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. We manipulate the degree of certainty of information, and we find that the optimal stopping time is later under the uncertain information condition. We experimentally test the model's predictions and find a tendency to oversearch when exploration is costly, and a tendency to undersearch when exploration is relatively cheap. We also find under the certain information condition that participants learn to converge towards the optimal stopping time, but this learning effect is less present under the uncertain information condition. Regret and anticipation lead to more exploration under both information conditions. A gender effect is also exhibited with women tending to explore more than men.

Introduction

When a firm disposes of a capital that it wants to invest in research and development (R&D) in a strategic domain, where multiple options are possible, a challenging issue is to know when and in which option to invest. The firm's resources are limited and can only be engaged in one direction at a time. But, without having any knowledge about any of the options, one cannot make a choice, unless a random one. Uncertainty is intrinsic to R&D and plays a fundamental role as for the decision to invest. [START_REF] Czarnitzki | Patent protection, market uncertainty, and r&d investment[END_REF] find for example that firm-level R&D investment falls in response to higher levels of uncertainty as perceived through revenue volatility. Before making a choice, the firm needs then to collect some information about the potential of the different options in order to reduce its uncertainty and guide its choice. By doing this, it delays its investment. Waiting has the advantage to possibly avoid large losses for the firm if it discovers some unfavorable information about that option, in which case it would forgo the investment. But this information collection is costly in terms of time, and possibly also in terms of resources and experts consulting, making only a sequential study of the different options possible. R&D investment has moreover the particularity of being considered as an irreversible form of investment. For example, a large proportion of R&D covers the salaries of research personnel that cannot be recouped, as well as other types of sunk costs. The ability to delay investment decisions can be even more valuable in this case. Models from real options theory integrating irreversible investment are very helpful in order to understand how uncertainty influences R&D investment. They predict that greater uncertainty about market revenues reduces investment in irreversible capital by increasing the value of waiting to invest [START_REF] Pindyck | Irreversibility, uncertainty, and investment[END_REF][START_REF] Dixit | Investment and hysteresis[END_REF][START_REF] Dixit | Investment under uncertainty[END_REF]. Moreover, [START_REF] Goel | Irreversibility of r&d investment and the adverse effect of uncertainty: Evidence from the oecd countries[END_REF] found "a much sharper adverse effect of uncertainty on R&D investments, which are likely to be highly irreversible, than on non-R&D (and aggregate) investments." However, considering a finite time horizon, waiting too long reduces the actual investment duration, and consequently decreases the total amount of returns on investment. Thus, a trade-off is faced here, as for how to optimally allocate the available time between information collection and actual investment. There may exist too many options, and collecting information about all of them does not leave enough time for investment, and may even make it unfeasible. Thus, the firm should consider only a subset of these options. In addition, an option can be explored to different degrees. Thus, a second trade-off is faced, as for how many options to study, and to what extent to explore each of these options: is it better to concentrate on a small number of options, or to roughly study a big number?

We are here facing what is referred in the literature as an optimal stopping problem with an uncertainty component. Optimal stopping problems entail an exploration-exploitation trade-off [START_REF] March | Exploration and exploitation in organizational learning[END_REF]: a trade-off between exploiting a safe known option, but possibly sub-optimal, and exploring a new risky one, which may be much better, but may also be very unprofitable. This type of problems can be faced in many other economic and realworld situations, that have the characteristic of an investment, such as searching for an apartment, a job or a mate 1 . In addition to the optimal stopping theory, the explorationexploitation trade-off has also been investigated in a separate and rich literature: the multi-armed bandits problems [START_REF] Robbins | Some aspects of the sequential design of experiments[END_REF] 2 . Unlike in the standard optimal stopping problems, this class of problems accounts for uncertainty. However, two main differences with optimal stopping problems are that the number of alternatives is lower than the number of trials 3 , and that switching between alternatives during the exploration phase is possible.

The most famous optimal stopping problem studied in economics is the Secretary problem [START_REF] Ferguson | Who solved the secretary problem?[END_REF]. It describes the situation where a firm needs to find the best applicant for a secretarial job. The firm can see each of the applicants sequentially. After seeing an applicant, the firm can rank her quality, and must decide to hire or reject her, without being able to return to a rejected applicant, or predict the quality of future applicants 4 . The basic problem [START_REF] Rapoport | Choice behavior in an optional stopping task[END_REF][START_REF] Ferguson | Who solved the secretary problem?[END_REF][START_REF] Seale | Sequential decision making with relative ranks: An experimental investigation of the" secretary problem[END_REF][START_REF] Bearden | Sequential observation and selection with rank-dependent payoffs: An experimental study[END_REF] as well as many of its extensions have been studied both theoretically and experimentally, embedding for example explicit search costs [START_REF] Rapoport | Choice behavior in an optional stopping task[END_REF][START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF], unknown population size [START_REF] Seale | Optimal stopping behavior with relative ranks: The secretary problem with unknown population size[END_REF], cardinal instead of ordinal alternatives [START_REF] Lee | A hierarchical bayesian model of human decision-making on an optimal stopping problem[END_REF], cognitive load [START_REF] Caplin | Search and satisficing[END_REF], possibility of recall [START_REF] Rapoport | Cost and accessibility of offers as determinants of optional stopping[END_REF][START_REF] Hey | Still searching[END_REF][START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF], iterative exploitation (Eriksson andStrimling, 2009, 2010;[START_REF] Sang | Explore/exploit tradeoff strategies in a resource accumulation search task[END_REF], depleting alternatives [START_REF] Sang | Modeling exploration/exploitation behavior and the effect of individual differences[END_REF], dynamic environments [START_REF] Navarro | Learning and choosing in an uncertain world: An investigation of the explore-exploit dilemma in static and dynamic environments[END_REF], or mutual search [START_REF] Todd | From Pride to Prejudice to Persuasion: Satisficing in Mate Search[END_REF][START_REF] Beckage | Testing sequential patterns in human mate choice using speed dating[END_REF]. However, none of theses studies accounts for uncertainty at the level of the alternatives. Indeed, one trial is enough to observe the value (or the rank) of an alternative with certainty.

The existing experimental studies considering à la Secretary problem settings lead to the conclusion that the participants tend to undersearch compared to the theoretical prediction [START_REF] Hey | Still searching[END_REF][START_REF] Seale | Sequential decision making with relative ranks: An experimental investigation of the" secretary problem[END_REF][START_REF] Sonnemans | Strategies of search[END_REF][START_REF] Seale | Optimal stopping behavior with relative ranks: The secretary problem with unknown population size[END_REF][START_REF] Bearden | Sequential observation and selection with rank-dependent payoffs: An experimental study[END_REF][START_REF] Schunk | The relationship between risk attitudes and heuristics in search tasks: A laboratory experiment[END_REF][START_REF] Oprea | Learning to wait: A laboratory investigation[END_REF][START_REF] Costa | Frontal-parietal and limbic-striatal activity underlies information sampling in the best choice problem[END_REF], while some other studies observed the opposite effect where participants tended 1 In the mate search or "revisited" marriage example, waiting has a value, since marriage is a life risky decision, and one does not necessarily want to gamble and marry a random person. Instead, one may be searching for the perfect mate, but searching too long leaves less time to enjoy marriage, build a family etc. Thus, one may engage into dating few potential partners (one at a time). The longer the dating period, the better one gets to know the other person. However, dating is costly (courtship costs). Also, it may be not possible to jump back and forth between the different relationships. Though, marriage example has few main differences with the one of R&D investment: it involves a risk in recalling an old explored alternative (it is possible that that ex is no more free, or does not agree to get back after "break-up"). Second, marriage is a two-sided decision, thus the selected potential partner may have his own first choice.

2 See [START_REF] Bubeck | Regret analysis of stochastic and nonstochastic multi-armed bandit problems[END_REF] for a review.

3 See however the infinitely many armed-bandits [START_REF] Berry | Bandit problems with infinitely many arms[END_REF]. 4 This problem has mainly attracted attention due to its elegant theoretical solution which consists at interviewing and rejecting the first 1/e (≈ 37%) of the applicants, considering the "value" of the best of these rejected applicants as a threshold, then continuing interviewing and hiring the first applicant who is above this threshold 3 to oversearch [START_REF] Eriksson | The devil is in the details: Incorrect intuitions in optimal search[END_REF][START_REF] Sandri | Holding on for too long? an experimental study on inertia in entrepreneurs' and non-entrepreneurs' disinvestment choices[END_REF][START_REF] Juni | Information sampling behavior with explicit sampling costs[END_REF][START_REF] Sang | Explore/exploit tradeoff strategies in a resource accumulation search task[END_REF]. The settings used in these papers present a main difference compared to à la Secretary problems: the payoff does not only depend on the value of the chosen alternative, but also on the remaining time that was not used for exploration. Indeed, the goal is not only to find the best possible alternative, but also to enjoy it for long enough. Some studies interestingly found the two opposite effects in a single setting when exploration costs were manipulated [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF][START_REF] Descamps | Knowing when to stop and make a choice, an experiment on optimal sequential sampling[END_REF]. In [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF], the authors find that participants inspect too many alternatives when inspection is costly, and too few when it is free. Confirming that result, [START_REF] Descamps | Knowing when to stop and make a choice, an experiment on optimal sequential sampling[END_REF] find that when sampling is relatively expensive, participants oversample; on the other hand, when it is relatively cheap, they undersample. Also [START_REF] Juni | Information sampling behavior with explicit sampling costs[END_REF] found in an estimation task based on information sampling in which they manipulated the relative cost per cue that participants oversampled only when this cost was high, but did not show any significant over or under sampling when this cost was low.

