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Abstract 

Some researchers argue that social status extracts economic rents. Making a causal 

inference about this claim is difficult with naturally occurring data. For this reason, 

we conduct an experiment in which participants are divided into investors and 

workers. Workers are assigned status and then perform a real-effort task. Investors 

make investments after observing workers’ status and past task performance. We 

find that workers of higher status receive higher investments when status is earned 

but not when it is arbitrary. Surprisingly, the status effect persists even when, 

conditioning on past performance, status is not predictive of future performance.  
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1. Introduction 

Why do Ivy League graduates earn more than graduates of other universities?1 Economists 

seeking to answer questions of this type typically proceed as follows. First, they ensure that they 

have accounted for observable determinants of earnings, such as cognitive ability, age, and race. 

Then they attempt to apportion the remaining differences in earnings to 1) the treatment effect of 

an Ivy League education on productivity relative to other schools, 2) selection along unobservable 

aspects of productivity into Ivy League schools, and 3) residual productivity differences. The 

attribution of variation in earnings to productivity in this procedure rests heavily on theoretical 

reasoning because actual worker output is difficult to measure. 

In contrast, sociologists believe that Ivy League graduates earn more because society 

accords them higher status and that rents accrue to high-status individuals (Sorenson, 1996; Gould, 

2002).2 Robert Merton (1968) coined the term “Matthew effect” to refer to rents earned by 

individuals based solely on their status.3 Economists tend to discount social-status-derived rent as 

an explanation of earnings differences because status is not a productive input in and of itself.4 In 

theoretical models of a competitive labor market, the returns to unproductive characteristics such 

as status are to be driven to zero. Even if productivity is unobservable and employers base hiring 

decisions on observable characteristics, they will infer employees’ true productivity over time from 

                                                 
1 Studies estimating the returns to college selectivity include Brewer et al. (1999), Dale and Kruger (2002, 2014), 

Black and Smith (2006), and Hoekstra (2009). See Hoxby (2009) for a general discussion.  
2 Social status is a form of socially-recognized and individually desired esteem or honor that is both positional, in that 

what matters is how an individual is ranked relative to others, and non-tradable (Heffetz and Frank, 2011). 
3 Merton (1968) argues that eminent scientists tend to get more credit than unknown scientists for an objectively 

similar piece of scientific work. Azoulay et al. (2014) have found statistical evidence for this tendency in citation 

patterns of old work for scientists who receive a prestigious award. Merton alludes to a verse in the Gospel of Matthew: 

“For to everyone who has will more be given, and he will have abundance; but from him who has not, even what he 

has will be taken away” (Matthew 25:29, Revised Standard Version). 
4 Social status may be correlated with productive characteristics such as skill, but except in special cases it is not an 

input. 
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observable work output (e.g., Holmstrom, 1999). If status and productivity are correlated, there 

may be a short-run return to status while it serves this signaling function, but not in the long run. 

We present an experiment that tests whether rents from social status persist or are driven 

to zero in a competitive setting. The experimental setting provides some advantages over 

observational data by allowing output to be observable and by enabling control over the 

relationship between status and productivity. Estimating productivity is simpler in our 

experimental than in the real world, which provides a strong test for the persistence of status-driven 

rent. We also decouple worker compensation from the employer decisions, which eliminates 

potential confounds due to moral hazard and social preferences. 

In our experiment, participants take on the role of investor or worker. Workers engage in 

adding sets of numbers for ten one-minute periods. They are paid a piece rate for each set 

completed. Investors are assigned a group of three workers and allocate a fixed investment pool 

among them for each period. Before making their first allocation, investors get a signal of the 

social status of each the three workers. The investors’ return for a period is the sum of the amount 

invested in each worker multiplied by the number of tasks completed by that worker. Periods are 

presented to investors in random order. Investors learn and make a record of the actual performance 

of all three workers at the end of each period.  

Three treatments vary the degree to which social status is correlated with productivity in 

the adding numbers task. Both workers and investors know the basis on which status is assigned 

in their treatment. In the Random treatment, status labels are assigned randomly. In the Coin 

treatment, status labels are based on the workers’ relative success at guessing 15 coin flips. There 

is no correlation either in theory or empirically between adding-numbers performance and status 

in these treatments, so investors can maximize their returns by ignoring status investing with the 



3 

 

worker who has the best past performance.5 The difference between the two is that status in the 

Coin treatment derives from actions taken by the workers, which investors may misinterpret as 

meaningful. The Math treatment assigns status based on relative performance on a math quiz, 

which is correlated with task performance both by theoretical reasoning and empirically. In this 

case, status may be predictive of future performance conditional on past performance. 

When investors make their first of nine allocations, the only information they have about 

workers is their status. In the Math treatment, a rational investor will use status as a proxy for 

expected performance by correctly inferring that they are correlated. In the Random and Coin 

treatments, they will allocate fund equally. In later periods, the information available to investors 

includes the record of the past performance of workers in addition to status. A rational investor’s 

decision will combine this information to form the best prediction of performance for each worker. 

We should expect the importance of status to fall in the Math treatment. If status fails to predict 

performance conditional on past performance, it should not predict the investor’s allocation. 

We find that status is unconditionally uncorrelated with worker performance in the Random 

and Coin treatments and unconditionally correlated with performance in the Math treatment. When 

we control for the mean and standard deviation of past performance and pool all periods, worker 

performance is uncorrelated with status in all three treatments. This implies a rational investor’s 

allocation should be correlated with status only for the initial periods in the Math treatment. 

In the initial periods of investment, investors allocate more to higher status workers in both 

the Math and Coin treatments, though not the Random treatment. The correlation between status 

and investment in the Coin treatment is evidence of the Matthew effect. When we pool all periods, 

past performance is a strong predictor of investment in all three treatments, though with a larger 

                                                 
5 A risk averse investor may consider the variance of past returns and allocate a positive amount to all three workers. 
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effect size in the Random treatment. Nevertheless, there is a robust conditional correlation between 

investors’ allocations and status in both the Coin and Math treatments. When we look at the final 

five periods of investment alone to allow for learning, there remains a conditional correlation 

between status and investment in the Math treatment. 

Investors thus exhibit the Matthew effect when status is derived from workers’ actions but 

not when it is purely arbitrary. When status is unrelated to performance, investors learn to discount 

it with experience. When status is related to performance, investors allocate more funds to high 

status investors than their past performance warrants. If investments were linked to worker 

compensation, workers would earn status-based rent. Since we have decoupled worker 

compensation from investor decisions, we know that the over-allocation cannot be due to investors 

wanting workers to earn more because of their status. Instead, status biases investor allocations 

against their own interest in a setting where the correct allocation is relatively easy to infer. 

We describe the theoretical background, experimental design and procedures of our 

experiment in Section 2. Our main results are presented in Section 3, along with analyses of how 

status attracts investments and how history impacts this relationship. We discuss connections to 

the literature and implications of our results in Section 4. 

 

2. Methodology 

2.1. Theoretical Background 

A number of economic decisions, including employment and investment, share the 

following structure: A principal makes an allocation of resources or tasks across a set of agents 

based on expectations about how the agents will perform. The agents’ performance generates a 

return to the principal proportional to the allocation. When forming their expectations of agent 
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performance, principals consider available information about the agents. Relevant information has 

predictive power about future performance. Our contention is that status is often a factor in such 

allocations even when it has no predictive power about the performance of an agent, conditional 

on the other information available. 

