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“May the odds be ever in your favor”:
An N-person customizable Game Theory model, built to explore the power and effects of different decision making processes

The motivation for this project began with my curiosity about the basic principles of Game Theory.  Game Theory is defined as a model of optimality taking into consideration not only the benefits and costs, but also the interactions between participants.  Furthermore, it attempts to look at the relationships between players in a particular model and predict their optimal decisions.  In a “game”, there is a set of players, each with their own personal set of strategies, or possible choices.  Depending on the decisions that every player makes, each participant receives some payoff value, also known as utility.  A strategy is strictly dominant to another if it always produces a higher utility value for the player, regardless of what strategies the other players choose.  A profile of chosen strategies is a Nash Equilibrium if no player would like to change their strategy given the strategies of other players.  In other words, players seek to maximize their utility when they know the other player’s strategies; and if every player has maximized their utility given the current profile of strategies, then a Pure Strategy Nash Equilibrium has been achieved.  However, in many games, it is not reasonable to assume that a player will make the same decision each time given a profile of strategies.  Instead, each player will have a certain probability of choosing each strategy.  For example, consider the game of a penalty kick in soccer.  Let’s simplify the game by saying that the kicker can either shoot right or left and the goalie can either dive right or left.  If they both choose the same direction, the goalie wins.  If they choose different directions, the kicker wins.  However, if one of them makes the same decision time after time, then that individual becomes predictable and, therefore, easily defeated. As a result, a probability distribution for their strategies emerges. In this case, the kicker and the goalie each choose left or right with a probability of 50%.  This solution, while logical, is analytically determined by a mathematical model.  While the model is effective for its purpose, it fails to take into account the fact that people are frequently illogical, and furthermore, don’t perfectly randomize the decisions that they make.  To expand on this idea, people carry many biases with them that mold and guide their decisions. For example, a soccer player may not have equal ability in shooting the ball either left or right, so he tends towards the side with which he feels more comfortable. With this in mind, the analytical model becomes a bit unrealistic.  There are many different types of people in the world and are, therefore, many different types of decision making processes.  The Netlogo model intends to capture a select few of these decision making processes to see how different types of people respond to various situations and to see which strategy results in the largest expected payoff.
	The goal of this model is to emergently determine the best decision making strategy, as well as how often each player chooses each strategy.  Furthermore, it will seek to determine how the number of people employing each type of decision making strategy affects the aforementioned results.  The model will be focusing on the most basic type of game.  It will be looking at games consisting of two players, each with a set of two strategies.  Furthermore, the analysis will be focusing on two specific games, a cooperation game and a competition game, as opposed to the BehaviorSpace of games.  While there will only be two types of players, there will be a large number of participants to allow players with different decision making strategies to interact with one another.  While one could imagine a large number of deep and complex decision making strategies, three will be focused on.  The first group of people is called the “utility-maximizers”.  When they enter a game and make a decision, they look at the payoff they received and the payoff they could have received had they made the other decision.  If they received a larger payoff than their potential, then they become more likely to make the same decision again.  However, if they could have done better by making the other choice, then they become more likely to make that other decision.  This group lives in the moment and is purely self-interested.  The next group of people is called the “fair-seekers”.  When they enter a game and make a decision, they look at the payoff they received and the payoff their partner received.  If they did as good as or better than their partner, then they become more likely to make the same decision again.  If, however, they lost to their partner, then they become more likely to choose their other strategy the next time around.  This is a purely competitive group that is merely focused on winning.  The final group of people is called the “predictors”.  This group thinks out their decisions a bit harder.  Upon playing a game, they look at the payoff that their partner received and the payoff their partner could have received from choosing the other strategy.  The player assumes that his partner will tend to make the better decision, and then assesses what’s best for himself given such a situation.  At this point, the player becomes more likely to make his best decision in response to the decision prediction for his partner.  This group of players is the only one to employ predictive abilities in their decision making process.  None of the players have previous knowledge of the game, so they all start indifferent towards their strategies.  