When only the ranks of the alternatives are available, the optimal search strategy involves observing a fixed number of values, then choosing the first subsequently maximal one [START_REF] Gilbert | Recognizing the maximum of a sequence[END_REF][START_REF] Rapoport | Choice behavior in an optional stopping task[END_REF][START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF]. When the values of the alternatives are available, the optimal search strategy is described in terms of a decreasing threshold strategy, where an alternative should be accepted if its value exceeds the threshold for the current position in the sequence [START_REF] Lee | A hierarchical bayesian model of human decision-making on an optimal stopping problem[END_REF][START_REF] Sang | Explore/exploit tradeoff strategies in a resource accumulation search task[END_REF]. These thresholds can naturally be assimilated to the aspiration levels in Simon's theory of satisficing [START_REF] Simon | A behavioral model of rational choice[END_REF][START_REF] Simon | Models of bounded rationality: Behavioral economics and business organizations[END_REF]. Several studies were interested in the learning dynamics towards the optimal stopping behavior. Contrary results are also found here. While many studies [START_REF] Seale | Sequential decision making with relative ranks: An experimental investigation of the" secretary problem[END_REF][START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF][START_REF] Oprea | Learning to wait: A laboratory investigation[END_REF][START_REF] Sang | Explore/exploit tradeoff strategies in a resource accumulation search task[END_REF] conclude that participants are able to learn to converge towards the optimal solution, some others find evidence for a lack of learning [START_REF] Campbell | The effect of feedback and financial reward on human performance solving'secretary'problems[END_REF][START_REF] Lee | A hierarchical bayesian model of human decision-making on an optimal stopping problem[END_REF]. [START_REF] Descamps | Knowing when to stop and make a choice, an experiment on optimal sequential sampling[END_REF] find a mixed result where the observation of learning highly depends on the sampling costs. Indeed, when sampling is relatively costly, they find that participants tend to learn over time to improve their search strategy. However, when sampling is "cheap", they fail to observe any improvement over time. Thus, learning seems to happen only under particular settings and particular exploration costs.

Regret has been shown to play a certain role in the stopping behavior dynamics [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF][START_REF] Oprea | Learning to wait: A laboratory investigation[END_REF][START_REF] Viefers | Too proud to stop: Regret in dynamic decisions[END_REF], where local features of the observed sequence of inspected alternatives, which should have been ignored by a fully rational agent, seem to influence the participants' length of search. [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF] considered for example measures of anticipation and regret5 and showed that the search behavior of the participants was sensitive to these measures. [START_REF] Viefers | Too proud to stop: Regret in dynamic decisions[END_REF] also found that participants' stopping behavior was largely determined by the anticipation of and aversion to regret. As for in [START_REF] Oprea | Learning to wait: A laboratory investigation[END_REF], the authors find an impact of foregone earnings on reservation levels where forgone earnings from previous rounds tend to affect choices in later rounds.

The experimental literature highlights large individual differences and heterogeneity in the dynamics of search behavior [START_REF] Lee | A hierarchical bayesian model of human decision-making on an optimal stopping problem[END_REF][START_REF] Schunk | Behavioral heterogeneity in dynamic search situations: Theory and experimental evidence[END_REF]. Counter-intuitively, several studies have found that risk aversion does not play any role in different settings of optimal stopping problems [START_REF] Sonnemans | Strategies of search[END_REF][START_REF] Oprea | Learning to wait: A laboratory investigation[END_REF][START_REF] Schunk | The relationship between risk attitudes and heuristics in search tasks: A laboratory experiment[END_REF][START_REF] Schunk | Behavioral heterogeneity in dynamic search situations: Theory and experimental evidence[END_REF]. Surprisingly, [START_REF] Eriksson | Biases for acquiring information individually rather than socially[END_REF] and [START_REF] Eriksson | The devil is in the details: Incorrect intuitions in optimal search[END_REF] both find a gender effect where women tend to explore more than men, possibly suggesting triggered cognitive gender differences. Also, von Helversen and Mata (2012) find evidence for an age effect, where older adults tend to perform poorly compared to younger ones. Relatedly, [START_REF] Sandri | Holding on for too long? an experimental study on inertia in entrepreneurs' and non-entrepreneurs' disinvestment choices[END_REF] suggest that high levels of positive affect can lead to insufficient search in sequential decision making in elderly persons.

We consider a setting which, to our knowledge has not yet been investigated in the optimal stopping literature since it involves an uncertainty component at the level of the alternatives' values. In our setting, we consider a iterative exploitation -i.e., where the payoff does not only depend on the value of the chosen alternative, but also on the remaining time that has not been used for exploration -, a payoff function that accounts only for the exploitation phase (unlike in [START_REF] Sang | Explore/exploit tradeoff strategies in a resource accumulation search task[END_REF], where the authors also consider iterative exploitation but where the payoff function accounts for both the exploration and the exploitation phases), and a possible recall of the explored alternatives.

Our paper is organized as follows: First we theoretically model our situation as a class of sequential stopping rule problems, where the quality (or value) of the alternatives is given by some random variable whose joint distribution is known and that the individual can sequentially observe. Depending on the condition, the quality of each alternative is observed with certainty or with uncertainty. In both conditions, given the past draws, the individual has to choose whether to stop exploring and select one of the observed alternatives, or to continue observing in order to maximize her utility. Moreover, if the quality is uncertain, the observed values are sampled from a normal distribution around the exact alternative's quality as a generative mean, and with a known standard deviation. Thus, the individual faces an additional quantity-accuracy trade-off during the exploration phase, between the quantity of explored alternatives and the accuracy of the collected information about each of these alternatives.

Second, we present the experimental implementation of our model. The basic protocol is a repeated game, which consists in sequentially drawing some alternatives from a total of n alternatives with hidden payoffs. The player can click m or up to m times (depending on the treatment) on the same alternative, where the total number of trials is equal to m × n. By clicking on an alternative, the player discovers the information about its payoff. Depending on the treatment, this information can be certain or uncertain. By choosing an alternative, the player "exploits" it and obtains its payoff for the remaining trials. Her objective is to maximize the sum of the stream of payoffs from the exploitation phase. The players repeat the game 60 rounds, alternating sequences of both treatments (withinsubjects). The order in which these sequences are encountered is also manipulated in a between-subjects design. The main task is followed by the Bomb Risk Elicitation Task [START_REF] Crosetto | The "bomb" risk elicitation task[END_REF] to measure the individual risk preferences, and the Sustainted Attention to Response Task [START_REF] Robertson | Oops!': performance correlates of everyday attentional failures in traumatic brain injured and normal subjects[END_REF] to control for the impulsivity level.

Then, we compare in terms of performance and exploration amount the theoretical predictions to the experimentally observed behavior and we study the learning dynamics towards those predictions. We find in line with the literature, a tendency to overseach when exploration is costly, and a tendency to undersearch when exploration is relatively cheap, as well as a more pronounced learning effect under certain information treatment, i.e. when the exploration of a new alternative is more costly. We also model the stopping decision using a survival analysis in order to account for behavioral measures of regret and anticipation. Our main findings are that both regret and anticipation lead to more exploration, and that women tend to explore more than men.

Theoretical model

Sequential stopping rule problem

The theory of optimal stopping is concerned with the problem of choosing a time to take a given action, based on sequentially observed random variables and in order to maximize an expected payoff. Formally, in the standard literature, adopting the well known definition given by Ferguson [START_REF] Ferguson | Who solved the secretary problem?[END_REF], stopping rule problems are defined by two objects:

(i) a sequence of random variables X 1 , . . . , X n , whose joint distribution is assumed known, (ii) a sequence of real-valued reward functions u 0 , u 1 (x 1 ), u 2 (x 1 , x 2 ), . . . , u ∞ (x 1 , x 2 , . . .).

In the general stopping rule problem, given these two objects, an agent may observe the sequence X 1 , X 2 , . . . for as long as she wishes. For each t = 1, 2, . . ., after observing X 1 = x 1 , X 2 = x 2 , . . . , X t = x t , she may stop and receive the known payoff u t (x 1 , x 2 , . . . , x t ), or she may continue and observe the realization of X t+1 . In our model, we consider instead the variation of this stopping rule problem with finite horizon of time. A stopping rule problem has a finite horizon T if there is a known upper bound on the number of stages at which one may stop. This modification is useful to model many real-world applications, in which the time for investigation is limited. A stopping rule problem with finite horizon may be obtained as a special case of the general problem described below by (i) and (ii), by setting u T +1 = . . . = y ∞ = -∞. Such problems may be solved by the method of backward induction.

