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This paper studies the effect of risk aversion on effort under different monitoring schemes. It uses a theoretical model which relaxes the assumption of agents being risk neutral, and investigates changes of effort as monitoring varies. The predictions of the theoretical model are tested using an original experimental setting where the level of risk aversion is measured and monitoring rates vary exogenously. Our results show that shirking decreases with risk aversion, being female, and monitoring. Moreover, monitoring is more effective to curtail shirking behaviors for subjects who are less risk averse, although the size of the impact is rather small.

Motivation

Firms often face the agency dilemma. While firms' objective is to maximize their profits, employees would like to maximize their utilities. On the firms' side, workers' efforts are needed in order to increase productivity and also firms' profits. However, effort is costly for workers. As workers would like to minimize their cost in order to achieve higher utility, they look for opportunistic behaviors which could lower their cost. 1 These behaviors are not in the firms' favor as they might negatively affect workers' productivity which also lowers the firms' profits. Therefore, employers try to avoid these behaviors with several tools such as monitoring. There have been debates on whether monitoring works as employers often believe. Two different stories explain the different directions of the impact of monitoring. The crowding-out theory in psychology literature suggests that monitoring may reduce overall intrinsic motivation and work effort. [START_REF] Deci | Effects of externally mediated rewards on intrinsic motivation[END_REF], [START_REF] Deci | Intrinsic Motivation[END_REF], and [START_REF] Deci | A meta-analytic review of experiments examining the effects of extrinsic rewards on intrinsic motivation[END_REF] argued that when workers feel that they are not being trusted or controlled, they lose their motivation to work and the economic incentives such as monetary rewards or sanctions are not as efficient as planned. 2 Hence, according to this story, monitoring would decrease workers' efforts.

On the other hand, in the principal-agent problem, workers are rational cheaters, and therefore provide less than the optimal level of effort when the marginal benefit of doing so exceeds its cost. Therefore, in this case monitoring motivates the agents to raise their effort level in order to reduce the risk of a penalty if they get caught shirking [START_REF] Alchian | Production, information costs and economic organizations[END_REF], [START_REF] Calvo | Supervision, loss of control, and the optimum size of the firm[END_REF], [START_REF] Fama | Separation of ownership and control[END_REF], [START_REF] Laffont | The Theory of Incentives: The Principal-Agent Model[END_REF], and [START_REF] Prendergast | The provision of incentives in firms[END_REF]). There are a number of studies [START_REF] Rickman | The determinants of employee crime in the uk[END_REF][START_REF] Nagin | Monitoring, motivation, and management: The determinants of opportunistic behavior in a field experiment[END_REF][START_REF] Kerkvliet | Can we control cheating in the classroom[END_REF][START_REF] Bunn | Crime in the classroom: An economic analysis of undergraduate student cheating behavior[END_REF][START_REF] Becker | Crime and punishment: An economic approach[END_REF]) that investigate the rational cheater model and observe the variation of effort in response to monitoring. Nevertheless, an empirical validation of the rational 1 Shirking behavior occurs when the workers put less efforts than they are supposed to put according to their contract with their employers.

2 For example, paying for blood donation would reduce the willingness to donate [START_REF] Drago | Microeconomic Issues in Labour Economics: New Approaches[END_REF], [START_REF] Frey | The cost of price incentives: An empirical analysis of motivation crowding-out[END_REF], [START_REF] Kreps | Intrinsic motivation and extrinsic incentives[END_REF], [START_REF] Gneezy | A fine is a price[END_REF], [START_REF] Bohnet | More order with less law: On contract enforcement, trust, and crowding[END_REF], [START_REF] Frey | Motivation crowding theory: A survey of empirical evi-dence[END_REF], and [START_REF] Bnabou | Intrinsic and extrinsic motivation[END_REF]).

cheater model is difficult to establish outside of an experimental setting. Cheating is indeed difficult to detect and employers already enforce a wide set of schemes to discourage their employees from shirking. [START_REF] Nagin | Monitoring, motivation, and management: The determinants of opportunistic behavior in a field experiment[END_REF] have set an experimental design that circumvents the empirical challenges listed above and provide empirical evidence of the rational cheater model. They ran a field experiment in 16 sites of call centers, in order to see the relationship between monitoring and work motivation. The call center operators were followed for weeks with different monitoring rates. Via callbacks3 , the authors found that the employees are acting as rational cheaters and would shirk more as monitoring rate decreases. More precisely the number of 'bad calls' responds to the call-back rate. When the monitoring rate increases, the number of bad calls decreases.

Yet, allowing workers' heterogeneity in various dimensions, those who had 'positive attitudes' towards firms did not respond to lower monitoring, which could be partly explained by the crowding-out theory. More recently [START_REF] Dickinson | Does monitoring decrease work effort? the complementarity between agency and crowding-out theories[END_REF] explained the complementarity between the crowding-out theory and the agent problem in a principalagent experimental setting. Their findings are two-fold: (i) both principals and agents respond to extrinsic incentives, (ii) intrinsic motivation is crowded out when monitoring is above a certain threshold. [START_REF] Jitsophon | The hidden costs of control in the field[END_REF] found that, in addition, controlling decreases workers motivation and lower their productivity, by setting an Origami-task experiment.

In this paper, we would like to follow the rational cheater model, but with a relaxation of risk neutrality of workers. Risk aversion may explain the heterogeneity observed by [START_REF] Nagin | Monitoring, motivation, and management: The determinants of opportunistic behavior in a field experiment[END_REF] in addition to the crowding-out effect. Attitudes towards risk could explain various economic behaviors: job-sorting decisions [START_REF] Pfeifer | Risk aversion and sorting into public sector employment[END_REF]; [START_REF] Bonin | Crosssectional earnings risk and occupational sorting: The role of risk attitudes[END_REF]; [START_REF] Ekelund | Selfemployment and risk aversion-evidence from psychological test data[END_REF]), and wages [START_REF] Pissarides | Risk, job search, and income distribution[END_REF]; [START_REF] Murphy | Unemployment, risk, and earnings: Testing for equalizing wage differences in the labor market[END_REF]; [START_REF] Moore | Unions, employment risks, and market provision of employment risk differentials[END_REF]; [START_REF] Hartog | Risk compensation in wages -a replication[END_REF]; [START_REF] Pannenberg | Risk aversion and reservation wages[END_REF]). Also it has been shown that often individual risk aversion is negatively correlated with productivity and the wage [START_REF] Gneezy | Performance in competitive environments: Gender differences[END_REF]; [START_REF] Grund | Performance pay and risk aversion[END_REF]; [START_REF] Cornelissen | Performance pay, risk attitudes and job satisfaction[END_REF]; [START_REF] Dohmen | Performance pay and multidimensional sorting: Productivity, preferences, and gender[END_REF]). Risk-averse workers are found to dislike the competitive and stressful work environment where the payment is higher. When there is monitoring, would they be more afraid of getting caught and take monitoring more harshly than others? Here is our interest. As full monitoring is not possible, under any monitoring schemes, uncertainty is likely to play a role, in which case we can identify different behaviors according to individual risk aversion.