	To get into more detail about the model, it all starts with the creation of the game.  As I mentioned before, the focus lies on two player, two strategy games.  Each player receives a utility value for each strategy profile, which means that there are 8 utility values that have to be set to initiate a game.  The model is customizable by the user, which means that the user controls the setup of the game.  More specifically, all of the utility values are controlled by sliders in the range of negative 10 to positive 10.  This means that the model allows for almost 38 billion (21^8) different games to be analyzed!  Once the game is set, the user now has to decide how many of each type of group to include in the simulation.  These values are all controlled by sliders in the range of zero to fifty.  All of these turtles then randomly assign themselves to either be a player 1 or a player 2, represented by their color.  Furthermore, they also assign themselves a label to distinguish what group they are in.  Utility-maximizers set themselves to be a “1”.  Fair-seekers set themselves to be a “2”.  And finally, Predictors set themselves to be a “3”.  Turtles were chosen for this model because they are capable of movement, thus allowing for randomized spatial interactions.  This means that they are able to interact and play games with all of the different types of turtles, providing a more realistic representation of how people interact in the real world.  At this point, the user presses “go” and the turtles begin to aimlessly wander around the map.  As previously mentioned, the turtles start indifferent towards their strategies, meaning that the probabilities of choosing each strategy are equal.  Each turtle stores these probabilities as turtles-own variables to allow each individual to uniquely learn throughout the simulation.  In order to play a game, a turtle must be spatially located adjacent to an opposing player.  If this is the case, the two turtles “partner-up” and pick strategies based on their current probability distributions.  Now, they may assess their payoff, their potential payoff, their partner’s payoff, and their partner’s potential payoff, depending on the learning mechanism that they employ.  The players then adjust their likelihoods of choosing each strategy and proceed to release their partners and search for a new one.  However, these probabilities adjustments are weighted different ways for each type of decision making strategy.  The Utility-maximizers weight their adjustments according to the difference between the utility they received and the potential utility they could have received.  Without this weighting, the group won’t necessarily tend towards a better decision or tend towards any decision at all.  In other words, without the weighting, a turtle may not recognize the difference between a payoff of 2 and a payoff of 10, a very important distinction for this model to produce valid results.  The Fair-seekers weight their adjustments according to the difference between their and their partner’s payoffs.  This means that when a turtle feels that they’ve been very unfairly treated (i.e. their payoff is much less than that of their partner), they move away from that strategy choice a proportional amount to their negative sentiment.  Finally, the Predictors weight their adjustments based on how confident they are that their partner will make the better decision.  To be more specific, the player will look at the difference between their partner’s payoff and their partner’s potential payoff, and weight their personal best decision proportional to this.  Throughout the learning process, the expected utilities of each group of each player are monitored and recorded.  The expected utility is calculated by looking at how likely a turtle is to make each decision, how likely the other players are to make each decision, and the payoffs associated with each strategy profile.  Along with a plot of the expected utilities for each group of each player, the average probability distributions will be monitored as well.  This is to visualize the time it takes for each group to reach equilibrium with their decision making.  When this occurs, the model can be stopped.  This concludes the implementation and function of the model.
	The first game that is going to be considered is a variation of the classic cooperation game.  The setup is as follows:
· If both players choose strategy 1, they each receive a payoff of 5
· If both players choose strategy 2, they each receive a payoff of 2
· If the players choose different strategies, they each receive a payoff of 0
It is quickly easy to see that it is optimal for both players to purely pick strategy 1, as this strategy profile results in the largest payoff for each of them time after time.  This game was chosen to see how effective the turtles are at working and learning together in order to collectively optimize their payoffs.  When analyzing the emergent expected utilities, many different population combinations are considered in order to see the impact of the size of each group.  It is also worth noting that only player 1’s expected utilities are being monitored.  This is because the game is symmetrical, so player 2 will have the same results.  The following graph depicts the final expected utilities of each group for 125 different population combinations.

