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Abstract This paper studies to what extent agent development changes one’s
own strategy. While this question has many general implications, it is of special
interest to the study of Peer Designed Agents (PDAs), which are computer
agents developed by non-experts. This latter emerging technology has been
widely advocated in recent literature for the purpose of replacing people in
simulations and investigating human behavior. Its main premise is that strategies programmed into these agents reliably reflect, to some extent, the behavior
used by their programmers in real life. We show that PDA development has an
important side effect that has not been addressed to date — the process that
merely attempts to capture one’s strategy is also likely to affect the developer’s
strategy. This result has many implications concerning the appropriate design
of PDA-based simulations as well as the validity of using PDAs for studying
individual decision-making. The phenomenon is demonstrated experimentally,
using two very different application domains and several performance measures. Our findings suggest that the effect over one’s strategy arise both in
situations where it is potentially possible for people to reason about the optimal strategy (in which case PDA development will enhance the use of an
optimal strategy) and in those where calculating the optimal strategy is computationally challenging (in which case PDA development will push people to
use more effective strategies, on average). Since, in our experiments, PDA de· Avshalom Elmalech
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velopment actually improved the developer’s strategy, PDA development can
be suggested as a means for improving people’s problem solving skills. Finally,
we show that the improvement achieved in people’s strategies through agent
development is not attributed to the expressive aspect of agent development
per-se but rather there is a crucial additional gain in the process of designing
and programming ones strategy into an agent.
Keywords PDAs · decision-making · simulation design
1 Introduction
Peer-designed agent (PDA) technology has been gaining much interest in recent years, mostly due to its potential of reducing much of the complexities
and overhead of using people in laboratory experiments [31]. Unlike expertdesigned agents, PDAs are developed by non-domain experts, where the goal
is to exhibit human-like rather than optimal behavior in a given domain. As
such, PDA technology has been suggested in recent years to replace people
in system evaluation [38] in various domains such as negotiation [31], costly
information gathering [20], security systems [30] and parking allocation [16].
Another common use of PDAs is in studying individual decision-making [26].
The main premise in all these works is that the developed PDAs adequately
represent the strategy of their developers.
The effectiveness of using PDAs as human behavior generators depends
primarily on the similarity between the behaviors exhibited by PDAs and
their developers. Nevertheless, despite the great interest in this technology,
the applicability of PDA technology was evaluated, to date, mostly through
measuring the similarity between the behaviors exhibited by PDAs and their
developers, either at the macro level, i.e., comparing the collective or “average”
behavior [31, 7], or at the micro level, i.e., comparing individual behaviors in
similar decision situations [16, 20]. No prior research, to the best of our knowledge, has attempted to investigate whether a developer’s strategy undergoes
some kind of transformation along the process. This aspect is, however, of
great importance, since if indeed the process of developing a PDA has some
effect on developers’ strategies, then much caution should be taken when using this technology. In particular, one needs to keep in mind that the change
in the developers’ strategies precludes the consideration of the resulting set of
strategies as a reliable representative sample of the general population’s strategies. Therefore, even if PDAs reliably represent their developers, the results
obtained by using them apply to a population which is somehow different than
the original one, due to the strategy transformation this group has undergone
while developing the PDAs.
In this paper we attempt to test whether the development of a PDA does
in fact change one’s strategy, and if so then to what extent and under what
conditions. For this purpose we use an experimental infrastructure that relies
on two games from very different application domains. The first is the classic
“doors game” [41] and the second is the “penetration detection game” [3].
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The fundamental difference between the two, other than belonging to different
application domains, is that in the first the optimal solution to the problem
is “reachable” to people (i.e., can potentially be calculated) whereas in the
second it is computationally infeasible to people. Other differences include
repetitiveness (the doors game is a multi-stage recurring game, whereas the
penetration detection game is a one-shot game) and the nature of the reward
(average/overall payoff in the “doors game” in comparison to a binary payoff
in the penetration detection game).
In the following two sections we describe the “doors game”, which was our
primary testbed, and the general experimental design which was used also for
the penetration detection game. The analysis of the results, as given in Section
4, suggests that people’s strategies indeed change during the development of
a PDA. Furthermore, we show that the change happens while developing the
PDA rather than after, and that the change is favorable. This latter finding is
based both on an increase in the average score achieved, as well as in several
additional measures demonstrating the effectiveness of the strategy in games
played by the participants after, compared to prior to, the development of the
PDAs. This result has an important implication concerning the possible use
of PDA technology as a means of improving people’s problem solving skills.
Sections 5 and 6 provide a set of additional experiments aiming to reason
about the origins of the change observed in people’s strategies due to PDA
programming. In particular, we attempt to find out if it is the expressive
nature of PDA programming or the fact that it enables people to think their
strategy through that leads to the change. Developing a PDA requires several
skills. In addition to the actual programming, the developer needs to be able
to express her strategy in a programmable manner. In order to reason about
the contribution of the expressive part to the change in strategy, we report
the results of a complementary experiment that follows the same methodology
as above, however instead of requesting that people develop a PDA prior to
playing the “doors game”, they were requested to express their strategy in
free text. The results of this experiment, that were obtained both with a
population of programmers and a population of non-programmers, rule out any
effect of the expressive part over people’s strategies, according to all measures
used. Therefore, the effect of PDAs programming over people’s strategy is
attributed to the PDA development process as a whole. Furthermore, the
comparison of users’ strategy descriptions and the way they actually played
ruled out the potential hypothesis that the lack of improvement in case of
strategy description is due to the failure of people to follow their description
throughout the game, rather people’s suboptimal strategies.
Section 7 present our experiments and results with the penetration detection game. The results complement and align with those achieved with the
“doors game” and their analysis leads to the same conclusions, i.e., people’s
strategies change during the development of a PDA. The unique nature of
the game suggests that agent development affects people’s strategy even in
domains where the optimal solution cannot be calculated by people, and only
an approximation of the optimal solution can be calculated by them. A thor-
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ough review of related work is given in Section 8. Finally, we conclude with a
discussion and directions for future work.

