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Ke Sang
MODELING EXPLORATION/EXPLOITATION BEHAVIOR ANDTHE EFFECT OF

INDIVIDUAL DIFFERENCES

Searching is a ubiquitous behavior. In this thesis | focus on two very important
types of search behavior: exploration and exploitation. Exploration means looking around
in the environment for resources, while explaitatmeans stopping exploration and
making use of resources already foulmdthe first part of the thesis, | focus bomanQOs
exploratioriexploitation strategies in a resouroellecting setting of a card search task,
where individuals make a series of d&ns either to explore to find a new resource or
exploit a previoushdiscovered one, accumulating vaddeom both as they search. The
search environment changes across three experiments, by varying the resource type and
the certainty of search duratiofhrough comparingarticipants€earch patterns with the
optimal strategieand modeling their behavioral data, | show thatresource type could
influence humanOs search patterns significantly, buheatetrtainty of search duration.

In addition, paticipants nmainly use some linear thresholdto make
exploration/exploitation decisions in the card search taskhe second part of the thesis,

| focus on the connection betweeimpulsivity of individual differencesand
exploration/exploitation. Both sezn and impulsivity decisions require individuals to
deal with time and rewards, and thus individual differences in impulsivity might lead to
individual differences in search behavior. | investigate the influence of impulsivity on
search behavior fromsk seeking and lack of persistence perspectives in the card search
task. Experiment 4 and ifdicatethat risk seeking mainly affects the initial exploration

stageof the trial while lack of persistence largéhfluences the consecutive exploitation



phase.This shows that the performance in a simple card search task can be related to
multiple facets of impulsivity such as risk seeking and lack of persistence.
|
Peter M. Todd, Ph.D
Jerome R. BsemeyerPh.D
Brian O'Donnell Ph.D

Robert GoldstonePh.D
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Chapter lintroductionand Background

Search is a ubiquitous requirement of everyday life. Scientists need to search for
information to help their research; web users rely on search engines like Google to obtain
information and products from the internet; companies search for the best esébdat
their job openings; consumers searching in supermarkets with hundreds of brands of
candies have to decide if they have found one that is good enough to satisfy their cravings
or if they should continue to explore to find an even tastier candy.

In many real life situations, whether to search (i.e., explore) or to stop searching
(and exploit the fruits of earlier searches) is a key issuadaptationOrganisms have to
make tradeoffs between exploration and exploitation so as to improve their success in the
environment. Consider a honeybee searching for nectar in flowers. Suppose the honeybee
has visited a particular plant andllectedmost of the netar in its flowers. The bee must
decide whether it is worth spending still more time to find any remaining nectar on this
plant, exploiting it further, or whether it would be better off leaving this plant and
exploring the environment to find anothmrewith rich nectar levelStaying too long at
the flowers of this plant is wasteful, and the bee should move to another plant with a
higher initial rate of nectar supply; however, leaving the plant too early is also suboptimal
because traveling between resme patches will cost time and energy, and there is
uncertainty about the resource levels of flowers that have not yet been visited. To
maximizethe intake of nectar, the bee needs a decision rule that balances exploration of
new resource sites with exjktion of known resource sité€harnov, 1976)The same

tradeoff between exploiting something already found and exploring further to find



something preferad must also be made by humaB8éould you take the parking space
you have just come upanr keep driving closer to your destination hoping to get a better
one (Hutchinson, Fanselow, & Todd, 2022¥hould you stick with your current job, or
partner, or brand of coffee, or explore further to see if there are bptienoto be
discovered, and crucially, to be exploited further later?

Balancing between exploration and exploitation is a research topic that has been
widely studied across many fields of science and nature, ranging from animal behavior to
computer sciece. For example, optimal decision mechanisms and heuristic rules of
thumb have been proposed to model when animals leave patches to find nédetines
1991; Charnov, 1976; Livoreil & Giraldeau, 1997; Wajnberg, Fauvergue, & Pons, 2000)

In management science, researchers have investigated the effect of organizational
structure on organizations' exploratierploitation tendeng (Fang, Lee, & Schilling,

2010; March, 1991) Mathematicians havetudied optimal stopping problems in which

the task is to decide when to stop the exploration phase of search and exploit a previously
discovered optionFerguson (1989)eviews work on one weknown form of this task,

the sacalled Secretary Problem, in which a searcher sees one secretarial candidate at a
time and must decide when they think the best candidate has been found and then stop the
search (exploration) and kethe hiré&l no backtracking to previousiseen candidates is
possible. In data minindgalabanovic (1998nvestigated the influence of environmental
structure on theexploratioriexploitation tradeoff and found that simple environments

lead to reduced exploration the system, which would increase with the increase of
complexity of the problem domain. In the field of machine learning, models such as the

win-stay/loseshift model and the-greedy model have been proposed to modulate the



balance between exploration and exploitation in the learning pr¢8ett®n & Barto,
1998)

Besidesall the above fields, rearch on behavioral science has particularly
focused on the tradeodfecisionbetween exploration and exploitatiomade ly humans
Todd and Miller (1999pppliedthe framework of the Secretary Problem to the question
of how people search for a mate, and studied the simple heuristics that could work well to
stop exploratory search once an appropriate partner has been encolgeréD06)
developed Hierarchical Bayesian models to account for humanaeamking on an
optimal stopping problemMason, Jones, and Goldstone (2088)wed that the structure
and size of a social nebrk can dramatically influence agents' decisions regarding
exploration and exploitation, with problems requiring exploration working much better
on networks where information propagates less efficiently between multiple searchers
(enabling greater search parallel before converging on a solution). In the study of web
search, research has shown that web users emplexpéoratiorexploitation strategy of
leaving a local patch of web pages and exploring more broadly when the patchOs
'information scent' fits below the average expected globdmjrolli, 2005) A domain
general cognitive searching process has been proposed based on evidence- of cross
domain search priming: Subjects who made exploration/exploitation foraging decisions
in a twodimensional spacwith clumpy resource distributions subsequently searched for
words in an abstract puzzle (anagram) task as if they were also more densely clumped
(Hills, Todd, & Goldstone, 2008)Relatedly, decisions to leave semantic patches in
memory seem to follow the optimpatinciple of the marginal value theorem that governs

animal foraging in external environmer{tsills, Jones, & Todd, 2012)Such work has



been brought together recentlytdnan integrative and unifying perspective on the
mechanisms of exploration and exploitation underlying cognitive sé@ioctd, Hills, &
Robbins, 2012)

Different resource types and environmental structures call for different search
strategies. Thus, how well humans perform in experiments involving the
exploration/exploitation tradeoff depends on the task details, which influence not only
optimal search strategies, but also the actuaksgfies employed by participants.order
to build a unifying theory of exploration and exploitation, it will be helpful to compare
human's search behavior across different search environments, and investigate how slight
changes of the environment would change behavioral patterns. The current relsearch
to developsuch an experiment paradigm that could be easily changed to different
searching settings, and have a simple and clear criterion for comparing individuals'
performance cross different searching settings, and also be simple enough fovecogni
modeling. In this way, we can gain better insight into general patterdmsnadinsearch
behaiior by precisely controllingexperimental settings afearch tasksThis is one
important motivation of this doctoral thesis.

In this thesis we focus on expl@tionexploitation strategies in a resource
collecting setting, where individuals make a series of decisions either to explore to find a
new resource or exploit a previousliscovered one, accumulatinglue from both as
they searchBy developing a simp game in which participants must make many such
exploratioriexploitation tradeoff decisions in the course of an experimental session, we
are able to comparbeir strategieso the derived optimal strategy and build models for

their search strategies.



The current exploration/exploitation paradigm is different fréwat tof Navarro,
Newell, and Schulze (2016 their pger, subjects only get reward frdhre exploitation
phase Though this makes exploration more distinct from exploitatiots of real world
scenarios are not like thisor examfe, if you are new in town and try ttecide where to
eat youwill still get somereward(satisfactionof eating bod) when you are exploring a
new restauramo matter how good or badis. Or, when youexplore an unknown artist,
you will also gain somehedonic value byistening her or hissongs whether you like
them or natOur current experimental paradigisi muchcloser to this type afeal world
scenario

In addition, it is also quite interesting to investigate some search environments
that have not been well studied. For example, one dfyratedied environments the
literatureis theresourcenon-depletable search environment. However, tegourcenon
depletable search environment has wide applications and mayplesin the real
world. For instance,earchirg for something in the gcery stores can be treated as anon
depletable searching process, since the gogasally can be filledin timely to make
sure that there are enough items for customers. A second example musie
consumptiorscenario. A song that one likes can Isteled (exploited) tens or hundreds
of times without any hedonic decremehinderstanding this resource ndepletable
search environment would give us a more comprehensive picture of human search
behavior.Thisis the second motivation of thisesis.

Studies have shown that there were vast individual differences residing in
exploration and exploitation. For exampMata, Wilke, and Czienskowski (201&®)und

that there was a reduction in exploration withréased age in adultgon Helversen and



Mata (2012)ound that depressed participants searched longer and performed better than
healthy participants in a sequential search taskdiBg the bridge between search and
individual differences would not only let us understand the search itself better, but also
provides us a new way to investigate individual differences such as aging, personality,
clinical disorders and 1Q. Thereforét will also help us understand patterns and
mechanisms of individual differences better. So farmy best knowledgeprevious
research about individual differences and search behavior lies mainly in aging and
clinical populations.

In this thesis, | will focus on individual differenceof impulsivity in the
exploration/exploitatiorprocess The reason is that there are lots of similarities between
impulsivity and exploration/exploitation, and these similarities make the investigation of
the relation of théwo very interesting.

Impulsivity, refers to behaviors that choose sttern over longterm gains, and
as a resultimperil long term goals and strategies for succ@gachlin, 2000) In
decisions relating to impulsivityjou haveto make tradeoffs between getting skerim
gains right now and getting lorigrm gains in the futureExploration'exploitation
decisions also involve dealing witewards in a temporal framework. That is, you have
to decide betweenow long you want to explore now in the hope of getting better
rewards for exploitation in the futyrandhow long you want to exploit to gain more
rewards right now at the possible cost of collecting less rewards in the. fGtaeely,
both search and impulsivity decisions require individuals to deal with time and rewards,
and to make tradeoffs between short and long term gahss.a result individual

differences in impulsivity might lead to individual differences in search behavior, if the



search task allows good balance between exploration and exploitation

In this thesis, Want to ask whether individualsO search patterns would depend on
both indvidual differencesof impulsivity and search environments that could trigger
such individual differencesAnd because previous literatui@n search behavianainly
focused on aging and clinical populatidhis thesis planto study individual differences
of search behaviagenerallywithin normal/healthyadults In addition, impulsivity can be
understoodrom several differenaspectsincludinglack of premeditation, risk seeking
and lack of persistencand urgencyMiller, Flory, Lynam, & Leukefeld, 2003; Smith,
Fischer, Cyders, Annus, & Spillane, 2007; Whiteside & Lynam, 20Qd) to investigate
the influence of impulsivity on search behavior from its several different asfmestoow
the performance ima simple card search task can be related to multiple facets of
impulsivity. This could help developing the card search tagka powerful tool to study
individual difference (and, impulsivity in particular) in the future.

In the following thesis] will first introduce a card search task that involves
exploration/exploitation tradeoffnd show the optimal solutions $ differentversions
and paticipants@earch patternsn them. | will also model the exploration/exploitation
decision in each version of thard search task, ang/tto find commonalities among the
bestcognitive modelf different versions of the card search task. These contpese
first partof the thesis. In the second parttioé thesis, | will turn to the relation between
impulsivity andthe card search task. | wdhowthe influence of different dimensions of
impulsivity on participantsO search patteimshe card search taskast, | will discuss

generalfiindings and implications of this thesis. !



Chapter 2Experiment 1 Foraging inFixed Patches

In thischaptey | introduce a simple cdrsearch task that needs balandegveen
exploration and exploitatiodecisionsIn general, this card search task will always allow
collecting resourcethrough both exploratiomnd exploitation, ad the range of card
values isalso kept constant through this thedi®vertheless, through Experiment 1, 2,
and 3, | will show that this card search task has the ability to mimic different search
environments very easily, in terms of resource typessam@h durationNoteaccording
to previous discussigndifferent search environmenimay trigger different search
strategies and behavioral pat®rhwill introducethe optimal strategpf each search
setting if thereexiss, examine participantsO behavipatterrs, and cognitively model
participantsO decision processes in each of the expetiments

To study the exploration/exploitation tradeoff strategies that people eniploy,
Experiment lwe developa search task in the form of anga in which participants must
accrue resources over a sequence of 20 turns. The resources are represented as points ol
cards, which are searched through on a computer screen. The participant begins with a
deck of 20 cards all faedown in the lower leftcorner of their screen; they are told
(accurately) that each card has a number from 1 to 99 on it, that the card values are
uniformly distributed (with repetitions possible) in the deck, that they have 20 turns in
one game (trial), and that their taskasaccrue as many points as they can during the 20
turns in the game. (Thus the expected value of each new card is 50.) The two actions
possible in the game, exploration and exploitation, are clearly distinguished, and
participants get card points for eaas follows: At each turn, a participant could either

explore by flipping over a card from the deck and getting the points revealed on that card,



at which point the card would be placed fageacrosshe top of the screen (see Figure

1); or they could exploit a card they had already found by selecting it from those
displayed facaip on the screen, clicking on it and getting the points shown on that card
added to their total score. Thus a participantOs total score for a game is tfielbui

the points accrued by their explorations (choosing a card from the deck) and their
exploitations (choosing a card already on the screen); their running score, the values of
all cards they have already chosen at each turn, and the number dhayigave left

were displayed throughout each game. After completing a game by playing 20 turns of
exploration or exploitation (after which there may still be some cards left in the deck), the
screen was cleared and the next game (with a new deck wisiathe parameters) began;
participants played 30 gameas the experiment With this accumulation of resources
(i.e., points) during both exploration and exploitation and the abilityetarn to
previouslyfound cardsthis search task resembles a-gonpetitive foraging task with

nondepleting resources.

Click on the deck or an uncovered card

Gl (55, 65, 30,91,91,91,91,91,91,91,91,91,91, 91, 91]
ﬁéﬁ

B Tums taken =15 Tumns left=5  Total Points=1245

Figurel. A screen shot of the card search experiment. In the {mftecorner is the
deck of facedown cards that can be explored, wiile previouslyfound cardghere,

four so far out of up t@0 possiblewhich can be further exploited for their points are



displayed in the upper portion of the screen. The highest scoringupacard is
highlighted in red. Also displayeakear the bottom of the screare the running score,
number of turns andards, and values of cards already selected at each turn in bkackets

here, the value 91 has been exploited several times.

This search problem differs from others used in previous research in a few key
ways. Compared to optimal stopping problems like the Secretary Prbéem2006)
individuals in our experiment do not decide when to stop their search, but rather allocate
it as they see fit between exploration and exploitadicnoss the&ourseof the task. They
also receive payoff during both phases of search, in contrast to the Secretary Problem,
where payoff is solely determined by what value the searcher chooses to stop on and
exploit. The card task and Secretary Problentlmigh bothsharea known fixed time
horizon anda lack of explicit search costsurthermore, searchers in the card task have
knowledge of the possible outcomes they face (though this is not strictly necessary).
While the resourcaccumulation aspect of the current problem makes it more like food
foraging as captured in pattdaving situations, therare differences here as welht a
typical patch foraging problem, exploiting a patch makes its value go down meer ti
(depleting resources), so that foragers usually do not soon go back to try to exploit
previouslyfound patches; in theurrentcard task, searchers can return to previoeusly
found outcomes to exploit them further without depleting them. Sucldegletng (or
renewing) resources that can be returned to occur in many settings that people commonly
encounter, such as seeking food or other consumer goods in commercial (stlings

1982) or searching oneOs memory for words or congklits et al., 2012)



2.1 Optimal Strategy

To provide an upper bound on participantsO performance on this task and
determine a possible approach that they might use to solve it, we digutiee optimal
strategy using backward mathematical inductibhe optimal strategy is to begin by
exploring and then switch once from exploration to exploitation whenever the best card
found so far (i.e., currently displaye@d on the screen) exceeds paedetermined
threshold level that falls with increasing turns. This decreasing threshold curve only
depends on the range of possible card values (highest and lowest) and the number of
turns remaining at each point in the search game. For the settregsvhik card values
ranging from 1 to 99 and 20 total turns in the game, the optimeghold curve is shown
in Figure2. This function is not just based on comparing the results of exploiting the
value of the current highest card versus the expectee wh exploring again once, but
also incorporates the expected value of exploring further and then exploiting a better card
value found later in the search. The derivation of this optimal fundigamesented in
Appendix 1

Given the optimal strategyif the current card search task, two points deserve to
be mentioned. First, while this optimal strategy does not call for switching back and forth
between multiple phases of exploration and exploitation, the-wangng threshold
means that searchers abydass by a value early in their search that they should accept
later in their seard¥ this happens in about 9% of card sequences in the current setting.
Second, the structure of the card task may lead people to switchgtiorally) between
multiple bous of exploration and exploitation in a way that is impossible in some optimal

stopping problems such as the Secretary Problem.
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exploited for all remaining turns in the game.

2.2 Methods

We recruited 191 participants from the Indiana University psychology student
participant pooin exchange for credit for their course$hey were told that their goal
was to accumulate as many points as possible in each search game, by flipping over cards
from the deck to get their points dicking oncards already found and displayed on the
screenand getting their pointsParticipantswvere also informed about the distribution of
card values as indicated earlier. The general framework of the experiment is shown in

Figure3.



30 Trials

Single Trial

20 Turns

=)

Figure3. General framework of the experiment, showing a single trial (game) consisting

of 20 turns of explang or exploiting, with 30 trials overall, followed by a strategy

guestionnaire regarding the thresholds participants used.
!

In the experiment, a turn refers to one exploration or exploitation decision, and
every trial (one game) contains 20 turns. Onfittse turn, the participant must explore,
flipping over the top card on the deck, and thereafter decides at each turn whether to
explore again or exploit a dispkgy card value. The screen (Figuredisplayed the
number of turns taken so far for thigty the total points obtained, and the cards found so
far, with the highest card value seen so far in the trial indicated by that cardOs point value
being displayed in red (while all other cards were shown in green). When a card was
taken from the declgn animation showed its movement to the display of selected cards,
and then its points were copied from the card to the list of card values selected so far in
this trial, shown at the bottom of the screen. ParticipantsO choices were recorded.

After each 6 the 30 independent trials, participants were told the points they
received on that trial and the points that the optimal strategy would have earned, and
whether the participant did better, worse, or the same as the optimal strategy. After

finishing all 3 trials, participants were asked to state explicitly what tlotdsithey may



have been using-or different turns, they reported the minimum card value that they
would have been satisfied with, and hence would have made them stop exploring and
start expbiting this card for the rest of the turns in the trial. (Whether or not they were
actually using a threshold rule to make their decisions, they could still have a sense of
what card values would be good enough to make them switch to exploitation at each
turn.) Participants were asked to report this explicit threshold value for turns 2, 5, 9, 13,
17, and 20, using the following instructions:
Postexperiment Questionnaire: We would like to ask you about your general
strategy for doing this task. At differepoints in the game, you may have felt that
if you had a large enough card value showing on the table, then you would be
satisfied with it, and would pick it instead of drawing a new card from the deck.
For example, on the first round, if you happenedraw a 99, then you may have
been satisfied enough with it to pick it for the rest of the game. For each of the
rounds listed below, what was the LOWEST value for a card that would be
enough for you to pick it for the rest of the game? When you ar&dmisclick

the <space bar> to submit your numbers.

For the 2nd5th, etc.]Jround out of 20, the lowest card that would be enough was

2.3 Results
Overall, &ross all of the turns taken by all participants (191430420 = 114600
turns), there was 73.3% exploitation and 26.7% exploratiime optimal strateggalls

for more exploitation81%, across the same trials that participants (pawv.001 two-



sample ttest). ParticipantsO mean total points petl28 trial was 15283D 266), lower
than that achieved lihe optimal strateggpplied to the same values that participants saw

1595(SD224;p < .01, two-sample ites).

2.3.1Switches andFinal Exploitation Patterns

The optimal strategy for this search task dictates ttiexe will be at most one
switch from exploration to exploitation per -2@n trialN only when the highest card
seen so far exceeds the current optimal threshbleere should never be a switérom
exploitation back to exploratidhall exploration should be Ofront loadedO to the first
portion of a trial because this maximizes the opportunities to subsequently take advantage
of (i.e., exploit) high values thare found during exploration®aricipants behaving
nonoptimally, by contrast, might switch back from exploitation to exploration for many
reasons, including intrinsistochasticity boredom, employingparticular strategies
and/or changing strategies over timSubsequently, as the eofl the trial approaches,
any participants who have switched from exploiting to explonmay well switch to
exploitation again to take advantage of previodisiynd high values.

