the 

experiment. Please pay attention to the information provided and if at any 

time you have questions, please raise your hand and we will come to you in 

private. Communication between participants is prohibited during the 

experiment. The total earnings you have made will be paid to you via bank 

transfer within 48h. The experiment will consist of two parts. In the first part, 

you will be required to answer a few questions. In the second part, you will 

participate in several asset markets. The earnings for the entire experiment 

will count the number of euros won in both parts of the experiment. These 

are: (a) the total euros earnings that you won for answering correctly the 

questionnaire in the first part of the experiment, (b) the total euros earnings 

won in all markets played in the second part of the experiment and (c) the 

show-up fee of 5 Euros. 

 

 

Session Mean Standard Deviation 

1 1.4 0.91 

2 1.1 0.64 

3 1.2 1.28 

4 2 1.19 

5 1 0.75 

6 1.6 1.18 

7 1.9 0.99 

8 1.9 0.83 

Total 1.5 1 
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Part 1. Questionnaire 

In the first part of the experiment, you will be asked to answer 3 questions. 

For each question answered correctly, you will receive 1Euro. You will have 

three minutes to complete the questionnaire. After you finish the 

questionnaire please wait until the second part of the experiment will begin.  

Part 2. Asset Markets 

1. General structure 

In this part of the experiment, we will organize several asset markets in which 

you can buy and sell two assets. You will participate in the markets with seven 

other people who are here today. Each asset market will last for several 

trading periods. First, we will learn how to trade assets. 

2. How to use the computerized market  

In the top right-hand corner of the screen, you can see how much time is left 

in the current trading Period. The goods that can be bought and sold in the 

market are called assets. On the left side of your screen, you see the number 

of assets you currently have and the amount of cash you have available to buy 

assets. Let’s take Asset A as an example.  For Asset A, on the left side, you 

will find the number of Assets A units you have in the inventory and the 

income, called dividend, that one Asset A will pay. In our case, each of you 

has 10 assets A. 

If you want to SELL one Asset A: You can do that by filling in the blue box 

on the left side of the screen, called “Enter offer to sell one asset A” with your 

desired price and then pressing the red button “Submit an offer to sell one 

asset A”. The lowest offer-to-sell price will always be on the bottom of that 

list. Please do so now. You will notice that eight numbers, one submitted by 

each participant, now appear in the left side column, entitled “All offers to 

sell one asset A”. Your offer is listed in blue and others in black. When you 

sell a share your Cash increases by the price of the sale. Try now the same 

procedure for asset B. 
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If you made an offer, but no one is willing to take your offer as, for example, 

it is too high, then you can submit a second offer with a lower price. You can 

submit as many offers as you want. All the prices will be listed, but as soon 

as one person accepts one offer from you, the other offers will disappear. So, 

only once you sold/bought one asset and there is still time left, you can 

sell/buy another asset by submitting again offers.   

If you want to BUY one Asset A: Look at “All offers to sell one asset A” list 

and find the price at which you are willing to buy the asset. You accept the 

offer by clicking on one of the listed prices and then clicking the “Buy A” 

button. If you find the prices unacceptable, then you can submit your own 

price at which you are willing to buy one asset by filling in the blue box on 

the right side of the screen, called “Enter offer to buy one asset A” with your 

desired price. If you submit an offer it will be coloured in blue and will appear 

under the right-side column “All offers to buy one asset A”. When you BUY 

an asset, your Cash decreases by the price of the purchase. Try now the same 

procedure for asset B 

In the middle column, labelled “History of transaction prices for asset A”, 

you can see the prices at which asset A has been bought and sold in this period. 

You will now have about 7 minutes to buy and sell asset A and Asset B. This 

is a practice period. Your actions in the practice period do not count toward 

your earnings and do not influence your position later in the experiment. The 

only goal of the practice period is to master the use of the interface. Please be 

sure that you have successfully submitted offers to buy and offers to sell. 

Also, be sure that you have accepted buy and sell offers. If you have any 

questions, please raise your hand and the experimenter will come by and assist 

you. 

3. Specific instructions for this experiment 

The experiment will consist of several asset markets where two assets can be 

traded, Asset A and Asset B. At the beginning of each market you will have 

several units of each asset. Every unit of Asset A and Asset B that you are 

holding will pay you an income, called a dividend, which will be given at the 

beginning of the next period.  
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• You can carry over your holdings of these assets from one period to the 

next within each asset market, but not across asset markets.  

• In each trading period, you will also receive a loan of 17500 ECU 

(ECU=Experimental Currency) which you will need to repay at the end 

of the trading period.   

• Each participant in the market will hold 10 Assets A and 4 Assets B. So, 

it is important to notice there are fewer Assets B available to trade in the 

market.  

 

Each share of Asset A that you hold, for the first two periods, will: 

earn you a dividend of 200ECU with a 
1

2
 chance 

earn you a dividend of 300ECU with a 
1

2
 chance  

Each share that you hold of Asset B, for the first two periods, will: 

earn you a dividend of 200ECU with a 
1

2
 chance 

earn you a dividend of 300ECU with a 
1

2
 chance  

• So if the result of a coin flip is head than 200ECU will be paid. If the 

result of a coin flip is tail than 300ECU will be paid. On average the div-

idend paid on each asset is 
1

2
 * 200ECU+

1

2
 * 300ECU = 250 ECU. 

• Whether the dividend on Asset A is 200 or 300 is unrelated to whether 

the dividend on Asset B is 200 or 300. It is also unrelated to the dividend 

the asset pays in past or future periods. 

• After the market ends, time permitting, we will conduct other markets. 

We expect to be able to conduct several asset markets today. When a new 

market starts, each player’s inventory of assets and cash will be reset to 

the same level that market 1 started out with.  
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• You will be randomly regrouped in a group of 8 people in each asset mar-

ket.  

 

4. When does the market end? 

Each trading period lasts approximately 2 minutes. The exact number of 

periods in a market is not known beforehand. There is a 1/4 chance that the 

market will end in each trading period. So, at the end of each period, the 

computer rolls an eight-sided die, if the die rolls a 1 or a 2, then the market 

ends at the end of that period. Otherwise, the market continues. If the market 

ends, one final dividend income will be received for the assets you hold when 

the market ended. So even, if the market ended the asset holdings in that last 

period will matter. 

Even though the market might end at any time, we will play through four 

periods at a time as if the market continued. You will not know in which 

period the market ended until you have played through a four-period block. 

After the market has ended, the activity in the market from that point on will 

not count towards your earnings. For example, suppose you have played four 

periods, and then find out that the market ended after period 2. In this case, 

the activity from periods 1 and 2 will count and from period 3 will not count. 

It is possible that the market will continue for more than four periods if the 

die failed to come upon 1 or 2 any of the first four periods. In that case, we 

will play four more periods, and the market will have as before a chance of 

1/4 of ending after anyone period. 

So, playing the four-period blocks does not change the chance of ending. The 

chance of ending the market in each period is constant over time and is 1/4.  

Trading assets: If there is a 1 in 4 chance that the market will end in each 

period, then the market on average ends after 4 periods, no matter which 

period you calculate from. So, if you hold an asset for that long, you can 

expect that on average you would get four times the average dividends.  

The experiment will last approximately three hours in total. If a market ends 

25 minutes before the time limit, we will not start a new market. If a market 
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is already underway when we hit the 25 minutes threshold mark, that market 

will continue until it finishes given the random draw of the dice. It will not be 

manually stopped. So, everything that you do during that time will still matter 

towards your final earnings.   

5. Change to the dividend level 

During the third period, the possible dividends, of one of the asset, will 

change with certainty. The possible dividends will change for only one of 

the two assets. The change may be positive or negative, and each direction is 

equally likely (1/2 chance). Once there is a change, the new dividend level 

will then remain in effect in every period until there is another change in the 

dividend level for that asset. The dividend level of each asset can only change 

every fourth period. Therefore, it can change in periods 3, 7, 11, etc… if the 

market does not end by then. If in the third period the change happens to asset 

A, for example, it doesn’t mean that in period 7 the change will happen again 

to asset A. It has a ½ change that it can happen to asset A or asset B. 

 

If the change is positive, the asset’s dividend changes to be 250ECU or 

350ECU, each equally likely (1/2 chance). On average, for each unit of the 

asset that you hold, you would receive 300ECU, 50ECU more than before in 

each period. So, every time there is a positive change to the dividend income 

to one of the assets, 50ECU are added to each possible dividend level. 

If the change is negative, then the asset dividend becomes equally likely to be 

150ECU or 250ECU. In this case, you will receive on average 200ECU for 

each unit of the asset, or 50ECU less than before. So, every time there is a 

negative change to the dividend income to one of the assets, 50ECU are 

subtracted from each possible dividend level.  

Example: In period 6, Asset B pays either 150ECU or 250ECU, equally 

likely. Suppose in period 7 there is a negative change to its dividend income. 
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As a result, Asset B will pay either 100ECU (150ECU-50ECU) or 200ECU 

(250ECU-50ECU). 

6.  Loan 

At the beginning of each trading period, you will receive a loan of 17500ECU. 

The loan will have to be paid back at the end of the trading period. The 

repayment will be directly taken out of your cash at the end of the period. If 

you will not have enough ECU to repay the loan, it means that your ECU 

holding at the end of that period will be negative. As a result, you will have 

negative dollar earnings for that period. More on this in the following section. 

If the total of your dollar earnings over all periods is negative, then the 

negative dollar amount will be subtracted from the showup fee. We believe 

that this is a very unlikely outcome.  

7. Earnings 

At the end of each period, the cash you have after paying the loan is converted 

to euros. These are your euro earnings for the period. If you have a positive 

amount of Cash, the conversion formula from ECU to euros is the following: 

Euros= 0.112* ln (ECU),  (where ln= natural logarithm). In the case of 

negative cash holdings at the end of the period, the conversion rate is the 

following: ECU/5100.  The payoff table below shows the conversion for some 

of the possible amounts.  
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Table 1. Payoffs 

 

Euro Earnings per Period: 

• If Cash at the end of the period after repaying the loan ≥0 (posi-

tive number) then: 

Euro Earnings per period = Euro Earnings in ECU based on the payoff 

table above 
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• If Cash at the end of the period after repaying the loan <0 (nega-

tive number) then: 

Euro Earnings per period = Cash at the end of the period after repaying 

the loan ECU /5100 

Euro Earnings per Market: 

• Euro Earnings Period 1+ Euro Earnings Period 2 + … + the Euro 

conversion of the dividend income for the trading in the last pe-

riod=Total Euro earnings per Market 

Euro Earnings for Part II of the experiment: 

• Euro Earnings Market 1 + Euro Earnings Market 2 +…= Total Euro 

earnings part II 

 

8. Trading rules for the current experiment 

The market will start with a screen where you can find the number of assets 

you hold (10 assets A and 4 assets B). this is represented in Figure 1. 

Beginning Screen. Everyone will start with the same number of units of each 

asset. At the beginning of each period, you will receive the dividend income 

for the assets you are holding. On the last line, you will find the amount of 

cash that you can use during the trading period.  

Figure 2. will present the trading platform is like the market you have played 

before. 

The following screen is the actual trading platform. On the left side, you 

will find the number of Assets A units you have in the inventory and the 

income that one Asset A will pay. 

Below the header in which the trading period is mentioned, you will find 

the amount of cash that you have available for the period. You can use the 

cash to buy assets or to keep as earnings to be converted at the end of the 

period, after repaying the loan.  
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On the upper-left corner, under the header that indicates the remaining 

trading time, you will find a history of your cash balance at the end of 

previous periods and the number of euros that they were converted to. This 

will provide you with a guide of how much you were able to earn in previous 

periods based on the trading you have done. 

When the trading period ends, a new screen will appear. This is illustrated 

in Figure 3. On this screen, it will be displayed the number of assets that you 

have at the end of the trading period and the amount of cash that you have 

before and after paying back the loan received at the beginning of the trading 

period. Most importantly you will find out the number of euro earnings you 

will receive for that trading period.  
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Figure 1. Beginning screen. 
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Figure 2. Trading screen 

 



117 

 
 

 

Figure 3. Ending screen 
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Before starting the asset market, please answer the following quiz bellow, and 

an experimenter will come and check the answers of the quiz. You have 10 

minutes to finish the quiz.  

Quiz 

1. Suppose that there is 1340 ECU cash left after repaying the loan at 

the end of period 4 and the market will continue to period 5. Will the cash 

left be carried over to the beginning of the next period? Yes/No  

 

2. Suppose that a dividend of either 200ECU or 300ECU is paid, each 

level is equally likely. What is the chance that the dividend payment will be 

200ECU? ______chance. How about payment of 300ECU? ______ chance.  

 

3. Suppose that the dividend paid by asset A is drawn from {200ECU, 

300ECU} each level equally likely. The dividend paid by asset B is drawn 

from {100ECU, 200ECU}, each level equally likely. How much can you get 

on average as a dividend if you hold one asset A for one period? 

_______ECU. How much will you get on average as a dividend if you hold 

one asset B for one period? ______ECU  

 

4. Suppose you are in period 4, what is the chance that the market will 

continue to period 5?_____ chance.  

 

5. What is the chance that the market ends in period 6? How about pe-

riod 2? ____chance 

 

6. Suppose that in period 4 you find out that the market continues, 

would you be able to take with you to the next period the assets that you 

have at the end of period 4? Yes/No 
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7. If the market continues to the second period, and you have not sold 

or bought any of the assets during period 1, how much cash will you have at 

the beginning of period 2?  

(a) The amount of cash received as dividends at the beginning of period 

2 from the assets that you hold at the end of period 1 plus the loan. 

(b) The amount of cash received as dividends minus the loan  

(c) The amount of cash received as dividends from the assets that you 

hold at the end of period 1 plus the cash that you had in your account at the 

end of period 1.  