The objective of this paper is, therefore, an attempt to provide a unified theory of the rational cheater model where the assumption that the agents are risk neutral is relaxed.

More specifically, we investigate whether the impact of monitoring depends on individual risk aversion. To illustrate our point, we set up an experimental design where individual risk aversion is measured. As we build on [START_REF] Nagin | Monitoring, motivation, and management: The determinants of opportunistic behavior in a field experiment[END_REF] and exogenously change the perceived monitoring rate and observe the variation in effort by the agents, we address some concerns regarding endogeneity.

Among others, the experiment is original in its design since we control for the perceived monitoring rate and observe the shirking behavior of individuals along with their level of risk aversion. Our results contribute to the literature by addressing the effectiveness of monitoring as a necessary condition for preventing risk-averse individuals from shirking.

The remainder of the paper is organized as follows. The conceptual framework will be explained in Section 2. Section 3 will set up the experimental design and the relevant model along with the simulation results. Finally, we will discuss the results of the experiment in Section 4, then conclude in Section 5.

Conceptual Framework: Shirking behavior with

Monitoring

Here, we present a simple conceptual framework about the effect of the monitoring rate on shirking behavior with risk preferences. We start with a risk-neutral agent. First, we define 'shirking' as putting less effort than the desired level. A firm gives the agent a contract with the desired effort e * and the wage of W e * . If the agent accepts that offer, he/she can decide whether to provide the full desired effort e * , or less effort which we call 'shirking effort' e s . By definition, the desired effort is greater than the shirking effort (e * > e s ). Then, with this effort provision, the agent can have different outcomes. The production function Y is increasing with effort e, and therefore, the outcome with the desired effort is always better than the outcome when a shirking behavior is engaged (Y (e * ) > Y (e s )). According to the agent's outcome, the wage is set as a piece-rate wage scheme (bY (e)). An agent can have two different strategies: (1) provide the full contractual effort (payment: bY (e * )) or (2) shirk by providing the shirking effort and pretend to have supplied the full effort e * and thus ask for the payment of bY (e * ). In the latter case, there is a chance of being caught if the company has a monitoring system.

With a probability of being caught (monitoring rate) of m, the agent who decides to shirk will be only paid according to what he actually does (payment : bY (e s )) which is smaller than the payment with the full effort (payment: bY (e * )). Then, we can now derive the optimal monitoring rate where the agent switches her shirking behavior. Taking the risk-neutral agent first, as her utility function is linear in wealth, the monitoring rate where the agent switches from shirking to not shirking is:

m * = C(e * ) -C(e s ) b[Y (e * ) -Y (e s )]
calculated from the indifference condition of expected utility between shirking and not shirking

U [W e * ] = mU [W es,m ] + (1 -m)U [W es,1-m ] W e * = mW es,m + (1 -m)W es,1-m bY (e * ) -C(e * ) = m(bY (e s ) -C(e s )) + (1 -m)(bY (e * ) -C(e s ))
Therefore the optimal No-Detect rate for the risk-neutral agent is:

P * = 1 -m * = 1 - C(e * ) -C(e s ) b[Y (e * ) -Y (e s )] = W e * -W es,m b[Y (e * ) -Y (e s )]
Figure 2 illustrates the risk-neutral agent's utility function. At the optimal level of the no-detect rate (P * = 1-monitoring rate m), the agent switches her shirking behavior.

The risk-neutral agent's optimal strategy with respect to P is

-0 ≤ P < P * , m * < m ≤ 1 : U [W e * ] > mU [W es,m ] + (1 -m)U [W es,1-m ] : Does not shirk -P = P * , m = m * : U [W e * ] = mU [W es,m ] + (1 -m)U [W es,1-m ] : Indifferent between Shirking and Not Shirking -P * < P ≤ 1, 0 ≤ m < m * : U [W e * ] < mU [W es,m ] + (1 -m)U [W es,1-m ] : Shirks
The shirking disincentives can be seen in the lower triangle of Figure 2, where the agent does not shirk, while the shirking incentives are in the upper triangle, where she always shirks.

We now introduce two different types of agent (risk averse and risk seeking) in addition to the risk-neutral agent. Figure 3 draws the utility functions for each agent: the riskneutral agent has a linear utility function, the risk-averse agent has a concave utility function, and the risk-seeking agent has a convex utility function with respect to wealth.

Given that we now know the optimal level of the no-detect rate P * = P (RN ) * for the riskneutral agent, we can graphically obtain the optimal no detect rate for the risk-seeking agent P (RS) * and the risk-averse agent P (RA) * . Due to the concavity (convexity) of the utility function for the risk-averse (seeking) agent, the optimal no-detect rate of switching from not shirking to shirking is higher (lower) than that of the risk-neutral agent. In other words, the risk-averse agent will shirk at a lower monitoring rate (higher no-detect rate) than the risk-neutral agent, whereas the risk-seeking agent will shirk at a higher monitoring rate than the risk-neutral agent. Therefore, the switching no-detect rate for each agent is 0 < P (RS) * < P (RN ) * < P (RA) * < 1, and we can, hence, infer the relationship between the optimal no-detect rate P * (the monitoring rate m * ) and the risk parameter r (the higher is r, the greater is risk aversion):

∂P * ∂r > 0 → ∂m * ∂r < 0
which means, as they become more risk averse, agents switch from shirking to not shirking at lower monitoring rates. Once the agent decides to shirk, she will then choose the optimal level of shirking which will maximize her utility. We will discuss this in more details in the next Section. 

Setting

We carry out a controlled experiment in which the subjects cannot select themselves into one group or another with regard to their risk aversion. Subjects are randomly allocated to their group and undergo the tasks assigned to their group. Therefore, the parameter of risk aversion is exogenous to the monitoring rate. 5

The experiment involves solving tasks in a limited time period. Each task consists in counting even numbers in a fifteen-digit code to calculate the sum and compare this to a given number k. 6 When the sum is equal to the given number k, the participant reports 'true', and 'false' otherwise. As we put the alternative with which participants have to

compare to the answer that they calculate close to the correct answer (i.e. using a normal distribution with small variance), participants can learn that the given alternatives can be around the correct answer from the training session, which will make participants tempted to click 'yes' with guessing (i.e. shirking). As we asked to add all even numbers presented in a 15 digit-code, we only gave the even numbers as the given alternative for each code.