2 The Doors Game
The “doors game” was initially introduced by Shin and Ariely [41], and is a
variant of the famous exploration versus exploitation problem. In the basic
version of the game, a player is faced with three doors (alternatives), each
associated with a different distribution of payoffs. The payoff distribution of
each door is a priori unknown to the player. The player first clicks (i.e., chooses)
a door to begin with, and from that point on, any additional click on that door
will yield a reward drawn from that distribution. At any time, the player can
switch to any other door by clicking on it. Switching to another door enables
the player to receive rewards from the payoff distribution characterizing that
door via additional clicks on it. The player can collect rewards only from the
door to which she has most recently switched. The player’s goal is to maximize
gains given a limited budget of clicks. Once the player has used all of her
allowed clicks, the game terminates and she is paid the sum of her door-click
payoffs (for a schematic illustration of the game, see Figure 1). The single click
that the player needs to sacrifice to switch doors is in fact a switching cost.
This setting can be trivially mapped to the Multi-Armed Bandit problem [6].

Fig. 1 An illustration of the “doors game”.

With the above game, human subjects have been found to be sufficiently
efficient in the sense that they choose to engage in “door exploration” in the
first few clicks and then stick with the door associated with the best expected
yield [41]. Nevertheless, for a specific variant of this game it has been found
that people’s strategies are highly inefficient [41]. This specific game variant
is identical to the original game, except that unless it is clicked in the current
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round, the door size is continuously reduced, until it eventually vanishes. If
the door is clicked before vanishing, it returns to its original size. For a setting
1
where doors are reduced in size by 15
of their original width, it has been
found that players tend to switch from door to door, in an effort to keep their
options open. This results in a substantial performance degradation (in terms
of the rewards accumulated) compared to sticking with the best yielding door.
Therefore, for our experiments, we used this latter variant to test the extent
to which people’s inherent tendency of keeping all options viable (even when
the cost of doing so is greater than the potential benefit) is affected by PDA
development.
Overall, the “doors game” variant described above offers many advantages
when used as an infrastructure in our experiments for testing whether one’s
strategy is affected by PDA development. The game is quite simple, does
not require advanced computational capabilities which people lack, hence we
expect people to develop a PDA whose strategy will not be different than
their own. Also, due to the simplicity of the game, it is easy for participants to
understand the rules and to come up with a legitimate strategy rather than a
random strategy which is observed in games where it is difficult to understand
the rules.