 

8. Suppose you hold 6 assets A and 2 assets B at the end of period 4 

and the market continues to period 5. Suppose that the dividend that is 

drawn for asset A from the possible realizations is 200 and the dividend that 

is drawn for asset B is 150. How much dividend pay-out will you receive at 

the beginning of period 4?_____ECU 

 

9. Suppose that a change to the dividend distribution occurred for asset 

B. Is it true that in this case, a change will always occur to the dividend dis-

tribution of asset B? NO 

 

10. What is the chance that asset A’s dividend distribution is changed in 

period 3? _____chance. How about period 7 or in period 11 etc? _____ 

chance.  

 

11. Assume that there was a change to the dividend levels of Asset A in 

period 3, what is the chance that the dividend levels of asset A will be 

changed again in period 7? ____chance 

 

12. Suppose asset A will pay a dividend from the following distribution 

{100ECU,200ECU} in period 6. If a positive change to the dividend distri-

bution occurs to asset A in period 7, then the dividend payout will increase 
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on average by ______ECU. If the distribution increases on average by 50 

ECU, what is the new distribution of dividends of asset A: 

(a) {100ECU, 200ECU} 

(b) {150ECU, 250ECU} 

(c) {200ECU, 300ECU} 

 

13. How many assets A are in total in the market, given that there are 8 

participants in total? ______assets  

 

14. How many assets B are in total in the market, given that there are 8 

participants in total? 

________ assets  

 

Now that you have solved the quiz, we will play one trial market such that 

you get accustomed to the setting. Nothing that you will do during this trial 

market will matter in terms of your final earnings. After the trial market 

finishes, the earnings that you will receive in the subsequent markets will 

count towards your final earnings. 
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Contests with money and time: Experimental 

evidence on overbidding in all-pay auctions   

_______________________________________________ 

 

 

Co-Authors: Adriana G. Breaban * 

          Charles N. Noussair #47 

 

 

Summary: Competition for a prize frequently takes the form of dedicating 

time toward winning a contest. Those who spend more time become more 

likely to obtain the prize. We model this competition as an all-pay auction 

under incomplete information and report an experiment in which expenditures 

and rewards are in terms of time.  We correlate behavior in this game with 

behavior in an all-pay auction played with money bids. We also consider how 

two measures of sophistication, the Cognitive Reflection Test (CRT) score, 

and performance on a probability calibration task, correlate with behavior. 

We find strong similarities in overall behavior between the auctions 

conducted with money and with time. Bidding greater than equilibrium levels 

is typical, and as a consequence, average earnings are negative in both 

auctions. Thus, the result that there is overdissipation of rent in all-pay 

auctions extends to competition in terms of time.  
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Economic Science Laboratory at the University of Arizona. An earlier draft of this chapter 
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in All-Pay Auctions”. The present chapter was published in 2020 in the Journal of Economic 

Behavior & Organization, 171, 391-405,  
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3.1. Introduction 

    Competition for prizes is a basic feature of many economic and social 

interactions. Firms compete to develop new products, athletes vie to win 

medals and cash prizes, students compete for grades, and applicants fight for 

jobs. Economists, beginning with Tullock (1980) have modeled these 

competitions as rent-seeking games, in which competitors expend resources, 

with greater expenditures translating into a higher probability of winning the 

prize. An extreme case is winner-take-all competition, which can be modeled 

as an all-pay auction. In an all-pay auction, each of a number of competing 

bidders makes a bid. The player making the highest bid wins the prize, but 

losing players pay the amount that they bid. In a first-price all-pay auction, 

the winning bidder also pays an amount equal to her own bid.48 Therefore, 

everyone participating in the game incurs a cost, making the setting well-

suited to studying competition.  

However, money is not the only medium of reward used in competitions. 

In this chapter, we study competition in terms of time. In many settings, the 

time spent on a task translates into an advantage. The popular author Malcolm 

Gladwell (2008) captures the essence of this correlation with his remark that 

becoming a world-class expert in a domain requires 10000 hours of practice. 

Indeed, in many of the examples cited in the first paragraph, from competition 

to develop a new product, to achievement in work, school, music or athletics, 

the time one commits to a task is critical to achieving a high likelihood of 

success. This raises an important question: do individuals maintain the same 

strategies across different reward domains when it comes to competing in 

contests? This chapter focuses on this question.49 

The theory of auctions is general in the sense that the valuations and bids 

for items may be thought of in terms of money, effort or time, and the 

 
48 There are a number of other variations, including a second price all-pay auction, in which 

the winner pays an amount equal to the second highest bid, and a dynamic version of the second 

price all-pay auction, known as the war of attrition (Maynard Smith, 1974). 
49 Some firms offer bonus time off for good performance, and a number of commentators have 

suggested that this form of incentive should be more common. See for example: 

https://www.raconteur.net/business-innovation/time-off-boost-productivity 

or https://www.forbes.com/sites/groupthink/2013/10/10/forget-vacations-and-sick-leave-a-

new-way-to-give-employees-time-off/#3b033779662e 
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underlying logic of the models is the same regardless of the medium. 

However, the experimental research that has been conducted to date on all-

pay auctions has always employed bidding in terms of money, which is the 

standard medium of reward in experimental studies in economics. Thus, 

bidding behavior in terms of money is the only setting that is well-understood. 

This literature has, for the most part, documented bidding that is more 

aggressive than equilibrium levels (Davis and Reilly, 1998; Potters et al., 

199850; Gneezy and Smorodinsky, 2006; Lugovskyy et al., 2010), and 

overdissipation of the available rent, in settings with complete information. 

Barut et al. (2002), Kaplan et al. (2002), Noussair and Silver (2006), and 

Hyndeman et al. (2012) also observe overbidding relative to equilibrium in 

environments with incomplete information. See Sheremeta (2013) and 

Decheneaux et al. (2015) for reviews of the literature. 

Understanding the allocation of time is also of more general interest 

because individuals are required to make decisions regarding how to spend 

their time continually. The total amount of time available to an individual is 

fixed. Consequently, agents have to evaluate the benefits and costs of 

different time allocations constantly. Despite being of tremendous interest, 

only a limited number of studies in the social sciences have employed time as 

a source of value. 

This strand of research mostly corroborates the idea that the behavior of 

players does not change when the medium of reward changes. Leclerc et al. 

(1995) in a study involving hypothetical incentives, found that individuals 

treat time for the most part similar to money. They find that most individuals 

are risk-averse over time gains and risk-seeking over losses. They argue that 

an essential difference between time and money is that money is fungible to 

a greater extent. Milliman and Weber (1997), in contrast, find that individuals 

are risk-averse for both gains and losses in commuting time. Berger et al. 

(2012) observe no significant differences between ultimatum games where 

players bargain over money or time. Abdellaoui and Kemel (2014) elicit 

prospect theory parameters for both time and money and find less concave 

utility and loss aversion for time than for money. The probability function 

 
50 This paper is an exception. Potters et al (1998) find that average bids are close to the Nash 

equilibrium level. 
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was S-shaped for both time and money. Noussair and Stoop (2015) also find 

that agents do not change their pattern of behavior significantly in either 

dictator, ultimatum, or trust games when playing in terms of time rather than 

money. Festjens et al. (2015) find that individuals have similar risk 

preferences over money and time. Doll et al. (2017) study ultimatum 

bargaining over waiting time, and observe that proposer behavior is similar 

under gain and loss framing, though responder behavior reflects a greater 

willingness to wait under a gain rather than a loss framing. No previous 

experimental studies, of which we are aware, have studied the behavior of 

individuals in an all-pay auction, or any other auction for that matter, in terms 

of time. 

In the experiment reported here, we study whether participants’ bidding 

behavior exhibits similar patterns when the effort exerted is in terms of time 

rather than money. To test this hypothesis, we create two different protocols. 

In the first protocol, called MT, subjects participate first in one monetary all-

pay auction and play one all-pay auction in terms of time thereafter. Under 

the second protocol, called T, participants play a one-shot time auction only. 

The money and time auctions are designed to be equivalent in terms of the 

number of bidders, distribution of valuations, stakes, and gain-loss framing.    

Our environment is one of incomplete information, specifically the 

independent private value structure introduced by Vickrey (1961). When 

playing in terms of money, individuals have a private monetary value for 

winning the item, drawn from a distribution that is common knowledge and 

the same for all bidders. Players then engage in a first-price all-pay auction. 

They submit monetary bids simultaneously. The highest bidder receives the 

item and every bidder pays what she bid, regardless of whether or not she won 

the auction.  

When the auction is played in terms of time, subjects begin with an 

obligation to stay in a private, fully-enclosed cubicle for 30 minutes. This is 

a reference level of time, encouraged by the wording of the instructions to be 

treated like the money payoff level of 0 in the monetary auctions. During their 

waiting time, they are not permitted to engage in any activity except for sitting 

quietly. They receive a valuation, denominated in terms of minutes, for 

winning the auction. This valuation entitles them to leave the experiment 
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early, by the number of minutes indicated in their valuation, if they win the 

auction. Each player then simultaneously submits a bid in terms of time. A 

bid consists of a commitment to stay for a number of minutes equal to her bid, 

in addition to the initial baseline of 30 minutes. The player who bids the 

highest receives a reduction in his required time in the laboratory by a number 

of minutes equal to her valuation minus her bid. All other players are required 

to stay an additional number of minutes equal to their bids. Thus, a player 

who wins the auction with a bid lower than her time exemption gets to leave 

the session earlier than planned, an outcome in the domain of gains, like a 

bidder who won a unit for less than her valuation in a monetary auction. 

Bidders who bid a positive amount in the time auction but fail to win a unit 

must stay at their session longer than planned, putting them in the domain of 

losses relative to their reference point, like a bidder who pays money when 

they fail to win a unit in a monetary auction.  

We compare bidding with equilibrium behavior and study overall 

auction revenue and allocative efficiency. We then consider the relationship 

between cognitive ability and behavior in the auctions. We study whether 

bidders who display greater ability bid closer to the equilibrium levels and 

achieve greater earnings than other players. The Cognitive Reflection test, 

proposed by Frederick (2005), is employed to measure this relationship. The 

test has been found to correlate strongly with behavior and earnings in second-

price auctions (Schneider and Porter, 2016) and asset markets (Corgnet et al., 

2014; Breaban and Noussair, 2015; Bosch-Rosa et al., 2017). 

Inaccurate beliefs about the relationship between a bid level and the 

probability that the bid is higher than the bids of all other players might also 

account for overbidding. While overbidding in first-price, winner-pay 

auctions is consistent with risk aversion (Cox et al., 1982, 1988), Goeree et 

al. (2002) suggest that overbidding might result from participants’ 

misperception of the probability of winning the auction. Armantier and Treich 

(2009) present evidence in support of the claim that underestimation of 

probabilities leads to overbidding in first-price, winner-pay auctions. Baharad 

and Nitzan (2008) model how the distortion of probabilistic events, 

encapsulated by prospect theory, can give rise to overbidding in contests. In 

our experiment, we implement a measurement protocol for probability 
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calibration in auctions, and correlate the scores of individuals with their 

earnings, and with their deviations from equilibrium bidding.  

Our results show that the general patterns in aggregate behavior are 

similar in auctions for money and for time. Regardless of the reward medium, 

bidding is on average higher than equilibrium levels and players lose money 

and time on average. The available rent is more than fully dissipated for both 

money and time. Cognitive reflection test scores are positively related to 

earnings in the money auction, and in some regression specifications for the 

time auction. A gender effect appears in that women bid more aggressively 

than men in the monetary auction. Thus, while the general pattern of 

overbidding relative to equilibrium is robust to the change in reward medium, 

there do appear to be some subtle differences between the way bidders 

approach competition over money and over time. 

The chapter proceeds as follows. In section two, a symmetric equilibrium 

bidding strategy of an all-pay auction is derived for both the monetary and the 

time auctions. The experimental design is described in section three. In 

section four, we consider the data from the all-pay auctions played using 

money as a medium of reward. In subsection 4.1, we report the aggregate 

patterns in the data. In subsection 4.2, we consider individual bidding 

strategies and how they correlate with our measures of sophistication. In 

subsection 4.3, we analyze the correlates of effective bidding. In section five, 

we turn our attention to the time auctions. As for the monetary auctions, the 

first subsection, 5.1, reviews the overall patterns in the data. 5.2 investigates 

correlations between bidding behavior and the sophistication measures, and 

5.3, the determinants of effective bidding. In section six, we provide a 

comparison between the monetary and time auctions. Section seven contains 

some concluding remarks.  

 

3.2. Model 

In this section, we derive a Bayesian equilibrium for the auctions that we 

study in our experiment. This equilibrium serves as the benchmark against 

which we compare the experimental data from both conditions. The model 

implies that the monetary and time auctions would exhibit similar empirical 

patterns. Section 2.1 does so for the monetary auction, following closely the 
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arguments of Noussair and Silver (2006), and Section 2.2 presents a similar 

analysis for the time auction.  

As is typical in the experimental literature on auctions, we propose that 

individuals use a symmetric equilibrium in monotonic strategies. While there 

may well be asymmetric equilibria to this game, the rationale for assuming 

symmetry is that in the experiment, individuals are matched randomly and are 

in a symmetric position with no clear means of coordinating on an asymmetric 

equilibrium. Monotonicity is also a reasonable assumption since it is natural 

to associate higher bids with higher values. 

3.2.1. Single unit, first price, all-pay auctions for money 

Consider an all-pay auction for one item that is to be sold to the highest 

bidder among n competitors. Each bidder i = {1, …, n} draws a valuation for 

the item, vi, independently from a uniform distribution on [0,�̅�]. Valuations 

are private information, but the number of players and the distribution of 

valuations is common knowledge. 