Since these exercises require no particular skills, we believe that no participant is disadvantaged. 7 The participants report the number of codes solved on a piece of paper and are paid according to their performance. Before the experiement, the instruction of the experiment were given to the participants. We asked them to imagine that they were working for a cryptography firm where the profit is upon the number of codes solved 6 The code is generated by simulating n repeated Bernoulli draws of even and odd numbers with a probability p of getting an even number. The level of difficulty depends on the parameter p used to generate the code. The smaller p, the easier the item as there will be less even numbers to count in a code. The random number k is a code generated following the normal distribution with the mean of the sum, for example 7 It is possible that students who experience difficulties at reading might be disadvantaged. We can control for that by asking the participants to report whether they have been diagnosed with eyes issues. right, and the salary is based on the performance. Starting with a training session, we gave participants four sessions assigning different monitoring rates. Each session lasts for 5 minutes.

Training Task: Participants are asked to decipher codes correctly in 5 minutes, and then paid a flat rate of 5 euros. Nothing is reviewed.

Treatment Task 1: Participants are asked to decipher codes correctly in 5 minutes.

They are also told that all answers will be checked and that participants will be paid according to the correct answers.

Treatment Task 2: Participants are asked to decipher codes correctly in 5 minutes.

They are also told that they will play a lottery after the task. With 60% probability, all answers will be checked and they will be paid according to the correct answers.

With 40% probability, nothing will be reviewed, and they will be paid according to the numbers of codes they say they solved regardless of whether they are correct or not.

Treatment Task 3: Participants are asked to decipher codes correctly in 5 minutes.

They are also told that they will play a lottery after the task. With 20% probability, all answers will be checked and they will be paid according to the correct answers.

With 80% probability, nothing will be reviewed, and they will be paid according to the numbers of codes they say they solved regardless of whether they are correct or not.

For the purpose of the study we sampled 263 volunteers who are paid 10 cents per code deciphered with the flat wage of 5 euros for showing up and taking the training task.

Since we also want to control for heterogeneity in attitudes towards risk, the subjects took a test measuring individual risk aversion. In order to avoid learning bias and ordering effects, we randomized the order of tasks 1, 2, and 3 for each subject. 

Model: Shirking behavior with Monitoring

In this section, we derive a set of predictions given the setting of the experiment. Assume that the number x of codes successfully deciphered by a participant depends on the effort e supplied. She shirks whenever she considers a code deciphered by guessing. For instance she makes a guess with the probability p(< 1) whether the sum of even numbers in a fifteen-digit code corresponds to the given number. To simplify the model, we assume that if the participant puts in enough effort, she gets the answer right, as counting is a reasonable easy task. We therefore assume a linear relationship between the effort and the outcome. In our case, effort e i corresponds to the number of codes for which the subject provided the full desired effort. On the other hand, we define s i , as shirking behavior; the number of codes which the subject answered by guessing. The subjects are offered a linear contract of the form w i = bx i . We assume that supplying effort to solve the codes is costly: c(e i ) = c i e i . Therefore, we consider shirking as shirking on quality.

When an individual shirks, then the quality of work decreases (i.e. the correction rate of solving codes is lower).

We here have two possible states of wealth depending on the monitoring rate m, when the subject allocates effort and determines shirking behavior (e i and s i ).

-shirking is detected with probability m, and the subject receives a wage according to the real outcome: b(e i + ps i ) with cost c(e i ). This utility is U [b(e i + ps i )]c(e i ) -shirking is not detected with probability 1m, and the subject receives the full wage: b(e i + s i ) with cost c(e i ). This utility is

U [b(e i + s i )] -c(e i )
The agent chooses the level of effort and shirking by maximizing her expected utility.

max e i ,s i EU [e i , s i ] max m[U {b(e i + ps i )} -c(e i )] + (1 -m)[U {b(e i + s i )} -c(e i )] s.t T ≥ v e i e i + v s i s i
T is the total time endowment that the subject can use in one task, and v e i and v s i are the time needed to provide effort and shirking, respectively. Using the negative exponential utility function with risk-aversion parameter r i (u(w i ) = -exp[-r i w i ]), we can solve for the optimal level of s * i via the first-order condition:

s * i = ln(1 -m) -ln(m) + ln(c + v e -v s ) -ln(v s -cp -v e p) r i b(1 -p)
It is easy to see that optimal shirking is falls with the monitoring rate :

∂s * i ∂m = -1 1-m -1 m r i b(1 -p) < 0 
However, when we look at the relationship between risk aversion and optimal shirking, it is more complex, and more conditions need to be applied in order to check the sign. We, therefore, ran a simulation of our experiment environment. Figure 5 shows the simulation results for optimal shirking, which varies with the monitoring rate for different levels of risk aversion. 8 This shows that optimal shirking decreases as the subject is more risk averse. Also as the monitoring rate rises, optimal shirking decreases. It also shows that at a lower level of monitoring rate, less risk-averse subjects are more sensitive to the monitoring rate increase, whereas the slopes of more risk-averse subjects are rather flat, and not much affected by the monitoring rate change. Indeed risk-averse agents tend to shirk less at any level of monitoring. After a certain high monitoring rate (85%), no one intends to shirk as optimal shirking falls below zero. We may infer that the full monitoring is not necessary under this setting. If enough monitoring is exerted, workers will not shirk. Figure 6 shows the shirking proportion by monitoring and risk aversion. . When we compare less risk-averse agents to more risk-averse agents, both reduce their shirking proportion as monitoring increases. More risk-averse agents always have less incentives to shirk at any level of monitoring and have a rather flat slope, whereas less risk-averse agents shirk significantly more when monitoring is low enough. In this representation, the graph shows that the slope of the risk-averse agent is flatter than that of less risk-averse individuals, starting at the lower level of shirking proportion. We would thus like to test that (i) more risk-averse individuals shirk less ( ∂s * ∂r < 0), (ii) shirking falls with monitoring ( ∂s * ∂m < 0), and (iii) more risk-averse individuals have a flatter shirking slope with monitoring ( ∂ 2 s * ∂r∂m > 0). In order to test these three hypotheses, we set up an empirical model which we discuss in the following section.