The first thing that stands out is the consistency of the ranking of the groups at each run.  The graph clearly illustrates that the Predictors receive the highest expected payoffs, followed by the Utility-maximizers, and finally the Fair-seekers.  This implies that the population dynamics have no impact on determining the optimal decision making strategy.  However, this graph does seem to show a general increase in expected utilities as the run number increases.  This is a result of the sorting of the group sizes.  In developing this plot, the data was first sorted by an increasing level of the number of Predictors, then by an increasing level of the number of Fair-seekers, and finally by an increasing level of the number of Utility-maximizers.  It is also worth noting that five population sizes (1, 11, 21, 31, 41) were looked at for each group.  This is evident by the five “groupings” of data across the chart, along with the five groupings within those groupings (especially evident in runs 1-25).  The trends within all of these are important to consider.  As previously mentioned, there is a general increase in utility from one large grouping to the next as the run number increases.  This is a result of the number of Predictors increasing.  In other words, an increase in Predictors is better for the entire population.  This is because the Predictors are capable of quickly finding the optimal choice and sticking with it over time.  This can’t be said about either of the two other groups. The Fair-seekers have the opposite effect of the Predictors.  From looking at the smaller group to group changes, an increase in Fair-seekers consistently results in a decrease in expected utility across all decision making strategies.  This is an expected result given that the Fair-seekers never feel the need to adjust their probability distributions.  Therefore, an increasing number of Fair-seekers pulls down the mean probability of choosing strategy 1.  This results in lower expected utilities for all decision making strategies.  The last trend to consider is that of the increasing population of Utility-maximizers.  This is a good strategy, but not quite as effective as a predictive strategy.  This means that when the amount of Predictors is low when compared to the amount of Utility-maximizers, the Utility-maximizers have the effect of increasing everybody’s expected utilities.  However, it is clear that populations with large proportions of Predictors tend to be the most successful.  This means that when the number of Predictors is comparable or greater than the number of Utility-maximizers, then increasing the amount of Utility-maximizers results in a lower proportion of Predictors and lower expected utilities across all groups.  In conclusion, a predictive strategy is best both for the individual and the community.  This is followed by Utility-maximization, which is also good both for the individual and the community.  And the worst strategy for a cooperation game is to seek fairness, as the player remains indifferent to their strategies and becomes a detriment to the community.
	The next game that is going to be looked at is known as the hawk-dove model, but in this case will be considered a model for aggressive vs. passive behavior.  The idea is that the two players are competing for a resource (R), but if both players are aggressive, they incur a cost (C).  This cost is greater than the value of the resource.  The setup of the game is as follows:
· [bookmark: _GoBack]If both players choose strategy 1 (aggressive), they receive a payoff of (R-C)/2
· If one player is aggressive and the other passive, the aggressor receives a payoff of R, while the passive player receives a payoff of 0
· If both players choose to be passive, then they each receive a payoff of R/2
· For the analysis, R=6 and C=8
An optimal decision isn’t as straightforward in this case.  The largest potential payoff goes to an aggressor, but an aggressor may also incur the largest cost.  Because of this, there is no strictly dominant strategy in this game.  As opposed to the cooperation game, this game was chosen to see how turtles learn and compete with one another.  Once again, a multitude of population combinations are considered and only player 1 is being tracked during the analysis.  In this case, however, the final probabilities of choosing strategy 1 are being monitored, along with the final expected utilities.  The following graph illustrates these final probabilities.