Our theoretical model under certain observations

In our basic model, that theoretically describes our first treatment, we suppose that the horizon of time and the number of choices are finite and coincide, namely, n = T . Then, from now on, we will use the variable n to denote both quantities. Suppose that the sequence in (i) is such that the X i , with i = 1, . . . , n, are i.i.d., X i ∼ U({1, . . . , N }). In our interpretation, the observed value x i represents the intrinsic quality of good i, which is uniformly distributed between a minimum of 1 and a maximum of N , and which does not depend on the quality of the other ones. This intrinsic value is fixed and may be observed with certainty by the agent. For each t = 1, . . . , n -1, the agent has already observed the quality of the first t goods and decides whether to exploit one of them for the remaining time, or to explore a new alternative. When t = 0, the exploration has not started yet, and then there is no alternative available for future exploitation. When t = n, time is over and the agent does not have the possibility of exploiting anymore any of the alternatives. We consider a reward function with recall factor equal to 1, meaning that it is always possible to recall a past alternative, and with memory factor equal to 0, meaning that we do not have any memory of the past utilities experienced during the exploration phase, and we can start enjoying a strictly positive utility only when exploiting. Such assumption is typical of situations, such as the secretary problem, in which the exploration phase does not really correspond to a real enjoyment of the good. Moreover, our problem describes a classical exploration-exploitation trade-off in which, once an agent has decided to start exploiting, she cannot go back exploring. The decision is then definitive for the remaining steps in the time horizon. Then, at each time t, if an agent decides to stop, her reward function is defined as

u 0 = 0 u t (x 1 , . . . , x t ) = (n -t) max i=1,...,t {x i }, t = 1, . . . , n (1) 
i.e., it is given by the exploitation for the remaining horizon of time n -t of the best alternative found during the exploration phase. We observe that, in a more general setting and how assumed in our experiments, an agent may be allowed to choose an alternative which is not the best one, up to her knowledge. However, such a strategy will always be dominated by the choice of exploiting the maximum known value and then, without any loss of generality, we can exclude this eventuality by the theoretical analysis of the model.

Theoretical results under certain observations

The optimal exploration-exploitation trade-off can be investigated by the method of backward induction. First, we observe that, as shown in (1), at t = 0 by exploiting the agent would have a utility equal to zero, as she does not have any information about any of the alternatives and then it is optimal for her to explore. Second, we observe that, when t = n, the agent has always utility equal to zero, as she has completed her exploration but she has no time left for exploiting any of the past alternatives. Then, for each other step t = 1, . . . , n -1, we define the optimal threshold mt below which it is optimal for her, in expected value, to keep on exploring, and above which it is better to exploit.

Step n-1: the agent has already drawn n -1 balls. Let M n-1 be the random variable maximum of the first n -1 drawings. The agent knows its realization m n-1 , as she knows the realization x i of each random variable X i with i ∈ {1, . . . , n -1}, results of all the past drawings. If she decides to stop and exploit, she can get a certain amount equal to m n-1 > 0, while if she decides to continue and explore, she gets 0. As obvious, at step n-1 the optimal choice is always to exploit.Then, the threshold m at step n -1 is mn-1 = 1.

Step n-2: the agent has already drawn n -2 balls. Let m n-2 be the maximum of the first n -2 drawings. If she decides to exploit, she gets a certain amount equal to 2m n-2 , while if she decides to explore, she gets an expected utility

E(M n-1 |M n-2 = m n-2 ), that is equal to m 2 n-2 N + N k=m n-2 +1 k N = m 2 n-2 N + N (N + 1) 2N - m n-2 (m n-2 + 1) 2N = 2m 2 n-2 + N (N + 1) -m n-2 (m n-2 + 1) 2N = m 2 n-2 -m n-2 + N (N + 1) 2N
This quantity is bigger than 2m n-2 if and only if

m 2 n-2 -m n-2 + N (N + 1) > 4N m n-2
and the inequality is verified if

m n-2 < 1 + 4N - √ 12N 2 + 4N + 1 2 m n-2 > 1 + 4N + √ 12N 2 + 4N + 1 2 .
The quantity on the right is bigger than N , then the inequality is never verified. We obtain that is it convenient to draw if

m n-2 < 1 + 4N - √ 12N 2 + 4N + 1 2 and then the threshold m at step n -2 is mn-2 = 1+4N - √ 12N 2 +4N +1 2
. When N is "big'", we may simplify and write the threshold as

mn-2 ∼ (2 - √ 3)N.
Step t: we observe that if m t ≤ mt+1 , it is always advantageous to explore. Then, we suppose now that the agent observes m t > mt+1 . It trivially follows that at the following step t + 1, m t+1 ≥ m t > mt+1 and then it will be advantageous to exploit at time t + 1, if the agent has not started exploring yet at step t. Then, with the same reasoning than before, at step t, it is convenient to draw if

m t < (n -t -1) + 2N (n -t) -(n -t -1) 2 + 4N 2 (2n -2t -1) + 4N (n -t -1) 2(n -t -1) .
When N is "big", we may simplify and write the threshold as

mt ∼ n -t - √ 2n -2t -1 n -t -1 N. (2) 
We define f (y) := y-√ 2y-1 y-1 and we observe that this function is decreasing and concave in y. With y := n -t and up to the multiplicative constant N , this function defines the threshold mt below which it is convenient to keep on exploring and above which is convenient to start exploiting, when exactly y steps are missing in our finite horizon of time and when N is large. These threshold under certainty observations are represented in Figure 1.

Our theoretical model under uncertain observations

In our second treatment, we present a similar optimal stopping rule problem, in which the intrinsic value of a good is still fixed. Differently from before, such a value may now be observed by the agent with certainty, spending, as before, the necessary amount of time, or with more uncertainty, with the advantage that some time is saved for exploring other alternatives or for exploiting for a longer time. In many real-world examples, this additional variable represents well the fact that, while exploring an alternative, we can get a fast idea of its value, but it could take a long time to be sure about it and, in general, the more the time we dedicate to explore the alternative, the more accurate the information we get about it. The agent faces now two different trade-offs: the first one, as before, is about choosing the right moment for switching from the exploration to the exploitation; in the second one, instead, the agent faces the problem, for each alternative, to decide how precise she wants her exploration to be. She could decide, for example, to get a more accurate information, reducing the time for exploitation but limiting the risk of getting a lower utility than expected, or she could prefer, instead, to trust a less accurate information, letting more time for exploring other alternatives or for exploiting an expected value.

Formally, in our model the agent has still a maximum number of alternatives to explore equal to n and an horizon of time of T = n steps, but she is not obliged as before to spend a complete step to see the exact realization of a random variable X i = x i . Each step is divided in s substeps and in each substep she observes a certain number of normally distributed values y ij = x i + ij , where i are realizations of some iid zero-mean random variables with finite variance σ 2 . After a total of k observations of alternative i, the agent can estimate its intrinsic value implementing the mean k i=1

y i k with standard deviation σ M = σ √ k .
In particular, in our implementation we suppose that each substep of exploration of an alternative is twice more informative than the previous one exploring the same alternative. Formally, the first substep deciding to explore good i the agent gets the information about 2 observations, the second step about 4 (getting a total of 6), third step about 8 observations (getting a total of 14), fourth step about 16 observations (getting a total of 30), and so on at step h getting the information about 2 h observations for a total of H := h j=1 2 j . In such a model, the variance is divided by two at each step till the moment in which, at substep s, the information is given by a total of S := s j=1 2 j observations. All the parameters in our second treatment are calibrated in order to get the almost certainty if the agent decides to use the complete number of substeps for investigating an alternative. As in the previous treatment, we consider a reward function with recall factor equal to 1 and memory factor equal to 0, the last assumption meaning that a deeper exploration significantly reduces the time for exploitation and then, the time for enjoying the utility. Moreover, we assume that an agent can decide how long she wishes to explore an alternative, but she can never go back keep on exploring a past alternative she has already partially explored. Under uncertainty, if the agent decides to start exploiting alternative l after having observed t alternatives, each alternative i = 1, . . . , t for a number h i of substeps (i.e., for a total of H i = h i j=1 2 j observations each), she will have an expected utility equal to:

E[u t,h 1 ,...,ht (y 11 , . . . , y 1h 1 , . . . , y t1 , . . . , y tht , l)] = ns -t i=1 h i s H l j=1 y lj H l . (3) 
As for the previous case, it is always possible, in our experimental design and in our theoretical model, to decide to explore an alternative with a lower mean of the observed variables.