∂s * i ∂r i = - ln(1 -m) -ln(m) + ln(c + v e -v s ) -ln(v s -cp -v e p) r 2 i b(1 -p) ∂s * i 2 ∂r i ∂m = ( 1 1 -m + 1 m ) 1 b(1 -p) 1 r 2 i > 0 12 -2 0 2
8 b = 10, c = 1, v s,i = 4, v e,i = 6, T = 300

Results

Data

Table 1 presents the descriptive statistics of the samples we use for the experiment.

Including the pilot session, we used 263 subjects. The average age is around 24, most of whom are students as the lab belongs to the University of Paris 1. About half of the subjects are female and religious. We also collected information on family background.

Most of the subjects' parents are employed or in managerial positions. In addition to socio-demographic information, we also gathered data on individual risk aversion.

Table 2 gives the simple statistics for the risk-attitude questions. Subjects are asked to grade their risk attitudes on a 11-ladder Likert scale from 0 being extremely risk averse to 10 being extremely risk seeking. The average is around 5.2 which would be considered as risk neutral. The second methodology used to derive the individuals' preferences towards risk elicits the individual's willingness to pay for a lottery ticket. The level of risk aversion is measured via a series of questions, where each subject states her preference between 3 euros in cash and several fair lotteries of which the expected gains are 2, 2.5, 3, 3.5, 4, and 4.5 euros. On average, they would switch from cash to lottery when the expected gain is 3.5, which is higher than the certain cash amount. This suggests that subjects are somewhat risk averse at the mean. However the median is 3 euros, which is risk neutral. We also gathered various risk-related questions in order to create an aggregate measure of risk aversion à la [START_REF] Arrondel | French savers in the economic crisis : What has changed ? variation of preferences or simple adaptation to a new environment[END_REF]. We have questions on certainty equivalence, which measures the reservation price for the lottery. In these questions, the average reply is rather 'risk averse'. We also asked for some behavior-related questions such as the average time of arrival before the scheduled departure at the train station or at the airport, as well as smoking and drinking. Using these questions, we created a score variable of risk aversion via the principal component analysis, with an increasing order (the higher, the more risk averse). We also simplify the self-reported measure into three outcomes of being risk seeking, risk neutral, and risk averse. Indicates that the variable is discrete and takes the values 1 "No", 2 "Rather no", 3 "Sometimes" and 4 "Yes". a The subject self declares her or his level of risk aversion on a scale from 0 -extremely risk averse -to 10 -extremely risk seeker. b The level of risk aversion is measured via a series of questions where the subject states his preferences between 3e in cash and several fair lotteries of which the expected gains are 2, 2.5, 3, 3.5, 4 and 4.5e. c The level of risk aversion is measured as the principal component underlying the variables self-reported risk aversion, lottery questions, price p50, price p20, time train and time flight. d The subject is asked to give the maximum price she or he is willing to pay for a lottery ticket which offers a best outcome of 1000e with a probability of 50% or a worse outcome of 0e. e The subject is asked to give the maximum price she or he is willing to pay for a lottery ticket which offers a best outcome of 1000e with a probability of 20% or a worse outcome of 0e. f The subject has a wealth of 1000e and is asked to give the maximum amount s/he is willing to pay to insure against a risk of losing her/his wealth with a probability of 20%. 7 and Figure 8 show the distribution of our risk-aversion measures. Selfreported risk aversion is bell-shaped, whereas the aggregated measure is a little skewed as the scale is not balanced between risk seeking and risk aversion. Figure 9 compares the self-reported and lottery measures. While the self-reported measure distributes subjects into three categories evenly, the lottery measure groups more subjects into the risk neutral regions.

Table 3 shows the correlation between the risk-aversion measures and related questions. In this paper, we mainly focus on the aggregated measure (hereafter, RA PCA) and the self-reported measure (hereafter, RA Self). Both measures are significantly correlated with each other and are consistently correlated with the other questions: more risk-averse subjects would pay less for the lottery tickets, show up earlier at the train station/airport, and smoke and drink less. Also risk-averse subjects are on average more anxious. When considering socio-demographic characteristics, women and the more religious are more risk averse. At the end of the experiment, we asked subjects how they perceived the tasks they undertook: rather as a possibility of winning money or losing money. Risk-averse subjects tend to perceive these tasks as losing money. This makes sense as risk-averse agents take the losing possibility more seriously. Figure 10 depicts the average time (in seconds) spent on each item. As the number of item reviewed increases, subjects tend to spend less time on each code. This might be due to the loss of concentration over time or rather a strategy to go over more codes as time becomes more pressing. In comparison to full monitoring (task1), subjects take less time for each code when there is only 20% of monitoring of their work (task3). Figure 11 shows the graph for the number of subjects on each item. It is clear that with 20% monitoring, more people reach higher item numbers, compared to when there is more intensive monitoring. a It is a dummy variable equal to "1" if the item has been correctly answered by the subject and "0" if not.

seconds, we assume that the code is deciphered by shirking9 . In the experimental design, we set 4 seconds to get the answer buttons to appear in order to let participants decide whether to shirk or make an effort to solve, depending on the difficulty of the code. We expect that when the code seems more difficult with higher numbers to calculate, the probability of getting right and the time spent would increase. Also this 4-second rule could prevent the temptation to click continuously, and decrease the incentives to shirk by peer effect (i.e. hearing that the neighbour clicks continuously/shirking). As we put the alternative with which participants have to compare to the answer that they calculate close to the correct answer (i.e. using a normal distribution with small variance), participants can learn that the given alternatives can be around the correct answer from the training session, which will make participants tempted to click 'yes' with guessing (i.e. shirking). If we look at the correlation coefficient between the shirking item and whether the answer is 'Yes', it is indeed positive and significant (ρ= 0.1151 significant at the 1% level) in Table 5. In other words, when participants shirk, they tend to put more 'Yes'. performance outcomes at the task level. More risk-averse subjects have fewer items that we assume to be guessed by shirking and fewer items reviewed in each task. They have also fewer correct items. However, this is because the code is [Yes/No] questions, so if you shirk and make a guess, still there is a chance of p which is greater than zero of getting the right answer. So if the subjects shirk a lot, this increases the number of correct items. Nonetheless, more risk-averse subjects have a higher proportion of correct items. Monitoring works in the same way as risk aversion. As monitoring becomes more intensive, there is less shirking, and fewer items solved, but the correction rate would increase.

Table 7 shows the subjects' performance across tasks. Monitoring rates in Tasks 1, 2, and 3 are 100%, 60%, and 20%, respectively. At the task level, the table shows that as the monitoring rate reduces the number of items reviewed and the number of shirked items rise. At the item level, as the monitoring rate decreases, (i) the subjects spend less time on each item, (ii) the success rate of each item decreases, and (iii) the items are more likely to be reviewed by guessing.