The auction follows first price all-pay rules. Each bidder i submits a bid 

bi ≥ 0 simultaneously. The person who submits the highest bid wins the item 

for sale. All bidders pay their bid, regardless of whether or not they obtain the 

item.  

The utility of player i then takes the following form: 

Πi(bi, 𝑣𝑖) = {
𝑣𝑖 − 𝑏𝑖                                                    if  𝑏𝑖 >  𝑏𝑗   ∀ 𝑗 ≠ 𝑖

−𝑏𝑖                                             if ∃ 𝑗 ≠ 𝑖 such that 𝑏𝑖 < 𝑏𝑗
     (1)  

The first term, 𝑣𝑖 − 𝑏𝑖 , is the bidder’s payoff in the event that she wins 

the auction. This event occurs if i submits the highest bid among all players, 

or in other words, if  𝑏𝑖 >  𝑏𝑗   ∀ 𝑗 ≠ 𝑖. Each bidder i receives 𝑣𝑖 in value from 

the item and pays 𝑏𝑖 to acquire it. The second expression,−𝑏𝑖 , is the payoff of 

bidder i in the event that she is not the highest bidder, in which case she pays 

her bid. This outcome occurs if  ∃ 𝑗 ≠ 𝑖 such that 𝑏𝑖 < 𝑏𝑗. 

Suppose that all bidders are using a symmetric Bayesian equilibrium 

bidding strategy β(v), and further assume that the equilibrium bidding strategy 
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is monotonic so that β’(v) > 0. There is a symmetric equilibrium bidding 

function 𝛽(𝑣𝑖), which in the case of five bidders has the form: 

    𝛽(𝑣𝑖) =
�̅�(𝑛−1)

𝑛
(

𝑣𝑖

�̅�
)

𝑛
                            (2)  

For the parameters of our experiment, n = 5, and �̅� = 1000, equation (2) 

becomes 

𝛽(𝑣𝑖) = 800 ∗ (
𝑣𝑖

1000
)

5
                                              (3)                              

The equilibrium expected payoff for bidder i is: 

𝛱(𝑣i) =(
1

�̅�
)

𝑛−1
∗ 𝑣𝑖

𝑛 ∗  
1

𝑛
                                          (4) 

For our parameters, the expected payoff is:  

𝛱(𝑣i) =(
1

1000
)

4
∗ 𝑣𝑖

5 ∗ 
1

5
 = 200 ∗ (

𝑣𝑖

1000
)

5
                       (5)  

A detailed derivation is given in Appendix A. The argument parallels 

that provided by Noussair and Silver (2006).  

3.2.2. All-pay auction with time as a medium of reward and pay-

ment  

Now consider an all-pay auction with time as a medium of reward rather 

than money. Before the auction takes place, each bidder has a commitment of 

time to the auctioneer, equal to K minutes. The activity during these K minutes 

has a marginal disutility, which is assumed to be constant over time.51 In the 

experiment, this consists of waiting for K minutes in the laboratory. The 

valuation, 𝑣𝑖 , drawn by each participant, represents the number of minutes 

that can be subtracted from the mandatory K minutes (allowing the participant 

to leave the experiment earlier) if bidder i wins the auction.  

 
51 This constant marginal disutility can be thought of as risk neutrality in time. It means that an 

individual is indifferent between waiting a fixed amount of time and a random amount of time 

with the same expected length.  
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Each bidder simultaneously submits a positive sealed bid 𝑏𝑖, 

representing the number of minutes that she offers to remain in the laboratory, 

on top of the initial time K. The utility of player i is the following:   

Ui(bi, 𝑣𝑖) = {
𝑣𝑖 − 𝑏𝑖 −  𝐾                                                  if  𝑏𝑖 >  𝑏𝑗   ∀ 𝑖 ≠ 𝑗

−𝑏𝑖 − 𝐾                                           if ∃ 𝑗 ≠ 𝑖 such that 𝑏𝑖 < 𝑏𝑗
  (6) 

Since K is constant, it does not enter the maximization problem. As a 

result, the equilibrium bidding function is analogous to the case where the 

medium of effort is monetary:            

        𝛽(𝑣𝑖) =
�̅�(𝑛−1)

𝑛
(

𝑣𝑖

�̅�
)

𝑛
     (7) 

For the parameters used in the experiment, where there are 5 bidders, 

whose valuations are drawn from [0, 30], the equilibrium bidding function is: 

                      𝛽(𝑣𝑖) = ( 
1

30
 )

4
 ∗  

4

5
∗ 𝑣𝑖

5            (8)  

The maximum possible bid consistent with the risk-neutral Bayesian 

equilibrium is  𝛽(30) = 24. 

                  

 

3.3. The experiment  

 

3.3.1. General description 

The sessions were conducted at the CentER experimental laboratory, at 

Tilburg University, The Netherlands, between 2013 and 2018. Participants 

were Bachelor’s and Master’s students at the University. The experiment had 

two protocols, called MT and T, and was designed to allow both within- and 

between-subject comparisons of auctions conducted for money and time. In 

each session, only one protocol was in effect. MT included one monetary 

auction, followed by a one-time auction, while T had a one-time auction 
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only52. Each individual participated in only one session. In both treatments, 

subjects also completed tasks to measure their cognitive ability and 

probability calibration, before the auctions took place.  

In total, 15 experimental sessions were conducted, six under the MT 

protocol and nine under T. Ten participants were present in each session, and 

thus there were two auctions with five bidders conducted simultaneously.53 

On average, each session under the MT protocol lasted approximately 1 hour 

and 28 minutes and subjects earned an average of 21.98€54. Each session in 

the T protocol lasted approximately 1 hour and 14 minutes and participants 

earned on average 14.95 €. Subjects received their earnings by electronic cash 

transfer made on the evening of the same day as the experiment.  

The experiment was conducted using pen and paper, and thus was not 

computerized. At the beginning of the session, the experimenter distributed 

handouts containing the instructions for the experiment. The instructions were 

read aloud by the experimenter before each part of the experiment. Subjects 

were seated in individual, private, fully-enclosed cubicles that ensured that no 

communication between individuals could occur during the experiment. All 

questions were answered privately. 

 

 
52 Incorporating multiple consecutive auctions in order to allow participants to gain experience 

is an interesting and viable alternative. Participating in sequential auctions can improve auction 

efficiency (Jeitschko, 1998). Therefore, one possible design alternative for each treatment 

would be to have multiple monetary auctions being played as well as multiple time auctions. 

In each case, only one auction would be chosen at random for payment. In the current 

experimental design, the participants have a practice round for both types of auctions such that 

they learn the game. The alternative approach described would be similar to adding more 

practice rounds. However, this would increase the length of the experiment and it is unclear 

whether the results of comparing the bidding behaviour across the two types of auctions would 

change. 
53 There was one exception. In one MT session, only 5 subjects participated. 
54 On average, in the MT treatment, each participant earned 4.02€ in the CRT task,8.64€ in the 

probability calibration task, 4.31€ during the monetary all-pay auctions, plus a 5€ show-up fee. 

If losses were incurred during the monetary auctions above the initial cash balance of 30ECU, 

the loss would be deducted from total earnings made in other parts of the experiment. Subjects 

were informed of this rule at the beginning of the monetary auction. Total earnings were sent 

via bank transfer within 48 hours of the end of the session. Payment via bank transfer is a 

standard procedure at Tilburg University and was how subjects expected to be paid.  
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3.3.2. The monetary auction 

Under the MT protocol, one monetary auction was conducted. At the 

beginning of period 1, subjects received an initial cash balance of 30 ECU 

(Experimental Currency Units). The experimental currency was converted to 

Euros at a rate of 6 ECU per 1 Euro. A valuation for the item, denominated in 

ECU, was drawn from a discrete uniform distribution on [1, 30]. Draws were 

independent across bidders and between the practice period and the period 

that counted. Bids were made in terms of ECU and had to be greater than or 

equal to 0. 

Bidders submitted bids for a fictitious object available for sale. They 

wrote their bids down on a form provided to them, which was then collected 

by the experimenter. All bids were submitted simultaneously in the sense that 

no subject could observe the choice of any other player before she submitted 

her bid. The instructions and forms that subjects filled out are provided in 

Appendix D. 

       After collecting the forms and noting the winner, the experimenter 

returned to inform each bidder separately of whether she was successful in 

winning the auction. The bidder with the highest bid won the auction and 

received her valuation minus her bid as a payoff. All other subjects incurred 

a loss equal to the amount of their bid. The participants who did not win the 

auction did not learn the winning bid. In case of a tie, the winner was chosen 

by a coin flip. There was one practice auction period followed by one period 

that counted toward subjects’ earnings. 

 3.3.3. The time auction 

A one-time auction took place in both the MT and the T sessions. In the 

time auction, subjects were asked to remain in their cubicles for 30 minutes, 

during which time they were required to be passive. They were not allowed 

to use any electronic device, read, write, or communicate with other 

participants55.  Subjects were given the opportunity to participate in one all-

pay auction in which, if successful, they could decrease their waiting time in 

 
55 This ensured that no other utility was derived during the waiting time, as would have been 

the case if participants could have used their phones or laptops, for instance. 
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the laboratory from the initial 30 minutes and leave the experiment early. The 

wording of the instructions was intended to put winning the auction in the 

domain of gains and to treat 30 minutes as a reference level, in the same 

manner as 0 is a reference bid level in the monetary auctions. The currency 

used within this auction was time (in minutes).  

Each participant received a “Time exemption”, the term used to describe 

her valuation. The time exemption indicated the number of minutes that she 

could leave the session early if she won the auction. The time exemption for 

each individual was drawn independently from a discrete uniform 

distribution56 on [1, 30] which was common knowledge. Players then 

submitted their bids in terms of minutes. The participant who bid the highest 

had her time exemption minus her bid subtracted from the initial 30 minutes, 

and the rest then had their bid added to the 30-minute baseline waiting time. 

That is, the winner could leave the laboratory after 30 minutes minus her time 

exemption plus the number of minutes that she bid. All other bidders had to 

stay for 30 minutes plus the number of minutes that they bid. The instructions 

and examples of the time auction were read aloud. They were similar to the 

monetary all-pay auction, but adjusted to fit the different reward medium and 

valuation distribution. The instructions can be found in the appendix. 

 A practice period was held, in which subjects did not actually have to 

wait. This was included to familiarize subjects with the process. This was 

followed by a one-shot game, which did count. After the participants placed 

their bids, they were informed of whether they won the auction or not, and the 

total amount of time they were required to wait in their cubicle. When the 

waiting time for an individual expired, the experimenter notified the 

individual that she could leave the experiment. Under both treatments, after 

the auctions were played, a questionnaire regarding background information 

was given to each participant before their waiting period began. 

We tried to make as many factors as possible identical between the time 

and money auctions. We conducted a one-shot money auction, such that there 

 
56  The time exemptions were drawn from the interval from 1 to 30, in order to ensure that the 

maximum potential gain, when a subject has a time exemption of 30 and makes a bid of 0 and 

wins, would not result in a negative length of time that a subject would be required to spend in 

the laboratory. 
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was a comparable number of monetary and time auctions. Both were 

implemented in the domain of gains, with the presumed reference points being 

zero in the monetary auctions and 30 minutes in the time auctions. Our 

implementation of gain/loss framing is similar to that of Doll et al. (2017). 

The instructions emphasized 30 minutes as a reference point by indicating 

“The experiment consists of four (three) parts and in addition, the experiment 

will continue for 30 minutes after part 4 (3) of this session. For participating 

in all parts of the experiment, you will receive a fixed endowment of 5€. Any 

extra earnings gained during the experiment will be added to this sum.”57 We 

controlled for the stake size in the two auctions in the following manner. In 

the money auctions, valuations ranged from 0 – 5 Euro. In the time auctions, 

time reductions ranged from 0 – 30 minutes.  In the laboratory in which the 

experiment was conducted, the advertised average payment for recruited 

participants is 10 Euro per hour (5 Euro per 30 minutes). Therefore, we 

assume that 30 minutes in the laboratory will be viewed by subjects as 

equivalent to 5 Euro, at least in expectation.  

3.3.4. Probability Calibration 

Under both the MT and T protocols, we elicited a measure of how well 

subjects were calibrated about the probability that a given bid would win the 

auction. In the MT treatment, participants were required to write the 

probability that a person would win a monetary auction if she submitted the 

following bids: 2, 4, 6,…, 28 ECU. They had to express their answer as a 

percentage between 0% and 100%, inclusive. The estimates were incentivized 

using a quadratic scoring rule (Brier 1950; Nyarko and Schotter, 2002; Rey-

Biel, 2009) that is incentive compatible58. The payoff function was the 

following: 

 
57 In the first three sessions run under T protocol, the instructions placed somewhat less 

emphasis on the reference point of 30 minutes. Nevertheless, the fact that the data is similar in 

these sessions to the other six sessions, leads us to believe that our goal of inducing the intended 

reference point was achieved in both cases. 
58  The quadratic scoring rule (QSR) assumes that respondents are risk neutral (Starmer, 2000). 

Adjustments to QSR procedures which account for risk aversion have been proposed by 

Offerman et al. (2009) and Anderson et al. (2010). These methods have been shown to reduce 

bias, but not to significantly increase accuracy (Trautmann and Kuilen, 2014).
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 Π= max {0, 10- 45*(Pt - Pa )2 },   (9) 

where Pt  stands for the indicated probability of winning the auction and Pa 

represents the actual probability. The maximum of the two terms in the 

expression is taken in order to ensure non-negative payoffs. The subject could 

win a maximum amount of 10€ and a minimum of 0€. The actual 

probabilities, to which the guesses were compared, were estimated with a 

probit regression conducted on the data from the first session. Subjects were 

not informed about their performance on this task until the experiment ended. 