In the classic principal-agent setting, payoffs to both parties are affected by the decisions 

of each. This linkage can give rise to moral hazard, as the agent may adjust performance in the 

present to influence the future (Holmstrom, 1999). The literature on gift exchange suggests that 

the allocations made by principals can affect the performance of agents through mechanisms such 

as reciprocity or other-regarding preferences (Fehr et al., 1993; Charness and Kuhn, 2011). To set 

aside the analytical complications entailed by such behavioral responses, we consider a simplified 

setting in which principals cannot influence agents’ payoffs. Agents perform a repeated task for a 

fixed piece rate. Principals earn returns that are the product of their investment allocation to an 

agent and that agent’s task performance. Agents are not informed of the principals’ allocations, 

and principals know this. This setting has characteristics of investment and employment, so we 

refer to principals as investors and the agents as workers. 

Consider a set of 𝑁 workers of varying ability who perform a task for 𝑇 periods. We denote 

the output of worker 𝑖 in period 𝑡 by 𝑦𝑖𝑡. The workers’ payoff in each period is 𝜋𝑖𝑡 = 𝜌𝑦𝑖𝑡, where 

𝜌 is a piece rate. The process generating output is 𝑦𝑖𝑡 = 𝑥𝑖 + 𝜀𝑖𝑡, which can be decomposed into 

an worker’s unobserved ability 𝑥𝑖 and a mean-zero i.i.d. unobserved shock 𝜀𝑖𝑡. In each period, a 

single investor has a budget 𝑅 to allocate among the workers. Let 𝑟𝑖𝑡 denote the allocation to 

worker 𝑖 in period 𝑡, where ∑ 𝑟𝑖𝑡
𝑁
𝑖=1 = 𝑅. The investor earns the payoff Π = ∑ 𝑟𝑖𝑡𝑦𝑖𝑡

𝑁
𝑖=1  from their 

allocations. 
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In this setting, the workers wish to produce as much as possible, but their efforts in doing 

so do not depend on the allocation of the investor. The investor’s allocation only affects his or her 

own payoff. The only information available to the investor to make allocation decisions at time 𝑡 

is the past performance of the workers {𝑦11, … , 𝑦𝑁,𝑡−1}. Because the shock 𝜀𝑖𝑡 is i.i.d, standard 

portfolio theory (Markowitz, 1952) predicts that the allocation decision in period 𝑡 should depend 

only on the sample mean and variance of the performance of each worker through 𝑡 − 1. 

Now suppose that before period 1 begins each worker 𝑖 is assigned a status level 𝑠𝑖 that is 

observed by the principal. Status 𝑠𝑖 could be positively correlated with the worker’s ability 𝑥𝑖, say 

if it is assigned by some kind of merit, or uncorrelated if assigned randomly. Since in period 1 the 

investor has no information about the worker’s prior performance, if 𝑠𝑖 is correlated with 𝑥𝑖 the 

investor may use status to make an allocation decision 𝑟𝑖1, so that 𝑠𝑖 and 𝑟𝑖1 will be correlated. 

However, as the time progresses and the investor observes the performance 𝑦𝑖𝑡 after each period 

𝑡, the investor forms more accurate expectations about the worker’s future performance via the 

sample mean �̅�𝑖𝑡 =
1

𝑡
∑ 𝑦𝑖𝑎

𝑡
𝑎=1 . As 𝑡 grows, status will confer less and less information about 

performance conditional on �̅�𝑖𝑡, so that as long as the investor makes allocations according to 

standard portfolio theory 𝑟𝑖𝑡 and 𝑠𝑖 will eventually cease to be correlated. This change in the 

importance of 𝑠𝑖 is a simple consequence of Bayesian updating after each period. 

Sociologists such as Gould (2002) suggest that principals do not treat information about 

status as suggested by standard portfolio theory. Instead, they assign weight to status information 

in their decisions even when it is uninformative about expected performance, leading to greater 

allocation to high status agents and lower allocation to low status agents than expected 

performance would justify. After Merton (1968), we refer to the overweighting of status in the 

allocation of resources as the “Matthew effect.” In our framework, we would say the investor 
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exhibits the Matthew effect if his/her allocations are correlated with status even when status is not 

informative about future performance of the worker conditional on other information available, 

such as past performance. In terms of our framework, the Matthew effect is finding that 𝐸(𝑟𝑖𝑡𝑠𝑖) ≠

0 when 𝐸(𝑦𝑖𝑡𝑠𝑖|�̅�𝑖,𝑡−1) = 0. We develop our experiment to test this proposition. 

 

2.2. Experimental Design and Procedures 

2.2.1. Overview of the Experiment 

The experiment was conducted in four parts. In part 1, participants were assigned to one of 

three treatments – Random, Coin, and Math – and performed activities that we used to assign status 

categories in part 3. They were then divided into groups of six. Three participants in each group 

were assigned to the role of worker and three to the role of investor. In part 2, the workers 

completed 10 rounds of a piece rate task. In part 3, workers were assigned to status categories 

based on part 1. Then, having been informed of the status of the three workers with which they 

were matched, investors allocated a fixed amount of money among the three workers in their group 

and earned a return based on the worker’s performance, which was revealed after the allocations 

were made. They repeated this for each of the nine rounds from part 2. This design ensures that 

the choices made by investors have no influence on the performance or earnings of workers, ruling 

out those factors as explanations for behavior. In part 4, participants completed an incentivized 

measure of risk aversion and received their payoffs. 

At the beginning of the experiment, participants were told that there would be four 

independent parts and that the new set of instructions (available in Appendix A) would be given 

to them at the beginning of each part. The experimenter read the instructions for each part aloud. 

We implemented the design using a computer interface z-Tree (Fischbacher, 2007). A total of 192 
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undergraduate students participated in 8 experimental sessions at the Economic Science Institute 

laboratory at Chapman University. Each session lasting between 70 and 80 minutes had 24 

participants. 

 

2.2.2. Status Activities 

In part 1, participants were placed in one of three treatments that we label as Random, Coin, 

and Math. Treatments varied at the session level (i.e., between-subject design). There were 2 

sessions of the Random treatment, 3 sessions of the Coin treatment, and 3 sessions of the Math 

treatment. The activities completed in this part were used to assign workers to status categories at 

the beginning of part 3. 

In the Random and Coin treatments, participants were asked to predict the outcomes of a 

series of 15 coin tosses. Participants were told that the computer would randomly choose whether 

the outcome of each toss is heads or tails, and that they would earn $0.40 for each correct guess. 

In the Math treatment, participants were asked to solve 10 math questions similar to those asked 

on the mathematical section of the Graduate Record Examination (Seltzer, 2009). They earned 

$0.60 for each correct answer. 

The actual earnings for this part of the experiment were computed and communicated at 

the end of the experiment, and were independent of other parts of the experiment. 

 

2.2.3. Task Performance by Workers 

In part 2, workers were told that they were in the “business” of adding sets of five two-

digit numbers (Niederle and Vesterlund, 2007). The workers’ task was divided into 10 periods and 

in each period they were given one minute to solve as many problems as they could using only 
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paper and pencil. Workers were paid $0.60 for each correct answer. The actual earnings for this 

part of the experiment were determined at the end of the experiment. 