Participants switcad between exploration and exploitation a mean of 1.18@gi
per trial. In most casesparticipants explored fom certainnumber of turnsat the
beginning of the trial, and this stagecaledthe initial exploration phaséfter the initial
exploration phaseparticipantsusually showedsomeexploitationdecisionsin the later
turns of the trial. If they exploited at leat twice in a row, | called these sequential
exploitationturns a consecutive exploitatiophase on the other hand, if after the first
exploitationturn there is one exploratioturn, | cdled it a norconsecutive exploitation

turn. The consecutive exploitatigehaseis a more reliable sign that participants commit



to exploiing some goodcard values than the neconsecutive exploitatiorturn.
Therefore, the initial turn of the first consiiwe exploitation phase can hsed as a
measurewhere participants commito exploitation for the first time in thgame The
mean position of the initial turn fahe first consecutive exploitation phase is Sab#oss

all participants. The optimal stategy applied to the same data that participants saw
switched tathe first (and also the last) consecutive exploitatibmean) turn 5.14This
means that people continue exploringddittle bitlonger tharthe optimal, by abou0.4
turns (p < .00], two-sample itest) Figure4 shows the frequency distributions of these
initial turns of the first consecutive exploitation phaga both participants and the
optimal strategy. Compared to the optimal strategy, the distributionpafticipantsO

behaviorhasa thicker body and fatter tail.
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Figure4. Frequency distributions dheinitial turns forthe first consecutive exploitation
phase, for participants (left) atite optimal strategyapplied to the same data participants

saw(right).



2.3.2Response imes

How long participants took to decide whether to switch between exploring and
exploiting or to continue doing what they were dodogild give insight into the decision
strategies they us&able 1 shows descriptive statistics fesponse ties(RT9N that is,
times leading up to the click on a certaiction (since the last clicky for deciding to
continue to explore or exploit (i.e., the previous action and current action are the same)
and deciding to switch to explore or exploit (i.e., thevus and current actions are
different). When a participant switches from exploration to exploitation (or vice versa),
part of the RT comes from the motokiehaviorof moving the mouse from the deck to a
card displayed on the screen (or verse versé@his movement time should not be
included in the RT for th@sychological decision process. We built a linear regression
model between logarithm of RTdependent variable) and switch action (binary
independent variable) to take out this motoric eff{&etox, Otto, Stone, & Love, 2012;
Walton, Devlin, & Rushworth, 2004) The model assumes that the logarithm of RTs is
predicted by a linear model of the swiohinot. The following analyses are based on the

residuals of the RTs of this model.

!
Table T Mean and Standard Deviation for Response Times of Different Decision Types

Type of decision (and numbe Mean residual response tin SD

Continue to explore (22,335) 1.41 2.35
Continue to exploit (76,021) 0.59 0.41
Switch to explore4,539 1.14 1.34

Switch to exploit 7,979 1.24 0.88




Here we focused on comparingairs of residual RTg¢in the log scalgto see
whetherthere existed supportive evidence for a decreasing threshold stré&egiding
to continue toexploretakes longer than deciding gwitch toexploit (t = 22.92,p <
0.001), which takes longer than deciding to continue to explait 108.02,p < 0.001).
This fits with the cognitive steps involved in following a decreasing threshold rule like
the optimalstrategy: @ce the searcher decides to explslitie should continue to exploit
without having to consider any further information, making this a quick decision. But to
decide to continue to exploraffer any turn of explorationtakes longerbecausehe
searcher needs teerify that the card just found is not above the current exploitation
threshold, and also verify that the best card found previously is not now better than the
current threshold (which is lower than the threshold when that card wasefas). I
either of those verification steps filthen the searcher would decide to switch to
exploitation. Since this could happen after one or two verification steps, on average we
would expect the switcto-exploit decision to be faster than thentinueto-explore
decision which requires passibgth verification steps, but slower than the contitoe
exploit decision which involveso verification stepll and this is the pattern we see in
the RT data. (A fixedhreshold rule would only require thiast verification step,
implying that the switctio-exploit and continu¢o-explore decisions would take similar
amounts of time.Compared to other three decisionse intermediate duration of the
rarer decisiongo switch back from exploitation to exploratiomay suggest a different
strategy (or strategy component) that could involve one or more computational

comparisons



2.3.3Explicitly Reported Versus Implicitly Modeledhfesholds

Given that the optimal stiegy takes the form of a threshold rule, we next
analyzedwhat thresholds participants mighave been using, both by asking them
explicitly to report their thresholdeand by modeling theitbestfitting thresholds.
Participants@portedthresholds for exoiting are plotted inFigure 5, first averaged
across alparticipants for each of th&specific turns for which participants were asked to
give thresholdsndthenlinearly interpolated betweendbke mean values for the 6 turns
The general trend ohé mean reported threshold is flat over turns (the 95% confidence
interval for a regression coefficient of reported threshold values on turns is
[1.0004, .3684], including 0),in contrast to the optimal threshoddso shownwhich

decreases over turns.

100

90}

80 |

70+

60 -

50

Card Value

a0}

30+

20+ == Optimal |7

=} - Reported | |

=—}— Modeled

2 4 3 8 10 P 14 16 18 20
Turn

10+

Figure 5. Mean reported and modeled thresholidse(polatel between the 6 indicated
turng along with optimal thresholds for switching from exploratido exploitation,

across turns. Error bars are 1 SEM.
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Figure 6. Mean probability that participameuld exploit a particular highestvailable

cardvaluein the corresponding range each turnError bars omitted for clarity.

In addition to participantsO expligireportedthresholds, we alsattempted to
infer the implicit thresholds that may derlie theirdecisionsn the experimentWe first
looked atwhether participants were adjusting ttaaenge ofcard valus that theywould
exploit atdifferent turns in each triaFigure 6 plots theparticipants@robabilities of
exploiting differenthighestavailablecard values at each tufstarting with turn 2, the
first turn where exploitation is possiblealculated across all trials for all participants.
Participants only rarely expleitla card value that is not the highest one available, in just
1.6% of all exploitation decisiong-or example, the top curve shows the probabdity
each turnthat a participant wouldhooseexploitation given that the highest card value

available to exmit on the screeat that turnrwas between 90 and 99All of the curves

L e

! Bins over ranges of highest card value available are used because plotting probabilities
for single card values would result in considerable noise in the graph. There is still some



generally increase over turns, with the lower higlvadte curves increasing more
rapidly. For turns toward the end of a trial, the exploitajgwabability nears 1.@or all

card values, indicating that participants will exploit whatever highest card value they
have once they get to the end of their seafidiese results indicate that people are taking
theturns into account by gradually shifting their exploitation tendency faaadl values
upward,which is consistent with a gradually decreasing threshold, applied with noise.

To estimate thaunderlying thresholds that participants may have been using
(which could differ from what they reported usingle treagdthe thresholdat different
turns asmodelparameters and usenaximum likelihood estimation (MLE) tiind values
that best fit participantsO decisiove built a modelthat uses a stepwise threshold to
decide when to switch from exploration to exploitatiofo allow easy comparisomith
the participantsO reported threshalismodelOstepwise thresholds are estimated for the
same 6 turnghat we asked participants abdturns 2, 5, 9, 13, 17, and 20)Given that
this modelis focused on estimating thresholds rather than reflecting the psychological
choice processt may not capture the details of participantsO-hysturn behavior wejl
we will compare it to other plausible models in the next section

This six-threshold nadd has7 parametersT;-Tg represent th thresholdsfrom 1-

99, that apply acrossurns 2, 35, 69, 1013, 1417 and 180 respectively and he
strength parametes reflects how strongly and consistently the participant follows the
threshold ruldl if sis large, then participants usually make a choice that is consistent
with thecurrentthresholdT(t) that holds at turty and ifsis small, then the model shows

considerable randomness in determining whether to explore or exploit on a given trial.
I

noise at the end of the trial for some lower highvedtie bins, becaustr example, there
are very few trials in which participantgets to turn 18 and still has not uncovered a card
with a value greater than 60.




The modelspecifies the probability to exploed eachturnt with respect to the current
thresholdas follows

1

Prexplore(t) = 1+ e T0O-Mar]

1)
wheres is the strength parametdvlaxis the highest card value seem.(on the table)
before turnt, andT(t) is the thresholdT;-Te) that holds at turi

We used MLE to estimate parameter values foheadividual. The averagebest
fitting modelthreshold function is plotted iRigure5, interpolating between the medians
(using medians drause the parameter distributions are skgveédthe 6 threshold
parametersacross participantsThis modeled threshold falls across turns, though
relatively evenly and not as steeply as the optimal threshold at the end of each trial.
There isan evident mismatch between the flat reported threshold and the falling modeled
threshold, whiclcould be a consequence of participants reporting thresholds incorrectly
(e.g., not knowing or remembering them), or of participants making their decisions in
another way (see next sectiofr). addition the median othe strength parameteris
0.13, indiating substantial randomness in chol¢éisat is, there are many situations in
which the model chooses to exploit even though the highest card on the table is below the
currentestimated threshold, and chooses to explore even though the highest care is abov

the threshold.This randomnessflects the stochasticity of participantsO choices.

2.3.4Comparison of Decision Strategies
Of course, a mulistage changinthreshold mechanism may not be what people
are actuallyusing to make their decisiong/e theréore tested a variety of models in

terms of both their fit to participantsO data, and their performance compared to the optimal



threshold rule We assessed fouypes of models: &xdom baseline models, threshold
models, expectancy modelsand sampling mode that, like the cutoff rule for the
Secretary Problem, decide when to stop based on an initial sample of values. We first
describe the models and then report their performance on the search task and their fit to
participantsO data.

For all of the modelsompared below describe a stochastic version used to fit
the model to participantsO dataaldo usehe corresponding deterministic fosrof most
of themodek to assess its performance on thedsearch task.
Random baselinmodels

A standard typefaandom model for exploration/exploitation tasks isépsilon
greedymodel (Sutton & Barto, 1998)which uses a single parameteto control the
probability of exploration (selecting a new card) on each turn, versus exploitation (taking
the value othe highest card seen so fdfurthermorethe expbrationexploitation trade
off can be found irthe multi-armedbandit problem(Bellman, 1956; Robbins, 1952;
Sherratt, 2011) Someresearchersvho studied the mukarmed bandit problem have
developed some better randamodek other thanthe epsilorgreedy model. Among
them, one is called thepsilondecreasingmnodel (Scott, 2010) Specifically, instead of
setting the probability of exploration to beat each turn, thepsilondecreasingnodel

assumes the probability of exploration at each turn is:

Prexplore(l) =

(t—1)

(2)
wheret is the turn that we are dtjs the originalepsilonparameterg is thesensitivityto
turns. Biggerc means quicker decrease of the probability of exploration over funk.

include both of these two models in thesis



A model more specific for this cambarch task is thendom switchmodel (with
one parametey, which randomly picks a number of exploration steps to take from the
range [2, 20] using the left distribution from participants shown in Figure 4, and then has
a tendency to explore for that many turns and to exploit on all subsequenintuhat

trial, with the probability influenced e strength parametsr

Prexplore(t) = W (3)

where Preypiordt) is the probability ofexploration on turrt, s is the strength parameter
andk is therandomlychosen switch turn (not a fitted parameter). This equation results
in higher likelihood of exploring at the beginning of the trial and higher likelihood of
exploiting at the end, with equal probability of bothhtigt the switch turn (where k).
Thresholdmodels

Given the prevalence of simple threshold rules in human bounded rationagjity (e
satisficing ruleBl Simon, 198 and the fact that optimal behavior in the ese@rch task
follows such a strategy, waso testedour forms of threshold models. Tlsanplestone
threshold mode(two parameters) has a single fixed threshblthat applies across all
turnsanda strength parametercontrolling the probability of exploring on a given turn
based on how fahe highest card seen so far is from the threshdlabove or below),
according toEquation 1.The two-threshold mode(four parameters) has two threshold
valuesT; and T, and a Ojump turnO paraméter the range [2, 20] that determines how
long each threshold used:T; for turns2 tok, andT, for turnsk+1 to 20. It also uses a
strength parameterand determines the probability of exploring by Equatioftie six-
threshold mode{with seven parameters) described earlier has six threshold Vialles

thatare used for turng, 3-5, 69, 1013, 1417, and 1820, respectively, ana strength



parameteis combined via Equation l.ast, the decreasing lineathreshold mode{with
three parameterShas two parameters for thimearformatted thresholdb for the
intercept of thedecreasing lineathreshold and! for the slope of thelecreasing linear
threshold Similarly, it also uses atrength parameterand determines thgrobability of
explaing by the following Equation:4

1
1 + e—s[b+a(21—z)—Mar]

Prexplare(t) =

(4)
whereMax s the highest card value seee.(on the table) before turn
Expectancy models

A main stream ofstudies in economic, machine learniagd decision making
assume that peoplaake decisions based some type of expected reward, whether it is
expected value, expected utilibr, expected valencélere in this thesis, | focused on two
models of this expectanegodeltype. The first one ithe softmax modelwhichhas been
widely usedas a baseline expectancy model and also a fundamentaltblbokd other
more advance@xpectancymodels(Luce, 1959) It has the followingformula in this

thesis

Ev_explore(t)
e -1

Prexp lore (t) - Ev_explore(t) Ev_exploin(t)

e 4t e de-)
®)

In Equation5, Ev_explore(t)and Ev_exploit(t)mean the expected value of exploration

and exploitation at turhrespectivelyBoth of them start from 50 in each trial, and after

L e

2| have also tried a nelinear version of the threshold models, which has a similar equation to Equation
4. Theonly difference is that instead of usifig(21-t) in Equation 3 we used’ *log(21-t). In this way,
because of théogarithm the nonlinear threshold decreases very slowly when tuia small (at the
beginning of the trial), and more quickly when tdris big (at the end of the trial). This changing trend
mimics how the optimal threshold behaves. However, after fitted to subjectsO data, this model was worse
than thedecreasing lineathreshold modein terms of BIC value. Therefore, we did not keep tihos-
linear threshold model in the paper.



each turrone of them is updated by taking the average across all card values of the same
decision type. The only parameter for gwtmax modek thetemperature parametér

High tempeatures (big” value) means exploration and exploitation have about the same
probability no matter what, while low temperatures (smaNalue) will push the
probability of the option with Ilgher expected value close to Ih. our model, the
temperature pameter is scaled by the current turn value (mathematically, byircivbgt

t -1)%. In general when the expected reward of exploration is higher than that of
exploitation, thesoftmax modegbredicts exploration; otherwise, it predicts exploitation.

The second exgctancy model is thexpectancyalence learning moddEVL
model) The EVL model was developeal an effort to build a unified model that includes
both learning and decision process@usemeyer & Myung, 1992)it has been
successfully applied to decision tasks sasithe lowa gambling taskhe details of the
model can be found iBusemeyer and Stout (2002jere | briefly describe hoviné EVL
(which has three parameteis)formatted tdfit the current cardearch taskFirst, after
the explorationexploitationdecision aturnt, individuals experiencealencev(t) thatis

an affective reactionaused by that decision:

v(®) = (1 —w) - R(ID®) + w - L(D(1)) (6a)

where D(t) means the decision (exploration or exploitation) at turand R(D(t)) and
L(D(t)) means the reward and loskthe card valudecause oD(t). Particularly, for he
card search task, after eachntuthe card value of that turis decrementedby the

expected card value of the decision of that turn: ifailiieomeis positive, wedefine it as

L e

% | have also tried another softmax model similar toepsilondecreasing modeh Equation 2. That is,
instead of using lineaurn scaling like"/(t-1), we use"/((t-1)*c), with one additional sensitivity parater
c. But this poweiturn scaling softmax model works no better than the simpler linear version.



the reward;fithe outcomas negative, we define it as the loHisefeforeat leastone of R
and L must be @t each turnn the model). The expectedrdavalue of the exploration
(exploitation) decision is similar tthat in thesoftmaxmodel It stars from 50 andis
updated by taking the overall average across all ks of the same decision type
Equation @, w is the attention paramet@@<w<1), and it decidesiow much weight is
given tothereward and loss respectively.

After the valencev(t) is produced, the expected valence of the deciBiti
Ev(D(t)), is updated following the below formular{d the expected valence of the other
decision type will be kept the same as the previous turn; and the expected valences of

bothexploration and exploitation start fronx O

EviID®) =0 —a) - Ev(D(— 1))+ a - v(r) (6b)

The parametea (0<a<l) is the updating rate. Largeindicates strong recency effect and
fast forgetting.

Third, the probability of exploratiorRrexpiordt), is determinedby the ratio-of-
strengths rule for akice probabilities (Luce, 1959). Andere itis very similar to the
softmax model

eEv_explore(t)-é‘(t)

PrexP lor e(t + 1) = eEv_explore(t)-G(t) + eEvﬁexploit(t)-H(t)

(6¢)
In Equation @, #t) is called the sensitivity parametand it plays a very similar role to
the strength parametsin the threshold models. That is, bigger valueg{ffmeanmore
determinisn for the exploratioriexploitation decision. TheEVL model assumes the

sensitivity#t) changes over turns according to the following power funafdaornt:



t— )C

1
() = (
10 (6d)

wherethe parametec controls the chage of sensitivity over turns:oBitive ¢ means
increasing sensitivity over turns, while negatiwvemeans decreasing sensitivibver
turns.
Samplingmodels

Another class of simple search rules base their stopping decisions on information
gained from an initial sample of options. Each of these models has two parameters: one
parameter that controls the size of the sample used, and ahgfieerOtrembling hatO;
see Selten, 19F5that introduces stochasticity by setting the probability of the modelOs
deterministicallyselected action (explimg or exploiting) to 1h and the probability of
the other action tb (so largem indicates more stochasticity, while largen the models
earlier indicates less stochasticity)The fixed sample modefirst assesses a sample of
fixed size by exploring fok turns and then exploits the highest value card seen in that
sample starting on turkt+1l (and for all remaining turns). Thautoff modelksimilarly
explores fork turns, determines the highest vakeen in that initial sample and sets it as
the cutoff threshold (rather than exploiting it), and then continues exploring until it finds
a card that is above that cutoff threshold, which it exploits for the rest of the turns. Use
of this rule has been stied particularly for situations where the distribution of available
values is not known, as ftilne Secretry Problem discussed earliéhe successive nen
candidate count modélasalsobeenstudied as a potentiatrategy to solve thBecretary
Problem In Seale and Rapoport (199Me term OcandidatesO was defined to tledse
cards that have the highest values seen so far in the current trial (and hence are candidates

for exploitation),while OnorcandidatesO are all other cards (i.e., those not the highest



seen so far, hence not appropriate to exploit). The mod& staexploring on turn 1;
that first card is by definition a candidate (as it is the highaisie card seen so far). It
continues exploring, assessing whether each new card is a candidate eraadidate,
and counting up how many naandidates in aow it encounters. If the number of
successive nenandidates seen reaches a threshold vjaltreen the model will exploit
(for all remaining turns) the next candidate it encounters. This ncadéhusbe seenas
based on impatiendkif it has leen todong since finding the previous exploitatagtion
(i.e., candidate)then thesearchegets impatient and takes the next option th&igber

than all those encountered previously.

2.3.5Model Rerformance

How well do these different models perform on thearch task, balancing
exploration and exploitation? To find out, we randomly generated 50,000 sequences of
20 card values and applied deterministic versions of each model to the entire set of
sequences treated as-t20ns trials. The mean scores of tmedels over the 50,000
simulated runs are shown in Table The optimal strategy scored 1601.8; pamants
scored 1528 on averag€he threshold strategies all scored very close to the optimal
(around 1600), while théhreerandom strategieall perforned rather poorly (around
1300). The samplébased strategies fell in between, with the cutoff strategy from the
Secretary Problem doing worst of these (at 139he expectancy models perform the
worst, with the softmax strategy at 1129; this is mainly tdutae inability of the models
to switch to consecutive exploitation forvary long time (switching to consecutive
exploitation after 11.4 turnsn averagke Thus for this problem, a simple threshold Nile

even one that uses a single fixed thresholdas@eN can perform about as well as the



optimal decreasinthreshold strategy.