Table 8 is a simple calculation of the monetary incentive to make people shirk across tasks. We calculated the difference in the number of shirking codes, and the difference in Standard errors are reported in parentheses. † Task 0 is the training session. Participants get paid a fixed amount of 5 euros. gains across tasks. On average, each shirking behavior would be induced by a monetary incentive of 6 cents. Risk seekers would shirk at a lower level of the monetary incentive than would others. Table 9 provides more detail on how the three different types (riskseeking, risk-neutral, and risk-averse agents) change their performance across tasks. At both the task and item levels, we can observe that as subjects become more risk averse, and as monitoring increases, subjects review fewer items at each task, spend more time on solving codes, and therefore we find fewer shirked codes.

Analyses

We first start with the baseline analysis under full monitoring 10 . RA PCA measures the level of risk aversion by aggregating various dimensions related to risk. It captures the core risk attitudes and reduces measurement errors and noise (Arrondel andMasson (2010, 2011)).

Table 10 shows the simple OLS results with clustered standard errors at the individual level. Risk aversion is negatively correlated with the number of shirking codes, the number of items reviewed, the number of correct codes, and the gains at the task level (Columns (1), ( 2), (3), and (5), respectively). Being risk averse reduced the probability that the code is deciphered by shirking (Column (6)) and increases the time spent on each item. However those estimates are not statistically significant. One interesting feature is that women shirk less, and also review fewer items. This pattern is quite similar to being risk averse and actually women are more risk averse. The difficulty of each item is also controlled. When the level of difficulty increases, it is likely to increase the time to solve the item, and also the probability of getting the right answer decreases. We could disentangle the impact on the shirking outcome that purely comes from risk aversion and monitoring. We should be careful when we interpret the number of correct items and the proportion of correct items (Column (4) and ( 5)). As explained earlier, the number of correct items may increase with shirking, as the probability of getting the right answer 10 Task 1. when shirking is greater than zero. Therefore, the proportion of correct items does not really vary with risk aversion even though the latter is negatively correlated with the number of correct answers. This might explain why the risk-averse workers' productivity is lower, but the quality of work is better as they are more careful and take more time to do the work. In our paper, we want to estimate ∂y ∂m , ∂y ∂ra , and

∂ 2 y ∂m∂ra
, where y is various proxies for shirking behavior such as the number of shirking codes, the number of items reviewed, whether the code is shirked, and the time spent to solve each code.

The following specification is estimated :

y it = β 0 + β m m t + β ra ra i + β m,ra m t × ra i + β x x i + ǫ it
However, we might be concerned that the attitude towards risk is correlated with unobservables such as calculation ability or cognitive skills for computer work.

E[m t × ǫ it | x ik ] = 0 and E[ra it × ǫ it | x it ] = 0
We will, hence, estimate the model with first a random effect and then a fixed effect.

Table 11 is the random-effect specification at the task level, and Table 13 is at the item level. Our dependent variables are the number of shirking codes, the number of items reviewed, the number of correct items, the proportion of correct items, and gains. In the first five columns in Table 11 the results present the pure risk aversion effects on shirking behavior, while in the last five Columns, we have the results of the cross derivatives of risk aversion and the monitoring rate. With the interaction terms, we allow for different slopes for risk aversion. Being more risk averse reduces the shirking behavior (the number of items reviewed) but also lowers gains11 . As monitoring increases, the shirking behaviors diminish significantly. When we look at the interaction terms, the risk-averse individuals have a flatter downward curve with the monitoring rate, although the estimates are not significant (except for the gains). We only have a small sample size (789), so capturing any small marginal change due to risk aversion might be difficult. At the item level, the estimates become more significant as we now have more observations. Allowing subject ability to vary at each task (random effect), we observe that risk-averse subjects spend more time on each item, and succeed in finding the correct answer. However, again, with interactions, it reduces the size of marginal effects (the slopes are flatter) as the interactions have opposite signs. Risk-averse subjects shirk less from the beginning (20% monitoring rate) and do not respond so much as less risk-averse subjects who shirk more and then modify their behaviors more as the monitoring rate changes, which is what we expected from our theoretical framework and simulation results. More strictly we run a fixed-effect model. The fixed effect can control for unobservables which might be correlated with individual risk-aversion and ability, and correct for the omitted variable bias. However, in the fixed effect specification, we can only observe the marginal effect of monitoring changes and the interaction terms, as individual risk aversion level is absorbed into the individual fixed effect. Table 12 gives the results at the task level. Similar to the random-effect model, greater monitoring reduces shirking. Also we have different signs for the interaction terms, meaning that the risk-averse individuals respond less to monitoring. Table 14 shows more significant coefficients with a larger sample size.

Intensive monitoring reduces shirking, but less for risk-averse subjects.

Overall, with our specification, we can observe that (i) risk-averse subjects shirk less, (ii) intensive monitoring reduces shirking, and (iii) risk-averse subjects respond less to the monitoring rate.12 However, the second degree of the impact of risk aversion for monitoring (cross derivative of risk averion and monitoring) is rather marginal, while gender and monitoring play important roles.

Concluding Remarks

This paper has investigated shirking with risk aversion under different monitoring schemes.

A conceptual model explains that risk-averse subjects switch from shirking to not shirking at a lower monitoring rate in comparison to less risk-averse subjects. In our setting, subjects decide whether to shirk or put in an effort in order to solve given codes across tasks with different monitoring rates. We derive a relevant theoretical model and the simulation results show that risk aversion is negatively correlated with shirking in general, and so is the monitoring rate. When more intensive monitoring is exerted, individuals shirk less, but the size of any change differs by risk aversion. As more risk-averse agents shirk less at any level of monitoring, they respond less to the monitoring change in comparison to less risk-averse agents.

The experiment contains a series of codes to decipher. The objective of the task is to solve as many codes as possible under different payment schemes. With an uncertain probability, subjects can be paid either only for correct answers or with more luck for the number of items they tried to solve regardless of whether they are correct or not.

This corresponds to a real work environment where the firm cannot really monitor every piece produced by the employees. In this setting, we observe that indeed risk-averse subjects behave differently than risk-seekers: they shirk less under uncertainty. Also monitoring works as we expected from the rational cheater model: it reduces shirking behavior. Looking at the slope of the impact of monitoring on shirking, that of risk-averse subjects is flatter than that of less risk-averse subjects, as expected from the theoretical framework; less risk-averse subjects shirk more at lower monitoring rates and they modify their behaviors sharply as monitoring increases.