Theoretical results under uncertain observations

At first we observe that, whenever deciding to explore an alternative l after the exploration of t alternatives for h 1 , . . . , h t substeps respectively, with h i > 0 for at least one i = 1, . . . , t, such a strategy is dominated by the choice of exploiting alternative l after the exploration of t alternative for 1 substep each. Then, a priori for the agent it is optimal to decide to spend the minimum amount of time in exploring each alternative. Then, after exploring t alternatives (one substep each), if an agent decides to stop, her reward function in ( 3) is now given by u t,1,...,1 (1, . . . , 1) = ns -t s max i=1,...,t

y i1 + y i2 2 . ( 4 
)
For each i ∈ N , we denote xi = y i1 +y i2

2

, the mean of the first two observations of an alternative, i.e., the mean of the observations provided in the first substep.

Analogously to before and by backward induction, at step t when the agent already knows the observations x1 , . . . , xt and, consequently, the value of their maximum mt , is she decides to exploit, she gets a certain utility equal to mt ns-t s , while if she decides to explore the last alternative, she gets an expected utility equal to

m2 t N + N k= mt+1 k N ns -t -1 s .
Consequently, when N is "big" the threshold below which it is optimal to draw is

mt ∼ ns -t - √ 2ns -2t -11 ns -t -1 N, (5) 
which is the analogous of the threshold in (2), when the agent has already consumed t over a total of ns substeps. These threshold under uncertainty observations are represented in Figure 1. 

Experiment

The experimental protocol

The timeline of the experiment is described below in Figure 2. The participants played the search task after listening to the instructions and answering a comprehension questionnaire (see Supplementary materials). The search task is the implementation of the theoretical model described above. We used two treatments. In Treatment C, we implemented our model under Certainty, and in Treatment U, our model under Uncertainty (see subsection 3.1.1 for more details). The search task was followed by two control tests and a short demographic questionnaire asking for the gender and the age class of the participant. The players repeated the search task for 60 rounds, alternating sequences of both treatments (within-subjects). The order in which these sequences are encountered is also manipulated in a between-subjects design (see Table 1). In both treatments orders, the main task is preceded by a comprehension questionnaire of five questions, to which the correct answers are given after answering the full questionnaire. 

Main task

The main task is the sequential search task described in Section 2. Figure S1 in the supplementary materials shows the computer screen of the participant at the beginning of the game. The player faces n = 10 alternatives. The values of these alternatives are discrete and drawn from a uniform distribution U(1, N ) where N = 100. The values of the alternatives are hidden and can be discovered sequentially, from the left one to the right one. Each alternative is represented by a graduation, at the bottom of which are placed two buttons: "Voir" ("See") and "Choisir" ("Choose").

The player disposes of a total of 100 trials that she can freely6 distribute between the exploration of as many alternatives as she wants, and the exploitation of the selected alternative.

Exploring alternatives

1) To explore or discover an alternative, the player can click m or up to m times on its "See" button, depending on the treatment. m corresponds to the maximum number of trials the player can use to explore a given alternative, and is equal to 10. In Treatment C, the player is forced to click exactly 10 times on an explored alternative, thus is forced to discover its true value (see next point). In Treatment U she is free to click as many times as she wishes between 1 and 10 on an explored alternative. She thus can stop the discovery process when the true value of the alternative is still uncertain. Table 2) reports these settings.

2) By clicking on the "See" button of an alternative, k i=1 2 i values, where k is the click number on that alternative, are sampled from a Normal distribution with as mean the value of alternative, and with a standard deviation of m i=1 2 i , thus a standard deviation of around 45.23. We used this generating process in order to guarantee the discovery of the exact value of the alternative after 10 clicks. Inddeed, at the 10th click, the standard error of the alternative's value is of around 1 7 . The player then sees the mean of the sampled values represented by a dot, and an interval around that dot representing the [mean -2 mean standard error, mean + 2 mean standard error] interval8 (see Figures S2 andS3 in Supplementary materials).

3) It is not possible to jump back and forth between already explored alternatives in order to continue their exploration. Once an alternative is left, it is no more possible to go back to explore it again, but only to select for exploitation. 

Exploiting an alternative

The player can select one single alternative to exploit. When she decides to exploit an alternative and thus to stop exploring, she needs to click on the "Choose" button. A non explored alternative so far cannot be chosen. When choosing an alternative, the payoff is: Number of remaining trials × Value of the selected alternative 10

If the player spends all the trials on the exploration phase (i.e. does not choose any alternative), then her payoff is equal to zero.

Control tasks

The main task is followed by two control tasks as well as a demographic questionnaire asking for the gender and the age class of the participant. The first control task is the Bomb Risk Elicitation Task [START_REF] Crosetto | The "bomb" risk elicitation task[END_REF]. We translated the program from [START_REF] Holzmeister | otree: The "bomb" risk elicitation task[END_REF]. The BRET is a visual real-time risk elicitation task (see Figure S4a in Supplementary materials). It consists of a two-dimensional grid in which each cell represents a box. Only one of the boxes contains a bomb. The player can select as many boxes as she wants, where each empty box yields points. Once the player decides to stop, the collected boxes are all uncovered at the same time. If the bomb has been collected, it destroys all the player's points. Comparatively to other commonly used tests [START_REF] Holt | Risk aversion and incentive effects[END_REF][START_REF] Eckel | Sex differences and statistical stereotyping in attitudes toward financial risk[END_REF], this task is simple to understand, and allows to classify subjects precisely, given that the choices vary almost in the continuum [START_REF] Crosetto | A theoretical and experimental appraisal of four risk elicitation methods[END_REF]. Moreover, it neither suffers from the impact of loss aversion -as it does not provide any endogenous reference point -nor from inconsistent decisions as it entails a unique choice [START_REF] Crosetto | A theoretical and experimental appraisal of four risk elicitation methods[END_REF]. In addition, no gender gap in risk aversion can be observed in this task [START_REF] Crosetto | The "bomb" risk elicitation task[END_REF].

The type of sequential optimal stopping problems we are studying entails indeed an exploration-exploitation trade-off that is by definition a trade-off between exploiting a safe option and exploring a risky one. Nevertheless, while one could naturally conceive that risk aversion would be linked to this type of problems, several studies did not find any correlation with it. We consider the BRET risk elicitation task in particular as it can be viewed, contrarily to the tasks used in these studies, as a "sequential" risk task (in which risk taking is rewarded up to a point beyond which taking risk is likely to result in diminishing returns and increasing potential losses), and we want to test whether individual risk preferences elicited by this task are linked to more search and exploration.

The second control task is the Sustained Attention to Response Task [START_REF] Robertson | Oops!': performance correlates of everyday attentional failures in traumatic brain injured and normal subjects[END_REF]. The SART measures executive functioning -specifically, a person's ability to monitor her performance for errors and to inhibit incorrect responses. The task consists a total of 225 digits (25 for each of the nine digits) displayed on screen, in a black rectangle background (see Figure S4b in Supplementary materials). The digits are displayed in a random order. Each digit is displayed during 250 milliseconds, and followed by a crossed circle symbol ( ) during 900 milliseconds. The player is required to respond9 each time a digit is displayed on screen, unless this digit is a 3. The player is asked to be as fast as accurate. Despite its name, it has been suggested that the SART may be a better measure of impulsivity (i.e. failure of response inhibition ) than it is of sustained attention [START_REF] Dockree | Behavioural and physiological impairments of sustained attention after traumatic brain injury[END_REF][START_REF] Helton | Impulsive responding and the sustained attention to response task[END_REF][START_REF] O'connell | Two types of action error: electrophysiological evidence for separable inhibitory and sustained attention neural mechanisms producing error on go/no-go tasks[END_REF][START_REF] Carter | Target predictability, sustained attention, and response inhibition[END_REF]. Moreover, [START_REF] Roebuck | Attending at a low intensity increases impulsivity in an auditory sustained attention to response task[END_REF] suggested that in this task omission errors (i.e. missing a GO target, here any digit except 3) may be the better indicator of inattention in this task, whilst the commission errors (i.e. failure to withhold response to a NO-GO target, here a 3) are a better measure of impulsivity. We use this task in order to investigate whether impulsivity is linked to exploration and oversearch. This effect migth be stronger in Treatment U in which exploration is less costly.

In order to incentivize the task, we gave the players the following payoff function:

π SART = 0 if n = 0 max(n correct -8 × n error , 0) + 200 × T -tr T otherwise.
where: n is the total number of responses made by the player, n correct is the number of correct responses, n error is the number of commission error responses, t r is the average response time in milliseconds, T is the time in milliseconds during which a digit and its following symbol are displayed, and is equal to 1150.

Participants

We recruited 77 participants among which 46 were female, 48 were in the age group of 20 to 25 years old. Participants were paid e5 for showing up to the experiment and a performance contingent bonus of e18 in average after spending about one hour and half in the lab. Participants were recruited using ORSEE [START_REF] Greiner | Subject pool recruitment procedures: organizing experiments with orsee[END_REF]. Four experimental sessions were run with 15 to 23 subjects, and took place on September 26th, October 24th and October 26th 2018 at the Laboratory of Experimental Economics of Nice (LEEN -NiceLab)10 . The experiment was implemented using the framework oTree [START_REF] Chen | otree-an open-source platform for laboratory, online, and field experiments[END_REF].