3 Experimental Design
In this section we describe the experimental design applied in our experiments,
and specify the measures used. We implemented the “doors game” such that
it could be played either using an interactive GUI client or through the use
of a PDA. For the PDA development task, we followed the common practice
from prior work [23, 31], i.e., we provided a skeleton of a functional PDA that
lacked only its strategy layer. Strategy developers thus had to develop only
the strategy component, using a rich API that was supported by the agent.
Participants recruited for the experiments were all senior undergraduate
and graduate computer science students, all taking the same course, and were
requested to develop a PDA that would play the “doors game” on their behalf.
Each participant received thorough instructions on the game rules, her goal in
the game and the compensation method, which essentially was linear in her
score in the game. This was followed by taking part in several practice games.
Participants had to practice until stating that they understood the game rules
and until they had a good sense of what their game strategy was like. At
this point participants were randomly divided into two groups. Participants
in the first group (31 students) were requested to play a single instance of the
game after the training stage. Participants in the second group (48 students)
were requested to develop a PDA, and upon completing their PDA were requested to play an interactive instance of the game. We emphasize that the
experimental design is inherently constrained by the need to allow people some
substantial time to thoroughly think about their strategy (either playing the
game or for PDA development), hence fully monitoring them along the process
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is impractical. In that sense, one measure of precaution taken was instructing participants not to discuss their strategies with others throughout that
stage. To enforce this requirement, a three-tier enforcement system was used:
First, we made the students aware of our intention to check the PDAs’ code
with MOSS, which is an automated system that checks similarity in code [1].
Second, we asked the course TA, who was subscribed to both the formal and
informal forums of this course, to tap any conversation related to the experiment. Third, we asked three members of our research group who were enrolled
in this course (and naturally did not take part in the experiment) to report
to us in case they found out that any of their classmates shared information
related to this experiment. Results were analyzed based on different measures
as described below. In addition to analyzing the behavior of participants in
the game played, we also measured the performance of the PDAs developed
when used with the same “doors game” setting.
Our experiments with the “doors game” followed a specific experimental
design reported in [41], where the game includes two phases, each with a “budget” of 50 clicks. In the first phase (the exploration phase), the participants
did not receive any payoff and were only notified of the payoff amount. The
purpose of this phase is for the participants to identify the best door on which
to keep clicking. This phase is long enough to enable a player to select a single door from which she does not need to divert for the entire second phase
(while ignoring the vanishing of the other doors). In the second stage (the exploitation phase), the participants actually received the payoff obtained from
the door on which they clicked. Following the original experimental design, we
used the three different distribution functions specified in [41], all with a mean
payoff of 6. The payoff distribution of the first door was highly concentrated
around the mean (normal distribution with a variance of 2.25); the second
door also had values around the mean but the values were much more diffused
(normal distribution with a variance of 9); and the payoff distribution of the
third door was highly skewed toward high numbers (chi square distribution
with 8 degrees of freedom, shifted by 2 to the left in order to enable the same
average as the other two distributions). The minimal and maximal values of
the three distributions were −2 and 19, respectively. Figure 2 illustrates the
three distributions used in our experiments.
In the GUI version of the game, the system presented the doors to the
students, with each door size changing according to the clicks made. Figure
3 is a screen-shot of a game where the user has not yet clicked on any door.
Figure 4 is a screen-shot taken in the middle of the game, where the user has
picked the middle door and the other two doors have already begun to shrink.
The participants were told that their reward will be proportional to the total
amount of payoffs they receive in the game (i.e., those accumulated over the
50 rounds of the second phase of the experiment).
Following [41] we used three measures to evaluate the effectiveness of the
strategies used. The first measure, denoted “outcome performance”, is the average score of participants in the game (in the last 50 rounds). Since the three
doors in the game had the same expected payoff of 6, the average outcome
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Fig. 2 An illustration of the three distributions used in the “doors game” experiments.

Fig. 3 A screen-shot of the “doors game” user interface before the user clicks on a door.

Fig. 4 A screen-shot of the “doors game” user interface in the middle of the game after the
user clicked on the middle door.

performance of the optimal strategy is 6. The second measure, denoted “number of switches”, is the average number of times players switched doors in the
last 50 rounds. As explained above, an effective strategy in this game should
result in an insignificant number of switches at this stage, since all “explorations” should take place during the initial 50 rounds of the game. A high
value of this measure leads to poor results in the game. The third measure,
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denoted “elimination point”, is the average turn at which participants stopped
switching between doors in the second stage of the game (last 50 rounds). For
reasons similar to those given for the “number of switches” measure, an effective strategy is typically characterized with a low value for the “elimination
point” measure (the closer to zero, the better).

4 Results and Analysis
In this section we report the results from comparing the performance of PDA
developers with no PDA and post-development of a PDA. Statistical significance was tested using the student’s t-test (two-sample assuming unequal
variances). The results are primarily reported as the group’s average since
the game is of a probabilistic nature and there is only one result for each
participant.
Figure 5 depicts the average outcome performance of the group of students
who played the game without developing a PDA (denoted “no-PDA”), the
group of PDAs themselves (denoted “PDAs”) and the group of students who
played the game after developing PDAs (denoted “post-PDA”). As demonstrated in the figure, there is a substantial difference between the average performance of the no-PDA and the post-PDA groups. The difference is statistically significant (p − value < 0.001), indicating that indeed different strategies
were used. In particular, it is apparent that the outcome performance measure
of the post-PDA group was substantially improved. Since the outcome performance when playing this game is bounded by 6 (as explained earlier), the
inefficiency improvement between no-PDA and the post-PDA is 64%.1 The
PDAs’ score, according to the outcome performance measure, is similar to the
performance of the post-PDA group (statistically indifferent), suggesting that
the change in the PDAs’ developers’ strategies occurred while developing the
PDAs and not after. The difference between PDAs and the no-PDA group
is statistically significant (p − value < 0.003), indicating that the PDAs use
strategies different than those of the no-PDA group, hence they cannot be
used as a reliable representation of the latter in this specific domain.
Figures 6 and 7 depict the difference in the average number of switches and
the average elimination point between the three groups (no-PDA, PDAs and
post-PDA), respectively. The results are consistent with those found for the
outcome performance measure: the difference between the average performance
of the no-PDA and the post-PDA groups is substantial and statistically significant (p − value < 0.001 for both), indicating that indeed different strategies
were used. In both cases the differences suggest an improvement in the measure in the post-PDA group compared to the no-PDA group. The inefficiency
improvement between no-PDA and the post-PDAs is 69% for the average number of switches measure, and 60% for the average elimination point measure
1 The inefficiency improvement measures the decrease (in percentages) in the difference
between the average result achieved and the theoretical bound (6 in the case of outcome
performance), as the difference between the two represents the strategy’s inefficiency.
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Fig. 5 Comparison of the outcome performance.