We, therefore, validate the effectiveness of monitoring as a necessary condition for preventing shirking. In addition, we suggest that risk-averse agents may earn less under a piece-rate contract due to their lower productivity. As they do not bet on the outcome of not getting caught when shirking, but provide more effort to avoid mistakes, they produce less. However the quality of their work is better. That leaves an open question of whether firms should search for greater productivity or better work quality. This subject is useful on further research which remains to be carried out on the firms' side. 
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  Figure 1: Shirking Decision Making under Monitoring Rate m
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  All experiments were computerized using the REGATE software designed by Zeilliger (2000) and the program was set up by Maxim Frolov from the Centre d'Economie de la Sorbonne of the University of Paris 1. These experiments were held in Laboratoire d'Economie Experimentale de Paris (L.E.E.P) of the Paris School of Economics.
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 78 Figure 7: Distribution of Self-Assessed Risk Aversion.

Table 1 :

 1 Descriptive Statistics of Subjects.

	Obs Min Mean Median Max

Table 2 :

 2 Descriptive Statistics of Variables Related to Risk Aversion.

	Obs Min	Mean Median Max

Table 3 :

 3 Pairwise Correlation Matrix.

		RA PCA RA Self RA Lottery
	RA PCA	1.0000		
	RA Self	0.4136*	1.0000	
	RA Lottery	0.3156*	0.2195*	1.0000
	Price P50	-0.8010* -0.1863*	-0.0880*
	Price P20	-0.7633* -0.1621*	-0.0426
	Insurance P20 -0.1243* 0.0905*	-0.0088
	Time Train	0.1288*	0.0499	-0.0065
	Time Flight	0.1065*	0.1000*	0.0492
	Tobacco	-0.4447*	0.0057	-0.053
	Alcohol	-0.3903* -0.0506	-0.0949*
	Anxiety	0.1154*	0.1645*	-0.0007
	Woman	0.2932*	0.0983*	-0.1135*
	Education	0.0181	0.1140*	0.1541*
	Religion	0.1255*	-0.0047	-0.0561
	Task	0.1681*	0.2072*	0.1603*

a ⋆ 5% significance. b Task : Did you consider the task as the possibility of winning money or losing money?

Table 4

 4 

	shows the descriptive statistics of the variables measuring the subjects' per-
	formance. In each task, we have information on the number of items reviewed by the
	subjects. On average, subjects solved 29 items per task. If the time spent is less than 5

Table 4 :

 4 Descriptive Statistics of Variables Measuring the Subjects' Performance.

	Obs Min Mean Median Max

Table 6

 6 is the correlation matrix of risk aversion and the monitoring rate with the

Table 5 :

 5 Pairwise Correlation Matrix Item Level.

		RA PCA RA Self Difficulty	Yes	Shirked
	Answer is Yes	-0.0234* 0.0215*	-0.0124
	Item is Shirked -0.0342* -0.0490* -0.0220* 0.1151*
	Time Spent	0.0249*	0.0418*	0.0423* -0.1185* -0.7418*

a ⋆ 1% significance.

Table 6 :

 6 Pairwise Correlation Matrix Task Level.

		RA PCA RA Self Monitoring
	No. Shirking Items -0.1545* -0.0980*	-0.2341*
	No. Items	-0.1757* -0.1396*	-0.1871*
	No. Correct Items	-0.1469* -0.1015*	-0.0372
	Correct Proportion 0.0902*	0.1140*	0.2682*

a ⋆ 1% significance.

Table 7 :

 7 Subjects' Performance Across Tasks.

	Task 0	† Task 1 Task 2 Task 3

† Task 0 is the practice session. Participants get paied 5 euros as fixed rate.

Table 8 :

 8 Money Incentive for Shirking.

	Mean	Sd	Obs
	Risk Seeking 0.056 0.274 159
	Risk Neutral 0.073 0.136 189
	Risk Averse 0.063 0.172 137
	a The mean of money incentive is calcu-
	lated as the change of number of shirk-
	ing codes over tasks divided by the
	change of the gains over tasks.	

Table 9 :

 9 Subjects' Performance Across Tasks and Risk Aversion.

		Risk Seeker	Risk Neutral	Risk Averse
	Task 0	† Task 1 Task 2 Task 3 Task 0 Task 1 Task 2 Task 3 Task 0 Task 1 Task 2 Task 3

Table 10 :

 10 Risk Aversion under Full Monitoring

	Task Level	Item Level

a ⋆ 10%, ⋆⋆ 5%, and ⋆⋆⋆ 1% significance. b Standard errors are clustered at the individual level.

Table 11 :

 11 Task Level, Random Effect.

		(1)	(2)	(3)	(4)	(5)	(6)	(7)	(8)	(9)	(10)
		N Shirking N Items N Correct % Correct	Gains	N Shirking N Items N Correct % Correct	Gains
	Risk Aversion	-1.448	-1.450*	-0.589	0.012	-0.124*	-2.049*	-1.798*	-0.563	0.019*	-0.195**
		(0.76)	(0.66)	(0.42)	(0.01)	(0.06)	(1.00)	(0.76)	(0.46)	(0.01)	(0.07)
	Monitoring Rate = 20% (ref)										
	Monitoring Rate = 60%	-5.639*** -3.525***	-0.517	0.063*** -0.471*** -5.639*** -3.525***	-0.517	0.063*** -0.471***
		(1.13)	(0.68)	(0.34)	(0.01)	(0.07)	(1.13)	(0.67)	(0.34)	(0.01)	(0.07)
	Monitoring Rate = 100%	-9.654*** -5.779***	-0.681*	0.099*** -0.870*** -9.654*** -5.779***	-0.681*	0.099*** -0.870***
		(1.13)	(0.68)	(0.34)	(0.01)	(0.07)	(1.13)	(0.67)	(0.34)	(0.01)	(0.07)
	RA x Monitoring 20% (ref)										
	RA x Monitoring 60%						0.249	0.040	0.038	-0.003	0.069
							(1.13)	(0.68)	(0.34)	(0.01)	(0.07)
	RA x Monitoring 100%						1.556	1.004	-0.117	-0.018	0.144*
							(1.13)	(0.68)	(0.34)	(0.01)	(0.07)
	Woman (=1)	-7.879*** -5.429*** -3.606***	0.011	-0.482*** -7.879*** -5.429*** -3.606***	0.011	-0.482***
		(1.52)	(1.32)	(0.84)	(0.01)	(0.11)	(1.52)	(1.32)	(0.84)	(0.01)	(0.11)
	Age	-0.081	0.093	0.053	-0.001	0.008	-0.081	0.093	0.053	-0.001	0.008
		(0.14)	(0.12)	(0.08)	(0.00)	(0.01)	(0.14)	(0.12)	(0.08)	(0.00)	(0.01)
	Graduate Student	1.023	1.162	1.028	0.008	0.148	1.023	1.162	1.028	0.008	0.148
		(1.47)	(1.28)	(0.81)	(0.01)	(0.11)	(1.47)	(1.28)	(0.81)	(0.01)	(0.11)
	Constant	25.001*** 33.501*** 23.857*** 0.751*** 3.116*** 25.001*** 33.501*** 23.857*** 0.751*** 3.116***
		(3.49)	(3.00)	(1.90)	(0.03)	(0.26)	(3.49)	(3.00)	(1.90)	(0.03)	(0.26)
	R squared Within	0.123	0.124	0.008	0.160	0.223	0.127	0.129	0.009	0.166	0.230
	R squared Between	0.139	0.107	0.099	0.018	0.115	0.139	0.107	0.099	0.018	0.115
	R squared Overall	0.132	0.112	0.083	0.084	0.158	0.133	0.113	0.083	0.086	0.161
	Chi square	115.100	105.383	32.800	104.596	184.172	117.300	108.328	33.007	108.619	188.925
	Observation	789	789	789	789	789	789	789	789	789	789
	a ⋆ 10%, ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.									