Behavioral hypotheses Treatment effects

In Treatment C (certain information), the exploration of a new alternative is much more costly compared to Treatment U (uncertain information). Indeed, while it requires 10 trials in Treatment C (which are then lost for the exploitation phase), the exploration can be realized by less trials in Treatment U, though at the price of a higher uncertainty. As discussed above, literature has shown that when sampling is relatively expensive, participants oversample and tend to learn over time to improve their search strategy; on the other hand, when it is relatively cheap, they undersample and fail to improve over time. 

Search determinants

We consider the number of candidates11 met at a given position in the sequence as a measure of anticipation, and expect to find, as in [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF], a positive effect of this measure on the search amount. The intuition behind this hypothesis is that the abundance of candidates would lead the participants to the erroneous optimistic belief that such a trend will continue ("hot hand fallacy"), thus increase the probability that they explore a new alternative.

H5: Anticipation increases the search amount.

Moreover, we consider the number of alternatives since the last candidate (ASLC) as in [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF] 12 as a measure of regret, and we expect to find a role played by this measure in the search behavior dynamics.

H6: Regret plays a role in the search behavior dynamics.

We expect also a tendency for women to explore more than men since this pattern already appeared in the literature (Eriksson andStrimling, 2009, 2010).

H7: Women tend to explore more than men.

Results

In this section, we will systematically conduct both parametric (Two-sided paired twosamples t-tests when paired observations and two-sided unpaired two-samples t-test when non-paired observations) and non-parametric (Two-tailed Wilcoxon signed rank test when paired observations and two-tailed Mann-Whitney U test when non paired observations) statistical comparison tests. When consistent, we will report only parametric tests results. When non consistent, we will report the non parametric tests results in footnote. The adopted significance threshold is 5%.

Theoretical results

For each of the series used in the experiment13 , we have computed the predictions based on our theoretical model, as well as simulation-based predictions for both treatments. The simulation-based results are presented in the Supplementary materials. These results support the optimal prescription of the theoretical model under uncertainty to spend the minimum time (i.e. one trial) on each explored alternative.

Under Treatment C, to compute the theoretical predictions, we refer to the theoretical thresholds given by equation 2. At each step (or explored alternative), the corresponding theoretical threshold is calculated. Using the same series as in the experiment, we test at each step whether the highest observed alternative so far is higher or equal to the theoretical threshold, in which case the search is stopped and this alternative is selected. Otherwise, the exploration continues. If at the penultimate step (i.e. the 9th step), none of the observed alternatives was higher than the current threshold, then, the highest one is exploited at the last step.

Under Treatment U, we apply a similar algorithm to the one under Treatment C. However, we consider subsets instead of steps, i.e., only the mean at the first click of each alternative is observed. The theoretical thresholds are here given by equation 5. Moreover, the value of the last alternative can be explored unlike in Treatment C. In both treatments, the payoff and the number of explored alternatives are computed.

Table 3 shows the median and average theoretically optimal stopping times (i.e. the total number of explored alternatives) in both treatments, as well as their standard deviations. These results show that stopping should occur later under uncertainty. 

Experimental results

Observations from few participants were discarded from the analysis based on two exclusion rules. The first rule is having less than two correct answers out of five at the comprehension questionnaire preceding the main task. The second rule is not recalling and exploiting a "non-candidate"14 more than 10% of the time in Treatment C (see Figure S15). We excluded in total two participants based on the first rule and nine participants based on the second rule, ending up with sample size of 34 subjects (out of 38) in treatments order CU, and 32 subjects (out of 39) in treatments order UC.

We first compare the stopping times (or number of explored alternatives) observed experimentally between the two treatments C and U. Table 4 shows that the average stopping time is higher in Treatment U. A two-tailed t-test shows that this difference is significant (t = -19.12, p < 0.001). Figure 3) shows also the comparison with the theoretical prediction. Under both treatments, the average experimentally observed stopping time is significantly different from the theoretical one (Treatment C: t = 3.05, p = 0.002; Treatment U: t = -16.89, p < 0.001, Two-tailed paired t-test). In the following analysis, two main indicators are considered, namely, the payoff gaptherefore PG -and the stopping time gap -therefore STG. For a given participant i at a given round r, they are defined as follows:

PG ri =
Experimentally observed payoff ri Theoretically predicted payoff ri STG ri = Experimentally observed stopping time ri Theoretically predicted stopping time ri

The closer the PG or the STG are to 1, the closer the experimental result of the participant is to the optimal strategy. Values of STG higher than 1 are interpreted as oversearch while values lower than 1 are interpreted as undersearch.

We consider the geometric mean by participant over each of the treatments as well as each of the parts of each treatment. The different parts correspond to the different sequences of rounds: The first part of one Treatment corresponds to the first sequence of 10 consecutive rounds of that treatment, the second part to the second sequence of 10 rounds of that treatment and the last part to the rounds of that treatment in the last 20 rounds. For example, for a participant starting with Treatment C (i.e. playing the treatments order CU, see Table 1):

PG C, part 1 i = 10 10 r=1 PG ri ; PG C, part 2 i = 10 30 r=21 PG ri ; PG C, part 3 i = |F 1| r∈F 1 PG ri PG U, part 1 i = 10 20 r=11 PG ri ; PG U, part 2 i = 10 40 r=31 PG ri ; PG U, part 3 i = |F 2| r∈F 2 PG ri PG C i = |E1| r∈E1 PG ri ; PG U i = |E2| r∈E2 PG ri
where:

F 1 = {41 ≤ r ≤ 60, r ∈ Treatment C}, F 2 = {41 ≤ r ≤ 60, r ∈ Treatment U}, E1 = {1 ≤ r ≤ 60, r ∈ Treatment C}, E2 = {1 ≤ r ≤ 60, r ∈ Treatment U}.

Experimental results of Treatment C

First, we want to know whether participants oversearch in Treatment C (H1). To do so, we pool all the rounds of Treatment C at the subject level, and test whether the mean stopping time gap of all the participants is greater than 1. We perform a two-tailed, one-sample t-test and we find that this value is significantly greater than 1 (Mean= 1.11, t = 2.77, p = 0.007). This confirms our hypothesis H1.

Learning dynamics

Figure 4 shows the distribution of the participants' payoff gap in Treatment C. The first three columns report the results for each part (part 1, part 2 and part 3), for each of the treatments order (CU and UC) and for both of them together, in one row each. The last column reports the aggregate results of each of the two treatments orders. Paired t-tests are performed between the different parts for the same groups, while non paired t-tests are performed between the same parts of the two treatments orders. These comparisons show a strong significant difference between the first and the last part, where in the last part, the mean payoff gap is higher. This significant difference is observed both when considering the two treatments orders together or separately. This can be interpreted as a learning effect, where participants' performance gets closer to the optimal theoretical prediction through the game. This learning seems faster in treatments order UC, since a significant difference is already observed between the first two parts, while this is not the case in treatments order CU. This difference can be interpreted as the result of a longer practice. Indeed, those who started with Treatment U have an advantage since they have practiced 10 rounds more (from the other treatment though) than those who started with Treatment C.

Figure 5 reports equivalently the stopping time gap. This gap is significantly higher in the last part compared to the first part in the aggregate results of both treatment orders (last row). Again, this can be interpreted as a learning effect where the exploration amount of the participants gets closer to the optimal prediction as the game progresses. However, when considering the two treatment orders separately, we do not observe this learning effect when the participants start with treatment C. In general, these results confirm our hypothesis H3. We next fit a generalized linear mixed-effects model by maximum likelihood to explain the individual payoff gap and the individual stopping time gap in Treatment C. We fit the models separately for each treatment. We consider the following models: Model 1a :

P G ri = β 0 + u 0i + (β P art + u P art i )P art ri + β U C U C i +β BRET BRET i + β SART SART i + ri
Model 1b :

P G ri = β 0 + u 0i + (β P art + u P art i )P art ri + β U C U C i +β BRET BRET i + β SART SART i +β Age Age i + β M ale M ale i + ri
where: P G ri is the payoff gap at round r of player i, P art is a categorical variable corresponding to the part in the treatment (first as reference, second or third), U C is a dummy variable being 1 if the Treatment U is played first, BRET is the percentage of boxes collected at the BRET (number of boxes collected divided by the total number of boxes) ,

SART is the percentage of commission errors made at the SART (number of errors made divided by the maximum possible number of errors),

Age is the age class M ale is a dummy variable corresponding to being a male player, ri is the error term, the random effects u 0i and u P art i .

We also consider the models 2a and 2b, similar to 1a and 1b but where the explained variable is ST G ri , which represents the stopping time gap at round r of player i.