This is a peculiar result, as the Predictors almost purely choose strategy 2, while the Fair-seekers almost purely choose strategy 1.  Subsequently, the Utility-maximizers get confused and choose to mix their strategies, with a tendency towards strategy 1.  The Predictors are purely choosing strategy 2 because their analysis of the game shows them that their partners are typically going to choose strategy 1.  As a result, the Predictors would rather net even by choosing strategy 2, than incur a cost by choosing strategy 1.  The Fair-seekers, however, aren’t quite as risk averse.  They look at the game and realize that they can’t “win” by choosing a passive strategy; thus, they tend to be aggressors.  As for the Utility-maximizers, recall that they adjust their probabilities proportional to the difference in their payoffs and potential payoffs.  If their partner were to choose strategy 1, then this payoff difference equals 1 (-1 – 0).  If their partner were to choose strategy 2, then this payoff difference equals 3 (6 – 3).  Because they are initially indifferent to their choices, they take 3 “steps” towards strategy 1 for every one “step” towards strategy 2.  Therefore, it’d be expected that this group would ultimately choose strategy 1 roughly 75% of the time.  This is backed up by the mean probability of this group choosing strategy 1 being 76.8%.  The following graph plots the expected utilities for various population combinations to illustrate which group is more successful over time. 

While the rankings aren’t perfectly consistent across each round, the data shows that the Fair-seekers tend to do the best, with the Utility-maximizers close behind and the Predictors coming in last.  Once again, this implies that the population dynamics have a minimal effect on the emergent ranking.  However, the population dynamics do have an effect on the value of each expected payoff.  To remain consistent, the aforementioned ordering of runs was used in this analysis as well.  First and foremost, the expected utilities still increase as the number of Predictors increases.  This occurs because both aggressive players and passive players benefit from competing with a greater number of passive players.  More specifically, in such a matchup, an aggressive partner will receive the full value of the resource (his best outcome), and a passive partner will receive half the value of the resource (his best outcome as well).  A similar argument can be made for the effects of increasing the number of Fair-seekers.  It is clear that as this value gets larger, all of the expected utilities tend to get smaller.  This occurs because neither aggressive players nor passive players benefit from competing with a greater number of aggressive players.  To clarify, in such a matchup, an aggressive partner will incur a cost (his worst outcome), and a passive partner won’t receive anything (his worst outcome as well).  The last trend to consider is that of an increasing amount of Utility-maximizers.  This increase doesn’t result in any significant pattern, however.  This is a result of the Utility-maximizers randomizing their decisions.  In conclusion, the competitive minded Fair-seekers have the most success in an aggressive vs. passive game.  That said, they are a detriment to the community as more and more of them join the game.  The Utility-maximizers do the next best and have no discernible impact on the community.  And finally, the Predictors end up doing the worst, but have a positive impact on the community as a whole.
	Both the cooperation game and the competition game provide an intriguing insight into the power and effects of various decision making processes, but the results are only valuable if the model is feasibly valid.  Furthermore, validity is required if the user wishes to extend it to some of the 38 billion other potential games.  
	At the micro level, it is vital to consider the feasibility of the rules of each of the decision making strategies.  From a philosophical perspective, people enter the world a blank slate and it is, therefore, fair to consider them indifferent to their initial choices.  As soon as an individual enters the world, though, learning begins.  While learning is a complex process, let it first be separated into two categories: observational learning and experiential learning.  In other words, people learn from what they see or they learn from what they do.  This is where the Utility-maximization strategy becomes relevant.  This strategy is purely based on experiential learning.  A person makes a decision, receives an outcome, then both consciously and sub-consciously decides if they made a good choice or not.  For example, the person who grabs a piping hot cookie sheet with their bare hands will suffer a painful burn and, consequently, become more cautious in the future.  While simple, the Utility-maximization strategy directly reflects this experiential learning and is, therefore, a viable learning method at the micro level.  The Predictive strategy extends this idea to allow a person to consider what is best for them given what they believe is best for another.  In other words, they observe the options of others to see if they made a good decision or not, look at their payoffs for their own possible strategies, and choose a strategy based on how confident they are in the other’s decision.  For example, consider the penalty kick game.  Suppose, however, that the goalie knows that the kicker has more success when he shoots to the left.  Therefore, the goalie assumes that the kicker will shoot left.  After weighing his own options, it is clear that the goalie’s best response is to dive left.  This learning comes from having observed the opposing player and from having experienced the utilities of both blocking and allowing a goal.  While a bit more involved, the Predictive strategy accurately reflects this form of learning and is, thus, another viable learning mechanism.  Finally, the Fair-seeking strategy is more based on emotional learning than either observational or experiential.  In this sense, a person learns from how they feel about an outcome, as opposed to the outcome itself.  For example, consider an example where an individual and his friend are competing on an upcoming test.  They can choose to study or not study.  The individual will get a B if he studies and a C if he doesn’t, but the friend will get an A if he studies and a D if he doesn’t.  The individual will learn that not studying allows him to beat his friend, so he prefers this decision, despite it giving him a worse grade.  While this is a specific case, there are many situations in which people will avoid the rational decision because their emotions hold more value.  The Fair-seeking strategy is reflective of this type of learning and is, therefore, a final viable option at the micro level.  With all three strategies valid at the micro level, it’s also imperative to consider the macro level behavior of the population.