Table 12 :

 12 Task Level, Fixed Effect. ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.

		(1)	(2)	(3)	(4)	(5)
		N Shirking N Items N Correct % Correct	Gains
	Monitoring Rate = 20% (ref)					
	Monitoring Rate = 60%	-5.639*** -3.525***	-0.517	0.063*** -0.471***
		(1.13)	(0.67)	(0.34)	(0.01)	(0.07)
	Monitoring Rate = 100%	-9.654*** -5.779***	-0.681*	0.099*** -0.870***
		(1.13)	(0.67)	(0.34)	(0.01)	(0.07)
	RA x Monitoring 20% (ref)					
	RA x Monitoring 60%	0.249	0.040	0.038	-0.003	0.069
		(1.13)	(0.68)	(0.34)	(0.01)	(0.07)
	RA x Monitoring 100%	1.556	1.004	-0.117	-0.018	0.144*
		(1.13)	(0.68)	(0.34)	(0.01)	(0.07)
	Constant	20.787*** 34.779*** 24.844*** 0.755*** 3.285***
		(0.80)	(0.48)	(0.24)	(0.01)	(0.05)
	R-squared	0.127	0.129	0.009	0.166	0.230
	Observations	789	789	789	789	789
	a ⋆ 10%,					

Table 13 :

 13 Item Level, Random Effect.

		(1)	(2)	(3)	(4)	(5)	(6)
		Shirking	Time	Correct	Shirking	Time	Correct
	Risk Aversion	-0.022	0.510**	0.014*	-0.027*	0.537**	0.018*
		(0.01)	(0.18)	(0.01)	(0.01)	(0.19)	(0.01)
	Monitoring Rate = 20% (ref)						
	Monitoring Rate = 60%	-0.111*** 1.125*** 0.066*** -0.110*** 1.131*** 0.066***
		(0.01)	(0.07)	(0.01)	(0.01)	(0.07)	(0.01)
	Monitoring Rate = 100%	-0.201*** 2.173*** 0.111*** -0.200*** 2.162*** 0.110***
		(0.01)	(0.07)	(0.01)	(0.01)	(0.07)	(0.01)
	RA x Monitoring 20% (ref)						
	RA x Monitoring 60%				0.003	0.096	0.003
					(0.01)	(0.07)	(0.01)
	RA x Monitoring 100%				0.015*	-0.193** -0.017**
					(0.01)	(0.07)	(0.01)
	Woman ( = 1)	-0.160*** 1.930***	0.017	-0.160*** 1.930***	0.017
		(0.02)	(0.37)	(0.01)	(0.02)	(0.37)	(0.01)
	Age	-0.003	0.023	-0.001	-0.003	0.023	-0.001
		(0.00)	(0.03)	(0.00)	(0.00)	(0.03)	(0.00)
	Graduate Student	0.024	-0.586	0.009	0.024	-0.584	0.009
		(0.02)	(0.35)	(0.01)	(0.02)	(0.35)	(0.01)
	Item Difficulty	-0.002*** 0.031*** -0.002*** -0.002*** 0.031*** -0.002***
		(0.00)	(0.00)	(0.00)	(0.00)	(0.00)	(0.00)
	Constant	0.695*** 4.500*** 0.793*** 0.695*** 4.494*** 0.792***
		(0.05)	(0.83)	(0.03)	(0.05)	(0.83)	(0.03)
	R squared Within	0.038	0.040	0.016	0.038	0.041	0.017
	R squared Between	0.153	0.120	0.067	0.152	0.120	0.069
	R squared Overall	0.067	0.071	0.020	0.068	0.071	0.020
	Chi square	1030.952 1072.991 418.368	1036.420 1089.344 430.091
	Observations	24994	24994	24994	24994	24994	24994

a ⋆ 10%, ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.

Table 14 :

 14 Item Level, Fixed Effect.

		(1)	(2)	(3)	(4)	(5)	(6)
		Shirking	Time	Correct	Shirking	Time	Correct
	Monitoring Rate = 20% (ref)						
	Monitoring Rate = 60%	-0.110*** 1.120*** 0.065*** -0.110*** 1.126*** 0.065***
		(0.01)	(0.07)	(0.01)	(0.01)	(0.07)	(0.01)
	Monitoring Rate = 100%	-0.200*** 2.168*** 0.110*** -0.199*** 2.157*** 0.109***
		(0.01)	(0.07)	(0.01)	(0.01)	(0.07)	(0.01)
	RA x Monitoring 20% (ref)						
	RA x Monitoring 60%				0.003	0.095	0.002
					(0.01)	(0.07)	(0.01)
	RA x Monitoring 100%				0.015*	-0.194** -0.017**
					(0.01)	(0.07)	(0.01)
	Item Difficulty	-0.002*** 0.031*** -0.002*** -0.002*** 0.031*** -0.002***
		(0.00)	(0.00)	(0.00)	(0.00)	(0.00)	(0.00)
	Constant	0.636*** 4.239*** 0.778*** 0.636*** 4.237*** 0.778***
		(0.01)	(0.09)	(0.01)	(0.01)	(0.09)	(0.01)
	R-squared	0.038	0.040	0.016	0.038	0.041	0.017
	Observations	24491	24491	24491	24491	24491	24491

a ⋆ 10%, ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.