Investors were asked to answer a demographic survey while the workers completed their 

task. 

 

2.2.4. Status Assignment and Allocations by Investors 

In part 3, the computer assigned status label – gold, silver or bronze – to each worker based 

on the status activities from part 1. In the Random treatment, the status label was assigned 

randomly. In the Coin treatment, the computer assigned the labels based on the workers’ within-

group ranks in guessing coin flips. The worker who had the most correct coin toss guesses was 

assigned gold, worker who was second was assigned silver, and worker who was third was 

assigned bronze. In the Math treatment, the worker who had the most correct answers on math 

quiz in part 1 was assigned gold, worker who was second was assigned silver, and worker who 

had the least correct answers on math quiz was assigned bronze. 

After status assignment was complete, investors were asked to make 10 investment 

decisions related to the performance of workers in their group in part 2. For each decision, the 

investor was asked to allocate $6 (i.e., 𝑅 = 6) among the three workers in their group. The 

allocations could vary in $0.10 increments and had to add up to $6. The investor’s earnings for a 

given decision was calculated as the sum of allocation to a given worker multiplied by the number 

of problems solved by that worker in the period (i.e., ∑ 𝑟𝑖𝑡𝑦𝑖𝑡
3
𝑖=1 ). After each investment decision 

was made, the computer choose one of the 10 periods from part 2 at random (without replacement) 

and displayed the number of problems solved correctly for each worker in the selected period.6 

                                                 
6 We randomized the order of periods to eliminate any time trends that may have emerged as workers gained 

experience with the task. 
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The computer also calculated the investor’s earnings based on the investor’s allocation to each 

worker and their corresponding output in that period. Investors were asked to record all relevant 

information on their personal record sheets, including the performance of workers in the 

corresponding period. After the experimenter checked that all investors had completed their record 

sheets, the experiment proceeded. We implemented this procedure to ensure that investors pay 

attention to previous performance of workers. At the end of the experiment, the computer 

randomly selected one investment decision for payment.  

While investors were making their decisions the workers were given a demographic survey. 

 

2.2.5. Risk Aversion Measures and Payoff 

In part 4, participants made a series of 15 binary choices to measure risk aversion (similar 

to Holt and Laury, 2002). The choices involved a risk-free amount varying from $0.50 to $7.50 

and a lottery offering a 50% chance to get $10 and a 50% chance to get nothing (see Appendix A). 

One of the 15 choices was randomly selected to be paid out at the end of the experiment. 

Finally, at the end of the experiment, the computer displayed outcomes from all parts of 

the experiment and calculated individual earnings. Participants received an average of $28, 

including a participation fee of $7. 

 

2.2.6. Remarks on Design Choices 

Some comments concerning our design choices. First, although only workers were 

assigned a status based on their part 1 performance, we had all participants complete the coin flip 

or math test in part 1. We wanted investors to understand the nature of these tasks through 

experience so that they could judge how much skill was involved. In the Coin treatment, for 
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example, we thought investors would better understand that the number of correct guesses is not a 

signal of skill, and thus status based on coin flips should be uninformative about performance. 

Second, we had workers completing the 10 periods of the adding numbers task before 

investors had an opportunity to make their 10 investment decisions. This allowed us to eliminate 

any confounds, such as time trend or learning, that could have occurred in part 2, by randomly 

selecting one of the 10 periods from part 2 for each of the 10 investment decisions in part 3.7 

Third, we chose to reward all workers using the same piece rate of $0.60 before they 

learned their status. The main reason for this is that we wanted to avoid “the Pygmalion effect” – 

the phenomenon whereby higher expectations lead to an increase in performance (Rosenthal and 

Jacobson, 1968).8 If workers knew that they were of a higher status, potentially they could have 

tried to work harder in part 2, thus attracting more investments in part 3. This would have made it 

more difficult for us to isolate the pure status effect on investments. 

Finally, we did not want for the workers’ earnings to depend on the investment decisions 

of investors for two reasons. First, if investors are inequality-averse (Fehr and Schmidt, 1999), 

they might have tried to minimize inequality by investing more equally among workers. Second, 

if workers are motivated by reciprocity, they might have responded to greater investment by 

working harder. 

 

3. Results 

In this section we present our results. We start by describing the basic patterns of 

performance and investment in the initial investment periods without conditioning on past 

                                                 
7 Alternatively, we could have used the performance of participants from other sessions and let investors make their 

decisions based on this “historical” performance of workers (Cason et al., 2010). However, we were concerned that 

using historical participants would diminish the saliency of status, which is crucial for our study. 
8 The Pygmalion effect has been observed in principal-agent settings (Gómez-Miñambres, 2012; Corgnet et al., 2015). 
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performance. We then regression analysis to explore how status is related to performance and 

investment conditional on past performance and other variables. Finally, we examine potential 

explanations for our findings. 

 

3.1. Basic Findings 

We begin by analyzing the behavior of workers. Table 1 shows the performance of workers 

in coin-flip guessing or math quiz in part 1 and in adding numbers in part 2. We break down mean 

performance by status and by treatment. By design, in the Random treatment, there is no difference 

in part 1 performance between workers of different status. Also, by design, in the Coin and Math 

treatments, workers who performed better in part 1 received higher status. Pairwise comparisons 

using the Wilcoxon signed-rank test fail to reject the null equal performance in the Random 

treatment and reject the same null in the Coin and Math treatments. 

Next, we examine whether the worker’s performance in part 1 is predictive of the worker’s 

overall performance across all rounds in part 2. This way we can see whether status (i.e., 𝑠𝑖) is 

unconditionally informative about an worker’s ability (i.e., 𝑥𝑖). We find no significant correlation 

between part 1 and part 2 performance of workers in the Random treatment (Spearman’s ρ = -0.18, 

p-value = 0.41) or the Coin treatment (Spearman’s ρ = 0.07, p-value = 0.67). This is as expected 

since random assignment and success in guessing coin flips convey no information about ability 

in adding numbers. However, we find that in the Math treatment, workers who performed better 

in the math quiz of part 1 also performed better in part 2 (Spearman’s ρ = 0.46, p-value < 0.01). 

These findings suggest that while status is unconditionally informative of workers’ performance 

in the Math treatment, it is not informative in the Random and Coin treatments. 
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Result 1: Status is informative of workers’ performance in the Math treatment but not in 

the Random and Coin treatments. 

It is not surprising that participants who score higher on the mathematical section of the 

Graduate Record Examination are also better at adding sets of five two-digit numbers, since both 

tasks require mathematical computations. Our main question of interest, however, is how investors 

use this information when making their investment decisions. 

Table 2 shows the average allocation decisions of investors by status of workers and by 

treatment in the first three periods. Recall that in period 1, the only information investors had about 

the workers was their status based on the activity completed in part 1. We see that in the Math 

treatment, investors in period 1 on average allocate $3.1 to the gold worker, $1.8 to the silver 

worker, and only $1.1 to the bronze worker. All pairwise comparisons based on the Wilcoxon 

signed-rank test produce p-values less than 0.01. Recall that in the Math treatment status is 

correlated with performance (Result 1). Therefore, these findings suggest that when the earned 

status is correlated with performance, higher status workers receive higher investments. Moreover, 

this effect persists when examining investments in period 2 (Wilcoxon signed-rank test, p-values 

< 0.01) or in period 3 (Wilcoxon signed-rank test, p-values < 0.01).  