Table2: Comparison of Parameters for Best Performing Models Across Strategies

Strategies Mean score per trial Best parameter values Switch turn (% of switch  Meanexploited valué
Actual participants  1528.0 NA3 5.54 (94.9%) 86.12
Optimal 1601.8 NA 5.51(100.M0%) 88.86
Epsilongreedy 1312.0 1=0.34 NA 74.84
Epsilondecreasing NA NA NA NA
Random switch 1318.9 NA 7.62(95.30%) 73.84
Onethreshold 1599.0 T=79 5.50(99.00%) 89.03
Two-threshold 1601.1 T1=80,T2=75,k=8  5.44(99.66%) 88.81
Six-threshold 1601.7 T1=82,T2=81, 5.55(100.M%) 88.86
T3=79,T4=76,
T5=71,T6=58
Decreasing linear 1601.7 1=0.58,b=69.98 5.47(99.90%) 88.80
threshold
Softmax 1128.9 NA 11.40(87.026) 64.02
Expectancy valence NA NA NA NA
learning
Fixed sample 1495.7 k=6 7.0(10000%) 85.41
Cutoff 1391.6 k=2 6.60(90.40%) 80.07
Successiveon 1469.9 j=3 7.29(99.99%) 84.29

candidate count

Notes:1) 0% of switchO in the OSwitchd column means the percentage of trials where a switch takes plage amo
the total number of trials;)®Mean exploited value® meahsn the best model is exploiting, the average exploited
card value across all turns of all triaBy; ONAO stands fobtNApplicable; 4) thespsilondecreasing modeloes not
have a deterministic version, and the only paraneter for the power index of-1), has a range [0, +inf), so it is not
possible to simulate the model performance and search througihtiheparameter value space; but its performance
should be comparable to tlegsilorgreedy model 5) asfor the EVL model, the parameter values to search through
arew and a, eachwith a range of [0, 1], and if we ask for a grid accuracy of 0.01, itldhio&i10000 times of
simulation; moreovergach simulatin contains 1000000 data points, and tkigoo much computation; fothis
computationreason, | did not carry on thgerformance simulation for the EVL model; nevertheldsis, should not

influence the onclusiors drawn from Table 2

Table3: Comparison of Parameters for Best Fitting Models Across Strategies

Strategies Best fited paranetervalues Best fitederror pararater Number of paramtess  BIC*

Actual participants ~ NA? NA NA NA

Optimal NA s=0.12* 1 431.5
Epsilongreedy 1=0.21%° NA 1 596.5
Epsilondecreasing !=0.88, c=0.82* NA 2 462.7
Random switch NA s=0.21* 1 454.8
Onethreshold T=68.3* s=0.13 2 378.3
Two-threshold T1=77.1* T2=57.7* k=7*  s=0.1% 4 335.7




Six-threshold T1=82.0*T2=77.7*T3=69. s=0.13* 7 346.8

9%,

T4=62.5*T5=54.1*T6=44.

1*
Decreasing linear 1=1.79*%,b=46.3 s=0.13* 3 327.7
threshold
Softmax "=121.38* NA 1 4357
Expectancy valence w=0.41, a=0.08, c=1.4* NA 3 3798
learning
Fixed sample k=4* h=0.42* 2 445.6
Cutoff k=2* h=0.10 2 389.5
Successiveon j=1* h=0.46* 2 592.7

candidate count

Notes:1) OBICO stands for Bayesian Information Criterion; 2) ONAO stands for Not Applitaiend)that the value
is median; otherwise, the value stands for the mmaa single value (e.g., values in the column of ONumber of

paranetersO).

2.3.6Models fittedto participant data

Simple threshold rules do very well on this task, but is that how people actually
try to solve it? To compare how well the different models describe participantsO choices,
we usedhe Bayesiannformation Criterion BIC; BIC = -2*LL + k*log(N), whereLL is
the maximized value of the log likelihood function of the moké&, the number of free
parametersn the model, andl is the number of observations of each participdsitC
value was computed for each participant, and the mean was taken amantjcitiamts
and shown in Table @bove. Mdels with smaller BIC values are preferrelor this
fitting comparison, the stochastic version of each model was assessed (along with a
stochastic version of the optimal threshold model, using a strength paresreatdr
Equation 1). The beditting parameter values for each stochastic model were
determined for edc participantOs data, and then the medians of these values were
cdculated and reported in Table 3

As seen irthe rightmost column of Table,3he threshold strategies (othbam

the optimal thresholdichieved the best fit to participant data, with dieereasing linear



thresholdstrategy having the lowest BIC @e, followed closely by théwo-threshold
strategy. The beditting decreasing lineathresholdstratey begins witha threshold of
80.3 andthen decreases by 1.3@9 everyturn. Gomparel to the parameter values of its
best performancéwith a threshold o81.0anda step decrement of 0.%8 Table 3, this
decreasing lineathresholdstrategy(along with the rapidly decreasing bé#ing six-
threshold strategy, shown in Figure 5) suppthresidea that participants generally may
have been lowering a threshold quickly as turns progressed.

Surprisingly,the expectancy valence learnirsgrategy and theutoff strategythat
performs comparatively poorly on thigpe of search, fit participantd@a well, close to
the BIC fit of the threshold strategies. To explore this in more depth, we analyzed which
strategy best fit (with lowest BIC) the data of each participant at the didivievel. As
seen in Table ,4he model which achieves the bfstor all the participant data together,
the decreasing lineathresholdstrategy, also fits the most individual participants best.
But the expectancy valence learnirand thecutoff strategies fitthe secondand third
largest group of participants idividually. The top 5 strategies that finost of
participants account fot85 out of 191 participants (96.9%gnd among themthree
(decreasing lineartwo, and onehreshold strategiesgre thresholdike strategies, and
they account for 13participantsin total Thus, there appeats be somevariation in
strategy us across individualsyith the majority following a thresholdike strategy that
performs very well on this type of search problem (and allows them to acheevep
threemeanscores among all strategiege the second column of Table @ndmost of
the other participants using either thexpectancy valence learnirggrategy (yielding an

average 0f1493 points), or theutoff strategywhich is more appropriate to optimal



stoppng problems like the Secretary Problem (and which yialdsean 148points in

this task).

Table 4: Number of Participants Whose Choices are Best Fit by Each Strategy

Experiment 1

Strateges Number of participants ParticipantsO mean scor
Decreasingdinearthreshold 102 1550
Expectancy valence learning 30 143
Cutoff 24 1481
Two-threshold 20 1538
Onethreshold 1532
Softmax 1502

9

3

Epsilondecreasing 2 1512
Random switch 1 1360
Six-threshold 0 NA!
Fixed sample 0 NA
Epsilongreedy 0 NA
Successive nenandidate count 0 NA

Notes: 1) ONAD stands for Not Applicable.

2.4 Conclusion and iBcussion

Participants' performands quiteclose to optimalNot onlydo their scores come
close to that of the optimal strategy, their behavior patterns in terms of switching are also
not too far from the optimal. To achieve this, most of participants seem to choose some
thresholdlike strategy, which is also versimilar to he optimal strategy, even if they
explicitly reported doing something different. They are thus able to search effectively in
this environment by choosing between exploration for new resoopt®rs and
exploitation of previoushfoundoptions

Particulaly, most of participants probably use a threshold rule that gradually



decreases over turns (corresponding todbereasing lineathreshold model)though

their explicit reports of thresholds do not reflect this decred@bés is supported by the
probability of card values exploited over turns, the reaction time analysis, the model
performance simulation, and also the model fitting analysis. Some other participants may
use other threshold rules like otieeshold or twehreshold strategies. All these
strategies lead to a pretty good performance in terms of mean score perFhisals
because the most important effective strategy for the kind of search problem like the card
search task seems to be to load all values up front first, start exploitirajiaeiglgood

value early, and repeatedly accrue that good (exploited) value rather than randomly return
to exploring.

A search task that instead calls for repeated transitions between exploration and
exploitation may present us with a different pictufethe search mechanisms people
typically use.Furthermore, aask involving multiple exploratidexploitation tradeoff
decisions over time may make individual differences in search behavior, and their
correlations with other measures such as working merandy impulsivity, easier to
observe(Hills, Todd, & Goldstone, 2010) In the current card task, participants made
relatively few transitions from exploitation back to exploration in part because the
exploited card values were noepletind\ once they found a sufficiently high card
value, they were often satisfied with that vahral would exploit it until the end of that
trial. To induce more explore/exploit transitions into this task, we can make the card
values deple&tso that every time a card gets exploited, its value will decrease by a certain
amount Moreover, changing theumber of turnsn each trial from a known fixed length

to a random length may have a similar effect. By stripping search down to a setting where



exploration and exploitation are most prominent, these variations on the card search task
may help us elucidatihe underlying decision strategies more effectivEkperiment 2

and 3address this question.



Chapter 3Experiment 2Foraging in Dimimnshing Patches

In experiment e developed an explorati@xploitation card game to show that
when the environment consists of rdepleting patches, subjects can malearoptimal
search decisions mostly using some threshkédstrategiesHowever thereis alack of
switching back and forth between exploration and etgtion in experiment 1. Alsm
the real world many of the resources we encounter get used up as we exploit the patches,
and as a resufeturns diminish ovetime. Hence the current experimeéhinvestigates
humanOs seardtehavor in a depletingpatch search task. | modified the original
exploratioriexploitation card gameof experiment 1so that at everyturn when
participantsexploit a new or old carcp@ictOthe corresponding patch decreasesalue
at a certain rate. propose an optimal strategyrfeohis search task, and compare

participants@erformance to it.

3.1 Methods

Experiment 2 is basedn the paradigm of experiment 1. AHe experiment
setting of experiment 2 are the same as experiment 1, exclehever participants
explore a new cardr exploit an existing card, after they get the card vatided to their
total scorethecurrent cardvalue decreases by a certain amount. Experiment 2 has three
different decrease rase 3, 5, or 10 points, and | call them -Be De5 and DelO
conditiors correspondingly

There werein total 101 participants recruited from Indiana University in
exchange for credit for their cours&d subjects ithe De-3 condition, 24 subjects ihe
De-5 condition, and 26 subjects the De-10 condition.Participants were given the same

instructions as in experiment-4their goal was to accumulate as many points as possible



in each search gam&he only change of the instructions of experiment 2 was about the
decrease rate after each turn. Particulanlythe De3 condition, participants were told

that Oafter you get the card value added to your total score, the current card value
decreases by 3 points.O Each participant was introduced into only one of the decrease rate
conditions, and the experiment foer/him contains single trial (game) of 20 turns of

exploring or exploiting, with 30 trials overall

3.2 Optimal Strategy

The general intuition for the optimal strategy of experiment 2 is that there should
not be any exploration after any exploitatiomnt for the optimal strategy. If this rule is
broken (that is, there are exploration after exploitation turns), any exploratioing
after some exploitatiom the hope of getting a better card value to benefit later turns will
not be fully utilizedbecaise ofthe exploitation turns happening ahesdt. Therefore,
there should be only one switchrincexploration to exploitation fahe optimal strategy.

It is better to do &bf the exploration early onnlithis way, one can take full advantage of
the fruits of exploratiomn more subsequent turns.

Compared to the paradigm of experiment 1, experiment 2 has one dramatic
difference: the highest card value is changing over turns, and which one is the highest
card value depends on thexploration/exploitationhistory in the game. Given this
dynamic feature of the decré&ag card task, we cannotderive a closed form
mathematical formula for the optimal strateghowever, giverthatwe know that there
should be oly one switch from the exploration phase to the exploitation phase in the
optimal strategy, we can use computer simulation (particularly dynamic programming) to

decide whether exploratiqor exploitatior) is optimal at a particulaurn.



In computer simlation, at each turn except the first, we compare two values: one
is the total score that someone would get if she/he switches to exploitation at that turn and
exploit the highest card values at each turn afterward until the end of the game. We call
this value the total exploit score. The other one is the expected total score individuals
would get if she/he explores at the current turn, switches to exploitation at the next turn,
and then exploits the highest card values at each turn afterward. Specifitally
individuals explore at the current turn, there are 99 possibilities for the card value (from 1
to 99). After the current turn, the computer would compute the total score for each of
these 99 possibilities if individuals exploit the highest card valuni$ the end of the
game.The expected total score is the average score of these 99 total scores. We call this
value the total explore score. If the total explore score is higher than or equal to the total
exploit score, one should explore at that tatherwise, if the total explore score is lower
than the total exploit score, one should exploit. In this way, wedetarminewhether

exploration or exploitation is optimal farturn.

3.3 Results

3.3.1Comparison to the @imal

In this section | comparevarious types of behavioral metrics to the simulated
optimal strategy across the three conditiqie-3, De5, and Del0). All of the
behavioral metrics for the optimal strategyeach conditiorarebased on 100,000 times
of pure randonsimulation. The @asons that tonductedthe simulation based on pure
randomness instead of actuadperimentaldataare: Frst, all behavioral metrics in the
decrease rate conditions have very high variance; second, for theabd DelO

conditions, we only have 24 and 26 participargspectively. Because of limited sample



size and high varianaa behavioral metrican orderto achieve a stable optimsirategy
outcome | choose pure random simulation.

First, across albf the turns taken by participants in each of the three conditions,
there were41.0P6 exploration choicesin condtion De-3, 48.5P6 exploration in
condition Deb, and 52.74% exploration in condition D&0. The optimal strategy calls
for similar exploratiorrates with 35.4%b6 exploration in condition D8 (p = 0.013 one
samplet-test participants VS optimyl43.83%6 exploration in condition D& (p = 0.126;
onesamplet-test participants VS optimal and58.03%6 exploration in condition D&0
(p = 0.087 onesamplet-test participants VS optimal There isnot much difference in
terms ofthe exploration rate between participants and the optimal strattegyghpeople
seem more conservative, going from3/%, whilethe optimal goes from 358% (this
is because participants can not adjust their exploration rate effectively according to the
decrease rate while the optimal strategy can)

However,doesthe fact that participants haassimilar exploration rateompared
to the optimal strategy indicate that participants and the optimal strategy have similar
behavioral patterns? The short answediO | checked the measwitch frequencyper
trial acrossall subjects in each of the three conditions, and plotted them against those of

the optimal in Figure 7.
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Figure 7 Mean switch frequencyer trial across all participants in each of the three
decrease rate conditions, along with mean switch freggegoicthe optimal strategieof

the threeconditions. Error bars are 1 SEM.

Compared with the optimal strategy, fi@pants statistically switcimore inall
three conditions: in condin De-3, participants switch 3.50mes per trial (the optimal
straegy switches 1 timeer triaf; p < 0.001 onesample #es); in condition De5,
participants switch 4.6d4mes per trial (the optimal stegy switches 1 timper trial;p <
0.001, onesample itest);in condition Del0, participants switch 6.28mes per trial (the
optimal stréegy switches 1 timeer trial; p < 0.001 onesample {est).As the decrease
rate increases, participants tend to switch more frequénttyl9.42,p < 0.001, onevay
ANOVA).

Figure 8 plots the mean initial turn thfe first consecutive exploitatiqgghase for

both participants and the optimal strateBgrticipants do not adjust their initial tsrof

L e

*The exact mean switch frequency per trial for the optimal strategy is less than 1. Particularly, among
100,000 times of simulation, there are several tiofesonswitch for each decrease rate condition (varying
from 1 to 5 times).



the first consecutive exploitation phase according to the decreaseFrated.09, p
=0.913, onevay ANOVA). However, in each decrease rate condition, participants start
to exploit earlier than the optimal strategy. In condition@earticipants start to exploit
after 5.75 turns, whe the optimal is at 8.74urns (p < 0.001, onesamplet-tesd; in
condiion Deb5, participants are at 5.98rns, while the optimal is at 10.33 turfs<
0.001, onesample ttes); in conditon Del0, participants are at 5.%@rns, while the

optimal is at 13.03 turn < 0.001, onesample ttes).
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Figure 8 Mean initial turrs of the first consecutive exploitation phase, for both
participants and the optimal strategy across three different decrease rate conHitions

bars are 1 SEM.

The divergence of participantsO behavior patterns fromdhtse optimal lead to
lower performance in terms of mean score per trial for participauaté three conditions
In the De3 condition, participants achievedd mean score 0£250.5 points per trial

(compared to 1332.@oints per trial for the optimap < 0.001, onesample #tesd; in the



De-5 condition, participantachieveda mean score df145.8 points per triakcbmpared

to 1258.4points per trial for the optimal < 0.001, onesample ttes); in the Del0
condition, participants gad mean score df065.7 points per trialcbmpared to 1159.1
points per trial for the optimap < 0.001, onesample #es). The comparisons of mean
score per trial between participants and the optimal strategghown in Figure 9l also
checked how participantsO msoper trial are changing e@vtrials in experiment 2 and
found that though their score per trialsveoming closer to that of the optimal over the
30 trials, participants didot learn to stack up their car@ll at the beginning, which is

what the optiral strategydoes.
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Figure 9 Mean scorsper trial for both participants and the optimal strategy across three

different decrease rate conditionSrror bars are 1 SEM.

In brief, though participants and the optimal strategy have similar
exploration/exploitation rates, their behaviors are quite different. While the optimal

strategy searches for and makes available all possible good card valuestupnd



switches only once fronexploration to exploitation in a 2@irn trial, participants do
something different. Regardless of different decrease rates, they tend to search for a
similar amount of time (turns), which is around 5.5 turns and much shorter than the
searching time of theptimal strategies. Rather than staying in the exploitation phase
until the end, which is what the optimal strategy does, participants switch back and forth
between exploration and exploitation several times within one trial. Their switch times
depend onthe decrease rate: the higher the decrease rate is, the more switches the
subjects make. Overall, participants achieved lower mean scores per trial than the optimal

strategies across all three conditions.

3.3.2Evidence for a Flat Thresholdr&tegy

In experiment 1, | have shown that most of participants udecaeasing linear
threshold to make exploration/exploitation decisions. So it is reasonable for us to ask
whether participantperformas though using thresholdike strategy in experiment, 2
andwhat the thresholtboks like.Of course one way to answer these two questions is to
compare different types of models and check which model fits participants tharukst
will turn to this in the next section. In this section, llsthow soméehavioral evidence
that supports the idea that participants use a flat thredikelcstrategy to maksearch
decisiorsin experiment 2The word OflatO is a loose term, but | use it here bévauge
the following evidencegenerallysuppors a threshal-like strategy,we camot infer the
exact shape of the threshold from this evidenidewever, the word Ofla&ers tothe
threshold either linear or notinear,and either constant or decreasingt changig too
much over 20 turns adne game compardd the decrease rat®r we can sayhatthe

decrease rate of the threshold is smaller than that of the experiment.



First, let us define consecutive exploit length and consecutive exploit frequency.
Consecutive exploit means that there are at least xwloitation decisions in a rowf
we make O00 stand for exploraticend O10 stand for exploitatiooneOs
exploration/exploitation decisions can be represented in a sequence of Os and 1s. For
example,a sequence0(00111100111110010tan denoteoneOs behavidm one trial
Consecutive exploit frequency means the number of times that one commits to
consecutive exploit in one triah kthe previous sequend200011110011111001@1 there
are 3periodsof consecutive exploifThey are 1111, 11111 add1. Consecutive exploit
length is defined as thmeannumber ofturns ofall consecutive exploin one trial In the
previous sequencthe consecutive exploiengthis 4.

If participants adopt a flat threshold strategy, becausard value will decrase
every time it is added to the total scaaéier some turns of exploitatidghe highest card
value will be below the threshgldand participants will need to switch back from
exploitation to explorationPut it in another way: If participants are ugia decreasing
linear threshold, and if a card value seen is above that threshold, it will be exploited until
its value is below that threshold, and then participants will return to exploration again.
We should see a switchiffzackandforth pattern andmultiple times of consecutive
exploitation in one tria(if the trial is long enough or the decrease rate is big enough
Moreover,bigger decrease rates will cause the high card value goes down more quickly.
As a result,the bigger the decrease rate tlse more times of consecutive exploit
participants would doand the shorterthe consecutive exploitength is. Note that if
participantsO thresholds are rising, or attweshold strategywe can still possibly get

this consecutive exploit length and fuepcy pattern. So the flat threshold assumption is



really a sufficient condition for the prediction to the consecutive exploit length and
frequency pattern, but not the necessary condifdinthese predictionscan be seen in
Figure 10.In Figure 10,the product of consecutive exploit length and frequency should
be roughly equal to themean number of exploitation turns per trial in each condition
(which is true if you check the results of the mean exploration rate per trial in the
previous section anéfigure 10) Statistically, onevay ANOVA shows that there is a
significant effect of decrease rates on the consecutive exploit leRgth2@.64,p <

0.00)); and there is also a significant effect of decrease rates on the consecutive exploit
frequency E = 7.14, p = 0.00). In short, plots of consecutiveexploit length and
consecutive exploit frequen@cross decrease rate conditions supf@argumentthat

patticipants used a flat threshédlite strategy in experiment 2.
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Figure 10. Mean consecutive exploit length and mean consecutive exploit frequency in

De-3, De5 and Del0 conditionsError bars are 1 SEM.