	For assessing macro level validity, consider the results of the cooperation game and the competition game.  The cooperation game shows that prediction is the best strategy, followed by utility-maximization, and finally fair-seeking.  It is expected that Fair-seekers would come in last because they “feel” nothing, as each strategy profile results in an equal outcome.  Therefore, they remain indifferent to their two choices, resulting in the lowest expected payoff.  The next group to consider is the Predictors.  In a game that depends on working with a partner to achieve an optimal result, it is logical that predicting the partner’s decision will quickly lead to a successful strategy.  Finally, while Utility-maximization succeeds in learning that strategy 1 is the optimal decision, it’s a much slower process than predictive learning.  Furthermore, with the Fair-seekers remaining indifferent to their decisions, the Utility-maximizers are forced to consider strategy 2 as the optimal choice half of the time.  While this model is impossible to empirically validate, on face, it appears to produce expected and logical results.  Next, consider the results of the competition game.  First and foremost, it is rational that a competitive minded individual will have the most success in a competitive game.  The aggressors can’t lose, so it easily predicted that all Fair-seekers will purely choose an aggressive strategy.  As previously discussed, a Predictor sees that an aggressive strategy is going to be his partner’s best decision over time and, therefore, opts for a passive strategy to avoid incurring a cost.  While a passive strategy is their logical choice, the Predictors end up getting used for the benefit of the rest of the population and, ultimately, finish with the lowest expected utilities.  From a real world perspective, those who actively take risk and pursue what they want will have more success than those who wait for opportunities to come to them.  Finally, as previously discussed, the Utility-maximizers choose a mixed strategy approach that depends on the value of the resource and the cost of competition.  Once again, this result is difficult to empirically validate, but on face, it does tend to match up with inherent aggressive vs. passive behavior.  The outcomes of both the cooperation game and the competition game are easily predicted and understood, allowing this model to be valid at the macro level.
	All in all, this model demonstrates that no single pure decision making strategy is optimal across all situations.  Rather, the best strategy is situation specific, and this evident from the reversed rankings of the cooperation and the competition game.  However, one consistent result is that the community benefits from those who rationally think out their decisions, while the community suffers from those who make purely emotional decisions.  Ultimately though, the surface has only been scratched with this model, as there are “games” being played with every decision that is made every day.  And with roughly 38 billion variations, this model still has plenty of more room for interpretation and analysis.