One randomly chosen decision in this task counted toward a participant’s 

earnings.  

3.3.5. Cognitive Reflection Test 

At the beginning of each session, we also evaluated subjects’ 

willingness/ability to reflect on a decision problem. In both MT and T, we 

administered the Cognitive Reflection Test (CRT) popularized by Frederick 

(2005). Each question in the test has an intuitive, though erroneous, answer. 

However, if the respondent reflects on the problem, the solution is 

straightforward. This test is widely used in experimental economics (Brañas-

Garza et al., 2016).   

Individuals who register to participate in experiments are likely to have 

taken part in more than one experiment, and thus may have been exposed to 

the CRT previously.  In order to account for the possibility, the standard 

questions were modified while preserving their underlying logic59. 

Specifically, we asked the following three questions: 

▪ A shirt and a hat cost 5.50 € in total. The shirt costs 5 € more than the 

hat. How much does the hat cost? (correct answer: 25 cents; intuitive 

erroneous answer: 50 cents)     

 
59 Each individual was asked if they had encountered any of the CRT questions previously. 

42% of the participants reported that they have seen similar questions before. Nevertheless, 

34% of the subjects who answered 0 or 1 question out of three correctly, reported that they had 

already seen the test before. Brañas-Garza et al (2015), in a meta-study, find no significant 

difference in performance on the CRT test between respondents who have seen the test before 

and those who have not.  
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▪ If it takes 3 people 3 hours to assemble 3 bicycles, how long would it 

take 90 people to assemble 90 bicycles?  (correct answer: 3 hours; 

intuitive erroneous answer: 90 hours)     

▪ The forest of North Carolina is home to a colony of wild rabbits. 

Every year, the colony doubles in size. If it takes 24 years for the 

colony to reach 100.000 rabbits, how long would it take for the colony 

to reach half of that number? (correct answer: 23 years; intuitive er-

roneous answer: 12 years)     

Individuals received either 1 or 2 Euro for each correct answer depending on 

the session. 

3.3.6. The sequence of activity in each session 

Figure 1. illustrates the timing of events in each of the two protocols. 

The MT protocol consisted of 4 parts, and the timing is illustrated in the upper 

half of Figure 1. In the first part, subjects were asked to answer the 

questionnaire for the CRT test. In part two, after we carefully explained the 

design of a monetary all-pay auction and provided some examples, the 

probability calibration measurement protocol was implemented. It was 

emphasized that their predictions would not influence payoffs within the 

actual auctions played (and vice-versa). One prediction, which would be 

drawn randomly at the end of the experiment, would determine the 

participant’s payoff in part two. In part three, there was the monetary auction: 

one period of practice that did not count toward participants’ earnings, 

followed by an auction that did count. Finally, a one-time auction was 

conducted and constituted part four of the session in the MT protocol. 

The T protocol consisted of three parts. The sequence of events is shown 

in the lower panel of Figure 1. The session began by asking the participants 

to fill in the questionnaire for the CRT test. In part 2, the instructions for the 

time auction were read. The probability calibration task was then 

administered, with the elicitation of probabilities in terms of time rather than 

money. Participants were required to write down the probability that they 

believed that a person would win the auction if she submitted the following 

bids: 2, 4, 6 ,…, 28 ECU. The answer had to be expressed as a percentage 
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between 0% and 100%. Part 3 of the session consisted of one all-pay auction, 

in which the medium of reward was time, prior to which a practice period was 

played that did not count toward earnings. 

 

Figure 1. Timing of activity under the two protocols 

 

 

In the analysis that constitutes the rest of the chapter, the benchmark 

model is the symmetric Bayesian equilibrium to the game. This is our 

prediction, against which the data from the experiment are compared. Because 

the model applies equally to time and money, we also maintain the null 

hypothesis that there would be no difference between auctions for money and 

for time. The prediction also has a rationale in prior experimental work. There 

is evidence from prior research with other paradigms that there would be no 

difference between money and time (Leclerc et al., 1995; Milliman and 

Weber, 1997; Berger et al. (2012); Festjens et al., 2015; Noussair and Stoop 

(2015)).  

 

3.4. Results for the monetary All-pay Auction 

3.4.1. Overall bidding behavior and earnings 

Figure 2 shows the relationship between valuations, observed bids, and 

Bayesian equilibrium bids, pooled across participants and sessions. In the 

figure, the horizontal axis indicates the valuation of an individual. The vertical 

axis indicates the observed bids submitted and the Risk Neutral Bayesian 

Equilibrium (RNBE) bids. The figure suggests that on average, overbidding 

occurs relative to the equilibrium. A t-test of the hypothesis that b = bRBNE, 

where b is the observed bid and bRBNE is the equilibrium bid, rejects the null 
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hypothesis of equality (p = 0.047). One consequence of this overbidding is 

that participants’ earnings are lower than predicted. 

 
Figure 2. The relationship between bids and valuations 

 in the monetary auctions 

 

 Summary statistics of bidders’ earnings compared to equilibrium levels 

are presented in Table 1. The data show that the average participant lost 

money during the monetary auctions. Those who lost more than their 

endowment had their losses deducted from their earnings accumulated in 

other tasks and their show-up fee.  

The table also displays the average allocative efficiency observed in the 

auctions, as well as the percentage of auctions in which an efficient allocation, 

the awarding of the unit to the bidder with the highest valuation, occurs. The 

average efficiency is 63.4%, and the percentage of auctions that are efficient 

is 27.27%. This incidence of efficiency is lower than that typically observed 

in winner-pay, first-price auctions60. The low-efficiency levels are likely in 

 
60See for example Cox et al. (1988), who report an efficiency of approximately 98% in first-

price winner-pay sealed bid auctions. 
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part due to the fact that each bidder participated in only one auction, and thus 

there was no opportunity for learning.61 

Table 1. Average earnings and efficiency in the monetary auction 

Earnings (in ECU) -4.00 

Efficiency 63.4% 

% of Auctions that are efficient 27.27% 

Bid-RNBE, b - bRBNE (in ECU) 2.88 

Abs |Bid-RNBE|, |b - bRBNE|(in ECU) 7.81 

AV. (Bid-RNBE) >0 

b - bRBNE | b > bRBNE (in ECU) 

8.64 

Note: The data consist of 11 monetary auctions in the MT treatment. Earnings are net of initial 

endowment. Efficiency is the valuation of the winning bidder divided by the highest valuation 

among bidders in his group. The third row is the percentage of instances in which the bidder with 

the highest valuation is awarded the item. Bid-RNBE is the difference between the actual bid and 

the risk-neutral Bayesian equilibrium bid.  Abs (Bid-RNBE) is the absolute difference between 

the actual bid and the risk-neutral Bayesian equilibrium bid. Av(Bid-RNBE) >0 indicates the 

average overbid.  

 

3.4.2. Bidding behavior at the individual level  

The incidence of two common bidding rules is given in Table 2. The first 

is a rule of bidding zero, regardless of one’s valuation. Strictly speaking, zero-

bidding is a requirement that bi(vi) = 0. However, we allow a small amount of 

flexibility in our classification, and we include bi(vi) = 1 within the category. 

Bidding zero is quite common, and it is the strategy employed by 47% of 

bidders. Zero-bidding is less common for bidders with high valuations than 

 
61 In other research we have conducted in which participants bid in 15 consecutive all-pay 

monetary auctions, the average efficiency is 81% and the percentage of auctions that are 

efficient is 46%. 
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for those with low ones62. Zero-bidding represents a strategy that almost 

always leads to a zero payoff.63  

This “Give-up-or-go-for-it” zero-bidding strategy, is similar to the 

bimodal bidding behavior, documented by Mueller and Schotter (2010). The 

concept of bifurcation has been also found in all-pay auctions by Noussair et 

al. (2006) and Hörisch et al. (2010). A zero-bidding behaviour is a strategy 

employed by 47% of bidders and is predominant among low valuation 

bidders. For low valuations, participants drop out and bid zero or close to 

zero, whereas for high valuation participants bid aggressively and end up 

overbidding. As valuations increase, zero-bidding lessens. 

One possible explanation for the “Give-up-or-go-for-it” bidding strategy 

is loss aversion. Participants could have a reference point from which they 

judge each valuation and hence place their bid. Ernst et al. (2013) explain the 

bimodal bidding strategy in an all-pay auction using a utility function based 

on loss aversion. 

The figure also shows that submitting a bid equal to one’s valuation is 

also common. We call this diagonal bidding, and it is defined as bi(vi) = vi, 

though for purpose of classification we consider bi(vi) ε [vi - 3, vi + 3] to fall 

into the category. 27% of the participants in the monetary auction are 

classified as diagonal bidders. Diagonal bidding is a poor strategy that is 

guaranteed to yield a payoff of either zero, in the event one’s bid is the highest 

in the group, or negative if it is not the highest. The diagonal bidding 

phenomenon is common both for low and high valuations.  

We now consider which factors correlate with the use of each of these 

two strategies. Table 2 shows the percentage of individuals using each 

strategy that has a number of other characteristics64. The numbers beginning 

 
62 One might argue that the small incidence of zero-biding behaviour for subjects with high 

valuation could be a sign of collusion among bidders. However, collaboration among 

participants was not possible during the experiment for several reasons. First, after each auction 

played, the participants were randomly reassigned in new groups. Second, for the duration of 

the experiment, each participant stayed in a cubicle in the laboratory and therefore 

communication with other participants was not possible.   
63 There is a very small probability of a strictly positive payoff if all bidders bid 0, and the tie 

is resolved in one’s favor. There is no possibility of losing money when one bids zero. 
64 We consider subjects to be well-calibrated if their accuracy in the probability calibration task 

was better than the average accuracy level. In our data, 39.6% of the subjects (57 out of the 
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in the second row of the table are the percentages of individuals that use each 

strategy who exhibit a characteristic, rather than the percentage of individuals 

with a given characteristic who use the strategy. The table shows that those 

who use a diagonal bidding strategy tend to be females and those who are zero 

bidders are more likely to be male. Zero bidders are more likely to have high 

CRT scores and to be well-calibrated than diagonal bidders are. Diagonal 

bidders also earn less and deviate more from equilibrium than zero bidders.  

Table  2. Bidding strategies, gender, cognitive ability and earnings 

 Zero 

bidders 

Diagonal 

bidders 

Other 

strategies 

Percentage using strategy overall 47% 

26 

27% 

15 

26% 

14 

Percentage using strategy who are 

male 

58% 

11 

26% 

5 

18% 

3 

Percentage using strategy who have 

CRT=2,3 

58% 

22 

18% 

7 

24% 

9 

Percentage using strategy who are 

well-calibrated 

50% 

16 

31% 

10 

19% 

6 

Average CRT 2.53 1.46 1.16 

Average Earnings 29.57 24.60 21.78 

Absolute deviation from RNBE |b – 

bRBNE| 
4.17 11.60 10.52 

Note: Zero bidding means that bi(vi) = 0. However, we allow a small amount of flexibility in our 
classification, and we include bi(vi) = 1 within the category. Diagonal bidding is defined as bi(vi) = vi, 

though for purpose of classification we consider bi(vi) ε [vi - 3, vi + 3] to fall into the category. We consider 
subjects to be well-calibrated if their accuracy in the probability calibration task was better than the average 

accuracy level. In our data, 39.6% of the subjects (57 out of the total of 144) are well calibrated. Therefore, 

the distribution of performance in the task was skewed. 

 

 

 
total of 144) are well calibrated. Therefore, the distribution of performance in the task was 

skewed.
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4.4.3. Correlates of effective bidding 

We use two different notions of the effectiveness of bidding strategies. 

The first is to say that an effective strategy is one that is close to the 

equilibrium level. The second criterion is to define an effective strategy as 

one that yields high earnings. Table 3 below shows which factors correlate 

with both criteria: with Absolute Bid Deviation of bid from equilibrium, |b – 

bRBNE|, and with earnings. The data in Table 3 show that better probability 

calibration or higher CRT score is not correlated with bidding closer to 

equilibrium, nor with higher earnings. Males in our sample bid less than 

females and earn more on average in the monetary auction.  

Table 3. Cross-tabulation of correlations of subject characteristics and bidding 

outcomes in the monetary auction 

 

Abs. 

Bid 

Deviation 

Earnings 

Abs. 

prob. 

Misc. 

Prob. 

Misc. 
Male 

High 

ability 

(CRT 

=2,3) 

Absolute Bid 

Deviation 
1      

Earnings -0.34*** 1     

Abs. 

Probability 

Miscalibration 

-0.03 -0.19 1    

Probability 

Miscalibration 
-0.04 -0.07 -0.32*** 1   

Male -0.31** 0.30** -0.18 0.08 1  

High ability 

(CRT=2,3) 
-0.11 0.04 0.11 -0.14 0.15 1 

Note: Absolute Bid Deviation is calculated as  ׀b-�̃� ׀, where b is the actual bid and �̃� is the Bayesian 

equilibrium bid. Probability Miscalibration is calculated as the average across 14 questions of (
𝛾−�̃�

�̃�
), where 

𝛾 is the actual probability and �̃� is the submitted probability. This measure captures whether there is 

underestimation or overestimation on average; Absolute Probability Miscalibration is calculated as the 

average across 14 questions of |
𝛾−�̃�

�̃�
| and it captures the magnitude of the miscalibration.  

 

To further analyze whether individual probability miscalibration and 

cognitive abilities correlate with bids and earnings when controlling for other 

variables, we conduct robust OLS regressions, using cognitive ability and 

probability miscalibration as independent variables. The deviation (b – 
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bRBNE), or absolute deviation |b – bRBNE|, from the RNBE, as well as average 

earnings, are the dependent variables. The estimation results are reported in 

Table 4.  They show that individuals’ CRT scores are positively related to 

earnings and lower bids. They also reveal no relationship between bidding 

behavior and probability miscalibration. Males bid closer to equilibrium 

levels than females, controlling for miscalibration levels and CRT scores.   