Result 2: In the Math treatment, where the earned status is correlated with performance, 

workers of higher status receive higher investments. 

The unconditional correlation between status and allocation in the Math treatment cannot 

be attributed only to the Matthew effect, even in later periods, because of the correlation between 

status and performance. We need to look at the effect of status on allocation conditional on 

information about the performance of all workers in the group to discover whether investors 

exhibit the Matthew effect in the Math treatment, which we pursue in Section 3.2. 
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Next, we examine if status is important even when it is not predictive of the actual 

performance. Recall that in the Coin treatment status was assigned based on how well the worker 

could predict a completely random event. As we saw, status earned in this way conveys no 

information about the actual performance of worker in part 2. Nevertheless, we find that in period 

1, investors on average allocate $2.5 to the gold worker, $2.0 to the silver worker, and only $1.5 

to the bronze worker. All pairwise comparisons based on the Wilcoxon signed-rank test give p-

values less than 0.01. These findings suggest that even when the earned status is not correlated 

with performance, workers of perceived higher status receive higher investments. This effect 

persists when examining investments in period 2 (Wilcoxon signed-rank test, p-values < 0.05), but 

it diminishes in significance in period 3 (Wilcoxon signed-rank test, p-values are 0.34, 0.09 and 

0.04). 

Result 3: In the Coin treatment, where the earned status is not correlated with performance, 

workers of higher status receive higher investments. 

Result 3 provides some initial evidence in favor of the Matthew effect. Investors allocated 

more resources to the gold worker than would be justified by the relationship between status and 

performance. If worker earnings were linked to the allocation of investors as is often the case in a 

principal-agent setting, the gold worker would earn rent. However, as the investors learn more 

about the performance of each worker in subsequent periods, the correct way to measure the 

Matthew effect is to ask whether investors allocate more to gold workers conditional on the 

performance of all. We undertake this task in Section 3.2. 

It is unlikely that investors allocate more to the workers of higher status to reward workers 

for their status, since by design higher investments do no benefit workers in any way. One could 

argue that gold status workers receive higher investments simply because they are labeled as 
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“gold.” However, this hypothesis is easily dismissed when examining investment decisions in the 

Random treatment. Recall that in this treatment status was assigned randomly. Looking at Table 

2, we see that allocations to workers of different status are very similar in period 1 (Wilcoxon 

signed-rank test, p-values > 0.19), period 2 (Wilcoxon signed-rank test, p-values > 0.48), and 

period 3 (Wilcoxon signed-rank test, p-values > 0.32). A comparison of the results for Coin and 

Random suggests that investors find status in the Coin treatment to be meaningful other than 

through a pure label effect. 

Result 4: In the Random treatment, where status is assigned randomly, workers of different 

status receive similar investments. 

Together, Results 2, 3 and 4 paint an interesting picture. Result 2 shows that workers of 

higher status receive higher investments when their status is earned and predictive of the actual 

performance. Result 3 shows that even when status is not predictive of performance, workers of 

higher status receive economic rents. Finally, Result 4 shows that it is not being labeled as a higher 

status that matters, but rather the fact that such status is earned (Result 3). 

 

3.2. Investments and Performance History  

Beginning in the second period, investors know the prior performance of each worker when 

making their decisions. Portfolio theory suggests that these decisions should depend on the 

expected mean and variance of the returns provided by each investment. The investors have two 

types of information to use in estimating their expected returns: past performance and the workers’ 

status. Since status is randomly assigned in both the Random treatment and Coin treatments, in 

expectation it should be uninformative about performance. Since performance on the math quiz 

and skill in adding numbers is correlated, status may be informative in the Math treatment, 
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particularly when only a few periods of performance data are available, though we would expect 

it to eventually become uninformative relative to information on past performance.  

 

3.2.1. Past Performance and Status as Predictors of Current Performance 

We will first investigate how current performance is related to past performance and status 

by estimating the regression: 

𝑝𝑗𝑔𝑡 = 𝛽0 + 𝛽1𝐺𝑂𝐿𝐷𝑗𝑔 + 𝛽2𝑆𝐼𝐿𝑉𝐸𝑅𝑗𝑔 + 𝛽3𝑚𝑗𝑔𝑡 + 𝛽4𝑠𝑗𝑔𝑡 + 𝜖𝑗𝑔𝑡.           (1) 

The variable 𝑝𝑗𝑔𝑡 represents the performance of worker 𝑗 of group g in period 𝑡. The status of 

worker 𝑗 is given by the dummies 𝐺𝑂𝐿𝐷𝑗𝑔 and 𝑆𝐼𝐿𝑉𝐸𝑅𝑗𝑔. The mean and standard deviation of 

performance through period 𝑡 − 1 are 𝑚𝑗𝑔𝑡 and 𝑠𝑗𝑔𝑡. Since 𝑚𝑗𝑔𝑡 and 𝑠𝑗𝑔𝑡 are only defined for 𝑡 >

1 and since the worker’s final investment is made with knowledge information through period 9, 

we focus primarily on periods 2 through 9 in the analysis. 

We estimate equation (1) separately for each of the three treatments. Results are shown in 

Table 3. The dependent variable is the level of performance in Panel A and the absolute value of 

the change in performance in Panel B. First, we show a regression of performance on the status 

dummies alone in columns 1 through 3 to investigate whether status is informative about 

performance in the absence of other information. The results show that status is informative in the 

Math treatment but not in the Random or Coin treatments. We would expect this to be the case as 

both performance in adding numbers and on the math quiz are related to mathematical ability. 

When we add information about performance in prior periods to the regression in columns 4 

through 6, however, the status variables are no longer large in magnitude nor statistically 

significant for any of the treatments. By contrast, the mean of prior performance is a strong and 

statistically significant predictor of current performance.  
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Panel B shows that the absolute value of the change in performance, which is a measure of 

the riskiness of a worker, is not strongly related to the status variables (columns 1 to 3). When we 

add in measures of past performance, we see that the standard deviation of past performance is a 

strong predictor of the change in performance.  

Result 5: Status is unconditionally correlated with performance in the Math but not in the 

Coin or Random treatments. Status is uncorrelated with performance conditional on past 

performance both overall and in the final five periods. 

This result shows that status provides no information overall conditional on past 

performance. A rational investor allocating his or her funds across the three workers should rely 

on the past means and standard deviations of performance in making their decision and not on the 

status information. In the next section, we will examine to what extent investors follow this 

implication.  

 

3.2.2. Past Performance and Status and Investor’s Allocations 

In this section, we study how past performance and status influence investors allocation 

decisions. The learning literature suggests that in predicting an outcome such as the performance 

of workers, people tend to weight more recent observations more heavily than those that happened 

earlier (Erev and Haruvy, 2015). We add performance in last period to the cumulative mean and 

standard deviation as our measures of performance and refer to it as ℓ𝑗𝑔𝑡. 

We denote the allocation of investors to the gold, silver, and bronze workers in each period 

by 𝑦𝑖𝑔𝑡
𝑘 , where 𝑘 = {𝐺, 𝑆, 𝐵}. How much an investor allocates to any worker depends on how well 

that worker has performed relative to the other workers. We use a seemingly unrelated regression 

(Zellner, 1962) to analyze how the investment in each worker depends on a constant, the mean 
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performance, standard deviation of performance, and last instance of past performance for all three 

types of workers 𝑚𝑘𝑔𝑡, 𝑠𝑘𝑔𝑡, and ℓ𝑘𝑔𝑡. 