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Expected Utility
Probability of Strategy 1
Umax	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	0.50700000000000001	0.66539999999999999	0.65090909090909099	0.70340000000000003	0.68229629629629596	0.54300000000000004	0.59350000000000003	0.65283333333333304	0.70052941176470596	0.72716666666666596	0.52900000000000003	0.56133333333333302	0.61646153846153795	0.58036842105263098	0.68626923076923096	0.58699999999999997	0.65909090909090895	0.68071428571428505	0.63188	0.48424999999999901	0.58840000000000003	0.66142857142857103	0.69595238095238099	0.68300000000000005	0.73899999999999999	0.74508333333333299	0.74910526315789505	0.80980952380952298	0.73560000000000003	0.86566666666666603	0.80321052631578904	0.71023529411764696	0.82299999999999995	0.65024999999999999	0.73850000000000005	0.73740000000000006	0.72795454545454497	0.68087500000000001	0.66153846153846096	0.749176470588235	0.73873684210526303	0.70299999999999996	0.70899999999999996	0.70150000000000001	0.748	0.92300000000000004	0.86242857142857099	0.83799999999999997	0.86952631578947404	0.79179999999999995	0.85050000000000003	0.83177777777777795	0.76586666666666703	0.77175000000000005	0.79933333333333301	0.77400000000000002	0.76764285714285696	0.77790909090909099	0.80274999999999996	0.74645454545454504	0.77900000000000003	0.74737500000000001	0.71120000000000005	0.76700000000000002	0.69576470588235295	0.72404545454545399	0.92525000000000002	0.90700000000000003	0.91234999999999999	0.80964999999999998	0.92800000000000005	0.88859999999999995	0.861375	0.883066666666667	0.83242857142857096	0.88400000000000001	0.87516666666666698	0.7920625	0.79549999999999998	0.89100000000000001	0.79349999999999998	0.81299999999999994	0.75531250000000005	0.77526666666666599	0.76983333333333304	0.76500000000000001	0.75949999999999995	0.84371428571428597	0.94933333333333303	0.89055555555555599	0.85307692307692295	0.86539999999999995	0.94099999999999995	0.89700000000000002	0.889384615384615	0.86731250000000004	0.8347	0.82316666666666605	0.85214285714285698	0.84225000000000005	0.80833333333333302	0.90500000000000003	0.83650000000000002	0.86961538461538401	0.84540000000000004	0.80011538461538401	0.78685714285714303	0.86575000000000002	0.85180952380952402	0.79169565217391302	Fair	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	0.998	0.97399999999999998	0.79025000000000001	0.96	0.994571428571428	0.99733333333333296	1	0.97563636363636397	0.992307692307692	0.99783333333333302	0.999714285714285	0.99981818181818105	0.997529411764706	0.99875000000000003	0.99936842105263102	0.999571428571428	0.99944444444444402	0.999	0.999857142857142	1	0.99982608695652098	0.99976923076922997	1	0.96560000000000001	0.99550000000000005	0.99099999999999999	0.998	1	0.986363636363636	0.99950000000000006	0.99966666666666604	1	1	0.99915789473684202	0.998941176470588	0.999857142857142	1	0.99973333333333303	0.99907142857142806	0.99960000000000004	0.99989473684210495	0.99988888888888805	1	0.77600000000000002	1	1	0.94657142857142895	0.99833333333333296	1	0.998285714285714	1	0.99866666666666604	0.999142857142857	0.99980000000000002	1	1	0.99960000000000004	0.99907692307692297	1	0.99966666666666604	1	0.99987499999999996	0.99981818181818105	0.99954545454545396	1	1	0.83	0.998	1	0.97160000000000002	0.99966666666666604	0.998	0.999428571428571	0.99950000000000006	0.99444444444444402	0.99890909090909097	0.99980000000000002	0.99983333333333302	1	0.99986666666666602	1	0.99977777777777699	0.99987499999999996	0.99983333333333302	0.99927272727272698	0.99990476190476196	0.99988888888888805	1	0.99990000000000001	0.998	0.998	0.98333333333333295	1	0.99966666666666604	1	1	0.99966666666666604	0.99850000000000005	0.99955555555555498	1	1	0.99744444444444402	0.999714285714285	1	1	1	0.999	1	0.99970370370370298	0.99992857142857094	1	Predict	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	0.39999999999999902	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1.7249999999999901E-2	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	Run #