Second,a flat threshold strategy, together with some decrease wikecause
participants to switch back andrfio between exploration and exploitation over turns.
Also, given arelativelyflat threshold the likelihoods of switchingt eachturn should be
very similar, andwe should see a quite flat curf@ the switch probabilitieacrossall
turns in general. trthermore, the decrease rate should have some influence on the switch
probability. If the threshold is flat and not changing much in different decrease rate
conditions, a bigger decrease rawdl make the highest card value drop below the
threshold morequickly, and thus push participants to switch back and forth more
frequently. Figure 11 supports these arguments.

In Figure 11the switching probabilityf a specificturn is computed as follosv
first we count the number of switches at this turn across all trials of all subjects, and then
we divide this number by the total number tfals (which equals the total number of
participants multiped by the number of trials pgrarticipanj to get oneatio. This ratio
will be the switch probability for that turacross all trialsBecause the optimal strategy
will typically switch once (or not switch at glland its mearninitial turns of the first
consecutive exploitation for B& De5 and DelO corditions areat 8.74 10.33 and
13.03respectively we can seeniFigure 1lthatthere are peaks tfie switch probability
curves forthe optimal around 9 (B8), 10 (De5) and 13 (D€l0) respectively for each
condition. As expected,the switch probabilitycurves of participants in all three
conditions are relatively constathough the switch probability curves for Beand De
10 conditions have an overall slightly upward treAdoneway ANOVA teston the
switch probability indicates that tluecrease ta has a significant effect an the bigger

the decrease rate is, the higher the switch probability is likeget¢F = 124.56 p <



0.001).

05 05 05
Participant in De-3 Participant in De-5 Participant in De-10
045 =+ -Optimal in De-3 Il 045 —-Optimal in De-5 045 = -Optimal in De-10 I
04 - 04 04 -
035 035 035
=) = =
2 03 g 03 £ 03
e ] e
go2s £025 go02s
= S S
£ 02 2 02 g o>
@ [} @ ,.f"x*
015 s 015 P 015 v .
01 # ® 01 7 > 01 / \
* * " * \"» ¥ %
. /
005t . 0.05 d . 0.05 5 N
okt P ol et Ty o et Yty
2 4 6 8 10 12 14 16 18 20

Switch probability of each turn in De-3

-y
2 4 6 8 10 12 14 16 18 20
Turns

Switch probability of each turn in De-5

4 6 8 10 12 14 16 18 20
Turns

Switch probability of each turn in De-10

Turns

Figure 11.Switch probability of each turn, fdrothparticipants and the optimal strategy

across all thredecrease rate conditions.

Last | plot the mean card values trakexploited at each turacrossall trials of
all subjectsfor every decrese rate condition in Figure 1¥Vith checking all the card
values thata participantexploits ata specificturn for many trigs, we can understand
where hethreshold is roughly at for that turn.dfeis using a flat thresholtike strategy
in the decrease rate conditionge should get a relativelfat line for the mean card
values exploitedy her. And if most of participants utilize a flat threshdikle strategy,
after we take the avageof the mean card values exploited across all participams,
would get a flatine over all. This is what happened Figure 12 Eachof the thredines
in Figure 12is quite flat and in a basilinear format A linear regressiommodel fitted
between turngindependent variablggnd mean card value exploitétependent variable)
returns a statistically significant slopeparatelyor De-3 (the slope coefficient i€0.58;t
= 17.88,p < 0.001), De5 (the slope coefficient i90.38;t = 6.50,p < 0.00), and Del0

(the slope coefficient is0.38;t = 9.85,p < 0.00) conditions.The slope coefficient is



negative in every decrease rate conditithis indicatesthatparticipants maydjust their

thresholds and lower them down a little bit over turns.
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Figure 12 Mean card valuexploitedat each turn (from turn 2 to turn 2@y each of the

decrease rate conditions. Error bars omitted for clarity.

3.3.3 Comparison of Decision Strategies

In experiment 2, since we are more interested in what strategies participants might
have used and model performance simulation tells gsalesut it, here | only focus on
the model fitness comparisohike in experiment 1, here | still consider four types of
models for model fithess comparison: aRdom baseline models, threshold models,
expectancy models, and sampling modefgst shortly describe and discuss the models
in this parfand then report their fit to participantsO data iméixésession

| keep theepsilongreedymode| the epsilondecreasingmodel and theandom
switch model in experiment 2for random baseline model8s for therandom switch
model, the switch turn from exploration to exploitation is drawn from the distribution of

the initial turn of the first consecutive exploitation phase of the actual Aatdor



expectancy models, | tested all the models of tfps from experiment 1. These include
the softmaxmodel and the EVL model.

In experiment 2, | onlyeportthe decreasing lineathresholdmodel. The reasons
are: First, though in experiment I1ltestedfour types of threshold modelthe one
thresholdmodel is essentially nested within thecreasing lineathresholdmodel(it is a
thedecreasing lineathresholdmodelwith a slope of Q)andthe six-thresholdmodel and
the two-thresholdmodel are thenulti-stage threshold model type that allowstasary
participantsO threshpldut not at every turrt is the decreasing lineathresholdmodel
that could enable us to change participantsO threshold at every tuleciiaesing linear
thresholdmodel has both more complexity compared to dhethrestold model, and
also more elegance compared to $irethresholdand two-thresholdmodels. Second, |
have fit participantsO data to all four threshold models in experiment 2, aledrasing
linear thresholdmodel is he best among all founodelsby themean BICvalue As a
result, as for the threshold models, only deereasing linear thresholehodelis reported
in experiment 2Similar to experiment 1, | also triedreonlinear (ogarithm) version of
the threshold model. It performed worse than dbereasing lineathresholdmodel in
terms of themeanBIC score.

| tested all the three types of sampling modielsxperiment 2the fixed sample
mode| the cutoffmodeland he successive necandidate couninodel But the sampling
models in experiment 1 do not predict participantsO switching behavior very well.
Therefore in experiment 2, | make the following changes in these three sampling models.
For thefixedsamplemodel,at the k+1 stephe model will switchto exploit the highest

card valuefrom the first k stepsThis is consistent with théixed samplemodel in



experiment 1. Butn experiment 2we also sethe highest card valuer thefirst k steps

as a thresholéor later turns: that idor the k+2 step and aftewhen the current highest
card value is below this threshold, fitreed samplemodel predicts exploratiomndwhen

the current highest card value @gual to orabove this threshold, the model predicts
exploitation.The change to theucessive nortandidate couninodelis very similar to
that of thefixed sample model. When the switching condition from exploration to
exploitation is satisfied for theuccessive neoandidate counimode| the highest card
value in the exploration phase is set as a threshold: in later turns wheighbst card
value is below thisthreshold, thesuccessive necandidate countmodel predicts
exploration; otherwise, it predicts exploitatidrast, for thecutoff model,there is also a
threshold set by the highest card value in the first sampling phase; after the sampling
phase, the model contimsipredicting exploration until a card valig higherthan the
threshold (and exploitation takes placEhen he threshold rulealsoappliesin the later
turns for thecutoffmodel. In short, &sically all the three sampling models are revised to

have a threshold decisignase after the sampling phase.

3.3.4Modelks Httedto Participant @ta

To compare how welldifferent models describe participantsO choices in each
condition, the BIC value was computed for each participant, and the mean was taken
among all participants of each condition and shown in Table 8(Emndition), Table 6
(De-5 condition) and Table {De-10 condition) below. Mdels with smaller BIC values
are preferredUnlike experiment 1, because the optimal strategy of experiment 2 is much
more dynamic and gives less information about how participants behave, | did not fit a

stochastic version dhe optimal strateggnodelin experiment 2.



Table 5 Comparison of Parameters for Best Fitting Models Across Strateyi2e-3
Condition of Experiment 2

Strategies Best fitedparanetervalues  Best fitederror parareter Number of paramtess  BIC*
Epsilongreedy 1=0.35:2 NA3 1 6951
Epsilondecreasing !=0.82, c=0.42* NA 2 634.6
Random switch NA s=0.10r 1 642.9
Decreasing linear 1=1.46, b=45.57* s=0.07 3 542.2
threshold

Softmax "=24.35*% NA 1 723.9
Expectancy valence w=0.61*a=0.002*,c=0.90* NA 3 688.8
learning

Fixed sample k=18.0* h=0.64 2 713.1
Cutoff k=4.0 h=0.37 2 6820
Successive nen j=17.0¢ h=0.65" 2 702.8

candidate count

Notes: 1) OBICO stands fay@sian Information Criterion))2 means that the value is mediaherwise, the value
stands for the mean or a single value (e.qg., values in thenoadf ONumber of parametersPNad stands for Not

Applicable.

Table 6 Comparison of Parameters for Best Fitting Models Across Strateg@e5
Condition of Experiment 2

Strategies Best fited paranetervalues Best fitederror parareter Number of paramtess  BIC*
Epsilongreedy 1=0.462 NA3 1 7372
Epsilondecreasing !=0.71*, c=0.18* NA 2 7105
Random switch NA s=0.05 1 7285
Decreasing linear 1=0.27, b=61.93* s= 0.06 3 590.7
threshold

Softmax "=38.44* NA 1 779.7
Expectancy valence w=0.42* a=0.0005*%*c=0.09* NA 3 742.2
learning

Fixed sample k=10.0r h=0.51* 2 743.5
Cutoff k=6.0* h=0.37 2 709.2
Successive nen j=13.0* h=052* 2 738.7

candidatecount

Notes: 1) OBICO stands fay@sian Information Criterion})2 means that the value is median; otherwise, the value
stands for the mean or a single value (e.g., values in taennadf ONumber of parametersPdNadstands for Not

Applicable.

Table 7 Comparison of Parameters for Best Fitting Models Across Strategi?s- 10
Condition of Experiment 2

Strategies Best fited paranetervalues Best fitederror parareter Number of paramtess  BIC*

Epsilongreedy 1=0.492 NA® 1 731.0




Epsilondecreasing !=0.72, c=0.16* NA 2 712.2
Random switch NA s=0.05 1 7327
Decreasing linear 1=0.38, b=45.9% s=0.06r 3 609.5
threshold

Softmax "=-32.88* NA 1 778.3
Expectancy valence w=0.0* a=0.00007*,c=-0.61 NA 3 747.2
learning

Fixed sample k=5.0 h=0.40* 2 7288
Cutoff k=4.5* h=0.34 2 697.8
Successive nen j=3.5* h=0.42 2 727.3

candidate count

Notes: 1) OBICO stands fay@sian Information Criterion})2 means that the value is median; otherwise, the value
stands for the mean or a single value (e.qg., values in thenoadf ONumber of parametersPNa0 stands for Not

Applicable.

Across all three conditions, thdecreasing linearthreshold model clearly
differentiates itself from other models and is best in terms of mean BIC scorend
the BIC score of the second best model in each conditiorefthiorrdecreasingnodel
in De-3 and thecutoff model in De5 and Del0) is far away from that of thaecreasing
linear thresholdmodel.In De-3 condition, thedecreasing lineathresholdmodel starts at
73.31 (45.57+[282]*1.46), and at every turn it decreases by 1.46 points; ir5De
condition, it starts at turn 2 with a threshold value of 65.92 (61.932121), and it
deceases by 0.2points at each turn; in DEO condition, the threshold is 53.21
(45.99+[212]*0.38) at turn 2, and decreases by 0.38 points at each step.

The decrease rate of thiecreasing lineathresholdmodel is smaller than the
decrease rate of the condition: In-Beondition, the decrease rate of the threshold model
is 1.46 (smaller thathe decrease rat®); in De5 condition the decrease rate is 0.21
(much smaller thathe decrease rafs); and in Del0 condition the decrease rate of the
threshold model is 0.38nuch smaller tharthe decrease rate0). So thedecreasing
linear thresholdmodel isquite flat (again, the word OflatOthis thesis means that the

threshold, no matter constant or decreasing, has a slope with a smaller absolute value



compared tahe decrease rate of each correspmpaondition) and his supports the
previousidea that participants use a flat thresHdtéd strategy to make search decisions.
Finally, | alsoanalyzed which strategy best fit (with lowest BIC) the data of each

paricipant at individual leveln each decrease rate conditiofhe results are shown in
Table 8.The decreasing lineathresholdstrategy is alséthe dominant strategy théts
the most individual participants best.accounts for 78% (40 out of 51) péarticipants in
De-3 condition, 71% (16ut of 24) of participants in D& condition, and 7% (20 out of
26) of participants in D&0 condition.Besides thalecreasing lineathresholdstrategy,
thereis a very small amount (either 102 3 subjects in & decrease rateondition) of
subjects who are still using tloaitoff strategy to make decisions. Thiscisnsistent with
the pattern that we have seen in experinmfenfter these two strategieis seems that the
rest of participants armostlikely to take some random strategies, such asrdrelom
switchstrategy, theepsilorgreedyor theepsilondecreasingstrategyin the decrease rate
conditions Thus, thereseemsto be some individual differencén strategy using across
subjects with the majority following aflat thresholdlike strategy and most of other

participantgperforming undeeither thecutoffstrategyor some random strategies

Table 8 Number of Participants Whose Choices are Best Fit by Each Strategys all

ThreeConditionsin Experiment 2

Number of participants ParticipantsO mean scor

Strategies De3 De5 Del0 De3 De5 Del0
Decreasing lineathreshold 40 17 20 1260.6 11948 1086/
Cutoff 3 1 2 1241.5 11514 10926
Random switch 4 1 2 1210.7 1003.5 10107
Expectancy valence learning 1 1 NA® 1251.4 1186.1 NA

Epsilongreedy 1 1 1 1005.4 1031.3 1000.3
Epsilondecreasing 2 3 NA 12627 9384 NA



Successive nenandidate count NA NA NA NA NA NA
Softmax NA NA 1 NA NA 7674
Fixed sample NA NA NA NA NA NA

Notes: 1) ONAD stands for Not Applicable.

3.4 Conclusion and iBcussion

! ParticipantsO behavior pattern and performance in the decrease rate conditions are
not close to the optimal strategy any mdtexticipants search for a similar amount of
time (turns) at the beginning of the trial regardless of the decrease rate. The initial turn of
the first consecutive exploitation phase is around 5.5 in every decrease rate condition, and
this is much shorter than the searching time of the optimal strategy. Participants will also
switch back anddrth between exploration and exploitation for several times, rather than
stay in exploitation until the end of the game. Participants’ searching pattern may contain
some interesting individual differences that will be investigated in the second half of the
thesis Finally, their mean score per trial is quite favay from that of the optimal

Thereis strongevidence that most of participants use a flat threshiadstrategy
to make exploration/exploitation decisions in the decrease rate condifibiss.is
supported by behavioral data analysis including comparisons efin nsonsecutive
exploit length mean consecutive exploit frequenswitch probability of each turrand
mean card values exploited at each taonoss different decrease rate conditiokisd
this flat threshold strategy can be best fitted bydeereasing lineathresholdmodel.
This decreasing lineathresholdmodel also fits the majority of participants the best at

individual level among all tested models.



Different from results of eriment 1, where participantsO mean score per trial is
very close tothat ofthe optimal strategy, in expenent 2, across all three conditions,
participantsO scores per trial are consistently sniafieut 100 points smallethan those
of the optimal.This is probably becaussmpared to the optimal strategsich stacls
up all the good cards at the beginningparticipants use a threshold strateggd when
they meet a good card value, they will explofbittoo many turns eveafterthis card is
not so good any more. ConsequentpyarticipantsO score per trial will bignificantly
smaller than that of the optimal in experiment 2.

! We can treat experiment 1 as another decrease rate condition with a decrease rate
of O (denoted ade-0). Therefore,we can compare the decreasing lineathreshold

models in all the four conditions together. The intercepts (that is, the threshold values at

turn 2) of the threshold models are 80.3 ir@mndition 73.3 in De-3 condition, 65.9 in

De-5 condition and 53.2 in De-10 condition. The slopes of the threshold models ar@

in De-0,-1.46 in De3, -0.21 in De5 and-0.38 in Del0 condition respectively. It seems

that participants can adaptively adjust the shape of thesreasing lineathreshold
strategies amrding to the decrease rate of search environment.

Becausecard value are reducedby the decrease rate afteoth explorationand
exploitation, he average return of each tuma phase of consecutive exploitatin
decliningwith the decrease rate increasinghe environmentThus, it is reasonable for
individuals to reduce the expectation (threshold value) at each turn to adapt to the
searchenvironment. This is what participants did in the experim&nin general, the
threshold line of one decrease rate conditrst of the times above those of conditions

that have higher decrease rates



The decreasing linear thresholdmodelis similar to the margal value theorem
(MVT) in certain way. The MVT is an optimal model that & applied in search
environments with resources located in discrete patches and separated by areas with no
resources (Charnov, 1976). Previous research has shown that lots of animal foragers
follow the MVT strategy in relatedearch tasks (Cassini, Kacelnik, & Segura, 1990;
Cowie, 1977) There are two main differences between search environsrarithe MVT
and the card search taskirst, the MVT assumes that there is no payoff during
exploration phase, while searchers can get points after exploration in the card search task.
Second, the MVT assumes there is no limit on search time, but the card search task has a
restriction on search time, and searchers only have 20 turns in oneRgspée these
differences, the decreasing linear threshold strategy is quite similar to the MVT. The
MVT states that foragers should have a threshold, and whenever the expected reward of
the current patch is below this threshold, foragers should leave the currepitch and start
exploration. This is similar to the decreasing linear threshold strategy,which states that
whenever thecurrent highest card value is below the current threshold, participants
should explore. In addition, with the decrease rate increasing (from 0 to 10), participants
seem to adjust (reduce) the slope of the decreasing linear threshold model, though not
perfect from De-5 condition (0.21) to De-10 condition (0.38). This makes the decreasing
linear threshold model flatter, and therefore more similar to the MVT model (which can
be treated as a one-threshold model). Future research should focus on connections and
similarities between participants’ heuristic decreasing linear thresholdstrategy and the
MVT, and investigate whether there are some other seastvironmentsn which human

beings may use threshold-like strategies to make decisions. This would help us better



understand human search behavior in general.
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Chapter 4Experiment 3: Foraging with Uncertainty of Search Duration

In experiment 2, the resources (card values) are decreasing over time as
exploitation proceeds, and we explore the effecof the decrease rate on human’s search
strategies. At a broader level, we can think that resources of experiment 2 are unstable in
the search environment, meaning they will change (be depleted) over the search process.
Though resources are unstable, searchers know and can predict how the resources will
change over time. However, this is not always the case in the real world. For example, a
bird living in an environment surrounded by its predators does not know whether its
current (or next) foraging trip will be interrupted by its predators. Similarly, a honeybee
cannot predict whether the current flower with rich nectar will be exploited by its
competitors from other nests in the very near futdre.both scenarios, there is
uncertainty and unpredictability for searchers in the search environment. And most
importantly, this uncertainty is very common in the real world. Experiment 3 will address
this unpredictability of search environments. Particularly, it focuses on influence of the
uncertainty of search duration (that is, how long you can search) on human’s search
strategies.

In the card search task, the search duration can be manipulated by changing the
number of turns of one trial. More turns that one participant has means she has more
chance to search through and collect points in the game. In experiment 1 and 2, the
number of turns of one trial is fixed, and all trials have 20 turns. But we can vary the
number of turns in one trial, and make it a variable in the card search task following some
probability distributions. This would make participants unable to predict when the game

will be over, and thus simulate the uncertainty of search duration in search environments.
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Given the above discussion, let us make some clarifications here for the terms
describing search environments. As stated before, if the card value being exploited
decreases by some rate, the resource of the search environment is unstable; if the card
value being exploited does not decrease, the resource of the search environment is stable.
Therefore, | call experiment 1 (in which card values do not decrease) the stable-resource
search environment, while conditions of expeiment 2 are all unstableresource search
environments. But in both experiments, searchers can predict when the search process
will end. Thus they are both of the certain-duration search environment type. In
experiment 3, I will introduce conditions where searchers cawt predicthow long they

can search. These conditions will be the uncextaration search environments.