𝑦𝑖𝑔𝑡
𝐺 =∝0

𝐺+ ∑ 𝛼1𝑘
𝐺 𝑚𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼2𝑘

𝐺 𝑠𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼3𝑘
𝐺 ℓ𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + 𝛼4

𝐺𝑡 + 𝜀𝑖𝑔𝑡
𝐺 ,    (2)  

𝑦𝑖𝑔𝑡
𝑆 =∝0

𝑆+ ∑ 𝛼1𝑘
𝑆 𝑚𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼2𝑘

𝑆 𝑠𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼3𝑘
𝑆 ℓ𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + 𝛼4

𝑆𝑡 + 𝜀𝑖𝑔𝑡
𝑆 ,     (3) 

𝑦𝑖𝑔𝑡
𝐵 =∝0

𝐵+ ∑ 𝛼1𝑘
𝐵 𝑚𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼2𝑘

𝐵 𝑠𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼3𝑘
𝐵 ℓ𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + 𝛼4

𝐵𝑡 + 𝜀𝑖𝑔𝑡
𝐵 .    (4) 

In each period, each investor has six dollars to allocate among the three workers. This 

implies the following equation must be satisfied for each investor and period: 

𝑦𝑖𝑔𝑡
𝐺 + 𝑦𝑖𝑔𝑡

𝑆 + 𝑦𝑖𝑔𝑡
𝐵 = 6.         (5) 

For equation (5) to always hold, the following must be true: 

∝0
𝐺+∝0

𝑆+∝0
𝐵= 6,                (6) 

𝜀𝑖𝑔𝑡
𝐺 + 𝜀𝑖𝑔𝑡

𝑆 + 𝜀𝑖𝑔𝑡
𝐵 = 0,               (7) 

∑ (𝛼1𝑘
𝑗

+ 𝛼2𝑘
𝑗

+ 𝛼3𝑘
𝑗

)𝑘=𝐺,𝑆,𝐵 + 𝛼4
𝑗

= 0 for 𝑗 ∈ {𝐺, 𝑆, 𝐵}.           (8) 

The restriction on the error terms 𝜀𝑖𝑔𝑡
𝐺 + 𝜀𝑖𝑔𝑡

𝑆 + 𝜀𝑖𝑔𝑡
𝐵 = 0 implies that the variance-covariance 

matrix of the system described by equations (2) to (4) has rank 2 and is thus singular.9 We can 

overcome this problem by dropping one equation from the estimation. We will drop equation (4). 

In estimating the remaining two equations, we must also account for the coefficient constraints in 

equation (8). If we rewrite the constraints for equations (2) and (3) in terms of 𝛼4
𝑗
, substitute, and 

then transform the independent variables using �̃�𝑘𝑔𝑡 = 𝑥𝑘𝑔𝑡 − 𝑡, we get a two-equation system 

that can be consistently estimated: 

                                                 
9 See Wooldridge (2001), p. 168. 
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𝑦𝑖𝑔𝑡
𝐺 =∝0

𝐺+ ∑ 𝛼1𝑘
𝐺 �̃�𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼2𝑘

𝐺 �̃�𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼3𝑘
𝐺 ℓ̃𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + 𝜀𝑖𝑔𝑡

𝐺 ,        (2’) 

𝑦𝑖𝑔𝑡
𝑆 =∝0

𝑆+ ∑ 𝛼1𝑘
𝑆 �̃�𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼2𝑘

𝑆 �̃�𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + ∑ 𝛼3𝑘
𝑆 ℓ̃𝑘𝑔𝑡𝑘=𝐺,𝑆,𝐵 + 𝜀𝑖𝑔𝑡

𝑆 .       (3’) 

We can use the coefficients from this estimation and equation (6) to produce an estimate of 𝛼0
𝐵. 

The null hypothesis that status does not influence allocation is 𝐻0 : ∝0
𝐺=∝0

𝑆= 𝛼0
𝐵 = 2.  

We present the results from estimating the system described by equations (2’) and (3’) for 

each of the three treatments in Table 4. The estimations in Panel A include all investment choices 

made in periods 2 through 10, where investors had information on the prior performance of 

workers. Results for the Random treatment are shown in columns 1 and 2. We see that investment 

with a given worker depends positively on the past mean and last performance of that worker and 

negatively on the past mean and last performance of the other. The constant terms are 2.2 for gold, 

1.8 for silver, and 2.0 for bronze. We fail to reject the null hypothesis that they are equal, and thus 

that status does not influence allocations, with p-value = 0.68. Status has no effect in the Random 

treatment. 

The Coin treatment shows a similar directional pattern of dependence of investment on the 

past performance of workers (Panel A, columns 3 and 4). The constant terms are 3.0 for gold, 1.6 

for silver, and 1.4 for bronze. We reject the null of equal constants with p-value < 0.01. Investors 

thus place more funds with gold and less with silver and bronze than is warranted by past 

performance. Status has a sizeable and significant effect in the Coin treatment. Recall that the only 

difference between Coin and Random is that that the mechanism by which status is assigned in the 

Coin treatment involved making predictions, which can be mistaken for skill or taken to be a sign 

that someone is “lucky.” Also recall that in the Coin treatment, status has no predictive power 

about actual performance, either unconditionally or conditional on the observable data that 

investors have. 



20 

 

The overall pattern in the Math treatment is similar to the Coin treatment (Panel A, columns 

5 and 6). The constant terms are 3.2 for gold, 1.5 for silver, and 1.3 for bronze. The difference 

between them is statistically significant with p-value < 0.01. We saw in Table 3 that in the Math 

treatment status is a good unconditional predictor of future performance but is uncorrelated with 

future performance conditional on information about past performance. 

In pooling the data on periods 2 through 10, we are discounting the possibility that investors 

may require several periods of experience to be able to form good predictions of future 

performance. We therefore repeat the analysis of investment decisions for the final five periods. 

In these periods, investors have seen at least four realizations of worker performance. Estimates of 

the constant terms and test of the null hypothesis on this subset of periods is shown in Table 4, 

Panel B. The results show that the effect of status has disappeared for the Coin treatment but 

remained robust for the Math treatment. This suggests that investors learn that status is not a 

conditional predictor of performance in the former case but not in the latter.  

Result 6: Investors exhibit the Matthew effect by allocating investment based on status as 

well as on past performance. The Matthew effect attenuates over time in the Coin treatment but 

not in the Math treatment. 

 

3.3. Determinants of Investment 

In this section we investigate whether the effects of status on investment differ with the 

characteristics of the investors. The characteristics we consider include demographic 

characteristics, risk preferences, and trust. 

We found evidence for status effects on investment by estimating equations (2’) and (3’) 

and comparing the comparing the constant terms. An alternative form of the null hypothesis we 
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tested is 𝐻0: 𝛼0
𝐺 − 𝛼0

𝑆 = 0. If we add dummy variables for the mediating characteristics of interest 

to equations (2’) and (3’), the estimated coefficients within each equation will tell us whether the 

intercept for that group tends to be conditionally higher or lower than the estimated constant. 