(where the theoretical bound was considered to be 0 for both measures). The
PDAs score according to the two measures was similar to the performance of
the post-PDA group (no statistical difference), and different from the performance of the no-PDA group (p − value < 0.001 for both). Once again, this
supports the conclusions that the change in the PDA developers’ strategies
occurred prior to completing the PDA development and not after, and that
the PDAs do not reliably represent the no-PDA group in this domain.

Fig. 6 Comparison of the average number of switches.

An in depth analysis of the individual performance measure value sheds
some light on the nature of the change and its trend in people’s strategies
due to the development of a PDA in our experiments. Figure 8 depicts the
distribution of the number of switches recorded for the different participants
in the no-PDA and post-PDA populations. The grouping was done according
to “optimal” strategy (0 switches), “close to optimal” (1-3 switches) and rather
“inefficient” strategies (4-9, 10-19, and 20 and above). As can be observed in
the figure, the process of PDA development resulted in a substantial shift
in strategy according to this classification: 43% of the “inefficient” strategies
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Fig. 7 Comparison of the average elimination point.

changed to “optimal” and “close to optimal” (where the majority changed to
“optimal”). This indicates that the strategy development does not have an
equal effect on all PDA developers. While some of them kept their inefficient
strategy, those that ended up revising their strategy shifted to a mostly efficient
one. Overall, while in the no-PDA population 32% of the subjects used an
optimal strategy, in the post-PDA group 65% of the subjects were found to
use that strategy. Similar qualitative results were found using an in depth
analysis of the elimination point measure.2

Fig. 8 In depth comparison between the number of switches without PDA and post development of PDAs.

2 This kind of analysis for the outcome performance measure is futile, since this measure,
when taken individually, highly depends on chance.
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5 Strategy Description
In this section we report the results of a complementary experiment which we
conducted to identify the reason why the process of developing a PDA affects
its developer’s strategy; More specifically, to examine if the phenomenon is
due to the descriptive nature of developing a PDA. For this experiment we
recruited a new group of 32 computer science students and had them play the
“doors game”. In the first stage the students received a detailed explanation
of the game and were asked to write down their strategy. The students were
requested to send us their strategy seven days after, and then, after sending,
to play the GUI version of the game3 . The layout of the experiment and the
experiment design used were similar to those reported in the previous section
(including the enforcement mechanism for insuring that students will not share
their strategy with classmates). In particular, we used the same enforcement
system described in Section 3 in order to make sure that participants are not
discussing their strategies among themselves (except of course for using the
MOSS system which is irrelevant to strategy description). Figure 9 depicts the
performance of the two groups according to the three measures defined for the
“doors game”. As depicted in the figure, the strategy expressing activity had
no influence whatsoever on performance in all three measures (all differences
are statistically insignificant). These results may indicate that the change in
behavior reported in the previous section is not due to the descriptive nature of
developing PDAs, but rather due to other characteristics of PDA development.
Here again we provide an in depth analysis of the distribution of the number
of switches at the individual level (Figure 10). As illustrated in Figure 10,
most of the change is within the number of strategies that can be considered
“optimal”, and the change between the different segments of the “inefficient”
part of the graph is marginal. The change pattern in the number of switches
due to the strategy description process is fundamentally different than the one
associated with PDA development reported in the former section. While in
the “strategy description experiment” there is no shift in the strategies of the
subjects, in the “PDA experiment” the strategies of the subjects shifted from
the “inefficient” group to the “optimal” group, supporting the conclusions
drawn from Figure 9. Similar qualitative results were found using an in depth
analysis of the elimination point measure.
The absence of any performance improvement when users play the game
after describing their strategies is surprising. The explanation for this, as advocated in the paper, is probably because writing down one’s strategy is not
sufficient enough to generate a change in the way this person solves a problem.
However, the deeper process of designing an agent (which presumably involves
a different kind of thinking) may influence the way a person solves a problem.
In order to thoroughly understand this phenomenon, we reviewed the log file
of users strategy descriptions. For each user we validated that the strategy de3 The idea was to equalize conditions, so that people would have the chance to thoroughly
think through their stated strategy, much like how PDA development takes some time.
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scribed is correlated with the way she played the game (we note that looking
at ones strategy description and comparing it with the set of actions reflected
in the game played is a bit problematic, but this is the best that can be done
in order to check if users played according to their specified strategy description). Most of the users (75%) played according to their strategy description.
Furthermore, only 20% of the users overall described an optimal strategy for
the game (and all of them played accordingly). We conclude that the reason
for the lack of improvement in the case of strategy description is not due to
the failure of people to follow their description throughout the game, rather
people’s suboptimal strategies.

Fig. 9 Comparison of the results of CS students without and post strategy description,
over the three measurements.