 

Table 4. Determinants of overbidding, differences from equilibrium, and 

earnings 

Panel (a) Absolute difference between bid and RBNE, |b – bRBNE| 

 (1) (2) (3) (4) 

 

 

|b – bRBNE| |b – bRBNE| |b – bRBNE| |b – bRBNE| 

CRT -1.50 -0.97  -1.04 

 (-1.46) (-0.95)  (-1.07) 

Absolute 

Probability 

Miscalibration 

-0.29 

(-0.08) 

-2.08 

(-0.55) 

-2.63 

(-0.74) 

 

 

Male  -4.37 -4.95 -4.10 

  (-2.17**) (-2.61)** (-2.08)** 

Constant 10.97 12.18 10.65   11.34 

 (4.71)*** (5.32)*** (5.21)*** (5.32)*** 

 

Observations 55 55 55 55 

R-squared 4.3% 11.2% 9.5% 10.7% 

Note: The dependent variable is the absolute difference between the observed bid and Bayesian equilibrium 
bid for each individual. Absolute Probability Miscalibration is calculated as the average over 14 questions 

of |
𝛾−�̃�

�̃�
| , where 𝛾 is the actual probability and �̃� is the submitted probability. It captures the magnitude of 

the miscalibration. OLS regression, t-statistic based on robust s.e. in parenthesis; */**/*** indicates 
statistical significance at 10%, 5% and 1% level, respectively 
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Panel (b) Earnings  

 (1) (2) (3) (4) 

 Earnings  Earnings Earnings Earnings 

CRT 2.27 1.93  1.78 

 (2.26)** (1.95)*  (1.89)* 

 Absolute Probability 

Miscalibration 

-5.23 

(-1.53) 

-4.08 

(-1.15) 

-3.00 

(-0.91) 

 

Male  2.81 3.97 3.34 

  (1.35) (1.87)* (1.64) 

Constant 23.88 23.11 26.15 21.47 

 (10.91)*** (9.90)*** (13.48)*** (9.49)*** 

Observations 55 55 55 55 

R-squared 11.6% 14.2% 8.0% 12.5% 

Note: The dependent variable is a bidder’s earnings in the monetary auction. OLS regression, t-statistic 

based on robust s.e. in parentheses; */**/*** indicates statistical significance at 10%, 5% and 1% level, 
respectively. 

Panel (c)  Deviation of bid from the RNBE, b – bRBNE 

 (1) (2) (3) (4) 

 b – bRBNE b – bRBNE b – bRBNE b – bRBNE  
CRT -2.97 -2.84  -2.88 

 (-2.20)** (-2.00)**  (-2.15)** 

Probability 

Miscalibration 

0.64 

(0.16) 

0.79 

(0.20) 

2.05 

(0.52) 

 

Male  -1.12 -2.71 -1.06 

  (-0.42) (-1.05) (-0.39) 

Constant 9.00 9.14 4.17   9.07 

 (3.20)*** (3.18)*** (2.22)** (3.07)*** 

Observations 55 55 55 55 

R-squared 9% 9.2% 2% 9.1% 

Note: The dependent variable is the difference between a player’s bid and the Risk Neutral Bayesian 

equilibrium bid. Probability Miscalibration is calculated as the average over 14 questions (
𝛾−�̃�

�̃�
), where 𝛾 

is the actual probability and �̃� is the submitted probability. This measure captures whether there is 

underestimation or overestimation on average; OLS regression, t-statistic based on robust s.e. in 

parenthesis; */**/*** indicates statistical significance at 10%, 5% and 1% level, respectively. 

 

Our findings regarding behavior and outcomes in the monetary auctions 

are summarized as result 1. 
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Result 1: In the auctions where money is the medium of reward, bidding 

exceeds the risk-neutral Bayesian equilibrium levels on average. There is 

overdissipation of the available rent, and the average earnings of bidders are 

negative. Those players who are more sophisticated, as measured by CRT 

scores, bid lower and receive higher earnings. Males bid lower than females.  

 

3.5. Results for the time all-pay auction  

3.5.1. Overall bidding behavior and earnings 

The average observed efficiency and earnings in the time auctions under 

both the T and MT protocols is given in Table 5, along with average bidding 

behavior relative to equilibrium. The table shows that average bidder earnings 

are negative in the time auctions, as in the monetary auctions. The average 

efficiency, as well as the percentage of auctions that result in an efficient 

outcome, is higher in the time than in the monetary auctions, suggesting that 

there is less heterogeneity in bidding strategies in the time auctions (in Section 

6, however, we shall show that this difference is not significant). The table 

shows that the extent of overbidding, in terms of the average overbid 

compared to the equilibrium level, is similar to the levels observed in the 

monetary auctions. We test whether such overbidding, b - bRBNE, is 

significantly different from zero and we conclude that there is significant 

overbidding in both the MT protocol (p = 0.0004) and the T protocol (p = 

0.0007). All of the statistics are very similar under the two protocols, 

reinforcing the idea that prior participation in a monetary auction had no 

material effect on behavior in the time auction. 
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Table 5. Summary Statistics for the time auction in both T and MT 

 Time all-pay auction 

(T treatment ) 

Time all-pay auction 

(MT treatment) 

Mean Mean 

Earnings (in minutes) -3.86 -3.07 

Efficiency 79% 81.3% 

% of Auctions that are efficient 44% 54% 

Bid-RNBE (in minutes) 3.45 3.47 

Abs |Bid-RNBE| (in minutes) 6.83 5.01 

Av. Minutes Waited 33.86 33.07 

AV. (Bid-RNBE) >0 8.18 6.66 

Note: Earnings are net of initial waiting time such that, for example, an individual who is required to wait 

32 minutes has earnings of -2 minutes. Efficiency is the valuation (time exemption) of the winning bidder 
divided by the highest valuation among bidders in his group. Bid-RNBE is the difference between the 

actual bid and the risk-neutral Bayesian equilibrium bid.  Abs (Bid-RNBE) is the absolute difference 

between the actual bid and the risk-neutral Bayesian equilibrium bid. Av(Bid-RNBE) >0 indicates the 
average overbid.  

 

3.5.2. Bidding behavior at the individual level 

We now consider the bidding strategies employed in the time auction. 

Figure 3 plots the relationship between valuation and bid for the time auction 

played under both protocols.65 The overall pattern in bidding behavior appears 

to be similar in MT and T. A substantial fraction of individuals bid zero, while 

many bid greater than the equilibrium level, often close to their valuations. 

The overall impression is that behavior is similar to that in the monetary 

auction. 

 

The T protocol data is shown in the left panel. There is no difference in bidding behavior 

between the first 6 sessions (shown with green dots) and the last 3 sessions we ran (shown with 

red dots). The difference between the two groups of sessions is that in the last 3 sessions, we 

made the reference point of 30 minutes more salient, following the techniques of Doll et al. 

(2017). All time auctions in the MT sessions followed the same procedures as the time auctions 

in these last three T sessions.  
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Figure 3. Bidding behavior in all-time auctions in the T (left panel)  

and MT (right panel) protocols 

 

Table 6 Panel (a) and Panel (b) document some correlates of bidding 

behavior and earnings in the time auction. The table reveals that those who 

bid farther from equilibrium receive lower earnings. Unlike in the monetary 

auctions, probability miscalibration is correlated with earnings, with better-

calibrated bidders earning more. There is no consistent relationship between 

gender or CRT scores with other variables. The correlations are similar in MT 

and T, again indicating that behavior is very similar under the two protocols, 

so that bidding patterns are not greatly affected by behavior in a prior 

monetary auction.   
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Table 6. Correlations between key variables 

Panel (a) Time auction played under the T protocol 

 

Abs. 

Bid 

Deviation 

Earnings 

Abs. 

Prob. 

Misc. 

Prob. 

Misc. 
Male 

High 

Ability 

(CRT=2,3) 

Absolute Bid 

Deviation 
1      

Average 

Earnings 
-0.35*** 1     

Absolute 

Probability 

Miscalibration 

-0.007 -0.17* 1    

Probability 

Miscalibration 
0.10 -0.18* -0.02 1   

Male -0.11 0.09 0.09 -0.10 1  

High Ability 

(CRT=2, 3) 
-0.10 0.03 -0.12 -0.09 0.08 1 

Note: Absolute Bid Deviation is calculated as  ׀b-�̃� ׀, where b is the actual bid and �̃� is the Bayesian 

equilibrium bid. Probability Miscalibration is calculated as the average across 14 questions of (
𝛾−�̃�

�̃�
), where 

𝛾 is the actual probability and �̃� is the submitted probability. This measure captures whether there is 

underestimation or overestimation on average; Absolute Probability Miscalibration is calculated as the 

average across 14 questions of |
𝛾−�̃�

�̃�
| and it captures the magnitude of the miscalibration.  

 

Panel (b) Time auction played under the MT protocol 

 
Absolute 

Bid Deviation 
Earnings Male 

High Ability 

(CRT=2, 3) 

Absolute Bid 

Deviation 
1    

Av. Earnings -0.37*** 1   

Male -002 0.25* 1  

High Ability 

(CRT=2, 3) 
-0.21 0.22* 0.11 1 

Note: The probability calibration data are not included in Table 6, Panel (b), because in the MT 

protocol, the calibration was conducted for the monetary auction, and not for the time auction. 
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3.5.3. Correlates of Effective Strategies 

We now consider whether some player characteristics are predictive of 

bidding closer to equilibrium, bidding lower, or earning greater payoffs. The 

results for the T protocol, on which we place greater weight in the 

interpretation of our results because they are free of any potential hysteresis 

effects, are shown in Table 7. The analogous estimates for the MT protocol 

and for the pooled data from the time auctions in MT and T are omitted here 

for space considerations, and are given in Appendix B. The regressions 

presented in Table 7 indicate that CRT score and gender are not correlates of 

bids or earnings in the time auction. The only significant variable is the 

tendency for positively miscalibrated subjects to bid higher. The estimates for 

the MT protocol and the pooled data reported in the appendix also show that 

men bid lower than women, and those with high CRT scores bid lower and 

closer to equilibrium.  

Table 7.  OLS Results – Time auction (treatment T) 

Panel (a) Absolute deviation from RBNE bid, |b – bRBNE| 

 (1) (2) (3) (4) 

 |b– bRBNE| |b– bRBNE| |b– bRBNE| |b– bRBNE| 

 

CRT -0.64 -0.58  -0.45 

 (-1.21) (-1.03)  (-0.82) 

Absolute 

Probability 

Miscalibration 

-2.50 

(-1.00) 

-2.03 

(-0.80) 

-1.33 

(-0.56) 

 

     

Male  -2.13 -2.23 -2.26 

  (-1.37) (-1.47) (-1.49) 

Constant 9.04 9.77 8.49 8.77 

 (5.76)*** (6.02)*** (5.65)*** (6.76)*** 

Observations 89 89 89 89 

R-squared 1.6% 3.8% 2.9% 3.2% 

Note: Dependent variable: Absolute difference between the risk-neutral Bayesian Nash equilibrium and 
observed bid in the time auction. Each individual participant is the unit of observation. Absolute Probability 

Miscalibration is calculated as the average over 14 questions of |
𝛾−�̃�

�̃�
| , where 𝛾 is the actual probability 

and �̃� is the submitted probability. It captures the magnitude of the miscalibration. OLS regression, t-value 

based on robust s.e. in parenthesis; */**/*** stands for statistical significance at 10%, 5% and 1% level, 

respectively. 
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Table 7. OLS Results – Time auction (treatment T) 

(Continued) 

Panel (b) Earnings 

 (1) (2) (3) (4) 

  Earnings  Earnings  Earnings  Earnings 

 

CRT -0.22 -0.31  -0.02 

 (-0.35) (-0.47)  (-0.04) 

Absolute 

Probability 

Miscalibration 

-3.91 

(-1.36) 

-4.51 

(-1.58) 

-4.13 

(-1.51) 

 

Male  2.71 2.65 2.43 

  (1.65) (1.66) (1.49) 

Constant 28.14 27.20 26.51 24.98 

 (13.97)*** (13.12)*** (16.15)*** (16.02)*** 

Observations 89 89 89 89 

            R-squared 1.8% 4.9% 4.7% 2.5% 

Note: The dependent variable is a bidder’s earnings in the time auction. Absolute Probability 

Miscalibration is calculated as the average over 14 questions of |
𝛾−�̃�

�̃�
| , where 𝛾 is the actual probability 

and �̃� is the submitted probability. It captures the magnitude of the miscalibration.  

 

Panel (c)  Deviation of bid from the RNBE, b – bRBNE 

 (1) (2) (3) (4) 

 b– bRBNE b– bRBNE b– bRBNE b– bRBNE 

 

CRT 0.008 0.04  -0.02 

 (0.01) (0.06)  (-0.03) 

 Probability 

Miscalibration 

4.10 

(2.14)** 

3.63 

(1.93)* 

3.62 

(1.92)* 

 

  

Male  -2.71 -2.71 -3.07 

  (-1.37) (-1.39) (-1.56) 

Constant 3.61 4.86 4.95 5.01 

 (2.08)** (2.46)** (3.15)*** (2.54)** 

Observations 89 89 89 89 

         R-squared 2.8% 4.9% 4.9% 2.7% 

Note: The dependent variable is the difference between a player’s bid and the Risk Neutral Bayesian 

equilibrium bid in the time auction. Probability Miscalibration is calculated as the average across 14 

questions of (
𝛾−�̃�

�̃�
), where 𝛾 is the actual probability and �̃� is the submitted probability. This measure 

captures whether there is underestimation or overestimation on average. OLS regression, t-statistic based 
on robust s.e. in parenthesis; */**/*** indicates statistical significance at 10%, 5% and 1% level, 

respectively. 
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Our findings regarding outcomes in the time auctions are collected as 

our result 2.  