Taking the difference across equations in the estimated coefficients for each variable provides us 

with a measure of whether status is more or less important for the investment decisions of that 

subgroup. 

We estimate such a model and provide a table of these cross-equation differences for each 

mediator in Table 5. In general, the effects of status are not mediated by the characteristics. Most 

of the coefficients are small and not statistically different from zero. The only exception is in the 

Math treatment, where those who report being competitive show a larger tendency to invest in 

gold (column 3). 

  

4. Discussion 

Our experiment sheds light on a mechanism through which social status extracts economic 

rents. When status is simply a randomly assigned label in the Random treatment, investors ignore 

it making their allocations in favor of information on the past performance of workers. Here status 

earns no rent. In contrast, when status is unconditionally correlated with adding-numbers 

performance in the Math treatment, investors suffer from the Matthew effect, favoring those of 

high status even though status does not predict future performance conditional on the information 

investors possess about past performance. This contrast in behavior suggests that information 

about status, which is useful in making allocations in the Math treatment in the absence of any 

other information, impedes investors’ learning from past performance as information about it 

becomes available. When status is unconditionally uncorrelated with adding-numbers performance 



22 

 

but correlated with guessing coin flips in the Coin treatment, investors initially suffer the Matthew 

effect but learn to discount status over time. 

Our findings contrast with the “accountability principle” (Konow, 2000, 2003), which 

states that remuneration should be based on the relevant variables that an individual can influence 

(i.e., performance) but not those that he cannot influence (i.e., status). Nevertheless, our findings 

are consistent with the literature on retrospective voting that finds voters reward/punish politicians 

based on outcomes over which politicians have no control (Healy et al., 2010; Gasper and Reeves, 

2011), as well as the psychology literature on outcome bias (Baron and Hershey, 1988; Marshall 

and Mowen, 1993).10 While our study cannot determine why investors over-rely on status 

information in making their allocation, a plausible explanation is that status provides an easy to 

use heuristic that investors substitute for the more difficult task of combining status with past 

performance (see Kahneman, 2011, chapter 9). 

Our study contributes to several areas of research. First, our study contributes to the 

literature on “the Matthew effect” (Merton, 1968; Azoulay et al., 2014). According to the Matthew 

effect, people of higher status are rewarded more than people of lower status for an objectively 

similar work. In this way, our paper is related to Gould (2002) who suggested the Matthew effect 

as a mechanism by which rents associated with high status could emerge in a competitive setting. 

Another way of viewing the Matthew effect is that people overweight past experience in assessing 

the present. In this way our paper is related to Malmendier and Nagel (2011, 2016) who show that 

experiences of inflation during one’s lifetime significantly influences expectations about future 

inflation and risk-taking. Consistent with both of these strands of literature, we find that workers 

                                                 
10 There are also recent studies showing that participants often condition their giving and reciprocity on both 

performance and luck of others (Erkal et al., 2011; Rey-Biel et al., 2015; Rubin and Sheremeta, 2016). 
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of higher status receive higher investments (extract economic rents) than workers of lower status 

and this is true even when status is not predictive of the future performance.  

Second, our study is related to the literature on discrimination (Becker, 1957; Phelps, 1972; 

Arrow, 1973) and stereotypes (Schneider, 2004; Bordalo et al., 2016). For example, Reuben et al. 

(2014) use a laboratory experiment to show that men are more likely to be hired (invested in) than 

women even when both genders perform equally well.11 Similarly, our findings show that higher 

status attracts more investment even when such status is not predictive of the actual performance. 

Combining the results from Reuben et al. and our study, it could be argued that one reason for 

gender discrimination is that men are assigned higher status (Ridgeway and Bourg, 2004) which 

is not predictive of the actual performance but yet it extracts economic rents.  

Third, our study contributes to the literature on dynamic managerial incentives 

(Holmström, 1999). The objective of a manager is to infer the productivity of an agent from a 

series of realizations of output. This could be a difficult task given that the agent may want to 

distort their productivity in earlier periods in order to elicit higher wage in later periods (Freixas 

et al., 1985; Charness et al., 2011). The results of our study show that the task of empirically 

evaluating the agent’s productivity may be further complicated by status considerations. Note that 

the task we gave participants is easier than that faced by most managers in evaluating the ability 

of their employees because individual output was observable. This suggests our study would be 

biased toward finding a smaller status effect than would be obtained in the labor market. While 

we do not provide direct evidence of labor market rents accruing to status, this inference is made 

more plausible by features of the labor market that provide evidence against marginal productivity 

as the sole determinant of wages, particularly the existence of industry- and establishment-level 

                                                 
11 This discrimination is hard to eliminate even after applying different interventions designed to overcome gender 

bias in hiring (Price, 2012; Baldiga and Coffman, 2016; Bohnet et al., 2016). 
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rents for workers (Dickens and Katz, 1986; Kreuger and Summers, 1988; Card et al., 2013) and 

the “recursive, self-fulfilling process” (Thaler, 2016) by which executive pay is determined (see 

Bebchuk and Fried, 2004). 

Finally, our study contributes to the finance literature on investment portfolio composition 

(Markowitz, 1952). The standard prediction is that the investment decision should depend on the 

sample mean and variance of the asset. However, recent experimental studies have questioned this 

proposition by showing that people “believe” in luck (Bou et al., 2015; Suetens et al., 2016) and 

that investors are willing to pay for random information that has no predictive power (Powdthavee 

and Riyanto, 2015). Similarly, we find that participants designated as investors in our experiment 

make their investments based on not only the sample mean and variance of the worker’s previous 

performance, but also on the worker’s status, even when such status has no predictive power. 
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Table 1: Performance of Workers by Status and by Treatment  

 
 Part 1 (Coin flip/math quiz) Part 2 (Adding numbers) 

Treatment Gold Silver Bronze Gold Silver Bronze 

Random 7.4 6.5 6.3 18.1 18.5 17.6 

 (1.0) (0.8) (0.7) (2.2) (1.9) (2.6) 

Coin 9.1 7.4 5.5 16.1 16.7 17.3 

 (0.2) (0.3) (0.3) (1.8) (1.7) (1.8) 

Math 6.8 5.0 2.7 15.3 17.9 10.9 

 (0.5) (0.5) (0.4) (2.3) (1.4) (1.1) 

The standard errors of the mean are in parentheses. 