Fig. 10 An in depth comparison between the number of switches without and post strategy
description.
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6 Strategy Description by the General Population
In the previous section we compared the strategies of CS students playing the
game without describing their strategies with the strategies of CS students
playing the game after describing their strategies. The conclusion was that the
effect of PDA design on the designers’ strategies is not due to the descriptive
aspect of programming and that strategy description by itself does not change
the strategies of CS students. In this section we test again this aspect, this time
however with the general population, i.e., individuals without programming
skills. The idea is that it is possible that programmers, unlike the general
population, do not pay much attention to strategy description and do not get
to thoroughly think about a strategy in a structured manner until they actually
need to program it. People who are not familiar with programming, on the
other hand, may put a greater emphasis on strategy description and potentially
benefit from the process. If this is indeed the case, then the implications, in the
form of using strategy description as a tool for improving people’s decisionmaking, certainly warrant the additional experimentation.
For this purpose we recruited participants from Amazon Mechanical Turk
(AMT) [5]4 and had them play the “doors game”. While the use of participants
recruited through AMT as a means for representing the behavior of the general population is quite extensive and common in literature of our kind [16, 38,
23, 31], there is no actual guarantee that the recruited population is a perfect
representation of the general population. Still, it provides a rich sample of the
population, with participants of different countries, educational background
and of a wide age range, which is difficult to recruit otherwise unless one has
no time and budget constraints. Our AMT participants were within the 20 to
65 age range, 54% of them were men, and the population greatly varied in their
education (high school education, college students, higher education degrees).
Overall, 100 people participated in this experiment, whereby 50 of them were
asked to describe (i.e., express) their strategy prior to playing the game and
the rest were asked merely to play the game. Both groups received detailed instructions and practiced the game prior to expressing their strategy or playing.
The layout of the experiment and the experimental design used were similar to
those reported in the former section. The only difference is that in the AMT
experiments we asked the participants about their programming skills and we
filtered out those who reported having some. The payment to the participants
was not correlated with their background knowledge in programming – both
types of participant received money for taking part in the experiment. The
only difference between the groups was that we did not use the data of the
participants that reported having programming skills. Therefore participants
did not have any incentive to lie about their programming skills (or lack of).
Figure 11 depicts the performance of the “no strategy description” and “post
strategy description” groups according to the three measures defined for the
“doors game”. As depicted in the figure, the strategy expressing activity had
4

For a comparison between AMT and other recruitment methods see [36].
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no influence whatsoever on performance in any of the measures (all differences are statistically insignificant). These results may indicate that there is
no difference in the behavior of the general population and CS students after describing their strategy. Furthermore, PDA-design can be suggested for
strategy improvement while strategy description cannot.
Here, again we provide an in depth analysis of the distribution of the number of switches at the individual level (Figure 12). As illustrated in Figure 12,
while the general population generally performs worse than CS students in this
game, the pattern of transition between strategies after strategy description is
quite similar to the one described in the former section when experimenting
with CS students. Similar qualitative results were found using an in depth
analysis of the elimination point measure.

Fig. 11 Comparison of the results of AMT participants without strategy description and
post strategy description over the three measurements.

Fig. 12 An in depth comparison between the number of switches without strategy description and post strategy description of AMT participants.
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In order to confirm our results that the improvement of peoples’ strategy
after designing PDAs is not due to a regular process of re-thinking the strategy, we conducted another experiment. For this experiment we recruited 50
participants from AMT and had them play the “doors game” twice. Before
each game the participants were asked to write down their strategy (for the
second time; participants were allowed to see their first strategy description
and could use it as is if they had no change in strategy). This design ensures
that participants can re-think their strategy after they try it out. The performance difference between those playing their strategy once and those who got
to describe it twice was found to be not statistically significant, in all three
measures. In fact, only one person changed his strategy to the optimal one
after describing his strategy for the second time, indicating that the affect of
designing PDAs on the designers’ strategies is not due to “re-thinking” the
strategies, but due to other factors that are rooted in the way people think
when they engage in programming.