 

Result 2: In the time auction, bidding exceeds risk-neutral Bayesian 

equilibrium levels on average. There is overdissipation of the available rent. 

Positively miscalibrated individuals overbid more. There is some evidence 

that individuals with higher CRT scores bid closer to equilibrium and achieve 

higher earnings.  

 

3.6. Comparison between contests for money and time 

In this section, we compare bidding behavior between the auctions for 

time and money. We consider the data from both the T and MT protocols. 

They are treated as distinct comparisons. Comparison between the money and 

the time auctions in MT are conducted within-subject. The money auctions 

and the time auctions in the T protocol are compared between-subject.    

In the monetary auction, individuals bid above the equilibrium on 

average by 2.87 units, compared to 3.45 units in the time auction in T and 

3.47 units in the time auction in MT. Thus, the average extent of overbidding 

is nearly identical for money and time. We test whether the distribution of 

deviations from the equilibrium, b- bRBNE, in the monetary auction in MT and 

the time auction in treatment T, are significantly different. This comparison 

is important because individuals have a comparable degree of prior 

experience in the two situations, and there is no possibility for hysteresis 

effects to arise. We observe no significant difference (Prob > |z| = 0.98, 

N1=55, N2=89, MWU). This measure of overbidding is also not significantly 

different in the time auction played in the MT treatment when compared with 

the monetary auction in MT (Prob > |z| =0.81, N=55, MW Signed Rank test). 

In order to check for the effect of prior experience in a monetary auction on 

the time auction bids, we also compare the overbidding behavior between the 

time auction in the T treatment, which is played with no previous experience 

other than the practice auction, and time auction in the MT treatment, which 

is played after the monetary auction. There is no significant difference in 
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average deviation from equilibrium between the two auctions (Prob > |z| 

=0.76, N1=89, N2=55, MWU). 

In terms of absolute difference from the equilibrium, |b– bRBNE|, we also 

observe that money and time produce similar outcomes. The average absolute 

deviation from equilibrium in the monetary auction is 7.81 units compared to 

6.83 units in the time auction in T and 5.01 units in the time auction in MT. 

We perform a Mann-Whitney test to compare the distribution of these data 

and we find no significant differences between the money auction in MT and 

the time auction in T (Prob > |z| =0.61, N1=55, N2=89, MWU), between the 

money and time auctions in MT (Prob > |z| =0.12, N=55, MW Signed Rank 

test) or the time auction in MT and the time auction in T (Prob > |z| =0.11, 

N1=55, N2=89, MWU). 

In order to make earnings comparable across the monetary and time 

auction we treat the 30 minutes of waiting time in the time auction as the 

equivalent of the 0 ECU of payoff in the money auction, so that for example 

an individual who must wait 35 minutes in the time auction has total earnings 

of -5 units. The average earnings in the monetary auction are -3.8 units, 

compared to -3.9 units in the time auction in T and -3.1 units in the time 

auction in MT. We find no significant difference between the earnings in the 

monetary auction in MT and the time auction in T (Prob > |z| =0.93, 

N1=55, N2=89, MWU), between the monetary and the time auctions in MT 

(Prob > |z| =0.92, N=55, MW Signed Rank test) or between the time auction 

in T and the time auction in MT (Prob > |z| =0.80, N1=89, N2=55, MWU) 

As discussed in Section 5, efficiency, at 80%, is on average 17 

percentage points greater in the time auctions than in the monetary auction. 

However, the differences are not significant due to the high variance of 

efficiency in both auctions (Prob > |z| =0.126, N1=11, N2=29, MWU). To 

consider whether strategies are less heterogeneous in one of the auctions, we 

conduct a variance-ratio test for the two auctions. We find no significant 

difference between the variance of b– bRBNE in the two types of auctions (p = 

0.288). 

Table 8 shows the prevalence of the types of bidding behavior 

introduced in Section 4, in the different auctions. Zero and diagonal bidding 

are observed in similar proportions in the two auctions. There is also some 
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correlation between the strategy a given individual uses in a monetary auction 

and in the subsequent time auction in MT. 

 

Table 8. Bidding strategies in the first monetary auction and the time auction 

 Monetary all-pay 

auction 

(MT treatment, in %) 

Time all-pay 

auction 

(T treatment, in %) 

Time all-pay auction 

(MT treatment, in %) 

Zero bidders 26/55 (47%) 37/89 (41%) 27/55 (49%) 

Diagonal 

bidders 

15/55 (27%) 18/89 (20%) 12/55 (21%) 

 

A significant correlation between the use of a zero-bidding strategy in 

the money auction and in the following time auction exists (ρ = 0.30, p < 

0.05), though there is no similar correlation for diagonal bidding (ρ = -0.02, p 

> 0.1). Earnings are positively correlated in the two types of auction (ρ = 0.26 

p <0.05). 

Probability calibration doesn’t seem to explain bidding behavior in the 

auctions. A by treatment summary statistics for each probability elicitation 

procedure is presented in Table 1C and Table 2C in Appendix C. Figure 1C 

in Appendix C illustrates the deviations of the estimated probabilities from 

the actual probability, across all types of auctions. An s-shaped probability 

estimation function is present. We observe an overestimation of the 

probability of winning for high bids and an underestimation for small bids. 

This is present irrespective of the type of auction. For similar bids, 

participants tend to estimate a higher probability of winning the auction when 

the medium of reward is time. 

Our comparison between money and time is summarized in result 3 

below. 

Result 3: All-pay auctions for both money and time are characterized by 

greater than equilibrium bidding on average and negative bidder payoffs. 

There is no significant difference in the extent of overbidding, departures from 

equilibrium bidding, efficiency, or bidder earnings, between auctions for 

money and time.    
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3.7.  Discussion 

Overbidding in all-pay auctions is a pervasive phenomenon that 

generalizes from money to an alternative reward medium, time. The aggregate 

patterns of behavior are similar in our auctions played for money and those 

played for time. The rent available from winning the auction is more than 

dissipated in both auctions. Thus, the overdisspation of rent is likely to occur 

not just when competition is in terms of expenditure of money, but also when 

it is in terms of time. 

The overall similarity in terms of overbidding behavior between the 

auctions for money and time does conceal a number of modest differences at 

the level of individual behavior. A gender effect in behavior exists in the 

money auction though not in the time auction, with women bidding 

significantly higher than men in the money auction. Cognitive sophistication 

and accurate calibration of probabilities is related to bidding behavior and 

performance in both auctions, but the relationships are not overwhelmingly 

consistent or strong, and differ between auctions.  

Typically, results from the student subjects that participate in laboratory 

experiments generalize well to other populations. The stakes involved in our 

monetary and time auctions were similar for the student participants in our 

experiment. However, the trade-off between money and time might be 

different for other populations, such as busy professionals with high incomes, 

for whom time is very scarce relative to money. For such groups, the 

parameters used in the money and time auctions would need to be 

appropriately calibrated. Thus, future research could productively consider 

whether behavior in time auctions is similar for different demographic groups.  

Some previous work, beginning with Niederle and Vesterlund (2007) 

would have led us to believe that men would bid more than women because 

of their higher level of competitiveness. In our money auctions, we observe 

the opposite; that men bid lower than women. Although the all-pay auction is 

thought of as a model of competition in economic theory, it may not be viewed 

as a competitive situation by our participants. Our result that women bid 

higher than men is consistent with the previous literature on auctions 

(Sheremeta, 2013) and in particular with prior experiments on all-pay 

auctions (Ong et al., 2012; Chen et al., 2015). 
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An area for follow up work would be to consider whether the results are 

similar when expenditures are in terms of real effort. Competing in contests 

may involve money and time, but in some cases may also involve costly 

effort. A future research project could consider whether a contest in which a 

real effort task is conducted with the winner receiving a prize behaves 

similarly to the auctions that we have studied here. 
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3.9. APPENDIX 

Appendix A 

Bayesian equilibrium for the all-pay auctions 

This appendix contains a more detailed derivation of a risk-neutral Bayesian 

equilibrium of the monetary all-pay auction. The derivation reproduces the 

argument presented by Noussair and Silver (2006). 

Suppose that all bidders draw a valuation vi independently from a 

common distribution F(v). They bid in an all-pay auction. Suppose that they 

follow a common equilibrium bidding strategy, βi (vi) = β(v), for all i. We 

assume that the strategy is symmetric and strictly monotonic, and therefore 

invertible. Let β 
-1(b) be the inverse of β(v). The probability that bidder i, with 

a bid of bi, wins the auction, is equal to the probability that none of the n-1 

other participants makes a higher bid than i. Then, bidder i’s expected payoff 

can be written as:  

𝛱𝑖(bi , 𝑣i) = 𝑣𝑖* F n-1 (β 
-1(bi)) – 𝑏𝑖                            (A1) 

 Since 𝑣𝑖 is distributed uniformly in the experiment on [0, �̅�], for the 

experimental environment we have that   

F(β 
-1(b))= β 

-1(b) /  �̅�                                     (A2) 

The expected payoff then becomes: 

                       𝛱𝑖(bi, 𝑣i) = 𝑣𝑖   ∗   (
𝛽−1(𝑏𝑖)

�̅�
)

𝑛−1

  - 𝑏𝑖                      (A3) 

We solve the corresponding maximization problem:  

𝜕𝛱𝑖(𝑏,𝑣)

𝜕𝑏𝑖
 = 0    (n-1) * 

𝑣𝑖 

�̅�
*  (

𝛽−1(𝑏𝑖)

�̅�
)

𝑛−2

* 
𝑑𝛽−1(𝑏𝑖) 

𝑑𝑏𝑖
 – 1= 0    (A4) 

Since β (vi) = 𝑏𝑖  , we have that β 
-1(bi) = 𝑣𝑖,  and  

𝑑𝛽−1(𝑏𝑖) 

𝑑𝑏𝑖
= 

1

𝛽′ (𝑣𝑖)
  .Therefore, 

                               𝛽′ (𝑣𝑖) = (𝑛 − 1)* (
𝑣𝑖

�̅�
)

𝑛−1
    (A5) 
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In order to solve for the Bayesian equilibrium, we integrate the expression in 

(A5). 

𝛽(𝑣𝑖) = ∫  𝛽𝑖
′(𝑣𝑖) 𝑑𝑣𝑖 =  

𝑣𝑖

0

 

∫  (𝑛 − 1) ∗ (
𝑣𝑖

�̅�
)

𝑛−1
 𝑑𝑣𝑖 =  (

1

�̅�
)

𝑛−1
 ∗  

𝑛−1

𝑛

𝑣𝑖

0
∗ 𝑣𝑖

𝑛 + 𝐶     (A6) 

Because it is not possible to bid lower than 0 in the experiment, and bidding 

greater than one’s value is a dominated strategy, we require that β (0) = 0. 

Therefore, we set C = 0.  It follows that the equilibrium bidding function must 

satisfy: 

                𝛽(𝑣𝑖) = (
1

�̅�
)

𝑛−1
 ∗  

𝑛−1

𝑛
∗ 𝑣𝑖

𝑛                            (A7) 

The resulting equilibrium expected payoff of bidder i is then:  

                                             𝛱𝑖(bi, 𝑣i,) = 𝑣𝑖   ∗   (
𝛽−1(𝑏𝑖)

�̅�
)

𝑛−1

  - 𝑏𝑖   

  𝛱𝑖(𝑣i) = 𝑣𝑖   ∗   (
𝑣𝑖

�̅�
)

𝑛−1
  - 𝛽(𝑣𝑖)  𝛱(𝑣i)i = 𝑣𝑖   ∗   (

𝑣𝑖

�̅�
)

𝑛−1
   -  (

1

�̅�
)

𝑛−1
 ∗

 
𝑛−1

𝑛
∗ 𝑣𝑖

𝑛    𝛱𝑖(𝑣i) =(
1

�̅�
)

𝑛−1
∗ 𝑣𝑖

𝑛 ∗  
1

𝑛
   (A8) 
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Appendix B 

Table B.1. OLS Results – Time auction (treatment MT) 

Panel (a) Absolute deviation from the RNBE 

 (1) (2) (3) 

 |b – bRBNE| |b – bRBNE| |b – bRBNE| 

 

CRT -1.52  -1.61 

 (-1.87)*  (-1.91)* 

Male  -0.05 0.81 

  (-0.03) (0.50) 

Constant 8.08 5.02   7.98 

 (4.03)*** (5.05)*** (4.00)*** 

Observations 55 55 55 

R-squared 7.4% 0.0% 7.8% 

Panel (b) Average earnings 

 (1) (2) (3) 

 Earnings Earnings Earnings 

 

CRT 2.83  2.63 

 (3.61)***  (3.02)*** 

Male  3.16 1.75 

  (1.82)* (1.03) 

Constant 21.21 25.83 21.00 

 (10.64)*** (21.03)*** (10.23)*** 

Observations 55 55 55 

R-squared 18.8% 4.9% 20.0% 

Panel (c)  Deviations of a bid from the RNBE 

 (1) (2) (3) 

 b – bRBNE b – bRBNE b – bRBNE 

 

CRT -2.28    -2.35 

 (  -2.55)**  (-2.50)** 

Male  -0.64 0.61 

  (-0.33) (0.32) 

Constant 8.09 3.69  8.02 

 (3.75)*** (3.21)*** (3.73)*** 

Observations 55 55 55 

R-squared 12.1% 0.2% 12.2% 

Note: OLS regression, t-value based on robust s.e. in parentheses; */**/*** stands for statistical 
significance at 10%, 5% and 1% level, respectively. 
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Table B.2. OLS Results – Time auction (pooled data) 

Panel (a) Absolute deviation from RBNE bid 

 (1) (2) (3) (4) 

 |b– bRBNE| |b– bRBNE| |b– bRBNE| |b– bRBNE| 

 

CRT -0.95 -0.91  -0.83 

 (-2.22)** (-2.05)**  (-1.85)* 

Absolute 

Probability 

Miscalibration 

-2.24 

(-1.17) 

-2.23 

(-1.19) 

-1.67 

(-0.92) 

 

     

Male  -1.01 -1.22 -1.01 

  (-0.93) (-1.13) (-0.93) 

Constant 8.88 6.85 7.37 8.16 

 (6.84)*** (6.85)*** (6.45)*** (7.79)*** 

Observations 144 144 144 144 

R-squared 3.07% 3.63% 1.26% 2.84% 

Note: dependent variable: Absolute difference between the risk-neutral Bayesian Nash equilibrium 

and observed bid in the time auction. Each participant is the unit of observation. Absolute Probability 

Miscalibration is calculated as the average over 14 questions of |
𝛾−�̃�

�̃�
| , where 𝛾 is the actual 

probability and  �̃� is the submitted probability. It captures the magnitude of the miscalibration. OLS 

regression, t-value based on robust s.e. in parenthesis; */**/*** stands for statistical significance at 

10%, 5% and 1% level, respectively. 