 

 

 

Table 2: Investments by Status and by Treatment  

 
 Period 1 allocations Period 2 allocations Period 3 allocations 

Treatment Gold Silver Bronze Gold Silver Bronze Gold Silver Bronze 

Random 2.0 2.1 1.9 1.8 2.1 2.1 2.2 1.9 1.9 

 (0.1) (0.1) (0.1) (0.2) (0.3) (0.2) (0.3) (0.2) (0.2) 

Coin 2.5 2.0 1.5 2.6 1.9 1.5 2.3 2.1 1.6 

 (0.1) (0.1) (0.1) (0.2) (0.1) (0.2) (0.2) (0.1) (0.2) 

Math 3.1 1.8 1.1 3.2 1.8 1.0 3.1 1.8 1.1 

 (0.2) (0.1) (0.1) (0.2) (0.1) (0.1) (0.2) (0.1) (0.1) 

The standard errors of the mean are in parentheses.    
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Table 3: Predicting Worker Performance from History and Status 

 

Panel A: Level of Performance 

 
 Random Coin Math Random Coin Math 

 Periods 1-9 Period 1-9 Period 1-9 Periods 2-9 Periods 2-9 Periods 2-9 

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

Gold 0.04 -0.13 0.46* 0.18 -0.07 -0.08 

 (0.34) (0.26) (0.26) (0.12) (0.09) (0.10) 

Silver 0.08 -0.04 0.71*** 0.17 0.00 0.01 

 (0.32) (0.24) (0.18) (0.10) (0.08) (0.12) 

Mean Prior Performance    0.97*** 1.00*** 1.05*** 

    (0.07) (0.05) (0.08) 

SD Prior Performance    0.12 0.36** -0.27 

    (0.29) (0.14) (0.18) 

Constant 1.75*** 1.71*** 1.07*** 0.00 -0.10 0.26* 

 (0.27) (0.19) (0.11) (0.18) (0.12) (0.14) 

Adjusted R2 -0.01 -0.00 0.08 0.51 0.58 0.51 

N 216 324 324 192 288 288 

 

 

Panel B: Absolute Value of Change in Performance 

 
 Random Coin Math Random Coin Math 

 Periods 2-9 Periods 2-9 Periods 2-9 Periods 2-9 Periods 2-9 Periods 2-9 

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

Gold 0.11 0.03 0.10 -0.04 0.05 0.14 

 (0.10) (0.15) (0.12) (0.10) (0.06) (0.09) 

Silver 0.19* -0.08 0.19 0.02 0.05 -0.05 

 (0.11) (0.15) (0.15) (0.10) (0.09) (0.10) 

Mean Prior Performance    -0.00 0.00 -0.04 

    (0.05) (0.05) (0.07) 

SD Prior Performance    0.92*** 1.31*** 1.00*** 

    (0.12) (0.10) (0.17) 

Constant 0.64*** 0.67*** 0.73*** 0.12 -0.16 0.11 

 (0.08) (0.12) (0.07) (0.09) (0.14) (0.10) 

Adjusted R2 0.00 0.00 0.00 0.17 0.34 0.30 

N 192 288 288 192 288 288 

 

Notes: Stars indicate statistical significance * p<0.1; ** p<0.05; *** p<0.01. Standard errors allow for arbitrary correlation at 

the worker level. 

 

 

  



31 

 

Table 4: Investment, Status, and Performance History 

 

Panel A: All Periods 

 
 Random Coin Math 

 Invested in 

Gold 

Invested in 

Silver 

Invested in 

Gold 

Invested in 

Silver 

Invested in 

Gold 

Invested in 

Silver 

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

Mean of Gold 1.50*** -0.22 0.65*** -0.28 0.98*** -0.58*** 

 (0.31) (0.24) (0.18) (0.21) (0.18) (0.14) 

Mean of Silver -0.72** 1.01*** -0.73*** 1.21*** -0.46 0.79*** 

 (0.30) (0.22) (0.23) (0.25) (0.38) (0.30) 

Mean of Bronze -0.60*** -0.58*** -0.39** -0.90*** -0.83*** 0.04 

 (0.14) (0.18) (0.19) (0.19) (0.32) (0.25) 

Last of Gold 0.26*** -0.20** 0.29*** -0.11* 0.14** -0.10** 

 (0.09) (0.09) (0.07) (0.06) (0.06) (0.05) 

Last of Silver -0.13 0.13* -0.21*** 0.38*** -0.18*** 0.19*** 

 (0.08) (0.08) (0.07) (0.07) (0.07) (0.06) 

Last of Bronze -0.04 -0.04 -0.18* 0.03 0.15 -0.32*** 

 (0.08) (0.07) (0.09) (0.12) (0.13) (0.09) 

SD of Gold -0.31 -0.02 0.52 -0.48 -0.59 0.41 

 (0.26) (0.26) (0.53) (0.50) (0.58) (0.41) 

SD of Silver -0.04 -0.31 -0.18 -0.13 0.04 -0.28* 

 (0.26) (0.28) (0.28) (0.21) (0.26) (0.16) 

SD of Bronze 0.14 0.18 0.30 0.22 0.79 -0.23 

 (0.27) (0.28) (0.46) (0.40) (0.51) (0.30) 

Constant 2.16*** 1.84*** 2.98*** 1.64*** 3.15*** 1.49*** 

 (0.21) (0.22) (0.37) (0.44) (0.35) (0.22) 

𝛼0
�̂� 2.16*** 2.98*** 3.15*** 

 (0.21) (0.37) (0.35) 

𝛼0
�̂� 1.84*** 1.64*** 1.49*** 

 (0.22) (0.44) (0.22) 

𝛼0
�̂� 2.00*** 1.38*** 1.36*** 

 (0.22) (0.32) (0.22) 

𝐻0: 𝛼0
�̂� = 𝛼0

�̂� = 𝛼0
�̂� = 2 0.68 <0.01 <0.01 

N 216 324 324 

 

Panel B: Final Five Periods 

 
 Random Coin Math 

 (1) (2) (3) 

𝛼0
�̂�  2.18*** 2.39*** 2.74*** 

 (0.39) (0.68) (0.47) 

𝛼0
�̂�  1.73*** 2.05*** 2.10*** 

 (0.50) (0.56) (0.41) 

𝛼0
�̂�  2.10*** 1.56** 1.16*** 

 (0.32) (0.61) (0.34) 

𝐻0: 𝛼0
�̂� = 𝛼0

�̂� = 𝛼0
�̂� = 2  0.86 0.76 0.05 

N 120 180 180 

Notes: Stars indicate statistical significance * p<0.1; ** p<0.05; *** p<0.01. Table report estimates of the seemingly unrelated 

regression system in equations (2’) and (3’). Standard errors are computed by bootstrap with resampling at the participant level. 
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Table 5: Mediators of the Effect of Status on Investment 

 
 Random Coin Math 

 (1) (2) (3) 

Female 0.24 -0.91 0.13 

 (0.71) (0.81) (0.77) 

Caucasian -0.15 0.54 -0.05 

 (0.77) (0.65) (0.89) 

High GPA -0.20 -0.52 0.49 

 (0.61) (0.67) (0.98) 

Studies Business or Economics 1.06 0.78 -0.10 

 (1.03) (0.72) (0.84) 

Parental Income Over $150K -1.04 0.07 0.31 

 (0.83) (0.67) (0.63) 

Risk Averse (Incentive) -0.09 0.45 -0.11 

 (0.63) (0.67) (0.87) 

Risk Averse (Self-Evaluation) 0.23 -0.03 -0.12 

 (0.60) (0.77) (0.90) 

Competitive 0.52 -0.08 1.16* 

 (0.82) (0.83) (0.66) 

Trusting 0.77 -0.26 -1.04 

 (0.80) (0.64) (0.94) 

Constant 1.34 0.72 1.45** 

 (0.87) (1.39) (0.75) 

N 216 324 324 

Notes: Stars indicate statistical significance * p<0.1; ** p<0.05; *** p<0.01. Table 

report the estimated differences in coefficients between equations (2’) and (3’) 

augmented to include dummy variables for the characteristics shown. Standard errors 

are computed by bootstrap with resampling at the participant level. 
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Appendix A – Instructions 

GENERAL INSTRUCTIONS 

This is an experiment in the economics of decision-making. The instructions are simple. If 

you follow them carefully, you can make an appreciable amount of money.  