7 The Penetration Detection Domain
In order to strengthen and generalize the results presented in the previous
sections, we conducted another set of experiments with a different game from
the security domain called “the penetration detection” (PenDet). The PenDet
game considers the problem of patrolling a perimeter of a closed area by a
team of robots, as described in much detail by [3]. In this problem, a team
of k robots is required to repeatedly travel along a cyclic path of N segments
in order to detect penetration attempts that are controlled by an adversary.
The k given robots are spread uniformly (in time) along the perimeter with
distance d between every two consecutive robots, and maintain this uniform
inter-robot distance along the execution. At each time step all robots either
continue straight with probability p, or turn around with probability 1−p (and
if so, they stay in place for one time unit). Therefore, the probability p characterizes the patrolling strategy. It is assumed that the adversary—after choosing a penetration segment—remains in its position for t time units (known as
penetration time), during which it might be detected by a robot that passes
through its chosen penetration segment. In the version of the game we used,
the user plays the adversary’s role and acts against simulated robots, which
execute a specific random-based patrolling strategy. The adversary, played by
a human player/PDA, becomes acquainted to the initial robots location and
observes their movement. Then, she is asked to choose a segment through
which she recommends to penetrate. The optimal strategy for the adversary
is to choose the segment associated with the lowest probability of penetration
detection. The optimal strategy for the patrolling robots is the one associated
with the highest probability of penetration detection. This strategy can be
efficiently computed when the robots face a full knowledge adversary [2], random knowledge adversary, zero-knowledge adversary [4] or an adversary that
may analytically estimate the weakest segment of the patrol (through which
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it would like to penetrate) to some extent [3]. However, it is unclear when
to use which strategy, as the exact adversarial model (level of knowledge) is
unknown.
The reason for choosing this game is because the goal of the game can
easily be explained. It is essentially a one-shot game thus relatively quick to
play and easy to construct a strategy for. At the same time the strategies
people use highly vary because of the probabilistic nature of the game and the
relatively large number of possible penetration segments.
Out of 12 PenDet game variants described in [30], in four variants prior
research reports a tendency of people to attempt penetrating through the
segment placed exactly in-between two robots. This behavior reflects people’s
tendency towards middle points rather than attempting to follow an actual
ppd calculation. The four variants, denoted 2-Neighbor, 3-Neighbor, MaxiMin,
MidAvg, differ primarily in the patrolling strategy used by the robots:
2-Neighbor The robots assume that they are facing an adversary that does not
know the weakest segment, but estimates the area of the weakest segment
(the neighborhood - two close segments). The strategy, therefore, sets a
value for p such that the expected ppd of the two “weakest” neighboring
segments (in terms of ppd) is maximized.
3-Neighbor Similar to 2-Neighbor, but with a neighborhood of three segments
(corresponds to larger uncertainty of the adversary with respect to the
weakest segment of the patrol).
MaxiMin The robots assume they are facing an adversary that knows exactly
the patrol algorithm and the current location of the robots. The robots’
strategy is the one that maximizes the minimal ppd along the perimeter.
MidAvg This is a heuristic strategy, that uses the average of the p value
of the deterministic algorithm (p = 1, proven optimal against a random
adversary in [4]) and the p value calculated by the MaxiMin algorithm
(optimal against a full knowledge adversary).
All the above strategies are random-based, and follow the patrolling framework described in [2, 3]. For the four variants we adopted we used the exact
settings that were used in [30], i.e., setting t to 6, k to 3, and the number
of segments between the robots (d) is 8. Under the setting described above p
value for 2-Neighbor equals 0.7604, for 3-Neighbor 0.9095, for MaxiMin 0.7037,
and for MidAvg 0.8518. Our goal is thus to show that people strategies for the
PenDet game has changed primarily in the sense that after designing PDAs
people’s tendency to penetrate through middle points decreases and instead
they choose to penetrate through segments associated with a lower ppd compared to the middle segment’s ppd.
We recruited 36 human subjects, all senior computer science undergraduate
students and we used a within subject design. In both the first and third stages
of the experiments, human subjects played the role of the adversary in a webbased version (see Figure 13) of the four different game variants described
above. Subjects viewed the patrolling behavior of the robots in the games they
were playing, after which they had to click on a segment through which they
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wish to penetrate. In the second stage of the experiment subjects were asked
to design a PDA for the adversary role that will play the game on their behalf.
Before playing each participant received thorough instructions on the game
rules, her goal in the game and the compensation method, which essentially
was linear in her score in the game.
The measure used to evaluate the performance of the patrol strategy, and
consequently the performance of the adversary playing against this strategy,
is the expected probability of penetration detection (ppd): higher expected
values of ppd means better performance of the strategy. Equivalently, from the
adversary’s perspective (the human subjects and the PDAs), lower expected
values of ppd are better.

Fig. 13 The penetration detection web-based game. There are 3 robots and 8 segments
(s1..s8) between each pair of patrolling robots. The participant needs to choose one of the
segments (red circles) to penetrate through.

Figure 14 describes the expected ppd values achieved in the four game
variants of the PenDet game for the two stages (pre-PDA and post-PDA). The
difference in performance between the pre-PDA and the post-PDA groups is
statistically significant (p − value < 0.03), indicating that indeed different
strategies have been used. In particular, we observe that the expected ppd
values of the post-PDA stage has dropped considerably, supporting the hypothesis that the process of PDA-development improves one’s strategy.5
5 Note that better performance of the adversary (the human players) infers worse performance of the patrolling strategy.
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Fig. 14 The probability of penetration detection before and after developing the PDA, for
d = 8, t = 6.

In order to understand why the subjects’ performance have improved, i.e.,
why the expected probability of successful penetrations was higher after designing PDAs, we have compared between the penetration segments chosen
by the subjects in both stages of the game. We demonstrate these choices
for two instances: when the simulated robots patrol according to the MaxiMin
strategy (Figure 15), and when they patrol using the 3-Neighbor strategy (Figure 16). The figures present the percentage of penetration attempts per segment before and after PDA development. The segments having the lowest
expected ppd based on the patrolling strategy for MaxiMin are segments s5 , s7
with ppd = 0.24 (in both segments), and for 3-Neighbor segment s7 with
ppd = 0.138. Before designing PDAs, the subjects tended to choose the mid
segments ( s3 −s5 ): 65% for MaxiMin, and 43% for 3-Neighbor. After developing
PDAs, the penetration segments chosen by the subjects shifted to segments
s5 − s8 : 61% for both MaxiMin and 3-Neighbor (in comparison to 38% and 27%
for segments s3 − s5 for MaxiMin and 3-Neighbor, respectively). It seems that
the initial instinct of people is to choose the middle point for penetration, and
after the process of developing a PDA this instinct changes with an understanding of finding the weakest segment (i.e., the one that is associated with
the lowest probability of being detected).