Probability
Expected Utilities
Umax-EU	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	1.64498399999999	1.92926427272727	1.5743008831168801	1.7877544999999899	1.8491414634146299	0.65690399999999805	1.2368941090909	1.47229179487179	2.0024501612903198	2.04900120437342	0.328441599999998	1.06745104895104	1.1640043809523799	1.03285488833746	1.6003837898686599	0.72650399999999804	0.90694614718614597	1.58191506418219	1.5596999999999901	1.4227809655172401	0.35502755555555399	0.74357679144384803	1.08932448484848	1.5018681400921601	1.7091652571428499	4.0917560000000002	2.3130470489510402	2.3675025850340101	2.24103492473118	2.6330116829268202	2.38666	2.3204761148325299	3.2834421768707398	2.6470356832844502	1.89733395121951	2.8235635555555501	1.6429650143540599	2.06515010351966	2.1257666413662202	1.96854309534368	2.17841872727272	1.7904725950413201	1.6319923999999999	2.0227950967741899	2.0708110655826499	2.0296572727272699	1.7588730137741	1.6323555918367301	1.8477343495873899	2.0581812574525702	5.7649847999999997	3.5801890909090899	3.1303861809523799	3.32024332258064	2.5764422623599201	3.54803333333333	3.15208404545454	2.8671278392857098	2.2898029103942599	2.31273058807587	2.5066246956521701	2.50428147800586	2.50671621933621	2.2216014193548301	2.3006283759666801	2.1195097777777701	2.70490084848484	2.0038113770913699	2.5164982894954502	2.30359009214092	1.8620952432432401	1.74368914772727	2.3801701164021098	1.88309873772791	2.0245141463414602	4.9187549333333296	3.9689994710743699	3.9227456111111101	4.0606606686216997	2.6795129698708702	4.7205208888888901	3.5370632167832099	3.4692861052631501	3.27070768421052	2.8241846171298901	3.0061269629629601	3.4012029740259702	3.3155303879210201	2.4985817142857099	2.7484968231707301	3.19138451612903	2.3759892121212101	2.7699649947089902	2.1568801290322499	2.4838281432926799	2.9995199999999902	2.6658224390243799	2.2398550984126899	2.1927893076923	2.81498688501742	4.789936	4.7124714155844103	3.62265783908046	3.1478949049694802	3.4051052032520301	4.90049446153846	3.79972083116883	3.80824847058823	3.3344001096774099	3.0077968988064301	3.2634224210526299	3.0403298823529399	3.16477281318681	2.8705629983022001	2.7742907675460402	3.5692068965517199	3.14296676033057	3.2800086349206299	3.19625172993248	2.7179675778994499	3.13331412765957	2.5515337527272699	3.2076475449735402	3.2303949001536099	2.5019168989547	Fair-EU	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	1.6912639999999901	2.0298180000000001	1.6580901818181799	2.0640589999999999	2.115408	0.63953890909090705	1.3550781818181801	1.6504500699300599	2.3273096818181802	2.3733895423197402	0.20371154285713999	1.17126842490842	1.2741381064425701	1.1024250109890099	1.7822548278388199	0.71311238709677205	0.95716249462365399	1.81681994950911	1.75727999999999	1.6016506340378101	0.124884574525743	0.74133133428981102	1.19230426607538	1.7115375944250799	1.9639722034843199	4.0567760000000002	2.3971409230769201	2.4486560000000002	2.5527333333333302	2.5932659999999998	2.6214799999999898	2.5119240574162598	3.69814199134199	2.9143062479338799	2.1393297360703798	2.8944336931216901	1.8501722706766901	2.2938157349896402	2.3372732773109202	2.17529628860028	2.7621645747800501	1.98920741348973	1.80136615913978	2.2477741935483802	2.3085318422938998	2.6498647006651801	1.9621581374722801	1.7788911386759501	2.0313939693703902	2.29107443685636	5.3243375999999998	3.5160779999999998	