Overall, there are three conditiona experiment 3. The first condition is an
unstable-resource certain-duration search environment (card values decrease and the
number of turns is fixed; so it is basically a replication of experiment 3. The second
condition is a stableesource uncertaiduration search environment (card values do not
decrease but the number of turns is random). The third condition is an uns{aintec
uncertainduration search environment (card values decrease and the number of turns is
random).Comparingexperimerg 1 and 2, we already know the effect of the unstable
resource (in a certaiduration search environment) on humanOs search patterns and
strategies: The unstable resource in a cedamtion search environment will cause
searchers to switch back and forth more often (due to depletableresources), and lower
their expectation (intercepts) and change rate (slopes) of the threshold line.n
experiment 3main fociare two. First, | want to investigate the influeraf the unstable

resource in theuncertainduration search environment. This can be examined by
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comparison between thenstableresource uncertaiduration condition and thestable
resource uncertaidurationcondition in experiment.3Mouldthe introduction of the nen
stability to the uncertaiduration environment bringimilar effect to that of the certain
duration environment, or would it have different effect on participants’ search behavior

and strategi@sSecond, I want to examinethe impact of the uncertain duration in the
unstableresourcesearch environment. Thisan be understood via the comparison
between theunstableresource uncertaiduration condition and the unstableresource
certainduration condition Would participants search differently if the factor of uncertain
durationwere introduced in the search environment? Would they search longer or shorter,
switch more or less often, or achieve a better worsescore in the unstable-resource
uncertain-duration condition compared to the unstable-resource certatduration
condition? Moreover | want to mention that we maisowant tocheck theimpact of
uncertain duration in a stabtesource search environmerihgt is the comparison
between thestableresourceuncertaindurationcondition of experiment and the search
environment ofexperiment 1). But | did not replicate experiment 1 hbesause
experiment 1 has more than 190 subjects, and we can practically treat the statistics of
behavioral metrics in experiment 1 as population statistics for the-sésulerce certain
duration garch environment. The following analysis will compare results of the three
conditions of experiment 3 with those of experimer{i@noted as Defix below) via

either post hoc analysis or plotting.

4.1 Methods

All three conditions of experiment 3 are based on the previous card search task.

experiment 3, the unstable resource means after the card value is added to participantsC
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total score, it decreases by 3 points, while the stable resource means the card value does
not decrease. The uncertain duration means that in one trial, the number of turns follows a
uniform distribution, with an expectation of 20 turns and a range framB5 (including

both ends), while the certain duration means that the number of turns of one trial is fixed
at 20 turns. Thus, the unstalsource certaiduration condition in experiment 3 has a
decrease rate of 3 and a fixed numbeR®fturnsin onetrial; and it is denoted as the
De3fix condition. The stabkeesource uncertaiduration condition has a decrease rate of

0 and a random number of turns from 5 toirB®ne triaj and it is denoted as the De0

rand condition. Last, the unstablkesource ucertainrduration condition has a decrease

rate of 3 and a random number of turns from 5 tan3&ne triaJ and it is denoted as the
De3rand condition.

There werea total of 103 participantsrecruited from Indiana University in
exchange for credit for tivecoursesfor experiment 3 24 subjects in the [#fix
condition, 24 subjects in the Deand condition, and 55ubjects in the DeBand
condition.The instructions of all three conditions of experiment 3 are sienjar to that
of experiment 1 The changes are made when the unstable resour¢kearncertain
durationinformationis introduced into the condition. When the unstable resource (i.e.,
the decrease rate) iistroducedinto theinstruction we add Oafter you get the card value
added to youtotal score, the current card value decreases by 3 pointsO into the instruction
part. If a condition has thancertain duratioriactor, the following information is added
to the instruction: The total number of turns for each game is not fixed, but may va
from game to game. Particularly, timember of turns in one game can be any random

number from 5 to 35, with each of these numliaing equally likely. So, in any game



you will NOT know exactly when the game will éd&ach participant was introduceal t
one of the threeconditiors, and completed 30 trials (garag of the same condition in

experimens.

4.2 Optimal Strategy

Unfortunately, unlike experiment 1 and experiment 2, | do not have a clear answer
for the optimal strategy in either the Dehd candition or the Dedand condition.n
general when the number of turns is changed from fixed to random, the optimal strategy
becomes more complicated and hard to solve. Howeaweg sur goal in experiment 3 is
mainly examining effects of uncertaguration and unstable resourse human search

behavior not knowingthe optimalstrategydoesnot bring too much trouble

4.3 Results

4.3.1General Tend

In this part, | checksome generabehavioralmetrics for search patterns and
strategiesijncluding the mean initial turn of the first consecutive exploitation phase
trial, the mean exploration ratper trial the mean switchfrequencyper trial andthe
mean scorger turn All these metrics areomputed by taking the averageross all
participantsof each conditionThey cantell us overallwhetherthere are any differense
of searchpatterrs and strategies amomgnditions in experiment 3.

First, Figure 13 showthe mean initial turns of the first consecutive exploitation
phase for all three cortdins. The oneway ANOVA statistical test for the mean initial
turn across the three conditions (B8 DeO-rand and Dedand) shows that different

condition levels do not have a significant effect on the mean initial turn of the first



consecutive expltation phaseR = 1.95,p = 0.15). This means that participants in either
condition of experiment 3 start to commit to exploitation aroarsiimilar point in the

trial.

Mean Initial Turn
I

De3-fix De0-rand De3-rand

Figure 13 Mean initial turn of the first consecutive exploitation phase trial for all

three conditions in experimentBtror bars are 1 SEM.

Figure 14 shows the mean exploration rate per trial for each of three conditions in
experiment 3. The meaexploration rate per trigd computed in the following way: First,
for one particular participant, | compute among all /hes turns of 30 trials, the
percentage of turnexploring then | take the average of these percentage values across
all paticipants to get the final number. Therefore this mean exploration rate peririal ca
indicate the general exploration tendency among all participants in one specific condition
(search environment). The mean exploration rates per trial foffikeBeO-rand and

De3rand conditions are 0.42, 0.29 and 0.41 respectively. They are stdyiditferent



from each othefF = 8.63 p < 0.001, onevay ANOVA). However, a post hoc test shows
condition De3fix is not statistically different from condition Degand ¢ = 0.37,p =
0.71). Also, if we directly compare the mean exploration rate pel ¢fiaDeOrand
condition with that of experimently using a simple onrsample itest, it show that De0
rand condition is not statisally different from experiment in terms of the mean
exploration ratdp = 0.19, onesample {test). So what matters faihe exploration rate is

whether the cards (resourcesg stabler not.
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Mean Exploration Rate

01r .

De3-fix De0-rand De3-rand

Figure 14 Mean exploration rate per trial for all three conditions in experimeBtr8r

bars are 1 SEM.

Figure 15 shows the meawitch frequencyer trial forall three conditions. The
mean switch frequency per trials the average of mean dwal times per trial per
participantacross all participantst is an indicator of the overadwitchtendency among

all participants in oneondition Since compared to the redecrease rate condition



(DeOrand), people in positive decrease rate conditions fDednd De3rand) will
switch from exploitation back to exploration more often and therefore generally explore
more due to the positive decrease rate, we should séargatterns in figure 14 and 15.
This is confirmed by figure 15 he mearswitch frequencieger trial for De3fix, De0-

rand and De3rand conditions ard.48 2.20 and 4.46 separately(statistically different

from each otherF = 12.36 p < 0.001, oneway ANOVA). Again,a post hoc test shows
condition De3fix is not statistically different from condition De@ndin terms of mean
switch frequency per trigft = 0.04 p = 0.97. In addition a simple oneample {test
shows thathe mearswitch frequencyper trial of De@rand conditions not statistically
different fromthe switch frequencywhich is 1.83)of experiment 1 = 0.25 one

sample ttest).
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De3-fix De0-rand De3-rand

Figure 15 Mean switch frequency per trial for all three conditions in experimeBtrdr

bars are 1 SEM.



Last, | check the mean score per turn and the result is shown in Figure 16. The
reason for calculating the mean score on a OturnO basis instead of a OtrialO basis (which
the methodusedin experiment 1 and 2) is that in conditibeO-rand and De3and the
number of turngs randomfor one tria] andhence somaubjecs may have more turns
totally in experimen8 than other subjects.sfa result, the mean score on a OturnO basis is
a less biased measure of the performance. The soaes per turn for Dedix, De0
rand and De3and condibns are 62.49, 75.88 and 62 (k&atistically different from each
other;F = 146.76 p < 0.001, onavay ANOVA). A post hoc test shows condition De3
fix is not statistically different from conditioDe3randwith respect to theneanscore
per turn(t = 0.47 p = 0.64. And the mearscore per turrof DeGrand condition is not
statistically diferent from that (which is 76)4of experiment 1{= 0.56 onesample 1

test).

Mean Score Per Turn
N w oy wn (=] -~ (o]
o o o o o o o
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De3-fix De0-rand De3-rand

Figure 16 Mean score peturn for all three conditions in experimentBror bars are 1

SEM.



In short, it seems that participants in D&2 and De3rand conditions behave
very muchthe same, while participants in Defnd condition behave quite differently.
Thoughtheinitial turns of the first consecutive exploitation phase across three conditions
are similar to each other, participantsO search behavior ifixDaBd De3rand
conditions diverge from those in Def@ind condition in terms of mean exploration rate
per trial, meanswitch frequency per trial, and mean score per tWoreover,
participants in De@and condition behave similarly to those in experiment 1 (which can
be sen as a stableesource certaiduration search environmengrmbted as the Defix
condition) on these three seardbehavior metrics. Thereforat least at the level of a
general trendthe uncertainty ofsearchduration seesito hawe no effect on humanOs
search behavior in either stable or ubkaresource search environmgnand the
stability of resource can influencgearchpatternsin both certain duration and uncertain

duration search environment

4.3.21In-depth @mparison

In the previous sectigrwe have seen the influence of thetability of resource
and the upertainty of duratiomn human search behaviat a general leve§uch as mean
exploration rate per trial and mean switch frequency per &iathe general level, we
mainly extract information via averaging data or metrics across all turns for onéntrial.
this section | am gong to examine participantsGe behavior at a two-turn basis.
With this indepth investigation, we can see how participants® search behavior is
changingover turns within one trialThis can help us better understathe dynamics of

search behavian these three conditionsot only the general trend overall.



Figure 17 showshe exploration probabilégs of each possible turn for all three
conditionsof experiment 3and the Dedix condition (data from experiment.1)ote that
for the De3fix andDeCix conditiors, because the largest turn number oaly be 20,
there are only 19 data poinfsom turn 2 to turn 20¥or the exploration probability
curvesof these twoconditiors. For each data poimf the exploration probability cunse
in Figure 17, it is computed across all trials of all participémt a specific turh From
Figure 17, we can see thadearly the exploration probability curedor the De3fix and
De3rand conditions are quite similar to each otfsieast at avaable turns from 2 to
20), while the curvefor the DeOrandand De6fix conditiors are similar to each other
thoughmost of the timehe curve of De@ix condition is slightly below that of Defand
condition. The curves of De@nd and De@ix conditionsdiverge fromthe previoustwo
from about the 8th turn. A statistical test of omey ANOVA indicatesthat the
exploration probabilitiest all turnsof these three conditiorare significantly different
from each othe(F = 14.94, p < 0.000), and apost loc test shows condition DdlX is

not statistically different from condition Dednd (= 1.25,p = 0.22).

L e

®| did not compute the exploration probability for a specific turn at individual level first, and then take an
average across all participants to get the final number. Thiscause for participants in the Dethd and
DeGrand conditions, there are lots of variation in the number of turns for very big turn numbers (e.g., some
subjects may have several trials containing turn 35 across all her/his 30 trials, while otherg heayeno
turn 35 at all in experiment 3). In order to reduce the noise in the exploration probability curve, | take the
average of exploration probabilities across all trials of all participants directly.
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Figure 17 Exploration probabilies of every possiblgurn for all three conditionsf

experiment 3and also Dedix condition (data from experiment 1).

The switch probabiliies of each possibleturn for all three conditions of
experiment 3and the De@ix conditionis shown Figure 18Similar to Figure 17,here
arealsoonly 19 data points (from turn 2 to turn 20) for #weitch probability curves of
the De3fix and De6fix conditiors, andeach data point of thewitch probability curves
in Figure 18is alsocomputed acrasall trials of all participants. In Figure e switch
probability curve for the De@and condition diverges from the other taidhe beginning
(around the fifth turn) of the triaF(= 178.04 p < 0.0001, onavay ANOVA), andthe
curvesof the De3fix and De3rand conditions r@ quite similar to ezh otherat least at
avalable turnsup to turn 20 (= 0.83,p = 0.41). And similar to Figure 17, thewitch
probability curves ofthe DeOfix and DeQGrand conditions are similar to each other,
though the curve of Defix condition isslightly below thatof DeO-rand conditionfor

most of the turns up to turn 20



05

— & -De3-fix
045F & -De0-rand ||
04t — & -De3-rand ||
=& - Del-fix
2035} .
2 gl ]
-8 02.5 Bo,gﬁ'e Qgee‘ B G\b’Q 2% !
o Yevr AN S A AT v %0 RS\ k -
. ’8-0'8%}43& }D,g &C(o 0‘3\05
S 02 ;ge .
& 015! S v @ 1
.
01} 0 |
°'°ts% > )
0.05¢ 90—09‘% 5 06 > E

0

2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34
Turns

Figure 18 Switch probabilies of every possible turrfor all three conditions in

experiment 3andalso De@fix condition (data from experiment 1).

Similar to Figure 10 oéxperiment 2] plot the mean consecutive exploit length
and mean consecutive exploit frequefmyall three condions ofexperiment 3 in Figure
19. Though these two metrics cannot sholmangs of search patternsever turns,the
combination of mean consecutive explength with mean consecutive exploit frequency
can give us somkint on how participants spread theiploitation turns within ongial
in different conditions If the uncertainty of duratioman influencesearch behavior
especially the consecutive dgjation phasein the unstableresource search
environment participants in the DeBand condition mightonsecutivelyexploit shorter
or longer (and thukave more or lessonsecutive exploitation phasm one tria) than
participantsin the De3fix condition. On the other hand, if there is no difference in the
mean consecutive exploitation length and frequency betweerrddd3and Dedix
conditions, this strongly implies that participantsrait consider the factor of uncertain

duration,and mightusesome flat thresholtlke strategies in the De&nd condition that



is similar to strategies in D& condition. Or, if the instability of resource has an effect
on search behavior, there may be some differences betweeramittand Dedard
conditions in the mean consecutive exploit length and frequency.

Shown in Figure 19 he mean consetive exploitaton length for Ded3fix, De0-
rand and De3dand conditions aré.12 12.17, and 6.04espectively.The ameway
ANOVA test for the mean consmutive exploitation length indicates that $leehree
conditions aresignificantly different from each otheF(= 42.48,p < 0.000). A post hoc
test between theDe3fix and De3rand conditios shows that they are not statistically
different fromeachothe (t = 0.14,p = 0.89. A simple onesample {test betweeel
rand conditionand the data(having a mean of 12.73 for the mean consecutive
exploitation length¥rom experiment 1 shows th#ie two are not stistically different
from each other eitherp(= 0.49). In addition, he mean consetive exploitdion
frequencyfor De3fix, DeOrand and De3and conditions arel.83 1.34 and 1.94
respectively.These three conditions are statistically different from each other in terms of
the mean consecutive egfhtion frequencyK = 9.14,p < 0.001, onevay ANOVA).
However, againa post hoc tesbetweenDe3fix and De3rand conditios shows that
they are not statistically different from the other(0.78,p = 0.44), andhe DeCG-rand
condition and the data(having a mean of 1.20 for the consecutive exploitation
frequency)from experiment Jare not significantly different from each other either=(

0.27, onesample itest).
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Figure 19. Mean consecutive exploit length and mean consecutive exploit fredjaency

all three conditions in experimentBrror bars are 1 SEM.

Last, Iplot the mean card valexploited at every possible turn for D88, De0-
rand, and Dedand conditions, and alstata from experiment (denoted as thBeO-ix
condition). Though we did not directly check the mean card values exploited over turns
in experiment 1, given Figure 6, we should expect a general upward curve of the mean
card values exploited fahe DeOHfix condition. We shouldalso expect a very similar
curveof card values exploitetom turn2 to turn 20 inthe De3-ix condition tothat of
the De3 condition in experiment hecausexperiment settings dhesetwo conditions
are exady the sameWe have shown thatapticipants in both De8ix and DeO0fix
condiions usuallyuse thresholdike strategies to make exploration/exploitata@tisions
(though the threshold shapi the two conditions aisomewhadifferent). ParticipantsO
threshold strategy in Def8« condition is a straight line that goesvdo a litle bit over
turns. Furthermoredue tothe decrease ratparticipantsneed toswitch back and forth

between exploration and exploitation to find some new high card values. These two



reasons greatly increase the likelihood of exploiting som¢ooehigh card values ahe
turn number increases. As a result, the curveaodl values exploitedill gradually go
down slightly over turnsin De3fix condition. This is what weeein Figure20 for the
blue (De3fix) and red (Defix) curves. The newfindingsin Figure 20 are two. First, the
curve for De3rand conditionis very similar tothat of De3-fix conditionfrom turn 2 to
turn 20, and the curve for De@ndconditionis also similar tahat of DeGfix condition
Again, thisis consistent withall the previous findingthat support theargumenthat the
factor of uncertain duration does not influence participasgaf@hstrategy ineitherthe
unstable resourcer stable resource conditi. Secondthe curve of Dedix conditionis
different from that of Defix condition and the curve of Defand condition also
diverges a lofrom that of De6rand condition So thestability of resourcecan hugely
influence participants&earch patterns and strategieis both certain duration and

uncertain duration search environments
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Figure 20. Mean card valwexploited at every possible turn for D&8, De0-rand, and

De3rand conditions, and also D& condition (data from experiment .1Error bars



omitted for clarity.

To sum uphumanQOs search behawppears tde influenced by the stability of
resource but not bthe uncertainty oéearchdurationin general.This is supported not
only by the general trendnalysis in the previous sessidout also by the Haepth
analysis of searchehavior metrics over turns in this session. First, the-fae8 and
De3fix conditions are very similar to each other in switch probabilities over turns,
exploration probabilies over turns, mean consecutive exploitation length and frequency,
and mean card values exploited across turns. Also thadhelDand Defix conditions
are very similar to each other in these four metrics Alidheseresultssuggest that the
uncertainduration does not bring any significant changes to participantsO search behavior
and strategy. ParticipantsO search strategy irrdbeBcondition may be very similar to
that in De3fix condition, andso is thesearch strategy in Da@nd conditionto tha of
DeOHfix condition. Second, it is easy to understand the differermetween the Defix
and De0Hfix conditions because ofiedecrease ratdloreover, there argreatdifferences
between the Defand and Dedand conditions in terms of the four seancletrics
analyzed in this sessionh@ effect of unstable resourcgeems existingot only in the
certain duration (Dedix VS DeOHix) searchenvironment but alsoin the uncertain

duration(De3rand VS De@rand)searchenvironment.

4.3.3Comparison of Bcision Strategies
For experiment 3l will againfit and test four types of models: randdmaseline
models, threshold models, sampling models and expectancy models, with some revision

to some models.



Among the random baseline modelse epsilonrgreedymodel and theepsilon
decreasingmodel are the samasthose in experiment 1 and 2. For tlamdom switch
model, a switching turn is generated from the posterior distribution of the switching turns
across all subjects of each of the three conditiamsthe De3rand and Def®and
conditions,if the switchingturn generateds bigger than the total number of turns of one
trial, the model willpredict exploration all the time up until the end of this particular. trial

Thedecreasing lineathresholdmodel is tested in experimentl8.addition since
the number of turns is varying in the Dehd and De®and conditions, participants may
not expect themselves to get 20 turns in one trial, which is the average number of turns
per trial. Thus, we can rka the expected value of the number of turns per trial as one
parameter in thaelecreasing linearthreshold model, and we will get the following
expecteeurn thresholdmodel:

1
1+ e—s|b+a(ev—z)—Max|

Prexplore(t) =

(")
Equation 7 is very similar to equation 4tbedecreasing lineathresholdmodel, but it
has one more parametey, which stands for one participantOs expected number of turns
per trial in the card search task.