8 Related Work
The use of agents in general for human behavior simulation is quite extensive
in the AI literature [47, 11, 16, 31]. Within this rich literature, two primary
methodologies for simulating human behavior with agents can be identified:
experts designed agents (EDAs) and agents developed by non-experts (PDAs).
EDAs typically are agents whose strategies are developed by the simulation designers. Over the years simulation designers have used various methods for setting human-like behavior in the agents they developed (EDAs).
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Fig. 15 Choice of penetration segments by the subjects before and after developing PDAs.

Fig. 16 Choice of penetration segments by the subjects before and after developing PDAs.

These include, among other methods, statistical-data based modeling [43],
pre-specification of agents’ roles using a set of parameters according to which
the agents act [32], using pre-defined events and reactions [34], defining a
number of basic behaviors from which all of the agents’ more complex behaviors are constructed [40, 44] or using a combination of rules and finite state
machines to control an agent’s behavior using a layered approach [45]. The
main advantages of using EDAs for simulation purposes (compared to recruiting people) are their capabilities to interact among themselves and scale. The
main difficulty of this method is that the simulation designer and even domain
experts are quite limited in the number of different individual behaviors they
can generate and the time it takes them to develop them.
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The success of designing efficient EDAs, i.e., ones that reliably simulate
human behavior, is controversial. For example, it has been shown [25] that
there is a resemblance between the transaction price path of agent traders
designed using bounded rational theories and the transaction price path of
human subjects in a double auction environment. However, other research
claimed that these results do not hold once the value of one of the market
parameters slightly changes [46, 13].
PDAs technology has been widely used in recent years. For example, in
Kasbah [17] PDAs that buy and sell were used for evaluating an electronic
marketplace. In Colored Trails [26], PDAs were used for reasoning about players’ personalities in uncertain environments. Other works, e.g., [31, 30, 16, 38]
used PDAs for evaluating specific mechanisms in various domains such as evaluating security algorithms and evaluating automated negotiators.
In some respects, the idea of using people to program agents as a means
for achieving a reliable set of strategies for specific decision situations was inspired by the “strategy method” paradigm from behavioral economics [39]. In
the strategy method people state their action for every possible situation that
may arise in their interaction. The question of whether or not the strategy
method can ensure real-life behaviors has been extensively researched in the
last decade. Several authors reported no substantial differences between the
choices made using the strategy method and those made by people in experiments, e.g., in the sequential dictator game [15], in measuring people’s willingness to pay for insurance [9, 10] and even in sequential exploration problems
[42]. Others, however, reported significantly different results with the strategy
method compared to ones obtained by people playing the same game, e.g.,
with trust game variations [14], trust-punishment games [12] and social good
allocation games [33]. One of the explanations given for the difference between
the two methods is the tendency of people to be influenced by emotions, where
in strategy method people are in a “cold” state and are less emotionally arouse
[14]. The main difference between the strategy method and PDAs technology
is that in the first participants need to describe their choices for each possible
state, whereas with PDAs the requirement is to express a cohesive formulation of their strategy [16, 38, 18]. This entails various implications related to
the time it takes to capture one’s strategy (an advantage for the PDAs in cases
where the possible number of system’s states is large and an advantage for the
strategy method when the game is extremely simple, e.g., in the ultimatum
game), the ability to understand one’s strategy (an advantage for PDAs, as
their code can be analyzed afterwards) and the ability to use the strategy
when the setting slightly changes (impossible with the strategy method).
The main motivation for using PDAs in simulations is the premise that
PDAs reliably represent their designers’ strategies. This, however, is not straightforward. Evidence of discrepancies between actual and reported human behavior is a prevalent theme in research originating in various domains, in particular in metacognition research [27]. Examples of such discrepancies include
over-reporting of political participation [8] and contrasting results between
self-reported and performance-based levels of physical limitations [29]. Yet,
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much of the PDA literature tends to assume that people can successfully (to
some extent) capture their real-life strategy in a given domain when programming an agent [18, 38]. Even in cases where some discrepancy between PDAs
and people’s behavior is reported, the average performance is reported to be
similar, suggesting that PDAs can replace people in mechanism evaluation [31,
30]. None of the above literature deals with the question of whether the PDA
developing process itself affects the developer’s strategy, which is the focus of
this paper.
Finally, we note that work in psychology, computer science and education
presented evidence that computer programming can be a powerful tool for
improving thinking and for developing good problem-solving skills [24, 35, 28,
19]. In addition, the programming process can be used for teaching students
fundamental concepts in mathematics and logic. The main difference between
these related works and the work presented in this paper is that while the
first focus on the general effect of programming over the cognitive skills of the
programmer in general, our work focuses on whether the process of developing
an agent for a specific problem changes the developers’ strategy for solving that
specific problem. In addition, in prior work the question of when the change
in strategy occurs was not addressed.