The results of the regressions are presented in Table 5. The results show a positive and highly significant effect of the part number on the payoff gap, while a negative significant effect on the stopping time gap. This supports the learning effect suggested above: As the game progresses, the relative performance of the players compared to the theoretically optimal one is higher, while the oversearch decreases. This again confirms our hypothesis H3. The treatments order does not have any significant effect on the payoff gap, but does have a negative significant effect on the stopping time gap. Moreover, the results show a positive significant effect on the payoff gap of the percentage of boxes collected at the BRET. This means that risk loving participants play closer to the theoretical prediction. Finally, being a male has also a positive significant effect on the payoff gap. 

Behavioral analysis

To go further, we perform a survival analysis in order to study the determinants of the "exploit" decision. We do not consider all the trials, but only the first trial for each alternative (except the very first trial). Indeed, the player does not have the choice between exploring and exploiting for her first trial: she can only start exploring the first alternative. Moreover, in Treatment C, once the player starts exploring an alternative, she is forced to spend a totality of 10 trials on it. Thus, the decision (between exploring a new alternative and exploiting one) can only be made at trials 11,21,31,41,51,61,71,81 and 91, provided that the player did not exploit.

We include also measures of anticipation and regret: the number of encountered candidates (where a candidate is an alternative that is the highest one observed so far) as a measure of anticipation, and the number of explored alternatives since the last candidate was encountered -that we will call "alternatives since last candidate" (ASLC ) -as a measure of regret. These covariates are computed at each trial. We also consider the payoff of the previous round. Finally, we control for the individual characteristics (risk aversion level, impulsivity level, gender and age).

We fit the following Cox proportional hazards model:

λ (t, C ri (t), ASLC ri (t), T ime ri , π ri , P art ri , U C ri , SART i , BRET i , M ale i , Age i ) = λ 0 (t) exp (t, C ri (t), ASLC ri (t), T ime ri , π ri , P art ri , U C ri , SART i , BRET i , M ale i , Age i )
where: C ri (t) is the number of candidate encountered by player i at round r, at trial t, ASLC ri (t) is the ASLC of player i at round r, at trial t, T ime ri is the logarithm of the average time by click player i at round r, π ri is the payoff of player i at round r -115 , P art ri is for player i at round r, a categorical variable corresponding to the part in the treatment (first as reference, second or third), U C ri is for player i at round r, a dummy variable being 1 when the Treatment U is played first, SART i is the percentage of commission errors made at the SART of player i, BRET i is the percentage of boxes collected at the BRET of player i, M ale i is whether player i is a male player, Age i is the age class of player i.

The results are presented in Table 6 and are illustrated by a forest plot in Figure 6. A hazard ratio above 1 indicates a covariate that is positively associated with the "exploit" decision probability, and thus negatively associated with the duration of exploration phase. They show a negative and strongly significant effect of regret and anticipation measures on the probability of "exploit" decision, leading to a longer exploration. Contrarily, this probability is significantly increased when being at the second or the last part of the treatment, and when starting with Treatment U. The impulsivity level, given by the percentage of commission errors made at the SART has a negative effect on the probability to exploit, but which is only significant at the 10% level. In line with this result, faster clicks, which could be interpreted as engaging less deliberation, are significantly related to more exploration. We also find a positive effect of being a male on the probability to "exploit", meaning that women tend to explore more than men, but which is only significant at the 10% level. The risk aversion level does not show any significant effect. Finally, we were expecting that previous round's payoff would contribute to reinforce learning, where search strategies yielding high payoffs would tend to be replicated and reinforced. Counterintuitively, we find that the previous round payoff significantly increases the exploration amount. To summarize, these results allow us to confirm the hypotheses H5, H6 and H7. 

Cox regression model

Discussion

As predicted, we observe in Treatment C (certain information) a tendency of the players to oversearch. Though, participants learn over time to search less and get closer to the optimal search amount. Additionally, the results support the hypothesis that abundance of candidates interpreted as a measure of anticipation tends to increase the exploration. They also support the hypothesis that regret has a role in the search behavior dynamics. Similarly to anticipation, they show that it increases exploration. The results fail however to confirm the intuition that the previous round's payoff would play a reinforcing effect, helping the participants getting closer to the optimal search amount. Indeed, we observe the reverse effect, that is increasing exploration and consequently oversearch. Also as expected, we find a gender effect where women tend to explore more than men.

Regarding the effect of risk aversion level, our results are mixed. Indeed, we find that lower risk aversion increases the relative performance compared to the optimal theoretical prediction, but do not have a strong significant effect on relative stopping time or on the probability to explore a new alternative. For impulsivity, it does not show any strong significant effect on any of these.

Experimental results of Treatment U

We first want to know whether participants undersearch in Treatment U (H2). To do so, we pool all the rounds of Treatment U at the subject level, and test whether the mean stopping time gap of all the participants is lower than 1. We perform a two-tailed, one-sample t-test and we find that this value is significantly lower than 1 (Mean= 0.886, t = -2.404, p = 0.019). We then confirm H2.

Learning dynamics

Like for Treatment C, we plot the distributions of the participants' payoff gap (see Figure 7) and stopping time gap (see Figure 8) in Treatment U and we perform within (paired t-tests) and between (non paired t-tests) comparisons.

As in Treatment C, we find an overall learning effect where participants average relative payoff compared to the theoretical prediction is significantly higher in the last part of the treatment compared to its beginning (see Figure 7). We do not observe any order effect.

As for the stopping time gap (see Figure 8), results show a tendency to undersearch compared to the optimal search amount. As in Treatment C, significant differences are observed when considering both treatments orders together. However, the participants average search amount moves away from the optimal one, since the average stopping time gap gets further from 1. As previously noticed in Treatment C, when considering the two treatment orders separately, no significant difference is found in treatment order CU. These results confirm our hypothesis H4. Indeed, participants' relative performance tend to improve across the game, but their search amount does not converge towards the optimal one. We estimate the generalized linear mixed-effects models 1a, 1b, 2a and 2b by maximum likelihood to explain the individual payoff gap and the individual stopping time gap in Treatment U. The results are presented in Table 7. They show like in Treatment C a positive significant effect of being at the second or last part in the treatment for the payoff gap, and a negative significant effect for the stopping time gap. The first reflects a learning effect in terms of performance. The second reflects a decrease in the amount of search as the game progresses. Starting the experiment with Treatment U does not have any significant effect. When controlling for the age and the gender, the percentage of boxes collected at the BRET shows a positive effect on the payoff gap, only at the 10% significance level. The percentage of errors made in the SART shows here a positive effect on the stopping time gap, meaning that the higher the impulsivity level, the higher the observed amount of search, but this effect is only significant at the 10% level. We note also that the age has a negative significant effect on the payoff gap. Finally, being a male shows a positive effect on the payoff effect, and negative effect on the stopping time gap, but again, only significant at the 10% level. We look in Figure S16 at the average number of clicks by alternative for each player, and its evolution across the different parts of the treatment. Even though the players spent relatively few trials on the explored alternatives (around 3 trials), the figure does not highlight any overall decreasing or increasing trend that could be interpreted as a learning effect.

Behavioral analysis

We also perform a survival analysis to study the determinants of the "exploit" decision. Here, we consider all the trials (except the first one for which there is no decision to make), since unlike in Treatment C, the player is not forced to spend a certain number of trials exploring an alternative.

We fit the following Cox proportional hazards model:

λ (t, C ri (t), A ri (t), ASLC ri (t), T ime ri , M SE ri (t), π ri , P art ri , U C ri , SART i , BRET i , M ale i , Age i ) = λ 0 (t) exp (C ri (t), A ri (t), ASLC ri (t), T ime ri , M SE ri (t), π ri , P art ri , U C ri , SART i , BRET i , M ale i , Age i )
where: C ri (t) is the number of candidates encountered by player i at round r, at the trial t, A ri (t) is the number of explored alternative by player i at round r, at the trial t16 , ASLC ri (t) is the ASLC of player i at round r, at the trial t, T ime ri is the logarithm of the average time by click player i at round r, M SE ri (t) is mean standard error of the clicked alternative by player i at round r, at the trial t, π ri is the payoff of player i at round r -117 , P art ri is for player i at round r, a categorical variable corresponding to the part in the treatment (first as reference, second or third), U C ri is for player i at round r, a dummy variable being 1 when the Treatment U is played first, SART i is the percentage of commission errors made at the SART of player i, BRET i is the percentage of boxes collected at the BRET of player i, M ale i is whether player i is a male player, Age i is the age class of player i.

The results presented in Table 8 and Figure 9 show, as in Treatment C, a strong negative effect of both regret and anticipation measures (number of candidates and ASLC ) on the probability to "exploit", which means that they delay exploitation. Click speed has also the same type of effect as in Treatment C, where it is positively associated with the probability to exploit. Also as in Treatment C, progress in the game (i.e. playing the second or the last part of the treatment) leads to a sooner exploitation. Though, the treatments order does not show any significant effect. We find again a positive effect of being a male on the probability to "exploit", meaning that women tend to explore more than men, as well as a a negative effect of age, meaning that older participants tend to explore more, but which is only significant at the 10% level. Contrarily to Treatment C, treatments order is not any more significant. The risk aversion and impulsivity variables do not show any significant effect on the duration of the exploration. Finally, we find again a counter-intuitive significant effect of the previous round's payoff, which is a positive effect on the probability to exploit, thus decreasing the search amount. To summarize, these results allow us to confirm the hypotheses H5, H6 and H7. 