Panel (b) Earnings 

 (1) (2) (3) (4) 

  Earnings  Earnings  Earnings  Earnings 

     

CRT 0.87 0.77  0.83 

 (1.71)* (1.46)  (1.59) 

Absolute 

Probability 

Miscalibration 

-1.60 

(-0.75) 

-1.60 

(-0.76) 

-2.08 

(-1.00) 

 

Male  2.33 2.50 2.33 

  (1.91)* (2.09)** (1.91) 

Constant 25.45 24.62 26.20 23.84 

 (15.73)*** (14.64)*** (19.57)*** (19.58)*** 

Observations 144 144 144 144 

R-squared 2.44% 4.92% 3.50% 4.58% 

Note: Dependent variable: Earnings in time auction. Absolute Probability Miscalibration is 

calculated as the average over 14 questions of |
𝛾−�̃�

�̃�
| , where 𝛾 is the actual probability and  �̃� is the 

submitted probability. It captures the magnitude of the miscalibration. OLS regression, coefficient 

reported, t-value based on robust s.e. in parenthesis; */**/*** stands for statistical significance at 

10%, 5% and 1% level, respectively.  
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Panel (c)  Deviation of a bid from the RNBE 

 (1) (2) (3) (4) 

 Bid-RNBE Bid-RNBE Bid-RNBE Bid-RNBE 

     

CRT -0.70 -0.62  -0.68 

 (-1.13) (-0.98)  (-1.08) 

Probability 

Miscalibration 

2.04 

(1.35) 

1.98 

(1.35) 

2.17 

(1.46) 

 

  

Male  -1.96 -2.10 -2.00 

  (-1.41) (-1.54) (-1.43) 

Constant 4.97 5.68 4.58 5.63 

 (3.52)*** (3.84)*** (4.45)*** (3.84)*** 

Observations 144 144 144 144 

R-squared 1.93% 3.27% 2.57% 2.50% 

Note: Dependent variable: Difference between an individual’s bid and the risk-neutral Bayesian 

equilibrium bid. Probability Miscalibration is calculated as the average over 14 questions (
𝛾−�̃�

�̃�
), 

where 𝛾 is the actual probability and  �̃� is the submitted probability. This measure captures whether 

there is underestimation or overestimation on average OLS regression, t-value based on robust s.e. 

in parentheses; */**/*** stands for statistical significance at 10%, 5% and 1% level, respectively. 
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Appendix C 

Table 1C. Probability estimation for the Monetary Auction 

 Average SD Min Max 

Probability Bid = 2 8% 8% 0% 34% 

Probability Bid = 4 10% 8% 0% 35% 

Probability Bid = 6 13% 7% 0% 38% 

Probability Bid = 8 19% 11% 0% 45% 

Probability Bid = 10 23% 12% 1% 55% 

Probability Bid = 12 28% 14% 1% 65% 

Probability Bid = 14 34% 17% 3% 75% 

Probability Bid = 16 39% 18% 6% 82% 

Probability Bid = 18 46% 20% 8% 85% 

Probability Bid = 20 51% 22% 8% 90% 

Probability Bid = 22 56% 23% 8% 93% 

Probability Bid = 24 62% 26% 8% 95% 

Probability Bid = 26 68% 27% 8% 98% 

Probability Bid = 28 76% 28% 8% 100% 

Note: This table shows the average probability estimation for each bid, across all participants. The data 
comes from treatment MT and it asks participants to estimate the probability of winning by making the 

specified bid in an all-pay monetary auction. 

Table 2C. Probability estimation for the Time Auction 

 Average SD Min Max 

Probability Bid = 2 8% 8% 0% 46% 

Probability Bid = 4 12% 9% 0% 40% 

Probability Bid = 6 17% 10% 0% 40% 

Probability Bid = 8 23% 15% 0% 80% 

Probability Bid = 10 29% 16% 0% 80% 

Probability Bid = 12 35% 16% 0% 80% 

Probability Bid = 14 42% 18% 0% 85% 

Probability Bid = 16 49% 21% 10% 92% 

Probability Bid = 18 54% 21% 10% 99% 

Probability Bid = 20 60% 22% 10% 99% 

Probability Bid = 22 65% 24% 10% 99% 

Probability Bid = 24 69% 26% 10% 100% 

Probability Bid = 26 74% 28% 10% 100% 

Probability Bid = 28 79% 29% 10% 100% 

Note: This table shows the average probability estimation for each bid, across all participants. The data 

comes from treatment T and it asks participants to estimate the probability of winning by making the 

specified bid in an all-pay time auction. 
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Figure 1C. Deviations of estimated probability from actual probability 

 
Note: Panel (a) illustrates the deviations of the estimated probabilities from the actual probability, 

across all monetary auctions. Panel (b) illustrates the deviations of the estimated probabilities from 

the actual probability, across all time auctions. Panel (c) illustrates the deviations of the estimated 

probabilities elicited before the time auctions, from the estimated probabilities elicited before the 

monetary auctions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0
.2

.4
.6

.8
1

A
c
tu

a
l 
P

ro
b

a
b

ili
ti
e

s

0 .2 .4 .6 .8 1
Average estimated probabilities

Panel (a) Monetary Auctions

0
.2

.4
.6

.8
1

A
c
tu

a
l 
P

ro
b

a
b

ili
ti
e

s

0 .2 .4 .6 .8 1
Average estimated probabilities

Panel (b) Time Auctions

0
.2

.4
.6

.8
1

E
s
ti
m

a
te

d
 P

ro
b

a
b

ili
ti
e

s
 -

 M
o

n
e

y

0 .2 .4 .6 .8 1
Estimated Probabilities - Time

Panel (c) Money vs. Time



168 

 
 

 

 

Appendix D: Instructions Experiment 

Instructions for the MT protocol: 

Instructions  

Session: _______; ID participant:_______ ANR:_____________ 

Welcome everybody!  

You are about to participate in an experiment in the economics of decision-

making.  The experiment consists of four parts and in addition, the experiment 

will continue for 30 minutes after part 4 of this session. For participating in 

all parts of the experiment, you will receive a fixed endowment of 5€. Any 

extra earnings gained during the experiment will be added to this sum. The 

total earnings will be paid in cash at the end of the experiment. In the first 

part, you will be required to answer a few questions. Each question responded 

correctly will bring you 2€. The second part will consist of estimating 

probabilities of winning in an auction where a currency is the method of 

transaction. The third part consists of participating in the actual auction. The 

fourth part consists of participating in a similar auction but where the method 

of transaction is minutes and as mentioned, after that remaining in the lab for 

30 minutes. 

After completing each part, we will distribute the instructions for the 

following part. Also, any form of communication with other participants is 

prohibited. Any questions should be directed towards the experimenters. Any 

deviation of this rule will result in direct exclusion from the experiment and 

the loss of any return. Please turn the page to begin part 1.  

 

Part 1 

Session: _______; ID participant:_______ 

 

Please answer the following questions as well as you can.  

Each question you answer correctly will increase your total earnings by 2€.  

You have 5 minutes to answer the questions.  
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QUESTION NR. 1: 

A shirt and a hat cost 5.50 € in total. The shirt costs 5 € more than the hat. 

How much does the hat costs? ______ cents     

 

QUESTION NR. 2: 

If it takes 3 people 3 hours to assembly 3 bicycles, how long would it take 90 

people to assembly 90 bicycles?  _______ hours   

 

QUESTION NR. 3: 

The forest of North Carolina is home to a colony of wild rabbits. Every year, 

the colony doubles in size. If it takes 24 years for the colony to reach 100.000 

rabbits, how long would it take for the colony to reach half of that number? 

______ years 

 

Part 2 

Session: _______; ID participant:_______ 

Part 2 consists of some questions regarding what you believe happens in the 

following auction. We will be playing this auction in part 3.  In the auction, 

you will be grouped with other 4 participants. The participants in your group 

in the practice and the real auction will be different. Identifying the 

participants in your group is not possible. The currency used within the 

auction is called “ECU”. The conversion rate is 30 ECU to 5 EURO. At the 

beginning of the auction, you will receive an initial endowment of 30 ECU. 

In the auction, a single unit, called “Product Y”, will be auctioned 

separately to each group. A Record sheet will be provided. On the Record 

Sheet, under the column “Product value”, a value is written. This value 

represents your product valuation and is an indication of the amount of ECU 

you can obtain if you win unit “Product Y”. The "Product Value" is chosen 

randomly before the experiment and independently from another player’s 

valuation and will be an integer between 1 and 30. In the auction, you can 

submit a positive bid by filling in the amount in column “Bid”. The bid 
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submitted is in terms of ECU currency. You will pay the bid whether you 

win or not. All participants will submit their bids simultaneously without 

having any information about the bids of other subjects. The bidder with the 

highest bid, within each group, will receive unit “ Product Y”. In the case of 

a tie, the unit will be randomly assigned by a coin toss.  

 

Calculating your earnings: 

If you make the highest bid in the auction, you must write under the 

column "ECU won" your "Product Value" for that period; otherwise a 0 

should be filled in. After the auction, you must record your earnings, which 

you can easily calculate by subtracting Column 3 from Column 4, in the 

column named "Earnings". 

At the end of the experiment, your total earnings will be the sum of 

the earnings that you won during the auction, plus the initial endowment of 

30 ECU and minus any bid you made. 

Example : Suppose that your Product value is 10 and you write a bid of 8 in 

the column "Bid".  If you win the auction by having the highest bid among all 

bids, you will write 10 under "ECU won". Therefore, your earnings for that 

period will be equal to 10 – 8 = 2 ECU. If it happens that you didn’t win the 

auction, you will write 0 under "ECU won" and -8 under "Earnings". 

Reporting probabilities 

Before we start the auction, you will be given a series of questions in 

which you will be asked to report the probability with which you believe a 

person can win the auction, by bidding a certain amount of ECUs. You should 

report a probability from 0% to 100%. Your earnings will be determined by 

how accurate your guesses are. The reported probability will be compared 

with the average probability of winning the auction in a previous session with 

a randomly chosen group.  The reported probabilities for each bid will not 

influence any of your potential payoffs in the latter stages of the experiment. 

Your potential earnings will be calculated using the following formula:  

Payoff = max { 0 ,  10 – 45*(Pr - Pa )2 },  
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where Pr represents the reported probabilities by you and Pa 

represents the actual probability of winning the auction 

Basically, what the formula does is that it penalizes you every time 

your reported probability is different than the actual probability. You can 

obtain the most revenue when the actual probability is equal to the reported 

probability. The most you can get is 10 €. Let’s look at an example: 

Example: Suppose an individual plays the auction presented above against 4 

other people. All players' values are equally likely to be any value between 1 

and 30. What are the chances that the individual wins the auction if he bids 

20? If you believe that the probability of winning the auction is 38% but the 

actual probability is 20%, you can receive:  

Payoff = max{0, 10 - 45(0.38—0.20)2 } = 8.54 € 

At the end of the experiment, one of the questions will be chosen at 

random to be paid. Depending on how accurate your prediction is for that 

question, you will receive the number of Euros corresponding to that 

question. The formula presented above will be used to calculate the payoff.  

Therefore, you should respond as accurately as you can to each question, as 

any of the questions could prove to be the one that determines the payment. 

Questionnaire 

Session: _______; ID participant:_______ 

 

Question 1: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

2?  ______%  

 

Question 2: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

4?  ______%  
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Question 3: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

6?  ______%  

 

Question 4: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

8?  ______%  

 

Question 5: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

10?  ______%  

 

Question 6: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

12?  ______%  

 

Question 7: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

14?  ______%  

 

Question 8: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

16?  ______%  

 

Question 9: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

18?  ______%  



173 

 
 

 

 

Question 10: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 20?  ______%  

 

Question 11: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 22?  ______%  

 

Question 12: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 24?  ______%  

 

Question 13: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 26?  ______%  

 

Question 14: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 28?  ______%  

Part 3 

 

Session: _______; ID participant:_______ 

In the current stage, you will take part in an auction. There will be 1 practice 

period before the one auction that counts toward your earnings. What you lose 

or gain in the practice auction will not affect earnings. Please look at Record 

Sheet Nr. 1 and fill in your bid for the practice period. Your Endowment is 30 

ECU. When the practice auction is finished, look at Record Sheet Nr. 2. 
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Record sheet Nr.1 

 

Session: _______; ID participant:_______ 

      

 
Product 

Value 
Bid ECU ECU won Earnings 

Practice     

                            

Total Earnings = 30 ECU - _____(Bid) + _____(Product value if won or 0 if 

lost) =  

= _________ECU  

 

 

Record sheet Nr.2 

 

Session: _______; ID participant:_______ 

      

 
Product 

Value 
Bid ECU ECU won Earnings 

Auction     

                            

Total Earnings = 30 ECU - _____(Bid) + _____(Product value if won or 0 if 

lost) =  

= _________ECU  
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Part 4 

 

Session: _______; ID participant:_______ 

 

In this part of the experiment, everybody must wait 30 minutes in the 

laboratory. During the mandatory waiting time, you are not allowed to do 

anything. You cannot use the computer or any other device, and you cannot 

communicate with other participants. However, you will have the chance to 

decrease the waiting time and leave the laboratory earlier by participating in 

an auction. 