There are 24 participants in todays’ experiment. The experiment will proceed in 4 parts. 

Some parts contain decision problems that require you to make a series of choices that determine 

your total earnings. The currency used in all parts of the experiment is U.S. Dollars. You have 

already received a $7.00 participation fee. Your earnings from all parts of the experiment will be 

added to your participation fee. At the end of today’s experiment, you will be paid in private and 

in cash. 

Paper and pencil have been provided for you if you need them to do calculations. 

It is very important that you remain silent and do not look at other people’s work. If you 

have any questions, or need assistance of any kind, please raise your hand and an experimenter 

will come to you. If you talk, laugh, exclaim out loud, etc., you will be asked to leave and you will 

not be paid. We expect and appreciate your cooperation.  

At this time we proceed to PART 1 of the experiment. 

 

PART 1 

[Random and Coin treatments] In PART 1 of the experiment you will be asked to predict 

the outcomes of a series of 15 coin tosses. The computer will randomly choose whether the 

outcome of each toss is heads or tails. There is a 50% chance of heads and a 50% chance of tails 

on each toss. You will earn $0.40 for each correct guess. There is no penalty for incorrect guesses. 

You may use the paper and pencil provided to work out your answers. 

[Math treatment] In PART 1 of the experiment you will have 15 minutes to answer 10 quiz 

questions. The questions are from the mathematical section of the Graduate Record 

Examination. The questions are multiple-choice and have five potential answers 1 through 5. You 

will earn $0.60 for each correct answer. There is no penalty for incorrect answers. You may use 

the paper and pencil provided to work out your answers. 

The actual earnings for this part of the experiment will be determined at the end of the 

experiment, and will be independent of other parts of the experiment. 

Please use the table below to record your decisions and then input them on your computer 

screen. 

 

PART 2 

In PART 2 of the experiment, the 24 participants in the room will be randomly divided into 

four groups of 6 people. The six people in each group will be divided in two roles: worker and 

investor. Each group will have 3 workers and 3 investors. 

In this part, the workers will be in the “business” of solving a particular kind of math 

problem: adding together sets of five two-digit numbers. An example of the workers’ task is to 

solve the problem: 34 + 55 + 72 + 41 + 63 = ___. The correct answer to this problem is 265. 

The worker’s task will be divided into 10 periods. In each period, ten problems will appear 

on the screen for one minute. The worker will be paid $0.60 for each correct answer. There is no 

penalty for incorrect answers. You may use the paper and pencil provided to work out your 

answers. 
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The actual earnings for this part of the experiment will be determined at the end of the 

experiment, and will be independent of other parts of the experiment. 

While the workers are adding numbers, the investors will complete a demographic survey. 

 

PART 3 

[Random treatment] In PART 3 of the experiment, the computer will randomly assign a 

name to each worker in each group either as Gold, Silver, or Bronze.  

[Coin treatment] In PART 3 of the experiment, the computer will rank each worker in each 

group as Gold, Silver, or Bronze depending on their relative scores from PART 1. Specifically, 

worker who had the most correct coin toss guesses in PART 1 will be called Gold, worker who 

was second will be called Silver, and worker who had the least correct coin toss guesses will be 

called Bronze.  

[Coin treatment] In PART 3 of the experiment, the computer will rank each worker in each 

group as Gold, Silver, or Bronze depending on their relative scores from PART 1. Specifically, 

worker who had the most correct answers on math quiz in PART 1 will be called Gold, worker 

who was second will be called Silver, and worker who had the least correct answers on math quiz 

will be called Bronze. 

In this part of the experiment, investors will make investment decisions, while workers will 

complete a demographic survey. Investors will make 10 investment decisions related to the 

performance of workers in their group in PART 2. For each decision to be made by an investor, 

the computer will randomly select one of the 10 periods from PART 2 for all three workers in 

the group. Once a period is selected, it can never be chosen again. 

For each decision, investors will allocate $6 among the three workers in their group. The 

investor’s allocations can vary in $0.10 increments (for example $1.20, $1.80 and $3.00), but they 

have to add up to $6. The investor’s earning for a given decision is calculated by the following 

formula: The investor’s earning = allocation to worker Gold × the number of problems solved 

correctly by worker Gold in PART 2 + allocation to worker Silver × the number of problems solved 

correctly by worker Silver in PART 2 + allocation to worker Bronze × the number of problems solved 

correctly by worker Bronze in PART 2. 

For example, suppose that an investor allocates $2 to worker Gold, $3 to worker Silver, 

and $1 to worker Bronze. Also, suppose that worker Gold solved 3 problems correctly in the 

randomly chosen period from PART 2, worker Silver solved 4 problems, and worker Bronze 

solved 0 problems. Then the investor will earn $2 × 3 = $6 from their allocation to worker Gold, 

$3 × 4 = $12 from their allocation to worker Silver, and $1 × 0 = $0 from their allocation to worker 

Bronze. Their total earnings are $6 + $12 + $0 = $18. 

After each investment decision has been made, the computer will randomly choose one of 

the 10 periods from PART 2. Then the computer will display the number of problems solved 

correctly for each worker in the selected period. The computer will also calculate the investor’s 

earnings based on the investor’s allocation to each worker and their corresponding performance in 

that period. 

The actual earnings for this part of the experiment will be determined at the end of the 

experiment, and will be independent of other parts of the experiment. At the end of the experiment 

the computer will randomly select one of the 10 investment decisions for actual payment.  

Please use the table below to record your decisions and then input them on your computer 

screen. 
 

PART 4 
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In PART 4 of the experiment, you will be asked to make choices in 15 decision problems. 

How much money you receive will depend partly on chance and partly on the choices you make. 

On your computer screen you will see a table with 15 lines (as shown below). In each line 

you will state whether you prefer Option A or Option B. Option A always offers a 50% chance 

to get $10 and a 50% chance to get $0, while Option B always offers a certain amount for sure 

(between $0.50 and $7.50, depending on the line). You should think of each line as a separate 

decision you need to make. However, only one line will be the ‘line that counts’ and will be 

paid out.  
 

Decision 

line 
Option A Option B 

Choose 

A or B 

1 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$0.50 for sure  

2 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$1.00 for sure  

3 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$1.50 for sure  

4 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$2.00 for sure  

5 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$2.50 for sure 
 6 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$3.00 for sure  

7 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$3.50 for sure  

8 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$4.00 for sure  

9 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$4.50 for sure  

10 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$5.00 for sure 
 11 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$5.50 for sure  

12 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$6.00 for sure  

13 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$6.50 for sure  

14 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$7.00 for sure  

15 $10.00 with 50% chance $0.00 with 50% chance 

1,2,3,4,5,6,7,8,9,10,11,

12,13,14,15,16,17,18,1

9,20 

$7.50 for sure  

 

At the end of the experiment the computer will randomly draw one line for payment. Your 

earnings for the selected line depend on which option you chose: If you chose A in that line, then 

the computer will randomly choose either $10 or $0 with equal chances as your payment. If you 

chose B in that line, then you will receive for sure the exact amount that is specified by Option B 

in that line. 
 

EARNINGS 

Participation fee ______ 

PART 1 ______ 

PART 2 ______ 

PART 3 ______ 

PART 4 ______ 

You total earnings ______ 