The expectancy models and the sampling models in experiment 3 are thessame
those in experiment 2All the sampling models have a threshold decision phase in
experiment 3. They should apply to the BraBd condition easily sindgé one trial ends
before the initial sampling phase is complete the models will predict exploration for the
whole trial, andno matte how the number of turns varies the sampling models will
predict switching between exploration and exploitation given the relation between the

threshold and the highest card value in the threshold decision phase. These sampling



models also fit the Defand condition because without the decrease rate they would not

predict switch back from exploitation to exploration.

4.3.4Modelks Fttedto Participant @ta

The fitted BIC value is computed faach subject, and the mean BIC value
averaged across all parpaints of every condition is shown in Table 9 (Be3
condition), Table 10 (De@and condition) and Table 11 (De&nd condition) below. The
model with smaller BIC valuis preferred.

The decreasing lineathresholdmodel is again the best model among all models
tested in terms of mean BIC score across all three conditions in experiment 3. And the
second best model in every condition of experiment 3 isekpectedurn threshold
model. Adding the expected number wifits parametezvdoes not improve the fitness of
the decreasing lineathresholdmodel for either the certain search duration conditions or
uncertain search duration conditions. In B3 condition, the decreasing linear
thresholdmodel starts at 64.24nd it decreases by 0.96 poiatsvery turnin DeGrand
condition, it starts at turn 2 with a threshold of 80.64, and it deceases by 1.64 points at
everyturn; in De3rand condition, the thresholdlueis 63.35 at turn 2, anitl decreases
by 0.29points at every turn

Table 9 Comparison of Parameters for Best Fitting Models Across Strateyl@a3-fix
Condition of Experiment 3

Strategies Best fitedparanetervalues Best fitederror parareter Number of paramtes BIC
Epsilongreedy 1=0.391 NA 1 7343
Epsilondecreasing !=0.81*, c=0.41* NA 2 6814
Random switch NA s=0.05 1 7008
Decreasing linear 1=0.96", b=46.00* s=0.07 3 595.1
threshold

Expecteeturn 1=1.53, b=45.25, s=0.07 4 602.2
threshold ev=22.8%

Softmax "=28.39* NA 1 735.3

Expectancy valence w=0.78* a=0.0013*%, NA 3 731.6




learning c=0.98*

Fixed sample k=17.0r h=0.60 2 751.3
Cutoff k=2.5 h=0.3% 2 724.9
Successive nen j=15.0¢ h=0.61* 2 740.3

candidate count

Notes:1) * means that the value is mediartherwise, the value stands for the mean or a single value (e.g., values in

the coumn of ONumber of parametersQ).

Table 10 Comparison of Parameters for Best Fitting Models Across Strateg2s0-
rand Condition of Experiment 3

Strategies Best fitedparanetervalues Best fitederror parareter Number of paramtes BIC
Epsilongreedy 1=0.241 NA 1 647.6
Epsilondecreasing !=0.93, c=0.73 NA 2 5001
Random switch NA s=0.30% 1 451.3
Decreasing linear 1=1.64, b=49.4& s=0.09% 3 366.3
threshold

Expecteeturn 1=1.77, b=43.6 7, s=0.0% 4 3728
threshold ew17.3¢

Softmax "=13.70* NA 1 526.8
Expectancy valence w=0.36*a=0.01*,¢=1.53* NA 3 497.2
learning

Fixed sample k=5.0 h=0.17 2 534.3
Cutoff k=4.5 h=0.52 2 639.4
Successiveon j=3.0¢ h=0.46* 2 642.7

candidate count

Notes:1) * means that the value is median; otherwise, the value stands for the mean or a single value (e.g., values in

the coumn of ONumber of parametersQ).

Table 11 Comparison of Parameters for Best Fittintpdels Across Strategi@s De3
rand Condition of Experiment 3

Strategies Best fitedparanetervalues Best fitederror parareter Number of paramtes BIC
Epsilongreedy 1=0.331 NA 1 699.1
Epsilondecreasing !=0.77, c=0.29 NA 2 656.7
Random switch NA s=0.06 1 687.5
Decreasing linear 1=0.29, b=5784* s=0.08" 3 561.2
threshold

Expecteeturn 1=0.36", b=54.12, s=0.08" 4 567.6
threshold ew=22.94

Softmax "=22.24* NA 1 731.7
Expectancy valence w=0.59* a=0.0015*%, NA 3 721.2
learning c=0.48*

Fixed sample k=17.0* h=0.62 2 739.2
Cutoff k=4.0 h=0.36" 2 7091
Successive nen j=16.0¢ h=0.63* 2 727.3

candidate count

Notes:1) * means that the value is median; otherwise, the value stands for the mean or a single value (e.g., values in



the coumnof ONumber of parametersO).

Table 12is showingwhich strategyits participans at the individual levelhe best
in these threeconditiors of experiment 3The dominant strategy thdiest fits most
participantsn each condition is stillhie decreasindinear thresholdstrategy. It accounts
for 63% (15 out of 2% of particpants in D8-fix condition, 83% (20 out of 24) of
participants in De@and condition, and@8% (43 out of 5% of paricipants in De&and
condition. Besides thalecreasing lineathresholdstrategythe other strategies that best
fit a small amount of participants in each condition vary a lot, including the cutoff
strategy, the random switch strategy, the epsilon greedy and epsilon decreasing strategies,
and the softmax strategyce Most of the time, participants with tliecreasing linear
thresholdstrategy perform the beaimong allparticipants in experiment 3 in terms of the

mean score per turn.

Table 12 Number of Participants Whose Choices are Best Fit by Each StrAtrgys

all Three Conditions in Experime8t

Number of participants ParticipantsO mean scor
De3 De0G De3 De3 DeO  De3

Strategies fix rand rand  fix rand  rand
Decreasing lineathreshold 15 20 43 62.32 76.75 6291
Cutoff NA NA 3 NA NA 61.40
Random switch 1 2 2 62.89 74.84 58.86
Expectancy valence learning NA NA NA NA NA NA
Epsilongreedy 7 NA NA 62.99 NA NA
Epsilondecreasing 1 NA 5 61.09 NA 57.58
Successive nenandidate count NA NA NA NA NA NA
Softmax NA 2 1 NA 68.21 62.22
Fixed sample NA NA 1 NA NA 60.05

Expecteeturn threshold NA NA NA NA NA NA




Notes: 1)Participants® mean scisen theperturn basisin Table 12.

4.4 Conclusion and Discussion

Different search environments may call for different search behavior and
strategies. Different resource types influence humanOs search behavior and strategies a lot
in the card search tadRarticipants in Defix (experiment 1) and DefBix (experiment 2)
conditions behave quite differentlyCompared to subjects in D#&R condition,
participants in the De8x condition tend to have higher exploration rates, switch more
often, have more consecutive exploitation times and shorter length, and achieve a lower
score. Furthermore, the search behavior patterie DeO-rand and De3and conditions
also diverge a lot omrmetrics such as exploration rate, switch probability distribution,
exploration probability distribution antean card value exploited at evenspible turn.
Compared to subjects in De@nd condition, participants in the Dend condition also
tend to have higher exploration rates, switch more often, have more consecutive
exploitation times and shorter length, and achieve a lower score. TleepefticipantsO
response to the change from ragpletable to depletable resources is consistent in both
certain duration and uncertain duratsearchenvironments.

On the other hand, the certainty of search duration seehee little effect on
human®search behavior and strategies in the card search task. Participants iniite De0
(experiment 1) and Defand conditions behave very similar to each othrermetrics
such as exploration rate, switch frequency, switch probability distribution, explorati
probability distribution,mean card value exploited at every possible turn, and mean

score.In addition, the search behavior patterns in the-iDednd De3rand conditions



are also quite close to each othen these search metrics tobhus the effectof
uncertainty of search duration is also consistent in bothutistableand also stable
resource search environments.

It is surprising that people do not adjust to the changing duration in the card
search task. They are not able to plan ahead fourhertainty of search duration, but
they can react to resources that are getting smaller. Researchers have also studied the
influence of uncertainty of search duration humanOs search patternthin Secretary
Problem(Seale & Rapoport, 2000They also found that people stopped the search too
early compared to the optimal strategy in the Secr&®esplem with uncertainty (SPU).

This is consistent with finding§Seale & Rapoport, 1997f the standard Secretary
Problem (SSP). However, in SSP, when the number of applicants increases from 40 to 80
(the difference in terms of the expected number of applicants between the two conditions
is 40), the optimal cutoff parameté&ris changingrom 16 to 30, and participantsO modal
cutoff value is changing from 13 to 2Wvhich account for 81% (13 out of 16) of the
optimal strategy in the 48pplicant condition and 70% (21 out of 30) of the optimal in
the 8Bapplicant condition. But when the fac of uncertain search duration is introduced

in the Secretary ProblemeopleOs search length seems to become shorter. In the study of
SPU(Seale & Rapoport, 2000pne search duration follows a uniform distribution from 1

to 40 (denoted as-40; the optimal cutoff parametkiis 6), and the other search duration
follows a uniform distribution fromlL to 120 (denoted as-120; the optimal cutoff
parametek is 16). The difference in terms of the expected number of applicants between
the two conditions is still 40. ParticipantsO modal cutoff values(889&of the optimal)

in 1-40 condition and {44% of the optimal)n 1-120 condition. Though the expected



numbes of applicantsof this SPU study (20.5 in-#0 condition and 60.5 in-120
condition) arenot the same as those of tipeevious SSP study (40 in 48pplicant
condition and 80 in 8@ppliant condition, they are insimilar ranges andhus
comparable. It seenthat compared to the SSP, people in SRElasssensitive tathe
expectechumber of applicants, aras the expected number of applicants incretisss
search length increases muehks in SPU than in SSP. So white uncertainty of search
duration doesiot influence peopleOs search patterithe card search task, it caffect
humanOs search behavior in the Secretatyld. This is possibly becautigere is no
payoff in the exforation phase of the Secretary Problend peopleOs rewaiid both
SSP and SPU are 4all-none.In the SPU, because tife uncertainty of search duration,
peoplebecome more rislkaversean the frame of gais) and thereforareless likely totake
chancs to explore more. On the other hand, in the card search task, people ge$ payoff
from both exploration and exploitation, and this makes them less sensitive to the
uncertainty of search duration.

The decreasing lineathresholdmodel fitsthe best amongllasearch strategies in
all conditionsof the card search tasRarticipants seem to be able to adjust their linear
threshold according to the search environm&he certainty of search duration doest
change participantsO thresBoldo much in theard search tasilBut the resource type
could affectparticipantsO linear thresheliapeWith the decrease rate increasing ffro
0 to 10), participantsvould reduce their expectation (threshold value) at each turn and
adjust (reduce) the slope of thelecreasing lineathresholdmodel (which makes the

decreasing lineahresholdmodel flatter overall).



Chapter 5Experiment 4 and 9ndividual Differences

In the previous chapters | have studied human search behavior, strategies, and
models across fierent search environments. In this chapter, | will turn to the connection
between search behavior and impulsivitppulsivity may be one factor that can
influence an individalOs search behavior, sinceliasussed in the Chapter 1, both search
behavior and impulsivity involve decisions dealing with rewards in a temporal
framework.

Impulsivity is typically described to have four aspedek of premeditation, risk
seeking, lack of persistence, and urgen¢Miller et al., 2003; Smith et al., 2007;
Whiteside & Lynam, 2001)I think two aspects of impulsivity are related to the card
search task, and theyeanisk seeking and lack of persistence.

Lack of persistence means the inability of maintaining -goalcted behavior.
Compare to patient individuals, impulsive individuals are less likely to maintain their
goaldirected behavioConnecting lack of peistence tahe card search task, first, in the
exploration phasehe participan@ goal is tosearch fora high card value. Because the
later exploration phase after exploitation is typically very short and sometimes caused by
factors such as boreth or randomness, it might not be the best place to observe
explorationrelated goadirected behavior. The initial exploration phase, on the other
hand, usually has several turns at least, and is strongly related to the exploration goal.
Thus, it is a good plade check how participants maintain their exploratietated goal
directed behavioin general, inpulsive participantare predicted thavea shorter initial
exploration phaséthat is,fewer turns of exploration at the beginnimg the tria) than

patient participants. Seconid, the exploitation phase, the goal of searchers is to collect



cards with good valieeas much as possible, anthe consecutive exploitation phase
should be a googlaceto observe the exploitatierelated goallirectedbehavior.When
in the consecutive exploitation phasapulsive participants should more likely switch
from exploitation to exploration. herefore we would predict ashorter consecutive
exploitationlengthfor impulsive participants than for patiesmes

Risk-seeking behaviousually refers to choosy some highgain and higHoss
option over some lowgain and lowloss option, even whethe later option has a higher
expected valueln the card sealctask, because after thmtial exploration stagehe
maximum card value is typically higher than, 50hich is the expected value of
exploration, exploitation should be generally treated as a safer option while exploration
should be regarded as a riskier option. Theref@ean define the riskeeking kehavior
in the card search tass picking exploratio over exploitation aeachturn. Impulsive
individuals generallyshow a largerrisk-seeking tendencthan patient individuals. As a
result,we would predicta longer initial exploration phase for impudse participants than
for patient onesMeanwhile impulsive participantshould show ahorter consecutive
exploitation length compared to patiemesin the card search task

Both lack of persistence and risk seekprgdict impulsive individuals wouldo
less exploitation in the consecutive exploitation phase, but they diverge on pradiation
the length oftheinitial exploration phase of one trial: While lack of persistence predicts
impulsive individuals will do less exploration in thetial exploration phase than patient
ones, risk seeking predicts the opposite direction. Thus the card search task may not only
be able toconnect humanOs search behavior to impulsivitycéglso differentiate

distinct drives of impulsivity in the sach process. This is the first purpose of this



chapter. Second, from chapter 2 to 4, we have shbanhhumansearch behaviorsi
greatly determinedby the search environment, apdeviousliterature has shown that
search behavior can be influenced ibglividual differences such as aging and clinical
disorders Now it is reasonable for us to asketherthese two factors plag separate
role in human search behavjoor if there issome interactioreffect between the two

factors. periment 4 and experimehtwill try to answer these two questions.

5.1 Experiment 4 Impulsivity and Decrease Rate

In experiment 4, | choose the decrease rate as the search environment factor. This
is because from chapter 2 to 4, we see that the resourceasmpereimpacton humanOs
search patternthanthe search duration. In experimentldntroduce three decrease rate
conditionsin a betweersubject design0, 3, and 10. They are denoted as@®®e 3, and
De-10 conditions separately. The temporal discounting rate is usgeda measure of
impulsivity, and participants are divided intotleer an impulsive or patient grougiven
their temporal discounting ratéthe detailsare discusseth the next OmethodsO session)
With thedifferent values oflecrease rate, we can chedkwht interacs with impulsivity

and howthe two factorgogetheraffect human search behavior.

5.1.1 Methods

Temporal discounting rateas been used as a meadoreimpulsivity andmany
empirical studieshave shown that peopleOs tempatsicounting fuction follows a
hyperbolic function(Frederick, Loewenstein, & O'Donoghue, 2002; Green & Myerson,
2004) The paraneter k of the hyperbolic discourmg function indicates peoples
indifference tendency between aaarlier smaller reward and a latetarger reward.

Generally speaking, biggdr meansgreatertemporaldiscount rate, less patience, and



more impulsivity; and smallde meanssmallertemporaldiscount rate, more patience, and
less impulsivity.In the current experiment, the parametewas assessed through
intertemporalchoice questions. la typical intertemporalchoice question, partjgants
are presented with two monetary options and askddch option they preferfor
example,Owuld you prefer $20 tomorrow or $450 in 31 daysthe questionnaire
containing these seven ai@ns is included in Appendix 2Answers of eacparticipant
are used to computeertemporal discountingarametek. The details about computing
the parametek can be found irKirby and Marakovic (1996and Wang and Dvorak
(2010) Becausk is typically a verysmallfractionalnumber between 0 andthe natural
logarithmvalue of k is used in thdollowing statistical analysis. But for convenience, |
still call the natural logarithm df asthe parametek in the followingdescription

After computing each participantls we evenly divide participants ofeach
decrease rateondition into twogroupsaccording to theimedan k value: participants
with bigger k and participants with smallgr. Overall, the biggelk group contains
participants who are less patient and more impulsivel wedenotedthis group as
Gmpulsived;and the smallerk group corains participants who are lesmpulsive and
morepatient, and we denoted thgjsoup as OpatientO.

The card search task in experiment 4 has basically the same search environment
settings as previous ones from chapter 2 to 4. Each participant runs throughug® 20
gamesTheDe-0 condition is the same as the experimental paradigm of experiment 1, the
De-3 condition is the same as the experimental paradigm -& €ndition of experiment
2, and the D40 condition is the same as the experimental paradigm -d00mndition

of experiment 2.



Participants were first introduced éaperimenroons. Theneachparticipant was
asked to completthe questionnaire for measuring Fas impulsivity. After that,each
participant was randomly assigned to one oftlinee decrease ratenditions of thecard
search taslkAfter finishing thecardsearch task, participés weredebriefed.

Experiment 4 has two factors: decrease rate and impulsivity. Decrease rate has
three levels (D@, De5 and DelO) and impulsivity has two levels (impulsive and
patien). So overall experiment 4 is 32 betweenrsubjectexperiment dagn with 6
conditions. There area total of 71 participantsin experiment 4. The number of
participantsand theirmeank value and standard deviation in each condition are shown in

Table 13.

Table 13:Number of Participantsand Their Mean k Value an8tandard Deviation

Across all Conditions in Experiment 4

impulsive  patient

De-0 (N=14)" (N=14)
-4.26 -7.82
(1.48) (1.31)

De-3 (N=10) (N=10)
-4.50 -7.41
(1.21) (1.28)

De-10 (N=11) (N=12)
-3.86 -6.90
(1.77) (1.43)

Notes: 1) the first row of each cell stands for the number of participants in each condition of experiment 4; 2) the
second row of each cell stands for the mealog(k) values of each condition; 3) the third row of each cell stands for

the standardeviation of logK) values ineach condition.

5.1.2 Results



First, the effects of decrease rate and impulsivitytloe score per triahnd the
exploration rate per trishcross all participants aexamined.The mean score per trial
across all subjectsf @ach condition is shown ithe first part ofTable 14.The twoway
ANOVA test between decrease rate and impulsivity showsvthié¢ the main effect of
decrease rate is significakt € 330.51 p < 0.00), neither the main effect of impulsivity
nor theinteraction effet between the two factors @gnificant. The mean exploration
rate per trialof every condition is shown in the second part of Table 14. Themsayo
ANOVA test shows the similgrattern the main effect of decrease rate is signific&nt (
67.77,p < 0.00), but either the main effect of impulsivity or the interaction effect is not
significant.

The main effect of decrease rate on mean score per trial and mean exploration rate
per trial is consistent with what we have s@eghapter 3. It is more interesting fiad
impulsivity does not havaninfluence on these two general measures of search behavior,
nor its interaction with search environment (the decrease rate). However, would the
consecutive exploitation length andetinitial turn of the first consecutive exploitation
phasebe impactedby impulsivity or its interaction with search environmentfe

following statistical analysis answers this question.

Table 14: Mean Score @ Trial and Mean Exploration Rate per TriaRAcross all

Participants of Each Condition in Experiment 4

mean score per trial mean exploration rate per tri
impulsive patient impulsive patient

De-0 1558.07 1554.27 0.18 0.21
(17.56} (17.56) (0.03 (0.03

De-3 1275.24 1290.70 0.44 0.40

(20.79 (20.79 (0.03 (0.03




De-10 1086.36 1083.41 0.56 0.48
(19.82 (18.97) (0.03 (0.03

Notes: 1) the second row of each cell stands for the standard error.

A two-way ANOVA test between decrease rate and impulsivity for the
consecutiveexploitation length indicates that the main effect of decrease rate is
significant £ = 237.89,p < 0.00); however, neither the main effect of impulsivity nor
the interaction effect between the two factors is significant. The mean consecutive
exploitationlength across all subjects of each condition is shown in Table 15 below.
Contrary to what we predict at the beginning of this chapter, it seems that patient and

impulsive participantiave similar number of turns the consecutive exploitation phase.

Table 15: Mean Consecutive Exploitation Length Across all Participants of Each

Condition in Experiment 4

mean consecutive exploitation leng

impulsive patient
De-0 14.05 14.54
(0.49} (0.49)
De-3 5.84 5.37
(0.59 (0.589
De-10 4.11 3.66
(0.55 (0.53

Notes: 1) the second row of each cell stands for the standard error.