Discussion

As predicted, we find evidence for a tendency to undersearch in Treatment U (uncertain information), and a much weaker or even absent learning effect compared to Treatment C. We also observe as expected a positive effect of anticipation on the amount of search, and a role of regret in the dynamics of the search behavior. This role consists in boosting the exploration. Again, as in Treatment C, we fail to find a reinforcing effect of the previous round's payoff, where higher previous payoffs would help bringing the participants closer to the optimal prediction. At the opposite, we find the reverse effect, where it decreases the exploration, thus accentuating the undersearch. In this treatment we also observe in accordance with our hypothesis a gender effect where men tend to explore less and perform better relative to the optimal strategy. Moreover, we find that younger participants tend to perform better relative to the optimal strategy. Contrarily to our intuition, we do not find any strong significant effect of risk aversion and impulsivity on the performance or on the search amount.

General discussion

We consider an optimal stopping problem with iterative exploitation and possible recall. We manipulate the degree of uncertainty at the level of the alternatives values. We present the analytic solution, which can be described as a decreasing threshold search strategy, meaning that the minimum value that the individual should be ready to accept decreases over time. The results of this theoretical model show that search in terms of number of explored alternatives is longer under uncertainty. When the information on the value of the alternative is certain, the exploration of a new alternative can be viewed as costly, since it requires no less than 10 trials to be subtracted from the exploitation phase, compared to the uncertain information condition, in which the exploration can be realized by less trials (though at the price of a higher uncertainty).

We next implement the model experimentally. We find, in line with the existing experimental literature on optimal stopping problems discussed earlier in this paper, that participants tend to oversearch and learn better when exploration is costly, and to undersearch when exploration is relatively cheap.

We find that anticipation tend to increase exploration and regret also plays a role in the search dynamics. Contrarily to [START_REF] Zwick | Consumer sequential search: Not enough or too much?[END_REF] who find a negative effect of regret on exploration, the effect that we find is the opposite. Though, this negative effect was found in a framework à la Secretary. However, this framework and the one we are studying, which involves iterative exploration, have already experimentally exhibited several fundamental differences. Thus, it is not aberrant to observe such an opposite effect of regret under the two frameworks. As for the interpretation of such an effect in our setting, a possible explanation could be a resurrection sake strategy, where after several attempts to find a new candidate, one would want to recover her losses and would gamble for resurrection18 . Moreover, in our setting, the possibility of recall makes exploration somehow much safer than it would be in other settings.

We observe consistently with [START_REF] Eriksson | Biases for acquiring information individually rather than socially[END_REF] and [START_REF] Eriksson | The devil is in the details: Incorrect intuitions in optimal search[END_REF] a gender effect where women tend to explore more than men, which however does not seem to be predicted by any known cognitive gender differences. A possible justification could lie in a difference in loss aversion levels (that would have been masked by the gender). Indeed, the literature has shown that women tend to be more loss averse that men [START_REF] Crosetto | A theoretical and experimental appraisal of four risk elicitation methods[END_REF]. At the same time, some studies on optimal stopping search have found that loss aversion plays a role [START_REF] Schunk | The relationship between risk attitudes and heuristics in search tasks: A laboratory experiment[END_REF][START_REF] Schunk | Behavioral heterogeneity in dynamic search situations: Theory and experimental evidence[END_REF]. For example, [START_REF] Schunk | The relationship between risk attitudes and heuristics in search tasks: A laboratory experiment[END_REF] find that search heuristics are not related to measures of risk aversion, but to measures of loss aversion. However, contradictory results are observed as for the direction of this effect. Indeed, [START_REF] Schunk | The relationship between risk attitudes and heuristics in search tasks: A laboratory experiment[END_REF] find that the more loss averse a subject is, the earlier she stops the search process, while [START_REF] Schunk | Behavioral heterogeneity in dynamic search situations: Theory and experimental evidence[END_REF] find that the higher the loss aversion, the higher the reservation price. Thus, loss aversion effect seems to be sensitive to the studied framework. We think this should be investigated more thoroughly. This game consists of choosing an alternative among 10. The figure below shows a preview of these 10 alternatives.

The figure below cons represents one alternative. Each of the alternatives is worth between 1 and 100. The values of these different alternatives are uncertain, which means that you can only know an interval inside which the exact value of an alternative is probably situated. The smaller is this interval, the less you have uncertainty about the exact value of an alternative.

You will play and repeat this game for 10 successive rounds. One of these rounds will be randomly selected and taken into account in the calculation of your final payment.

During a round: You have of a total stock of 100 clicks that you can allocate between two uses:

• Discovering the value of one or several alternatives • Collecting the points corresponding to the chosen alternative

Discovering an alternative:

The value of an alternative is a number comprised between 1 and 100, each of these numbers could be obtained with an equal chance.

You can discover the value of an alternative by clicking on the button "See" which is situated below the concerned alternative. By clicking on this button, you obtain the mean of a given number of draws from a normal distribution around the exact value of the alternative, as well as an precision interval inside which this exact value is situated with a certainty level of around 95%.

This discovery is done progressively. The more times you click on the button "See", the more the number of draws increases and the more you reduce the size of the precision interval. After 10 clicks on the button "See", the size of this precision interval becomes very small. You are then almost certain of the exact value of the concerned alternative.

As you click, the mean and the evolution of the precision interval are represented graphically respectively by a point and an interval. By positioning the mouse cursor exactly on the point, you can read the (rounded) values of this means and of the bounds of the interval under the following form:

«mean (sup: upper bound of the interval, inf: lower bound of the interval » Remarks: If the lower bound of the interval is lower than 1, it is replaced by 1. If the upper bound of the interval is greater than 100, it is replaced by 100.

Only in treatments order CU:

In this game, if you wish to discover an alternative, you will have to discover it completely, i.e., use the totality of the 10 clicks. 

Figure 1 :

 1 Figure 1: Threshold mt when n = T = 10, N = 100

Figure 2 :

 2 Figure 2: Timeline of the experiment

  order CU: Treatment C Treatment U Treatment C Treatment U Random combination Treatments order UC: Treatment U Treatment C Treatment U Treatment C Random combination

  Moreover, We expect to observe the same behavioral pattern in our data: a tendency to oversearch in Treatment C and to undersearch in Treatment U, and a stronger learning in Treatment C compared to Treatment U. H1: A tendency to oversearch in Treatment C. H2: A tendency to undersearch in Treatment U. H3: A learning effect in Treatment C. H4: A weaker learning effect in Treatment U compared to Treatment C.

Figure 3 :

 3 Figure 3: Comparison of the stopping times between the two treatments C and U (Boxplots, Black diamonds: means, Comparisons: Two-tailed paired t-test) Note: * p<0.05; * * p<0.01; * * * p<0.001

Figure 6 :

 6 Figure 6: Forest plot of Cox regression model of time to exploit in Treatment C with robust standard errors Note: * p<0.05; * * p<0.01; * * * p<0.001

Figure 9 :

 9 Figure 9: Forest plot of Cox regression model of time to exploit in Treatment U with robust standard errors Note: • p<0.1; * p<0.05; * * p<0.01; * * * p<0.001

Figure S2 :

 S2 Figure S2: Main task interface after few clicks on each alternative (in Treatment U)

  Figure S4: Control tasks

Figure S6 :

 S6 Figure S6: Instructions, before part 1 of the first played treatment, treatments order CU, original french version, cont.

Figure S7 :

 S7 Figure S7: Instructions, before part 1 of the first played treatment, treatments order UC, original french version, cont.

Figure S8 :

 S8 Figure S8: Instructions, before part 1 of the first played treatment, both treatment orders, original french version, cont.