Table 15 :

 15 Gender Test: Task Level. ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.

		(1)	(2)	(3)	(4)	(5)	(6)	(7)	(8)	(9)	(10)
		N Shirking N Items N Correct % Correct	Gains	N Shirking N Items N Correct % Correct	Gains
	Monitoring Rate = 20% (ref)										
	Monitoring Rate = 60%	-8.568*** -5.252***	-0.619	0.093*** -0.630*** -8.568*** -5.252***	-0.619	0.093*** -0.630***
		(1.54)	(0.92)	(0.47)	(0.01)	(0.10)	(1.54)	(0.92)	(0.47)	(0.01)	(0.10)
	Monitoring Rate = 100%	-13.338*** -7.986***	-0.504	0.144*** -1.036*** -13.338*** -7.986***	-0.504	0.144*** -1.036***
		(1.54)	(0.92)	(0.47)	(0.01)	(0.10)	(1.54)	(0.92)	(0.47)	(0.01)	(0.10)
	Woman (=1) x Monitoring 20% (ref)										
	Woman (=1) x Monitoring 60%	6.214**	3.663**	0.215	-0.063**	0.337*	6.214**	3.663**	0.215	-0.063**	0.337*
		(2.24)	(1.34)	(0.68)	(0.02)	(0.14)	(2.24)	(1.34)	(0.68)	(0.02)	(0.14)
	Woman (=1) x Monitoring 100%	7.814***	4.679***	-0.375	-0.094***	0.353*	7.814***	4.679***	-0.375	-0.094***	0.353*
		(2.24)	(1.34)	(0.68)	(0.02)	(0.14)	(2.24)	(1.34)	(0.68)	(0.02)	(0.14)
	Woman ( = 1)	-13.407*** -9.063*** -3.900*** 0.070*** -0.785***					
		(1.95)	(1.49)	(0.90)	(0.02)	(0.14)					
	Age	-0.079	0.096	0.054	-0.001	0.008					
		(0.14)	(0.12)	(0.08)	(0.00)	(0.01)					
	Graduate Student	0.957	1.097	1.001	0.009	0.142					
		(1.48)	(1.28)	(0.81)	(0.01)	(0.11)					
	Constant	27.635*** 35.242*** 24.007*** 0.723*** 3.261*** 20.787*** 34.779*** 24.844*** 0.755*** 3.285***
		(3.55)	(3.04)	(1.91)	(0.03)	(0.26)	(0.79)	(0.47)	(0.24)	(0.01)	(0.05)
	Method	RE	RE	RE	RE	RE	FE	FE	FE	FE	FE
	R squared Within	0.145	0.147	0.010	0.196	0.235	0.145	0.147	0.010	0.196	0.235
	R squared Between	0.127	0.090	0.092	0.008	0.098	0.125	0.084	0.083	0.006	0.087
	R squared Overall	0.135	0.106	0.077	0.094	0.153	0.010	0.004	0.004	0.054	0.050
	Chi square	126.228	115.304	31.472	129.437	188.632					
	Observations	789	789	789	789	789	789	789	789	789	789
	a ⋆ 10%,										

Table 16 :

 16 Gender Test: Item Level. ⋆⋆ 5%, and ⋆⋆⋆ 1% significance.

		(1)	(2)	(3)	(4)	(5)	(6)
		Shirking	Time	Correct	Shirking	Time	Correct
	Monitoring Rate = 20% (ref)						
	Monitoring Rate = 60%	-0.154*** 1.611*** 0.094*** -0.153*** 1.607*** 0.094***
		(0.01)	(0.09)	(0.01)	(0.01)	(0.09)	(0.01)
	Monitoring Rate = 100%	-0.247*** 2.748*** 0.152*** -0.246*** 2.743*** 0.150***
		(0.01)	(0.10)	(0.01)	(0.01)	(0.10)	(0.01)
	Woman (=1) x Monitoring 20% (ref)						
	Woman (=1) x Monitoring 60%	0.103*** -1.170*** -0.069*** 0.104*** -1.173*** -0.069***
		(0.01)	(0.15)	(0.01)	(0.01)	(0.14)	(0.01)
	Woman (=1) x Monitoring 100%	0.110*** -1.368*** -0.097*** 0.110*** -1.369*** -0.095***
		(0.01)	(0.15)	(0.01)	(0.01)	(0.15)	(0.01)
	Woman ( = 1)	-0.241*** 3.037*** 0.078***			
		(0.02)	(0.36)	(0.01)			
	Age	-0.003	0.022	-0.001			
		(0.00)	(0.03)	(0.00)			
	Graduate Student	0.023	-0.560	0.009			
		(0.02)	(0.36)	(0.01)			
	Item Difficulty	-0.002*** 0.031*** -0.002*** -0.002*** 0.031*** -0.002***
		(0.00)	(0.00)	(0.00)	(0.00)	(0.00)	(0.00)
	Constant	0.731*** 4.007*** 0.766*** 0.634*** 4.253*** 0.779***
		(0.05)	(0.83)	(0.03)	(0.01)	(0.09)	(0.01)
	Method	RE	RE	RE	FE	FE	FE
	R squared Within	0.042	0.045	0.019	0.042	0.045	0.019
	R squared Between	0.145	0.102	0.069	0.075	0.067	0.000
	R squared Overall	0.069	0.071	0.021	0.012	0.010	0.014
	Chi square	1117.4 1172.361	478.684			
	Observations	24994	24994	24994	24994	24994	24994

a ⋆ 10%,

Callbacks would be monitoring in this setting. Callbacks could catch the 'bad calls' which the operators self-claimed to be successful but turned out not to be. Of course, callbacks are costly, it is impossible to call-back every call reclaimed to be positive. So 100% monitoring is not efficient. The penalty when they got caught for their shirking (cheating) behavior would be job dismissal.

In our setting, we do not exert any penalty when shirking is detected.

This is a proxy for shirking behavior. When we do the calculation, it is hard to solve the code within 6 seconds, but still we see codes deciphered within 5 seconds.

It is empirically true that risk-averse workers earn less.

We observe similar results when we analyze shirking behaviors between genders. As women are more risk averse in general, we consider women as representative of risk-averse individuals. The results are presented at the task level in Table15and at the item level in Table16. Women's behavior is very similar to risk-averse individuals: they shirk less and respond less to changes in the monitoring rate.
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