Next, we check on the initial turn of the first consecutive exploitaiitwe. two
way ANOVA test between decrease rate and impulsivity for the initial turn of the first
consecutive exploitation shows that the main effect of decrease rate is signficant (

3.94, p = 0.029. The interestingfindings are that the main effect of impulsivity is



marginaly significant ¢ = 3.55,p = 0.069 and the interaction effect between decrease
rate and impulsivity is also significarft € 4.48,p = 0.015. Figure 21 below shows the
mean initial turs of the first ®nsecutive exploitation for all six conditions in experiment

4. From Figure 21we can see thah terms of the initial turn of the first consecutive
exploitation, the decrease rate could influence impulsive participants but not patient ones.
In the De-0 condition, patient and impulsive subjects have very similar initial turns. With
the decrease rate increasfngm 0 to 1Q while patient participants keep their initial turns
constant impulsive participants, on the other hand, would likely increase thigial i

turns andthus explore longr at the beginning of the trial | will try to give an
explanation for this phenomenon in the discussion part of this chapter. Someone may
argue that it is not the increment of the decrease rate, but theermdecrease rate that
makes impulsive people explore more at the initial exgplon phase. However, if the
decrease rate is naero but very small (say 0.1), intuitively this apero decrease rate

will not bring about differences in the initial turn of the first consecutive exploitation

phase between patient and impulsive pediierefore, this argument is highly unlikely.

- - Patient
=& -Impulsive | |

De-0 De-3 De-10
Decrease Rate

Figure 21 Mean initial turn of the first consecutive exploitation phase for every condition



of experiment 4Error bars are 1 SEM.

Now, let us focus on theonsecutive exploitatiofrequencyper trial. We have
found that patient and impulsive participants do not differ in consecutive exploitation
length, and impulsive participants are more likely to explore longer at the beginning of
the trial {.e., largernitial turns of the first consecutive exploitai), especially in bigger
decrease rate conditions. Because each participant hsantieenumber of turns per trial
and similar consecutive exploitation lengthsomeoneexplores longerat the beginning
she sbuld be more likely to have less times ohsecutive exploitabin in the later turns
of the trial(i.e., lessconsecutive exploitatiofrequency per trial This is what weseein
Figure 22.In the De0 condition, patient and impulsive groups have similar consecutive
exploitation frequencies. As éhdecrease rate increases, the two curves for patient and
impulsive subjects in Figure 22 start to diverge: The impulsive group has less times of
consecutive exploitation per trial than the patient group. Thewtsyo ANOVA test for
the consecutive exploiian frequency shows that the main effect of decrease rate is
significant & = 42.89,p < 0.00), the main effect of impulsivity is significanf & 4.20,

p = 0.049, and the interaction effect between decrease rate and impulsivity is mgrginal

significart (F = 2.79,p = 0.069.
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Figure 22 Mean consecutive exploitation frequency per trial for every condition of

experiment 4Error bars are 1 SEM.

Last, would there be arsignificant differencan fitted parameter values of the
decreasing lineathresholdmodelacross all conditior’ssBecause we found niofluence
of impulsivity onthe score per trial, armlsoa twoway ANOVA test on theveragdirst
card valueexploitedin the first consecutive exploitatidor each subject (which should
be cbsely related to oneOs threshold vashes no significant main effe( = 0.78 p
= 047) or interaction effecbf impulsivity (F = 0.02 p = 089), it is very likely that
participants in differeihconditionsof impulsivity have no differencén terms oftheir
threshold shae This means thahe intercept and slopparameter®of the decreasing
linear threshold model would not bedifferent acrosddifferent levels of impulsivity
Neverthelessif impulsive participants have similar threshaldapes to patient onésit
will explore when thé& decreasing lineathresholdmodels prediciexploitation at the
beginning of the trialthey should have a smalletrength parametesin general.The

two-way ANOVA tests for parametdrand! indicateimpulsivity has no main effect or



interaction effecton them. Howeverimpulsivity has a significant main effect on the
strength parametex(F = 7.70,p < 0.0]), though its interaction effeetith decrease rate
on parametess is not significant p = 0.33. Figure 23 shows theneanvalue of

parametesin each condition.
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Figure 23 Mean strength parametefor every condition of experiment Error bars are

1 SEM.

5.1.3 Conclusion andiBrussion

Impulsivity may be onéactor that can influenciadividualsGsearch behavioifo
test thisidea we measure participants' impulsivity the parametek of the hyperbolic
discouning function and divide participants into impulsive and patient groups.
addition, we also vary the search environment lignging its decrease rate from 0 to 3
and 10. 8arch patterns of these two groupgliffierent search environments tbfe card

searchtask are examined. We find thatpulsivity has no main effect or interaction effect



on the score per trial, exploratiorate per trial, and consecutive exploitation length. But
we find that impulsive participants in geneeak more likely to exploe longer inthe
initial exploration stage obne trial, and as the decrease rate increasdhis effect
become more obviousThis finding is mainly consistent with predictions of the risk
seeking aspect of impulsivityt also meansimpulsivity is related tothe consecutive
exploitation frequencyamong different decrease rate conditiohdoreover, higher
impulsivity also lead$o smaller strength parametgof the decreasing lineathreshold
modelacross different search environmentshaf card search task.

Risk seekinghus appears tmake impulsive participantdo more exploration at
the beginningof the trial compared to patient participanturthermore, lte more
interesting finding is thathe gapof the length of initial exploratiobetwesn impulsive
and patient groupbecomes bigger as the decrease rate increBsmgous research on
risk se&ing has found thagxperientialand environmera factorscan alter individualsO
risk seeking propensity. For examplttll, Ross, and Low (1997pund tha people with
higher future unpredictabilitipeliefs(which refer toperceptions about unpredictability in
one's life, in other people, and in the worligd higherrisk-taking tendencySinha
(2001) argued that stress could incregmopleOsisk-seekingbehavios such as drug
abuse and relapse. In the current expent, as discussed in chapterefvironments
with nonzero decrease rates can be treateshsisble resource environments. The factor
of unstable resour¢céo my best knowledge, has not been stutigdrms ofits effect on
humanOs riskeeking propensity. s not the same as future pradictability or stress,
but all these three factors can be described as the adversity of envirdruberd studies

should thoroughlyinvestigate why and hownstable resoursgdistinct from other forms



of adversity of environmeninayincrease individuals8k-seeking tendency

As discussed at the beginning of this chapter, the two aspects (risk seeking and
lack of pesistence) of impulsivity drive the length of initial exploration to opposite
directions. The results of experimensdggesthat risk seeking dominates in the initial
exploration stage. However, while both aspects of impulsivity make the same prediction
for the consecutive exploitation length, thduenceof impulsivity on the consecutive
exploitation lengthis not statistically significanin experiment 4There might behree
plausiblereasonskFirst, in nonzero decrease rate conditions, particiggptsally follow
a decreasing linear threshold strategy swidch back and forth between exploration and
exploitation to maintain a good card value. This decrease rate would be a confound that
prevents usrom finding the effect of impulsivity osonsecute exploitationlength An
extreme case is that if the decrease rate is 50 and the range of card values is still from 1 to
99, rationally at every turn subjects have to explore, and thidrée no exploitation
behavior.Hencethere would not be angifference inthe consecutive exploitation length
betweenimpulsive and patient groupsSecond, if risk seeking still dominates the
consecutive exploitation phase, maybe iatiral prediction is wrong anthe consecutive
exploitation phase cannot trigger éifént levels of rislseeking propensity across
different conditionsThereforeno matter how long the trial varies, patient and impulsive
people will show very similar levels of risdeeking propensity at turns of consecutive
exploitation phaseand shoud have similar consecutive exploit lengtRsit it in another
way, if we makethe length otthetrial longercompared to experiment we should still
not observe theffect of impulsivity onthe consecutive exploitation length. Thirdit is

lack of pesistence that dominates the consecutive exploitation ptieséength of the



trial may not be long enougio bring about the differencén order to observe lack of
persistence, the tasto maintain goatlirected behaviagrshould be hardnd longenough

so that impulsive individuals will more likely fail to achietke goalthan patient

individuals. For instance, an extreme case is that if evetyoinig has 2 or 3 turns in
total, we definitely will not get this lack of persistence in the cardasch task. In

experiment 4, each trial has 20 turns. Maybe thisu® length is still not long enough
for impulsivesubjects in experiment 4.

Given thesdhreereasons, in experiment 5, | will only keep the zero decrease rate
condition This is becausérst, decreasing resources require switching back and forth
anyhow, which could obscure this impulsivity effesgcond, in experiment 4 we find that
patient and impulsive people initially explore similar number of turns in the zero decrease
rate conditn. With thesawo reasons, wextendthe number of turnger trialfrom 20 to
30 in the zero decrease rate conditithextending thenumber of turns willgenerate
significant difference in the consecutive exploitation length between impulsive and
patiert participants, it will disentangle lack of persistence from risk seeking in this card
search task, and shows that this lack of persistence dominates the consecutive

exploitation phase.

5.2 Experiment Simpulsivity and Length of the Trial

As discussed in the last part of experiment 4, experiment 5 has two factors. The
first factor is impulsivity, and participants are still divided into either impulsive or patient
group given their temporal discounting rates. The second factor of expeBnieihe

length ofthetrial. While at one level of the length of the trial participants will experience



20 turns, we add the other level with 30 turngachtrial. To keep the experiment not
too long, in experiment 5, each participant will only run tigto 20 trialsinstead of 30

trials.

5.2.1 Methods

Experiment Shas two factordength of the triaind impulsivity.The length of the
trial has two levels. The 20 turns level is denoted as &0d the 30 turns level denoted
as 30L. mpulsivity also has two levels denoted asmpulsive and patienseparately.
Hence experiment 5 is a 2Hetweenrsubjectexperiment design with dondtions. There
are 112participants totaln experiment 5. The number pérticipantsand theirmeank

value and standard dation of eachcondition are shown in Table 16

Table 16:Number of Participants and Their Mean k Value and Standard Deviation

Across all Conditions in Experiment 5

impulsive  patient

20L (N=28)" (N=29)
-3.62 -7.13
(1.65° (1.39

30L (N=28) (N=27)
-3.72 -7.38
(1.27 (1.39

Notes: 1) the first row of each cell stands for the number of participants in each condition of experiment 5; 2) the
second row of each cell stands for the meaogik) values of each condition; 3) the third row of each st@lhds for

the standard deviation of ldg(values in each condition.

The procedures of experiment 5 are very similar to experimétach participant
wasfirst asked to complete themporal discountinguestionnaireTheneach participant

was randomly assigned &ither the 20L or 30L conditioof the card search tagkinally



participants were debriefedhe card search task of the 20L condition is the same as the
experimental paradigm of experiment 1, except that insie€&0 trials per subject, each
participant runs through 20 triai® experiment 5In addition, he only difference
between the 20L and 30L conditeis that the 30L condition has 30 turns per tréaher

than 20 turns.Subjects of both the 20L and 30brlitions are divided into either the

impulsive or patient group evendccording to their mediukvalue.

5.2.2 Results

Again, | first check the effects dhe length of the trialand impulsivity on the
score perturn and exploration rate per trial across all participaits. have a fair
comparisorof score betweenthe 20L and 30L conditions, here | use the score per turn
rather than per triaBecause the decrease rate is zeromaosk of participantsvould stay
longer in the consecutive exploitation phase in the 30L conditian those in the 20L
condition their scores peturn should be higheand their exploration raseshould be
lower than those othe 20L condition. We can see thdsendsin Table 17.The mean
score perturn of each condition is shen in the first part of Table 17The tweway
ANOVA test shows that while the main effecttbé length of the triak significant £ =
16.86 p < 0.00), neither the main effect of impulsivity nor the interacidfect between
the two factors is significant. The mean exploration rate per trial isrsirowhe second
part of Table 17The main effect othe length of the triails significant £ = 9.57 p <

0.01), butboththe main effecandthe interaction effeadf impulsivity arenot significant.

Table 17: Mean Score per Turrand Mean Exploration Rate per TriaAcross all

Participants of Each Condition in Experiment 5



mean score per turn mean exploration rate per tri

impulsive patient impulsive patient
20L 77.57 77.24 0.25 0.26

(0.76} (0.74) (0.02 (0.01)
30L 79.35 81.68 0.23 0.19

(0.79 (0.77) (0.02 (0.02

Notes: 1) the second row of each cell stands for the standard error.

A two-way ANOVA test between the length of the trial angpulsivity for the

initial turn of the first consecutive exploitation indicates that the main effect of the length

of the trial is significant K = 9.03 p < 001); however, neither the main effect of

impulsivity nor the interaction effect between the two factors is significant. The mean

initial turn of the first consecutive exploitati@across all subjects of dacondition is

shown in Table 1®elow.

Table 18:Mean Initial Turn of the First Consecutive Exploitation Across all Participants

of Each Condition in Experiment 5

mean initial turn of the first
consecutive exploitation

impulsive patient
20L 5.41 5.63

(0.28} (0.28)
30L 6.43 6.35

(0.28 (0.29

Notes: 1) the second row of each cell stands for the standard error.

Next, he twoway ANOVA test betweethelength of the trial and impulsivity for

the consecutive exploitatiotength shows that the main effect of length of the trial is

significant £ = 96.98 p < 0.00). Furthermore,the main effect of impulsivity is



statisticallysignificant ¢ = 8.88 p < 0.0) and the interaction effect between length of
the trial and impulsivity is also significarf € 4.07 p < 0.05. Figure 24shows thenean
consecutive exploitatiolengtts for all four conditions oexperiment 5GivenFigure 24

it is easy to understand that if the length of the trial increases, participants are more likely
to do longer consecutive exploitation. Figure 24 also indi¢chtggpatient individuals are

more likely to do longer consecutive exploitation than impulsive ones, and with the
length of the trial increasing, the gap between patient and impulsive participants in terms

of consecutive exploitation length becomes monaals.
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Figure 24 Mean consecutive exploitatidength for every condition of experiment. 5

Error bars are 1 SEM.

How would the consecutive exploitation frequency per tial influenced by
impulsivity and length of the trialBecause regardless of the length of the trial, patient
and impulsivegroupsstart at the similar turns for the first consecutive exploitation, and

patient individuals consecutively exploit longer than impulsive anegeneral we



should expect patient indduals have less times of consecutive exploitation per trial
overall. We can see this trend frofigure 25 A two-way ANOVA for consecutive
exploitation frequency shows thiite main effect of length of the trial is not significant
and the interaction effect is not significant either, tha main effect ofmpulsivity is

significant £ = 6.75 p< 0.(6).

Patient
=& -Impulsive ||

20 300
Length of the Trial

Figure 25 Mean consecutive exploitation frequency per trial émery condition of

experiment 5Error bars are 1 SEM.

Finally we check whether there are any differences in fitted parameter values of
the decreasing lineathresholdmodel First, patient and impulsive subjects start at the
similar turns for the first consecutive exploitation, but patient individuals consecutively
exploit longer than impulsive ones; this basically means after committing to consecutive
exploitation impulsive subjects are more likely to switch from exploitation back to
exploration than patient subjects. As a result, the strength parasétard be lower for

the impulsive group. In addition, because of the length of the trial, participants in the 20L



and 30Lconditions may have different threshold shapes)ce the intercept and slope
parameters of thdecreasing lineathresholdmodel may be different between the 20L
and 30L conditionsThe tweway ANOVA test for parametes shows that neither the
main effect of length of the trial or the interaction effect is significant, but the main effect
of impulsivity is significant F = 7.10,p < 0.00). The mean values of paramesexcross
conditions are shown in Figure 26. The tway ANOVA test for parametdy shows that
none of the two factors and their interaction effect is significant on the intercept
parametem. Last, the twewvay ANOVA test for parameter indicates that neither the
main effect of impulsivitynor the interaction effect is significant, blietmain effect of
length of the trial is significant<= 4.95,p < 0.05 on the slope parameter The mean

values of parametéracross conditions are shown in Figure 27.
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Figure 26 Mean strength parametefor every condition okexperiment S5Error bars are

1 SEM.
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Figure 27 Mean slope parametérfor every condition of experiment &rror bars are 1

SEM.

5.2.3 Conclusion and Discussion

To sumup, experimen shows thaimpulsivity has no main effect or interaction
effect on the score per turn, exploration rate per trial, and initial turn of the first
consecutive exploitation. But the length of the trial can influence these three metrics.
Particularly, with longer lengtlof the trial, participants tend to have a better score per
turn and a lower exploration rate per trial, and explore longer at the initial exploration
stage of the trial. Impulsivity can influence the consecutive exploitation length in
experiment 5The paent group tends to have longer consecutive exploitation compared
to the impulsive group, and as the length of the trial increases, this gap between patient
and impulsive participants becomes greatds a result, patient individuals are more
likely to haw less consecutive exploitation frequencies than impulsive ones in the card
search task. As for fitted parameter values ofdgmeasing lineathresholdmodel, more

impulsivity can make the strength parameatemaller, while longer length of the trial can



lead to smaller slope parametein the model.

In experiment5, we adjusthe length of the trial from 20L to 30land thenwe
start to observe a clearer pattern that patient individuals have longer comsecuti
exploitation length than impulsive onekhis is consistent with the prediction of lack of
persistence. In the initial explorati®mtage it seems that risk seeking is tdeminant
aspect of impulsivity that influences humanOs search behavior indhasiabutin the
consecutive exploitatiophase lack of persistence is th@ominantaspect The card
search task not only connectsdifferentaspects of impulsivity, butan alsadisentangle
different aspect®f impulsivity in a singlesimple search task. Further research should
focus more on the exaanderlying mechanisgthat the card search task revealing
and how thiscan help usbetter undestand humanOs impulsivity and search behavior
together

Nevertheless, there is one confoundekperiment 5. Subjects in both 20L and
30L conditions run thragh 20 trials in experiment 5.h€ total number of turns per
subject (which is 20*20 = 400 turns) in 20L condition is less than that (which is 30*20 =
600 turns) of 30L condition. As a resultettotal number of turns might be a confound in
experiment5. It is possible thatmpulsive participantdoecome more impulsive than
patient participants in the experiment due to fatigue, and thus show larger lack of
persistence. Also it is possible thatputsive participants ithe 30L condition become
more impulsive than tise inthe 20L condition because dhe longer experiment time,
and therefore the interaction effect between impulsivity and the length of trial is
significant. Future studies showdeclude this confound.

In experiment 4 and 5, we have measured participantsO impulsivity via their



temporal discounting rate. This is because previous literatureubed temporal
discounting rate to measure impulsive behavior in substance use, gamiliAdpEID
(Barkley, Edwards, Laneri, Fletcher, & Metevia, 2001; Reynolds, Penfold, & Patak,
2008; Scheres, Lee, & Sumiya, 2008jowever, as we have discussed before,
impulsivity is a multidimensional phenoenon, andemporal discounting mighanly be
related to some of its aspectsSo futurestudiesshould include not only the current
temporal discounting measure, but atsmmeother types ofwidely-usedself-reported
impulsivity metrics(Dougherty et al., 2007; Evenden, 1999; Moeller, Barratt, Dougherty,

Schmitz, & Swann, 2001Yhis would give us a whole picture of the story.



Chapter 6Conclusios and General Discussion

In this thesis, | investigate humanOs search behavior in a simple card search task,
and also explore the relation between search behavior and impulsivity in this search task.
First, | examine participantsO search behavior inondepletableresource search
environment in experiment 1 and find that p@pants mainly use a linedike threshold
strategy to make explorati@xploitation decisiors and their performance is quite close
to the optimal stratgg However,in unstable(depletableyesource searcmeironmens,
participantsO search behavior is not close to the optimal any more, and they switch back
and forth between explorah and exploitation more often.uBther search behavior in
these deletable resourcsearchenvironmens of experiment 4s dill best modeled by
the decreasing linearthreshold modd. In experiment 3, Istudy the effects of both
resourcenstability and duratiomncertaintyon human search behaviorfihd that while
the effect of resourcenstability is consistent withwhat we find in experiment 2, the
uncertainty of duration does not change search behavior too muckearah behavior
acrossall the conditions can still bbestmodeled by thealecreasing linearthreshold
modd.