Figure S9 :

 S9 Figure S9: Instructions, before part 1 of the second played treatment, treatments order CU, original french version

Figure S10 :

 S10 Figure S10: Instructions, before part 1 of the second played treatment, treatments order UC, original french version

Figure S11 :

 S11 Figure S11: Instructions, before part 2 of treatment C, both treatment orders, original french version

Figure S15 :

 S15 Figure S15: Individual frequencies of not recalling and choosing a non-candidate

Figure S16 :

 S16 Figure S16: Number of clicks by alternative's evolution through the different parts of Treatment U by treatments order (a). Means by part (black diamonds) and Boxplots by treatments order and part. Comparisons: Two-tailed paired t-test Note: N S. p≥0.1; • p<0.1; * p<0.05; * * p<0.01; * * * p<0.001 (b). Means and medians

  

  

  

  

  

  

  

  

Table 1 :

 1 Treatments orders

Table 2 :

 2 Treatments

Table 3 :

 3 Mean, median and standard deviation of the optimal stopping times

		Treatment C Treatment U
		(Certainty) (Uncertainty)
	Median	2	5
	Mean	2.35	5.37
	Standard deviation	1.48	3.23

Table 4 :

 4 Mean, median and standard deviation of the stopping times from the experimental results

		Treatment C Treatment U
		(Certainty) (Uncertainty)
	Median	2	3
	Mean	2.46	3.95
	Standard deviation	1.73	3

Table 5 :

 5 Generalized linear mixed model of the payoff gap and the stopping time gap in

	Treatment C
	(standard errors in brackets)

Table 6 :

 6 Cox regression model of time to exploit in Treatment Cwith robust standard errors (in brackets).

	Time to "exploit" decision	
	coef HR = exp(coef)	95% CI	p-value

Table 7 :

 7 Generalized linear mixed model of the payoff gap and stopping time gap in Treatment U (standard errors in brackets)

	Generalized Linear Mixed Model				Dependent variable:			
			Payoff Gap			Stopping Time Gap	
			(1a)		(1b)		(2a)	(2b)
		coef	p-value	coef	p-value	coef	p-value	coef	p-value
	Playing the second part	0.078	0.0082	0.078	0.0083	-0.219	0.0042	-0.219	0.0042
		(0.029)	* *	(0.029)	* *	(0.076)	* *	(0.076)	* *
	Playing the third part	0.100	0.0056	0.101	0.0055	-0.292	0.0048	-0.293	0.0046
		(0.035)	* *	(0.035)	* *	(0.100)	* *	(0.100)	* *
	Playing the Treatment U first	-0.055	0.1578	-0.055	0.1424	-0.044	0.7244	-0.057	0.6422
		(0.039)		(0.037)		(0.124)		(0.121)	
	% Boxes collected at BRET	0.177	0.1176	0.205	0.0617	-0.233	0.5159	-0.353	0.3253
		(0.115)		(0.108)	•	(0.349)		(0.356)	
	% Errors at SART	-0.064	0.3534	-0.046	0.4847	0.419	0.0602	0.384	0.0794
		(0.069)		(0.066)		(0.219)	•	(0.215)	•
	Age class			-0.052	0.02217			-0.029	0.6877
				(0.022)	*			(0.072)	
	Being a male			0.074	0.0642			-0.214	0.0995
				(0.039)	•			(0.128)	•
	Constant	0.837	< 0.0001	0.886	< 0.0001	1.149	< 0.0001	1.360	< 0.0001
		(0.052)	* * *	(0.068)	* * *	(0.175)	* * *	(0.231)	* * *
	Observations	1,971	1,971	1,971	1,971
	Subjects		66		66		66		66
	Log Likelihood	-1,462.496	-1,458.916	-3,242.133	-3,240.491
	Akaike Inf. Crit.	2,944.991	2,941.833	6,504.265	6,504.981
	Bayesian Inf. Crit.	3,000.854	3,008.868	6,560.128	6,572.017
	Note: • p<0.1; * p<0.05; * * p<0.01; * * * p<0.001								

Table 8 :

 8 Cox regression model of time to exploit in Treatment U with robust standard errors (in brackets).

The authors consider two measures: the AROCA (Average Rate Of Candidates Arrival ) as a measure of anticipation, and the PSLC (Periods Since Last Candidate) as a measure of regret.

At the first trial, the player has only one possible action: "see" the first alternative.

The players were simply told that the values where sampled from a normal distribution, that at each click, the sample size increased, and at the last click, the interval inside which the value of the alternative was with about 95% certainty becomes very small.

Players were informed that if the upper bound of the interval was greater than 100, it was replaced by 100. If the lower bound of the interval was lower than 1, it was replaced by 1.

by pressing a key, or clicking inside the black rectangle in our case.

http://leen.unice.fr

An alternative is a candidate if it is the highest alternative observed so far.

In which it is called the number of periods since the last candidate (PSLC).

In total 2315 series in Treatment C and 2305 series in Treatment U.

An alternative is a candidate if it is the highest alternative observed so far.

We fit the model only for r > 1

We control for the number of explored alternative in Treatment U and not in Treatment C since in Treatment C, the number of explored alternative is equal to t (as long as the "exploit" event is not yet observed).

We fit the model only for r > 1

The gamble for resurrection strategy generally refers to the strategies pursued by firms that are close to bankruptcy, and that continue their activity in the aim to remain alive, based on the hope that a fortunate event will occur or that trends will reverse, and make them avoid liquidation.

Figure S5: Instructions, before part 1, both treatment orders, original french version

Figure S13: Instructions, before part 3, both treatment orders, original french version

Supplementary Materials

Experimental interface

This is why we will call this game, the 10-clicks game.

Only in treatments order UC:

In this game, you can click as many times as you want (between 1 and 10) on the "See" button of a same alternative.

This is why we will call this game, the x-clicks game.

Be careful: If you decide to discover and alternative, you will not be able to go back to continue discovering the previous ones.

Choosing an alternative:

To choose an alternative, you need to click on the button "Choose".

When you choose an alternative, you collect a number of points corresponding to the exact value of this alternative multiplied by the number of remaining clicks, then divided by 10:

Profit of the round = remaining clicks × exact value of the chosen alternative / 10 This information will be displayed on the right of your screen as you can see in the below cons figure.

You can choose only one single alternative.

If you use the totality of your clicks capital for the discovery of the values of the alternatives, you will not be able to choose an alternative and will consequently not collect any point.

Remark: For the first click, you can only use the "See" button of the first alternative.

Translated instructions (cont.): Before part 1 of the second played treatment:

You will play and repeat this game for 10 successive rounds. Only one of these rounds will be randomly selected and taken into account in the calculation of your final payment.

This game is identical to the previous one, at one difference.

The difference is the following:

Only in treatments order CU: You can click as many times as you want (between 1 and 10) on the "See" button of a same alternative.

This is why we will call this game, the x-clicks game.

Be careful: If you decide to discover and alternative, you will not be able to go back to continue discovering the previous ones.

Only in treatments order UC:

In this game, if you wish to discover an alternative, you will have to discover it completely, i.e., use the totality of the 10 clicks.

This is why we will call this game, the 10-clicks game.

Before part 2

Only in treatment C:

You will now play again to the game of 10-clicks. You will play and repeat this game for 10 successive rounds. Only one of these rounds, randomly selected, will be taken into account in the calculation of you final payment.

Reminder: In this game, if you wish to discover an alternative, you will have to discover it completely, i.e., use the totality of the 10 clicks.

Only in treatment U:

You will now play again to the game of x-clicks. You will play and repeat this game for 10 successive rounds. Only one of these rounds, randomly selected, will be taken into account in the calculation of you final payment.

Reminder: You can click as many times as you want (between 1 and 10) on the "See" button of a same alternative. Be careful: If you decide to discover and alternative, you will not be able to go back to continue discovering the previous ones.

Before part 3

You will now play again to the games 10-clicks and x-clicks for a total of 20 successive rounds in a random order. Two of these rounds, randomly selected, will be taken into account in the calculation of your final payment.

Reminder:

• In the 10-clicks game:

If you wish to discover an alternative, you will have to discover it completely, i.e., use the totality of the 10 clicks.

• In the x-clicks game: You can click as many times as you want (between 1 and 10) on the "See" button of a same alternative. Be careful: If you decide to discover and alternative, you will not be able to go back to continue discovering the previous ones.

Comprehension questionnaire: • True

• False

During a same round, I can click several time on the button "Choose":

• True

• False

The number of points that I can collect during one round is calculated according to the following formula: Number of used clicks × exact value of the chosen alternative / 10

• True

• False

All the rounds will be taken into account for the calculation of my final payment:

• True

• False

Simulation-based results

To compute the simulation-based results, we consider under both treatments all the possible combinations of trials allocations. In Treatment C, there are in total 9 possible combinations: allocating 10 trials to the first alternative then exploiting it, allocating 10 trials to the first alternative and 10 trials to the second alternative then exploiting the highest between these two, etc. We do not consider the combination where the player allocates 10 trials to explore all of the 10 alternatives, since the corresponding payoff to that combination is necessarily zero, because no trials are left for exploitation.

In Treatment U, we moreover need to consider the different combinations of the different possible number of trials spent at each alternative. In our simulations, we consider up to 4 trials by explored alternative. By doing so, we have a total of 1.398.100 possible combinations. In both treatments, for each combination we compute the corresponding payoff and the number of explored alternatives. The payoff is calculated based on the real value of the chosen alternative, even if the exploitation decision is made based on the observed value at the current trial. We then search for the optimal combination, i.e., the combination yielding the highest payoff.

In order to verify the hypothesis in our theoretical model under uncertainty, claiming to spend the minimum time (i.e. one trial or substep) on each explored alternative, we looked at the number of trials spent on each explored alternative in the simulations-based results under Treatment U. These results show that spending more than 1 trial on one alternative occurred less than 6% of the time (see Table S1). This is a support for our hypothesis.