3.5636499999999902	3.3183753333333299	2.9892432432432399	4.0551017212121199	3.4826377272727198	3.0811084090908998	2.5439603232323198	2.5962144040404	2.83495542857142	2.6736841781874001	2.7772682251082199	2.35780309523809	2.4642605993031301	2.5466796845878101	2.8900047311827901	2.1777722755013	2.8199550438378802	2.5268727225806402	2.1095451232696099	1.9337852743902399	2.5806573062330598	2.0750443266171699	2.2549404878048702	5.1794773333333302	4.40204872727272	4.3687083333333296	4.03173236363636	2.7690070588235201	4.4886311111111104	3.7468493986013902	3.81612514832536	3.54528216267942	2.99912690063424	3.28654567901234	3.5054113333333299	3.5158012543554	2.7145684897959099	2.8806887936507901	3.14804803329864	2.6330969462365501	2.9930716272401399	2.3603762580645098	2.7315870725806399	3.3363993365853601	2.91854515169541	2.4209826991869901	2.4196398761725999	3.0626236933797899	4.4211679999999998	5.1876725714285703	4.0731288275862001	3.02903351351351	3.28978311111111	4.6954353566433502	3.8632949610389602	3.9816893262031998	3.5092919999999901	3.1874003249516401	3.5114836090225499	3.16802272268907	3.40101959706959	3.1250121503759298	2.9535057881438198	3.5302473859844201	3.29359296187683	3.4913347096774099	3.42241751237809	2.8788857616853099	3.7254556720290601	2.67161324878048	3.6431711255645798	3.4888186295005799	2.70767419860627	Predict-EU	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	1.56879999999999	1.6282379999999901	1.2016363636363601	1.3138124999999901	1.3439999999999901	0.69599999999999895	1.02809999999999	1.15176923076923	1.4443125000000001	1.4831379310344801	0.50279999999999903	0.93807692307692203	0.98488235294117599	0.911423076923076	1.2170769230769201	0.73349999999999904	0.84328571428571297	1.2310434782608599	1.2149999999999901	1.1325517241379299	0.47366666666666501	0.74602941176470505	0.95172727272727098	1.18808571428571	1.2978857142857101	2.5282559999999901	1.55993096503496	1.58526192207792	1.52259999999999	1.73730218181818	1.63499999999999	1.5791052631578899	2.0642857142857101	1.7329090909090901	1.37429032258064	1.7393856969696899	1.2468947368420999	1.45159683794466	1.4991176470588199	1.40827272727272	1.6555909090909	1.31440988429752	1.23405178181818	1.4435039999999899	1.47590926868686	1.6015909090909	1.3125908980716201	1.22434609870129	1.3511747991543299	1.46601023030302	2.9990564571428502	2.1204239999999999	1.9558499999999901	2.02834823809523	1.7107724478764399	2.2765876063491999	2.0011688888888801	1.85174848809523	1.5532222222222201	1.5791530370370299	1.7180413416149001	1.6510731059907799	1.6867410101010101	1.5199888571428499	1.55991440650406	1.5769629206349201	1.7494999999999901	1.4136486486486399	1.6941185445665401	1.5839056084656	1.38307403861003	1.28859374999999	1.5973358518518499	1.3670869565217301	1.44008761904761	2.8525999999999998	2.31776329618768	2.3012752258064499	2.3633253255131899	1.7322538519924	2.5251246451612901	2.1376427593052099	2.1551917283531399	2.0273823157894699	1.81276256264066	1.9413923727598501	2.0263981290322501	2.0402265554681298	1.65513356682027	1.7844801720430099	1.8658064516129	1.62549999999999	1.7835765734767	1.4920198709677399	1.6943076612903201	1.9561366451612801	1.7626614382376	1.53240185806451	1.5269352307692301	1.84295093087557	2.8140000000000001	2.6544072334494699	2.1758275862068901	1.94630795517468	2.0891457127371198	2.5916842626641601	2.2662515121951201	2.2449276327116201	2.04287432195121	1.9002379076284299	2.0789657869062901	1.9055521377331399	2.0032836435272001	1.8310799537869	1.7920730950721699	2.0279185870479299	1.9497058270509899	2.01266671869918	1.9786556142938101	1.7593251727227399	2.1461090316554201	1.6670347239024299	2.0730887262872599	1.9957716794425	1.6584122822299601	Run #
Expected Utility