In the second part of the thesisjnvestigate the influence of impulsivity on
search behavior via experimedtand 5. Experiment 4 shows that impulsivity can lead to
longer initialexploration, and this effect wile augmented bgreaterdecrease rate. This
phenomenoiis consistent withthe riskseeking assumption of impulsivity. Experiment 5
shows that impulsive participants will consecutively exploit shotten patient
participants, and thigsend could be enlarged lxycreasingthe length of the trial. This is

consistent with theprediction of lack of persistencewith impulsivity. In both



experiments, the strength paramet@f the impulsive group is maller than that othe
patient groupindicating more variable decisians

It is useful to compare the type of search we study in ttlesis, where the
searcher can switch back and forth between exploration and exploitation, with another
form of search that has been commonly studied by mathematicians, economists, and
psychologists: the optimal stopping problem, in which the task isalkkena ondime
decision about when to stop exploration and to switch to exploiting the current
discovered optionFerguson, 1989)A classic form of this task is embodied in the
Secretary Problem, in which a searcher (here an employer) sees one secretarial candidate
at a time and aims to hire the best in fhapulation, without knowing the overall
distribution of abilities in the population and without being able to return to any
previouslyinterviewed candidat@~erguson, 1989)rhe employer must decide when they
think they have found the best candidate and then stop their exploration and make the
hire, to get the beniefrom OexploitingO the worker. Similar search tasks also appear in
domains including selecting a mgfeodd & Miller, 1999) and findhg a parking space
(Hutchinson et al., 2012)

In the Secretary Problem, the optimal solution for deciding when to stop looking
through an unknown distribution of applicants involves two stages: First, the searcher
must explore (and pass by) mitial set of applicants, whose number approachedadx/
large numbers of applicants Hi§ the base of the natural logarithm2.171828); second,
the searcher must stop and accept the first applicant who is better than all other applicants
seen so fa(Ferguson, 1989) The first stage can be thought of as gatly information

about the range of possible values and setting a threshold (the highest valse fsekn



for the second stag&his optimal strategy gives the searcher a 37% probability of
selecting the best applicant. To see how and how well pedpiallgcsolve this problem,
Seale and Rapoport (199@)esented participas with fixedlength sequences of values
(using ranks rather than actual values so that distributions could not be learned) and had
them stop whenever they thougley were on the highest valu€hey found that
participants most often ppared to use a tif rule (which thecutoffmodel in this thesis
is based onhaving the same form as the optimal straieggssing over an initial
number of options and then taking the first evigose pointexceeds all the preceding
optionsafterward Across 100 searchegith N=40 options each, participants achieved a
30% mean proportion of success inestihg the single best optiomhis was lower than
the optimal performance of 37% part because participants did not seasltong as the
optimal strategy

The currentcard search task differs from the Secretary Problem in several main
aspectsFirst, as discussed in chapter 2, participantsO job in the card search task is to
allocate time (turnshetween exploration and exploitation across the duration of tke tas
and theyreceive payoff during both phases of seamhile in the Secretary Problem
searchers are to deciddnen to stop their searchnd thepayoff is solely determined by
what value the searcher chooses to stop on and expeaibnd, participants ithe card
search taskargely adopt a lineatike threshold strategy to make theearch decisia)
andthey switch between exploration and exploitation in #igole course of the search
task while subjects in the Secretary Problem use the cutoff girdte decide when to
stop their search, and there is no going back from exploitation to exploration due to the

characteristicef the task.



From research on both the Secretary Problem and the card searcinéag&ryo
interestingfinding is that participnts donot have a general undexplore (explore
shorter than)or overexplore (explore longer than)tendency comparedto the
correspondingoptimal strategy. In the Secretagroblen, Seale and Rapoport (1997)
found thatparticipantsunderexplore compared witthe optimal. And in the cardsearch
task, when the resource rndepletable,participants tendo slightly overexplore
compared tahe optimal strategy. Buvhen theresourceis depletableparticipantsdo
show an undetexplore propensityTherefore individualsO geneeadplore tendency is
likely to dependon the ype of search taskand searclenvironments that they are. in

The under or over explore tendency is broughabout by heuristics that
individuals usen search task In the ®cretary lRoblem, parttipantsoftenuse the cutoff
rule, and in the cardsearchtask they oftenusethe threshold rule. Bottlthesesearch
heuistics have similar searestop mechanism®nce the current encountered candidate
exceed the searché® aspiration levein the search taslshewill stop her search(for
now) and start to explaitThis is verysimilar to anothercommon heuristic in sequential
decisionmaking: thesatisficingrule (Todd & Gigerenzer, 2000Are thereany common
medanisms underlying all those differetypes of searclmeuristicsof different search
tasks? If sowhat are they and whatight bethear evolutionaryoriginsfor searchers All
thesequestions deserveore attentiornn the future.

In this thesis, we assume thatarticiparisO thresholds foswitching from
exploration to exploitation and their thresholds for switching from exploitation to
explorationare the samerhis might be truen the nondepletable resourceardsearch

task, or at leas it is very hard to differentiate these tvilaresholdsin this conditon



because the decrease rate is 0 and once participants commit to exploitation they probably
would stay in exploitation until the end of the trielowever, participants might have
sepaate thresholds foswitching toexploration ando exploitationwhen the decrease
rate is not zeroThat is, thecard valueattracing a searcher into the cafpatctO and the
threshold that drives the searcher leave the cardpatcfOmight be two diffeent
parametersather than oneélhe simplest model for this ideauld havewo fixed parallel
thresholds.This idea ofunderstaniohg search behavior in the card search task also
provides a new perspective to integrate different types of search tasks, include the current
card search task, the spatial foraging task, thednformation foraging tasketc For
example,in a very simple cge of information foragingwhenpeople browsevebpags,
they usually decide to read a webpage when they feel it is acy@pdnd they typically
leave the webpage after they finish readimdeel there is littleusefulinformation left.
Intuitively, a webpagethat ismarginally abovesomeoneQkresholdto leavewould not
bring aboutreading behavior. Sthe information levefor people to commito reading
(switching to exploitation) mayery likely be higher than that fopeople to leavehe
webpage (witching to exploration)Further research should tetste model with two
fixed parallel thresholder similar ones in the card search task, and apgdy it toother
types of relevansearch tasks. Thisanrevealthe connectios amongand the general
underlying mechanisms acradifferent types of search tasks

If the two fixed parallel thresholds model its similar type of modelgan fit
participantsO data better, a threshold model witheatigiparameter wilbrobably also fit
the actual data better. The inertia parameter has been used in some decision models

(Biele, Erev, & Ert, 2009; Gonzalez & Dutt, 2011ntuitively, it makes the model give



weight b the very recent history of participants; mathematicallghe model withthe

inertia parameter will bef the autocorrelation moddiype | do not includeit in this

thesis becausdndugh the model with the inertia parameteay have higher prediction
accuracy, the inertia parametetbrings autocorrelation into the model, and the
autocorrelation typically absorbsa much of the variance from other parameters across
participants (this will eventually make the explanation of meaning of model parameters
very difficult).

There are severafuture directions for studying the connection between
impulsivity and searchbehavior. First, in experiment 4 we only measure participantsO
temporal discounting ratas impulsivity but the finding of experiment 4 monsistent
with the prediction ofa risk-seeking assumptionin the future, we shoulaneasure
participantsO risse&ing tendencyitself beforethey run throughhe card gamethis can
providefurther support for theisk-seeking assumption. Secomeg only manipulate the
decrease rate and the length of the @mlfactors of search environmemischapter 5.
Would impulsive and patient individuals be influenced differently by uheertairty of
searchduration? This isan interesting question needing to be answered. Third, as
discussed in chapter 5, futuresearch should focus more on tleact underlying
mechanismathrough whichthe card search task is abledifferentiatevariousaspects of
impulsivity, becausehis can help us better understand humanOs impulsivity and search
behavior together.

Different clinical populations may make the explorafiexploitation tradeoff in
different ways, emphasizing one aspect of search over the(btitlsr 2006) Hence a

importantquestion to ask is whethg@eople with some psychological disordeould



behavedifferenty from a normal population in the card search tabBkr instance,
individuals with certain psychological disorders are known to show higher impulsivity
than normal individuals. These psychological disorders include bipolar, sctemthr
and substance addictiqinticott, Ogloff, & Bradshaw, 2008; Fortgang, Hultman, van
Erp, & Cannon, 2016; Rogers, Moeller, Swann, & Clark, 20C@)mbining this finding

with what we havefound in experiment 4 and 5, it is reasonable to infer that some
clinical populations will showdifferent search patterns frorm normal populationThis

prediction should be tested in future research

"
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Appendix 1 Optimal Srategyfor Experiment 1

On the table is a card deck, which has totally 100 cards. Each card has a unique
integral value ranging from 1 to 100. In the beginning of the game, you have to pick up a
card from the deck. After that, you can either pick up a new card from the decloagain
choose some card on ttable thathas already been gotten previously each Nirtes is
called one turn. The value of a card would be the point that you get in that turn. Your goal
is to accrue as many points as possible in a successiserb0fameln each turn, if you
decide to pick up a new card from the deck, we call this exploration; otherwise, if you
choose some card gotten on the table in the previous turn, we call this exploitation. Note
that for each exploration, the card value is drawn feomtiscrete uniform distribution
with integral values from 1 to 100. This means that for the deck, the cards are drawn with
replacement.

The derivation of the optimal strate¢®S) for this game is shown below. When
we refer OoptimalO, we mean the strategywould produce the highest mean of total
points across lots of games.

(1) The 106" turn

We hire a backward prospective on this issue. At thd' 10, the situation for
the decision maker can be only divided into two conditions.

Condition 1: beforette 108" turn (that is from the®ito 99" turn), no matter how

many times one explores or exploits, she/he never gets a value bigger than the expected

value( = 50.5 of the exploration at one turn. We denote the expected value of the

|
exploration at one turn as B¥oe and the card value that one would get following

exploitation as EYpioit-



Condition 2: before the 180turn, you have already gotten a card eathat is
bigger than EVpiore-

In Condition 1, oneOs OS at the"™ @@ would be exploration, since Byoreis
50.5, and EVpioit Will be less than 50.5. In Condition 2, oneOs OS will be exploitation
specifically, to pick up the highest card valoe the table, since EMiore is 50.5, and
EVexpioit Will be bigger than 50.5.

We denote the threshold at the G0rn as g the highest card value gotten
before the 100 turn (from 1% to 99" turn) as by The same denoting rule applies to
other urns below. To conclude;& equals 50.5: when k> dhoo, the optimal decision is
exploitation; otherwise, one should do exploration.

(2) The 99" turn

At the 99" turn, given the relation betweensband doo, there are also two
conditions. Note here we Y already known the value ofod which is 50.5.

Condition 1: ke<dios We let EVexpiore_ogdenote tle expected value of exploration
at the 99 turn, EVexpioir ssdenote the expected value of exploitation at tH2 t9en, o
denote the actual cawdlue that one gets at the"d®irn no matter whether exploration or
exploitation, E\{godenote the expected value gained at thé"106h regardless of either
behavior. The same denoting rules apply to other turns below

In Condition 1, if one decide® explore at the 99turn, EVexpiore 95 EVexplore
=50.5. After the exploration, she/he can get an actual card valuEhe probability that
Vog> EVexploreis 50%, and the probability thagee EVexpioreis also 50%. As for the 180

turn, boc=max(we, o). When ¥g> EVexpiore D10=Veg>di05>beg; based on the OS of the



100" turn, one should exploitey, and EMo=Vvee. When ¥e< EVexpiore thod> Ve, and
bro=max(ws, beg) <dhog one should explore at the 1burn, and EVor= EXexplore=50.5.

To sum up, EVexpiore 95EVexpiore=50.5, EM00=0.5*(Vog >a100 + -5*EVexpiore
(Voo >a100here means thatyshould be bigger thang).

On the other side, if one decides to exploit at th& 98n, EVepioi o5 bog, and
Veg=hge. Heading to the 100turn, beause ky=bee<dios the optimal behavior now in the
100" turn is exploration. As a result, E}=EVexpore TO conclude:EVexpioit o5= boo,
EV100=EVexpiore=50.5.

Consequently, in Condition 1, if one explores at th® @8n, the sum of the
expected values at the"®and 108" turn is EVexpiore od EVio= EVexplore +0.5*(Vog >d10)
+.5(EVexpiord; if one exploits at the d9turn, the sum is EMpioir ot EVior= bogt
EVexpiore Because < EVexpioredigo in Condition 1 and EMypiore < -5*(Vog,>d109
+.5*(EVexplord ; SO the OS in Condition 1 is to explore.

Condition 2: lge>dioq If one explores at the §aurn, EVeg= EVexpiore As for the
Voo, there is also 50% of probability thatovis bigger than E¥pore and 50% of
probability that they have the opposite relation, i.65 \EVexpiore HOWeEVer, no matter
what value s gets, the highest value gotten before the™i@n, hoo could always be
denoted in the mathematical format max(wy)--max() is the dinction returning the
biggest value among a group of variables. Therefore the following relation holds:
bro=max(we,beg)!b 9o>d100. Given the relation betweengh and dog the OS predicts
exploitation at the 100turn.

If one exploits at the 9turn, EVog= bog=Veg=b100. Because &>dhoo, 0ne should

also exploit at the 100turn according to the OFhe above analysis in Condition 2 can



be summarized in Table A1.1.
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In Condition 2, the sum (denoted as &Y explord Of the expected card values at
the 99" and 108 turns while someone explores is &More + Max(\e,bo0); and the
sum(denoted as By exploi) While someone exploits isda bg.

When EMotal_exploit™ EViotal_explore the optimal strategy would predict exploitation
at the 98 turn; on the other hand, while BM expioir< EViotal_expiore €Xploration would be
the optimal decision at the 9%urn. As for the inequality EMa expioi> EViotal explore i-€.
Doy + b9 > EVexpiore + Max(Vg,bog), EVexpiore €quals 50.5, and mégg,beg) can be
expressed in the mathematical form asdfdbor1)*beo/(100-1+1)]+[(100 (begt1)+1)/(100
1+1)]*[(100+kpg+1)/2]=[2*beg"2+(10CG bgg)*(101+hyg)]/200. Therefore, the inequalityd
+ Dog > EVexploret Max(we,bog) can be transformed into anequality with only one
variable kg 50.5 + [2*ly¢"2+(100bgg)*(101+kpg)[/l200 < hgg + bgs. Solving this
inequality, g > 59.078 (another solution o§dis out of the range ofsl which is from 1
to 100). As long asdpis bigger than 59.078, which dlge, the optimal strategy for the last
two turns is successive exploitations.

(3) The 98 turn
The 98" turn can also be divided into two conditions according to the relation

between k and do. So far we have already known the valuesgetdd doo.



Condition 1: ls<dgs: The optimal strategy should be exploration whegdiyo.
One way to intuitively consider about this condition is as following: At tHetaen, if
boo<dyy, the optimal decision should be exploration. Notice that every time you are
planning to explore, you are at kind of risk. Because you never know what value you can
get and the expected value at that turn then is 50.5. You might get a quite high and
satisfied value, but it could also turn out to be a very small number, say, 2 owdvét,
in some situation, the optimal strategy is still to explore, even the best value gotten is
above ENypiore €.9. When E¥piore <bge<dyg=59.078 You do this because you make
tradeoffs between this current exploring turn and the following turnthasgyou can get
a new highest value at that turn and thus benefit your coming turns. Now step back to the
98" turn: hys is also less thaneg but compared to the situation at thé'@drn, you have
one more chance to exploit the latter highest valter dfie 98 turn. As a result, you
should also explore at the'9&irn in Condition 1.

Condition 2: beg>dge: In Condition 2, at the 98turn either exploration or
exploitation might be optimal. In Table Al.2, following outcomes are summarized given

different decisions at the ©8urn.
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Therefore, E\étal_explore_' EVexplore_QS" EVogt EVips EVexplore + [maX(VQ&bQS)"'

max(Wws,eg)], and EMotal exploic  EVexpioit 9gt EVogt EVigr= bogt gt bog. When



EViotal_exploit > EViotal expiore ON€ should hirghe exploitation strategy at the "98urn.
Mathematically, this meanbagt bogt bog> EVexpiore+ [Max(Vog,bog) + max(ws,bog)] .

Similar to Condition 2 at the §oturn, EVexplore= 50.5, and maxge, bos)=[(bos-
1+1)*bog/(100-1+1)]+[(100(begt1)+1)/(1001+1)]*[(100+bogt1)/2]=[2*Dgg"2+(100
bys)*(101+hyg)]/200. Therefore, the above inequality can also be solved when wedyeat b
as the only variable in the inequality. The solution dg > 63.896. So 63.896 is the
threshold value at the 88urn. That is, afong as the highest value at this turn is above
63.896, the optimal strategy would suggest exploitatioraddition, max(yb) can be
expanded into a mathematical formula only containingad (b -1+1)* b /(100
1+1)+[(106( b +1)+1)/(1001+1)]*[(100+ b +1)/2]=[2* by A2+(100 b)*(101+ h)]/200.

This is very useful when we discuss a more general case later.
(4) The A turn

Now we want to find the threshold value for a more general case, say, dt the n
turn. One important thg that we need to keep in mind is that if using a backward
method, we can calculate the threshold values from th® th088" turn, and in the same
logic, can also calculate the threshold values from tHe®&e (n+1} turn too. Then at
the A" turn, we have already known from.gto digo.

Condition 1: when kxd,+1, the optimal strategy would be exploration. The reason
here is the same as the one in Condition 1 of tHe@®.

Condition 2: when f»d,.1, the optimal decision can be either expiiama or
exploitation. Following outcomes are summarized given different decisions in Table

Al.3.
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Therefore, E\Y{)tal_explore_' EVeprore_ﬁ" EVhitt EVhiotE. EV 1067 EVexplore +
Z| o H# (Vnybn); and EVotaI_exploiI: EVexploit_n +EVhirt EViiotE. EV 190 = (100'

n+1)*b,. OneOs optimal strategy would be to exploit whegwEMpioit™> EViotal explore
That is, EVxpiore + X 11 "# (vn,bn) < (10Gn+1)*b,. According to the previous
calculation at the 99and 98' turn, we could easily solve this inequalityatiag b, as the
variable.

When discussing the $&urn, we show that max(s) can be expressed as {b
1+1)* b /(100-1+1)+[(10G( b +1)+1)/(1001+1)]*[(100+ kb +1)/2]=[2* by "2+(100
b)*(101+ h)}/200. Actually, in the experiment, if the expectedueadf exploration is EV,
the total number of turns is N, and the range of card values is from L and H (L, H and all
card values are integers), at tH&tarn, max(v,b,) can be expanded in a more general
form as following: max(ybn)=( b-L+1)* b, /(H-L+1)+[(H-b,)/(H-L+1)]*[(H+ b,
+1)/2]=[2 b, *( br-L+1)+(H-bp)*(H+b, +1)]/[2*(H-L+1)].

In addition, EV=(L+H)/2. Thus the inequality BMiore + X 11 "# (Vn,bn) <
(100-n+1)*b, can be solved as long as we know the values of L(the lower boundary of
card vaues), H(the higher boundary of card values), N(the total number of turns in the
game), and n(the current turet A = (N-n)(H"2+H), B=(H+L)(HL+1), and C=(N

n)(2H+1)+2(HL+1). Then the previous inequality would be:-f)y*2-C*b,+(A+B)<O.



The solution $ b > {Gsqrt[ C*24*(N-n)(A+B) ] } / [2(N-n)], and {Gsqrt[ C*24*(N-

n)(A+B) ] } / [2(N-n)] would be the threshold value at tHetarn.



Appendix 2 Temporal DscountingQuestionnaire

Intertemporal Choice Task

In this questionnaire you will completn intertemporal choice taskollowing are a

number of intertemporal choice questions. In each question, there is a pair of options, one
with a smaller reward and a shorter delay (SS option, shown on the left) and the other
with a larger reward and a loagdelay (LL option, shown on the right). You need to

indicate which of the two options you prefer in each quesiibare is no absolutely right
or wrong answer, but just your preference.

For example,
Question# SS option LL option
Smaller reward Will be received in Larger reward Will be received in
0 $7 D 1 day $9 1112 days = 3 year and #idys

You need to choose between receivingdpllars in 1 day and receivirfgdollars in 1112
days.Above, someone chooses to get 7 dollars in 1 day by circliiRjese indicate
your preference by circling the option you préfethe following table.

I"#

Question #| SS option LL option
Smallerreward | Will be received in| Larger reward| Will be received in
1 $540 1 day $630 418 days = 1 year, 1 month and 22 d
2 $270 1 day $300 1112 days = 3 years and 17 days
3 $390 1 day $720 4 days
4 $150 1 day $420 73 days = 2 months and 12 days
5 $480 1 day $690 70 days = 2 months and 9 days
6 $120 1 day $450 31 days = 1 month
7 $510 1 day $660 183 days = 6 months
I
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