In the auction, you will be grouped randomly with other 4 

participants. You will first participate in a practice round. The participants in 

your group in the practice and the real auction will be different. Identifying 

the participants in your group is not possible. The currency used within this 

auction is minutes.  

In the auction, a single unit, called “Moment Y”, will be auctioned 

separately to each group. A Record sheet will be provided. On the Record 

Sheet, under the column “Time Exemption”, a value is written. This value 

represents your product valuation and is an indication of the number of 

minutes to be exempt from waiting if you win unit “Moment Y”. The " Time 

Exemption" is chosen randomly before the experiment and independently 

from another player’s valuation and is equally likely to be any integer 

between 1 and 30. Therefore, all the biddings and payoffs will be made using 

minutes. 

Every period you can submit a positive bid by filling in the number 

of minutes in column “Bid”. You will pay the bid whether you win or not. 

The bidder with the highest bid, within each group, will win the auction. In 

case of a tie, the unit will be randomly assigned by a coin toss. 

If you are successful in winning the auction, the number of minutes 

that you win after you pay your bid, will be subtracted from the mandatory 

waiting time of 30 minutes and you can leave the laboratory earlier. If you are 

unfortunate and lose the auction, your waiting time will not be decreased. 

However, you will have to pay your bid by staying even longer that the 

mandatory time, by the number of minutes you bid.  
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Example 1: Suppose that your “Time exemption” is 20 minutes and you bid 

an amount of 11 minutes and you win the auction. Then, you will be able to 

decrease your mandatory waiting time by 9 minutes. (20-11= 9). In other 

words, you will be able to leave the experiment 9 minutes earlier than when 

the experiment is supposed to finish. 

 

Example 2: Suppose that you have a “Time exemption” equal to 12 and you 

bid 6 minutes. However, you are not successful in winning the auction. 

Therefore, you will have to wait in the laboratory an additional 6 minutes 

after stage 3 is over. 

Example 3: Let’s suppose that your “Time exemption” is 12 minutes. If you 

bid 14 minutes and your bid is the highest among all the other bidders, then 

after paying the bid (12-14= -2) you will have to wait in the laboratory an 

additional 2 minutes after stage 3 is over. So you will have 2 minutes added 

to the mandatory time. 

 

We will first play one auction for practice. Since it is for practice only, it does 

not require any waiting time. Then we will play one auction that will count 

for the remaining time that you must stay in the laboratory. In each auction, 

you will be grouped randomly with other 4 participants. Please look at the 

Record Sheet Nr. 3 and fill in the values for the practice auction. After the 

practice auction is finished, please have a look at Record Sheet Nr. 4. 
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Record sheet Nr.3 

 

Session: _______; ID participant:_______ 

      

 Time exemption 
Bid 

(minutes) 
Minutes exempted 

Practice    

                            

Total waiting time = 30 minutes + _____(Bid) - _____(Time exemption if 

won or 0 if lost)=  

       = _________minutes 

Record sheet Nr.4 

 

Session: _______; ID participant:_______ 

      

 Time exemption 
Bid 

(minutes) 
Minutes exempted 

Auction    

                            

Total waiting time = 30 minutes + _____(Bid) - _____(Time exemption if 

won or 0 if lost)       = _________minutes 

After finishing the auction please fill in the appropriate total waiting 

time in Record sheet Nr. 2 and answer a few questions regarding your 

background. The answers will remain confidential as you will provide only 

your ID.   

 After this, the experimenter will announce when the mandatory 30 

minutes period starts. Then, you must wait patiently in your chair, until the 

total waiting time which you must remain in the laboratory (adjusted by the 

minutes won or lost in the auction), elapses. 

 

 Thank you for your cooperation! 
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Background Information Sheet 

 

Session: _______; ID participant:_______ 

 

As your ID number cannot be linked to your name either by the instructor or 

by other participants, this information will remain anonymous. Please fill in 

the questionnaire or select the appropriate category by circling the answer. 

 

1. What is your age? ____ years 

2. What is your gender?  

(Female / Male) 

3. How many years of higher education you have? ___ years 

4. How many siblings do you have? _____siblings 

5. What is your family income per year approximately? _______ Euros 

(10.000- 15.000); (15.000 -30.000); (30.000-60.000); (60.000-

100.000); higher 

6. How many years of higher education do your parents have? 

_____years 

7. Have you ever encountered the first 3 questions asked in Part 1 of the 

experiment? 

  Yes /No 

 

Instructions for the T Protocol: 

Session: _______; ID participant:_______ 

Welcome everybody!  

You are about to participate in an experiment in the economics of decision-

making.  The experiment consists of three parts, and the experiment will 

continue for 30 minutes after part 3 of this session. For participating in all 

parts of the experiment, you will receive a fixed endowment of 5€. Any extra 

earnings gained during the experiment will be added to this sum. The total 

earnings will be paid in cash at the end of the experiment. The experiment 
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will consist of three parts. In the first part, you will be required to answer a 

few questions. Each question responded correctly will bring you 2€. The 

second part consists of estimating probabilities of winning in an auction and 

the third part consists of participating in an auction.  

After completing each part, we will distribute the instructions for the 

following part. Also, any form of communication with other participants is 

prohibited. Any questions should be directed towards the experimenters. Any 

deviation of this rule will result in direct exclusion from the experiment and 

the loss of any return. Please turn the page to begin part 1.  

 

 

Session: _______; ID participant:_______ 

 

Part 1 

Please answer the following questions as well as you can.  

Each question you answer correctly will increase your total earnings by 2€.  

You have 5 minutes to answer the questions.  

 

QUESTION NR. 1: 

A shirt and a hat cost 5.50 € in total. The shirt costs 5 € more than the hat. 

How much does the hat costs? ______ cents     

 

QUESTION NR. 2: 

If it takes 3 people 3 hours to assembly 3 bicycles, how long would it take 90 

people to assembly 90 bicycles?  _______ hours   

 

QUESTION NR. 3: 

The forest of North Carolina is home to a colony of wild rabbits. Every year, 

the colony doubles in size. If it takes 24 years for the colony to reach 100.000 

rabbits, how long would it take for the colony to reach half of that number? 

______ years 
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Part 2 

Session: _______; ID participant:_______ 

 

Part 2 consists of some questions regarding what you think will 

happen in the following game. We will be playing this game in part 3. 

Suppose that everybody must wait 30 minutes in the laboratory. During the 

mandatory waiting time, you are not allowed to do anything. You cannot use 

the computer or any other device, and you cannot communicate with other 

participants. However, you will have the chance to decrease the waiting time 

and leave the laboratory earlier by participating in an auction. 

In the auction, you will be grouped randomly with other 4 

participants. You will first participate in a practice period. The participants in 

your group in the practice and the real auction will be different. Identifying 

the participants in your group is not possible. The currency used within this 

auction is minutes.  

In the auction, a single unit, called “Moment Y”, will be auctioned 

separately to each group. A Record sheet will be provided. On the Record 

Sheet, under the column “Time Exemption”, a value is written. This value 

represents your product valuation and is an indication of the number of 

minutes to be exempt from waiting if you win unit “Moment Y”. The " Time 

Exemption" is chosen randomly before the experiment and independently 

from another player’s valuation and is equally likely to be any integer 

between 1 and 30. Therefore, all the biddings and payoffs will be made using 

minutes. 

Every period you can submit a positive bid by filling in the number 

of minutes in column “Bid”. You will pay the bid whether you win or not. 

The bidder with the highest bid, within each group, will win the auction. In 

the case of a tie, the unit will be randomly assigned by a coin toss. 

If you are successful in winning the auction, the number of minutes 

that you win after you pay your bid will be subtracted from the mandatory 

waiting time of 30 minutes and you can leave the laboratory earlier. If you are 

unfortunate and lose the auction, your waiting time will not be decreased. 

However, you will have to pay your bid by staying even longer than the 

mandatory time, by the number of minutes you bid.  



181 

 
 

 

 

Example 1: Suppose that your “Time exemption” is 20 minutes and you bid 

an amount of 11 minutes and you win the auction. Then, you will be able to 

decrease your mandatory waiting time by 9 minutes. (20-11= 9). In other 

words, you will be able to leave the experiment 9 minutes earlier than when 

the experiment is supposed to finish. 

 

Example 2: Suppose that you have a “Time exemption” equal to 12 and you 

bid 6 minutes. However, you are not successful in winning the auction. 

Therefore, you will have to wait in the laboratory an additional 6 minutes 

after stage 3 is over. 

Example 3: Let’s suppose that your “Time exemption” is 12 minutes. If you 

bid 14 minutes and your bid is the highest among all the other bidders, then 

after paying the bid (12-14= -2) you will have to wait in the laboratory an 

additional 2 minutes after stage 3 is over. So you will have 2 minutes added 

to the mandatory time. 

 

Reporting Probabilities 

Before we start the auction in part 3, you will complete part 2 of the 

experiment. In part 2, you will be given a series of questions in which you 

will be asked to report the probability with which you believe a person can 

win the auction described above, by bidding a certain number of minutes. You 

should report a probability from 0% to 100%. Your earnings will be 

determined by how accurate your guesses are. The reported probability will 

be compared with the average probability of winning the auction in a previous 

session with a randomly chosen group.  The reported probabilities for each 

bid will not influence any of your potential payoffs in the latter stages of the 

experiment. Your potential earnings will be calculated using the following 

formula:  

Payoff = max { 0 ,  10 – 45*(Pr - Pa )2 } , 

where Pr represents the reported probabilities by you and Pa 

represents the actual probability of winning the auction 
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Basically, what the formula does is that it penalizes you every time your 

reported probability is different than the actual probability. You can obtain 

the most revenue when the actual probability is equal to the reported 

probability. The most you can get is 10 €. Let’s look at an example: 

Example: Suppose an individual plays the auction presented above against 4 

other people. All players' values are equally likely to be any value between 1 

and 30. What are the chances that the individual wins the auction if he bids 

5? If you guess that the probability of winning the auction is 38%, but the 

actual probability is 20%, you earn: 

Payoff = max{0, 10 – 45*(0.38—0.20)2 } = 8.54 € 

At the end of the experiment, one of the questions will be chosen at 

random to count toward your earnings. Depending on how accurate your 

prediction is for that question, you will receive the number of Euros gained 

for answering that question. The formula presented above will be used to 

calculate your earnings.  Therefore, you should respond as accurately as you 

can to each question, as any of the questions could prove to be the one that 

determines the payment. 

 

 

Session: _______; ID participant:_______ 

 

Questionnaire 

 

Question 1: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

2?  ______%  

 

Question 2: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

4?  ______%  
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Question 3: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

6?  ______%  

 

Question 4: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

8?  ______%  

 

Question 5: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

10?  ______%  

 

Question 6: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

12?  ______%  

 

Question 7: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

14?  ______%  

 

Question 8: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

16?  ______%  

 

Question 9: Suppose an individual plays the auction presented above against 

4 other people. All players' values are equally likely to be any value between 

1 and 30. What are the chances that the individual wins the auction if he bids 

18?  ______%  
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Question 10: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 20?  ______%  

 

Question 11: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 22?  ______%  

 

Question 12: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 24?  ______%  

 

Question 13: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 26?  ______%  

 

Question 14: Suppose an individual plays the auction presented above 

against 4 other people. All players' values are equally likely to be any value 

between 1 and 30. What are the chances that the individual wins the auction 

if he bids 28?  ______%  

 

 

 

 

 

 

 

Part 3 
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Session: _______; ID participant:_______ 

 

Now that you have assessed the probabilities we can start the auction.  

We will first play one auction for practice. Since it is for practice only, it does 

not require any waiting time. Then we will play one auction that will count 

for the remaining time that you must stay in the laboratory. In each auction, 

you will be grouped randomly with other 4 participants. Please look at the 

Record Sheet Nr. 1 and fill in the values for the practice auction. After the 

practice auction is finished, please have a look at Record Sheet Nr. 2. 

 

 

 

Record sheet Nr.1 

 

Session: _______; ID participant:_______ 

     

 Time exemption 
Bid 

(minutes) 
Minutes exempted 

Practice    

                            

 

Total waiting time = 30 minutes + _____(Bid) - _____(Time exemption if 

won or 0 if lost) = 

       =  _________minutes 

 

 

 

 

 

Record sheet Nr.2 
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Session: _______; ID participant:_______ 

     

 Time exemption 
Bid 

(minutes) 
Minutes exempted 

Auction    

                            

Total waiting time = 30 minutes + _____(Bid) - _____(Time exemption if 

won or 0 if lost)      =  _________minutes 

 

After finishing the auction please fill in the appropriate total waiting time 

in Record sheet Nr. 2 and answer a few questions regarding your background. 

The answers will remain confidential as you will provide only your ID.   

After this, the experimenter will announce when the mandatory 30 

minutes period starts. Then, you must wait patiently in your chair, until the 

total waiting time which you must remain in the laboratory (adjusted by the 

minutes won or lost in the auction), elapses. 

 

 Thank you for your cooperation! 
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