9 Conclusions
Based on the results reported and their analysis, we conclude that indeed the
development of a PDA affects and reshapes one’s strategy in the domains
used for our experiments. While making general claims indeed requires further experimentation, possibly with additional, more complex and more varied domains, the fact that the same effect was reflected in both games we
experimented with suggests that there is a large class of settings where the
phenomena is likely to occur. The two games that were used highly vary in
their characteristics (e.g., their one-shot vs. repetitive nature and the binary
vs. accumulated payoff) and in particular in the ability of people to reason
about the optimal strategy—while in the “doors game” the optimal strategy
can be calculated by people, in the penetration detection game people can
typically come up with near-optimal solutions. Furthermore, even the roots of
people’s inability to reach the optimal solution are different in the two games.
In the first it is due to a psychological bias and in the second it is due to
computational difficulties.
Overall, the aim of this work is to demonstrate the existence of the effect
rather than its magnitude as a function of the decision problem’s characteristics. This important aspect of PDA technology, which has not been investigated to date, has many important implications. In particular, system designers (e.g., simulation designers) interested in using PDAs for generating human
behaviors need to reveal the extent to which PDA development indeed changes
individuals’ strategies in their simulated domains. Based on the extent of the
change found, they will need to tradeoff the loss incurred by the fact that the
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strategies embedded in the PDAs are not necessarily the ones that would have
been used by their developers if they had not been requested to develop the
PDAs, and the many benefits of using PDAs (such as reduced overhead, flexibility in the number of settings that can be tested and the ability to perform
any experiment in a timely manner). This main result also contributes to PDA
literature in the sense that it provides a possible explanation for discrepancies
observed between the behaviors of PDAs and their developers.
PDAs’ performance was found to be significantly different from the performance of those that played our games without developing a PDA, and
insignificantly different from those playing after developing a PDA. This suggests that the change in developers’ strategies occurs while working on their
PDA and before completing it — by the time the PDA is complete, it is already equipped with the revised strategy. When requesting that participants
express their strategy, rather than actually develop a PDA, no change in behavior was observed. This suggests that the effect of the development of PDAs
goes beyond the need to express one’s strategy, whereas the design and programming themselves account for the change. One may argue that the reason
for the change in the PDA developer’s strategy is due to trial-and-error which
occurs during a standard process of designing PDAs. This, however, is not the
case. In our games, when programming the strategy the participants did not
have the infrastructure to test how well it performs. Therefore the effect is
most likely not due to trial-and-error.
We observed substantial inefficiencies in the strategies used by the no-PDA
population. Interestingly, the inefficiencies characterizing strategies of individuals in the “doors game” are primarily rooted in people’s tendency to keep
all their options available [41], which is a psychological effect. In the penetration detection game the inefficiencies characterizing strategies of individuals
are primarily rooted in people’s attraction towards middle points. Through
the development of PDAs a large portion of the population managed to overcome these inefficiencies. This suggests that PDA development can be used
as a means of improving one’s strategy in scenarios where the source of inefficiency is due to a psychological effect. In fact, we see much room for future
research aiming at developing tools and methods for identifying domains and
conditions where PDA development is strategy-improving. Furthermore, the
benefit of PDA development should not be limited only to those who are capable of programming. Within this scope we suggest repeating our experiments
with the general audience, using semi-programming tools (e.g., Scratch [37])
and a bit more structured methods for expressing one’s strategy to see if any
of these benefits can be useful for the general population.
In this work there was one optimal strategy. We believe that in other
domains where there may be multiple optimal strategies or the notion of optimality may be tied to user preference, the same phenomena recur. However, in
order to investigate the behavior of people in these domains a utility elicitation
mechanism is required. Therefore, we purposely avoid these kinds of domains
in the work presented here since it is difficult and sometimes impossible to
measure improvement of utility when the utility function is not well defined.
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All in all, we believe that despite the effect that the process of developing a
PDA has on its developer, this technology is extremely useful in settings where
such effect is tolerable. The use of PDAs in such cases can save substantial
resources and facilitate the evaluation of numerous potential configurations, in
a relatively short time, without having to recruit people over and over again for
expensive experiments. In particular, this technology is useful for simulating
and researching large-scale systems due to the relatively low cost of cloning
agents.
Finally, we suggest further research which will be aimed at better explaining which aspect of PDA development is responsible for the change in its
developer’s strategy. While our complementary experiment ruled out the expressive aspect of the process as an explaining factor, we do believe that further
research will shed some light on this interesting question. In addition it will
be interesting to investigate the effect of PDA development over time, i.e., experimenting if the same set of people would deliver similar performance when
played the same game after a reasonable period of time of not having played
the game.
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